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Abstract. Fluorescence Lifetime Imaging Microscopy (FLIM) is an advanced 
imaging technique that provides quantitative information about molecular 
interactions and changes in the microenvironment by measuring the emission 
decay lifetimes of molecules undergoing fluorescence. The integration of FLIM 
with machine learning holds great promise for advancing biomedical research 
and clinical diagnostics by enabling precise quantification of cellular processes 
and microenvironmental changes. As FLIM instrumentation becomes more 
accessible and analytical methods continue to improve, the technique is poised 
to have a significant impact across various fields of biology and medicine. This 
review considers a range of methods of applying Machine Learning to FLIM 
data processing. © 2025 Journal of Biomedical Photonics & Engineering. 
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1 Introduction 

Fluorescence Lifetime Imaging Microscopy (FLIM) is a 

cutting-edge imaging technique that leverages the unique 

fluorescence lifetime of molecules to provide valuable 

insights into biological processes at the molecular level. 

When combined with Machine Learning (ML), FLIM 

imaging opens up new frontiers in biomedical research 

and diagnostics by enabling the precise analysis and 

interpretation of this type of complex fluorescence data. 

FLIM is an advanced imaging technique that utilizes 

the fluorescence lifetime of molecules to generate images 

based on differences in the decay rates of their excited 

states. Unlike traditional imaging methods that rely on 

emission spectra, FLIM creates contrast based on the 

lifetimes of individual fluorophores. The fluorescence 

lifetime represents the average time a molecule remains 

in an excited state before returning to the ground state by 

emitting a photon [1]. 

FLIM works by capturing a 2D grid of pixels in the 

sample, where the fluorescence lifetime of each pixel is 

determined using time-correlated single photon counting 

(TCSPC). This involves aiming an excitation laser at 

each spot, collecting emission photon arrival times, and 

sorting them into a histogram to extract the fluorescence 

lifetimes mathematically. By including fluorescence 

lifetime information, FLIM not only enhances image 

contrast but also provides additional insights into the 

local environment, molecular interactions, and various 

cellular processes that are not accessible through 

intensity imaging alone [1]. The principle of obtaining 

FLIM data is presented in Fig. 1. 

The advantage of FLIM over intensity-based methods 

lies in its robustness against factors like concentration, 

sample absorption, and excitation intensity, making it a 

powerful tool for functional imaging across different 

biological contexts. By using picosecond timescales for 

excitation and detection, FLIM achieves high temporal 

resolution, enabling the study of processes that occur on 

the scale of a few nanoseconds. Furthermore, 

fluorescence lifetime is sensitive to the local environment 

of the fluorophore, including factors such as pH, 

temperature, viscosity, and the presence of quenching 

molecules [2]. 

By mapping the fluorescence lifetimes across a 

sample, FLIM can reveal important information about the 

distribution and interactions of biomolecules within cells 

and tissues. For example, FLIM has been used to study 

protein-protein interactions via Förster resonance energy 

transfer (FRET), to monitor changes in cellular 

metabolism, and to image oxygen concentrations [3].

mailto:Iliahasa1992@gmail.com
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Fig. 1 The principle of obtaining FLIM microscopy data: (a) the principle of operation of TCSPC; 

(b) approximation of the fluorescence decay curve. 

FLIM visualization has further advantages. FLIM 

provides quantitative data on molecular interactions and 

changes in the microenvironment by enabling the 

detection of minor changes in the lifetimes of 

fluorescence, and allowing simultaneous visualization of 

several fluorophores with different lifetimes. FLIM can 

even be used for label-free imaging based on endogenous 

fluorophores. 

Multiphoton microscopy and FLIM are powerful 

techniques for investigating cellular metabolic dynamics 

in both in vivo and ex vivo settings. FLIM is particularly 

notable for its non-invasive nature, high sensitivity, and 

the ability to visualize cellular physico-chemical 

parameters—such as viscosity, temperature, and pH − 

without the need for exogenous stains [1, 4]. 

As an example, FLIM has been particularly useful for 

evaluating metabolic activity by analyzing the 

fluorescence lifetimes of endogenous fluorophores such 

as nicotinamide adenine dinucleotide (NAD(P)H). This 

molecule exists in two forms: NADH, which is the 

reduced form, and NAD+, its oxidized counterpart. These 

forms play crucial roles in metabolic pathways, including 

glycolysis, the tricarboxylic acid cycle, and oxidative 

phosphorylation. Specifically, NADH is linked to ATP 

production in the cytosol through glycolysis, and in 

mitochondria via oxidative phosphorylation. 

Additionally, its phosphorylated form, NADPH, is 

integral to biosynthetic pathways involving lipids, amino 

acids, and nucleotides, as well as to the glutathione cycle, 

which protects against reactive oxygen species [5]. 

Recent advancements in FLIM have enhanced the 

assessment of metabolic permutations, allowing for a 

more nuanced understanding of cellular metabolism. For 

instance, one study demonstrated that expanding the 

traditional two-lifetime model of NADH to a four-

lifetime model evaluating the four components of 

fluorescence decay and, accordingly, a larger number of 

studied molecules significantly improved metabolic 

assessment. This approach allowed the researchers to 

quantitatively map changes in mitochondrial and 

cytosolic NADH concentrations and binding states, 

providing insights into the metabolic state of individual 

cells in response to pharmacological stimuli, such as 

during the browning of white adipose tissue [6]. 

Furthermore, FLIM can evaluate multiple metabolic 

parameters simultaneously, such as to provide the 

fluorescence-lifetime redox ratio (FLIRR), which 

reflects the relative concentrations of NADH and flavin 

adenine dinucleotide (FAD) in cells. This capability 

enables the detection of distinct metabolic states and 

variations within cellular compartments, thereby 

facilitating the investigation of metabolic dysfunctions in 

various biological contexts, including cancer and 

aging [7]. 

The integration of advanced computational tools for 

analyzing FLIM data also allows for the quantification of 

spatial heterogeneity in metabolic activity, revealing 

patterns that are critical for understanding complex 

biological processes [1, 8]. 

Additionally, FLIM has shown promise for clinical 

diagnostics, as changes in tissue fluorescence lifetimes 

can be indicative of pathological conditions such as 

cancer. A key concept that enhances the utility of FLIM 

in oncology is the Warburg effect. This phenomenon 

describes the tendency of cancer cells to preferentially 

rely on glycolysis for energy production, even when 

oxygen is available. This metabolic shift results in 

distinct changes in the cellular microenvironment, 

including variations in pH, ion concentrations, and the 

presence of specific metabolites. Consequently, these 

alterations affect the fluorescence characteristics of the 

tissue, including significant changes in fluorescence 

lifetimes [9]. FLIM has shown remarkable potential for 

early cancer detection, as it can differentiate between 

healthy and malignant tissues based on their fluorescence 

lifetimes. Research has also demonstrated its ability to 

identify cancerous lesions in various tissues, including 

oral and skin cancers, with high sensitivity and 

specificity [10]. The technique’s ability to provide label-

free, non-invasive imaging makes it an attractive option 

for in vivo applications [9]. 

However, FLIM visualization also has some 

limitations. The necessary data analysis requires 

specialized equipment and experience. FLIM may work 

more slowly than other image acquisition methods. Noise 

sensitivity can limit the accuracy of measurements over 

the equipment’s entire service life. 

While FLIM has traditionally been limited by the 

complexity of the instrumentation and the time-
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consuming data analysis required, recent advances in 

detector technology and the development of deep-

learning-based analysis methods have helped to address 

these challenges [11]. As a result, FLIM is becoming 

more accessible and practical for a wider range of 

biomedical applications. 

Machine learning is a widely used approach for 

analyzing various types of biomedical images. When 

implementing the FLIM method, there are several 

techniques and neural network architectures available for 

image enhancement and analysis. This article will discuss 

methods of machine learning that can be used to improve 

and interpret the results of FLIM. 

2 FLIM-Image Preprocessing 

The raw data obtained from FLIM can be noisy and 

require significant preprocessing to enhance image 

quality and ensure accurate analysis. The primary 

objective of FLIM data preprocessing is to improve 

signal quality through denoising and other enhancement 

techniques. 

2.1 Denoising FLIM Images 

There are many techniques for the denoising of FLIM 

images using non-convolutional, convolutional filters, 

machine- and deep-learning methods. 

Non-convolutional filters are techniques used in 

image processing that do not rely on the convolution 

operation to modify or enhance images. Instead, these 

filters often involve direct manipulation of pixel values 

based on specific algorithms or criteria. An example of 

non-convolutional filter is presented in Fig. 2. 

 
(a) (b) 

Fig. 2 NL-means denoising experiment with a natural 

image [12]: (a) noisy image with standard deviation 20, 

(b) restored image. Reprinted under the Creative 

Commons CC BY license from Ref. [12]). 

Median filtering is a powerful technique for denoising 

FLIM images. The median filter operates by considering 

a local window around each pixel in the image, collecting 

the pixel values within that window, sorting them in 

ascending order, and replacing the center pixel value with 

the median value. This process is repeated for all pixels 

in the image. The median filter is particularly effective in 

removing small spatial disruptions to a signal while 

preserving the overall shape. It is also useful for 

removing outliers and anomalous jumps in values, 

making it a suitable choice for denoising FLIM data [13]. 

Non-local Means (NL-Means) filtering is a further 

effective image denoising algorithm that computes the 

filtered value of a pixel as a weighted average of all pixels 

in the image, determined by the similarity of small image 

patch centered at pixel of interest, effectively reducing 

Gaussian noise while preserving edges and details by 

adding “method noise”. That noise looks like white noise. 

The use of the rotationally invariant patch distance and 

guided image filtering for efficiency, make the technique 

particularly useful for denoising scientific images such as 

microscopy data in various applications unlike the use of 

local filters that take the mean value of a group of 

surrounding pixels [12, 13]. 

Moving Average Filter is a filter that replaces each 

pixel’s value with the average of its neighboring pixels. 

It is a simple way to smooth an image and reduce noise. 

Commonly used in time-series data smoothing and basic 

image noise reduction [14]. 

Bilateral Filter is a further filter smooths images 

while preserving edges by considering both the spatial 

distance and pixel intensity difference when averaging 

pixel values. It is often used in medical imaging to 

enhance structures without losing details, because it is 

effective at reducing noise while maintaining sharp 

edges [15]. 

Adaptive Filters is a specific filter that adjust their 

behavior based on the characteristics of the local image 

area. For example, adaptive median filters change their 

size based on the amount of noise detected. It is useful in 

scenarios where noise characteristics vary across an 

image due to its more effectiveness than static filters in 

non-uniform noise conditions [16, 17]. 

Convolutional filters, or kernels, are small matrices 

applied to an image to perform various operations such 

as blurring, sharpening, edge detection, denoising and 

more. The process involves sliding the filter over the 

image and computing a weighted sum of the pixels in the 

neighborhood defined by the filter. The result is a new 

image where each pixel value is derived from its 

surrounding pixels. 

Convolutional filters can be categorized based on 

their function: 

 Edge detection filters, such as Sobel and Prewitt 

filters, which highlight areas of rapid intensity change. 

The Sobel filter is one of the most widely used edge 

detection methods. It consists of two 3×3 kernels: one for 

detecting horizontal edges and another for vertical edges. 

The horizontal kernel emphasizes changes in intensity 

from left to right, while the vertical kernel focuses on 

changes from top to bottom. This method calculates the 

gradient magnitude and direction at each pixel, 

effectively highlighting edges. Similar to the Sobel filter, 

the Prewitt filter uses two 3×3 kernels for horizontal and 

vertical edge detection. It operates by convolving the 

input image with these kernels to approximate the 

gradient, helping to identify edges [18, 19]. 

 Blur filters, like Gaussian or Box filters that 

smooths images by averaging pixel values. The Box Blur 
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filter calculates the average of all pixels in a defined 

neighborhood (kernel) around each pixel. This filter 

treats all pixels equally and is simple to implement but 

can produce a loss of detail. Gaussian Blur uses a 

Gaussian function to assign weights to the pixels in the 

kernel, giving more importance to the central pixel and 

less to those further away [20]. 

 Sharpening filters, like the Laplacian, High 

Boost or Unsharp filters which enhances edges and fine 

details. The Laplacian filter is a second-order derivative 

operator that detects edges by calculating the second 

derivative of the image intensity. It highlights regions of 

rapid intensity change, making it effective for 

sharpening. High boost filtering enhances high-

frequency components while preserving low-frequency 

information. Unsharp masking involves subtracting a 

blurred version of the image from the original image, 

which enhances edges. The process typically involves 

three steps: blurring the original image, subtracting this 

blurred image from the original, and then combining the 

results to enhance sharpness [21−23]. 
Convolutional filters are utilized in various 

applications, to improving visual quality through 

sharpening or blurring, to identifying edges and shapes 

for object detection and recognition, for separating 

different regions within an image for analysis.  

Phasor analysis provides a graphical representation of 

FLIM data, where each pixel is represented as a point in 

the phasor plot, enabling the application of image 

processing techniques like median filtering to the phasor 

component images for effective denoising, while 

preserving spatial resolution. This helps in revealing 

hidden fluorescence components obscured by noise or 

background, and allowing for segmentation, based on 

clustering pixels with similar phasor coordinates, using 

unsupervised methods like K-means. It offers a “fit-free” 

approach that avoids complex curve-fitting procedures 

and provides quantitative information about the sample, 

with the linear properties of the phasor transformation 

enabling simple yet powerful denoising and analysis of 

the FLIM data [24]. 

Recent studies have demonstrated the application of 

Convolutional Neural Networks (CNNs) for denoising 

FLIM images. These networks are trained to enhance the 

signal-to-noise ratio (SNR) in FLIM data, which is 

crucial for accurate phasor measurements. By integrating 

CNNs with fast data acquisition systems, researchers 

have achieved significant improvements in image clarity 

and segmentation accuracy [25]. 

CNNs are utilized for denoising FLIM images after 

training on pairs of noisy and clean FLIM images to 

improve the signal-to-noise ratio and to handle the mixed 

Poisson-Gaussian noise common in FLIM data acquired 

using TCSPC. This CNN-based denoising approach, that 

includes transfer learning with pre-trained models like 

DnCNN, effectively enhances FLIM measurements, 

providing faster processing speeds and accurate, phasor-

based segmentation for improved analysis, leveraging the 

benefits of transfer learning to avoid the need for 

extensive FLIM-specific training datasets, while still 

efficiently handling noise in the FLIM data [26, 27]. 

A transfer learning scheme that involves training a 

denoiser with synthetic noise data and then transferring 

this knowledge to denoise real-noise images, enhances 

the generalization ability of the denoising method. The 

approach leverages both adaptive instance normalization 

and transfer learning to improve denoising performance, 

allowing a denoiser trained with synthetic noise to 

effectively denoise real-noise images. This transfer 

learning scheme demonstrates robust performance even 

with a small number of labeled data, showcasing the 

effectiveness of transfer learning in FLIM denoising 

tasks. Such an approach leverages the powerful feature 

extraction capabilities of CNNs trained on large datasets 

like the Fluorescence Microscopy Dataset (FMD) [28]. 

These denoising techniques, combined with machine 

learning and deep learning approaches have shown 

promising results in enhancing the quality of FLIM 

images and enabling more accurate analysis of 

fluorescence lifetime data, which can be performed using 

transfer learning from pre-trained models on large 

datasets like the Fluorescence Microscopy Dataset 

(FMD). 

2.2 Spatial Resolution Improvement  

The conversion of low-resolution (LR) FLIM images to 

high-resolution (HR) images involves various 

techniques, including mathematical algorithms and NN-

powered methods. 

One approach to such resolution improvement is 

“single-sample image-fusion up-sampling” (SiSIFUS) 

that combines data from a low-resolution time-resolved 

detector and a high-resolution camera to achieve super-

resolution in FLIM. Key points in this respect are the 

ability of FLIM to provide detailed information on 

molecular interactions but its limited resolution at high 

speeds due to time-resolved imaging constraints. The 

method merges data from a low-resolution time-resolved 

detector (measuring photon arrival times) and a high-

resolution camera (measuring intensity) to 

computationally achieve super-resolution. It incorporates 

statistically informed priors to address the inverse 

retrieval problem, avoiding the hallucination risks, 

incorrect or misleading results that models generate, 

resulting from in traditional data-driven methods. The 

resulting enhanced images surpass those from standard 

bilinear interpolation, offering a versatile solution 

applicable to various image super-resolution challenges 

where there are two distinct datasets available [29]. An 

example of method implementation is presented in Fig. 3. 

Another approach is sensor fusion implementation 

that combines data from a low spatial resolution but high 

temporal precision single-photon avalanche diode 

(SPAD) array with data from a CMOS camera that has 

high spatial resolution but no temporal resolution. This 

allows the reconstruction of time-resolved images at 

significantly higher spatial resolution than the SPAD 

input, upsampling by factors up to 12×12 in simulations 

and 4×4 experimentally. The method works by optically 



I.D. Shchechkin: Recent Trends of Fluorescence Lifetime Imaging Microscopy Analysis Using... doi: 10.18287/JBPE25.11.010201 

J of Biomedical Photonics & Eng 11(1) 2025   23 Mar 2025 © J-BPE 010201-5 

blurring the image on the SPAD array to ensure temporal 

information from the entire field of view is captured, 

despite the low fill-factor of such SPAD arrays. 

Computational sensor fusion and optimization are then 

used to reconstruct a high resolution time-resolved image 

cube. The technique has been demonstrated for both 

LIDAR applications and FLIM studies of fluorescent 

cancer cells. It can fill in holes from dead SPAD pixels 

and remains robust against noise and ambient light. The 

main limitation is the long reconstruction time required 

post-measurement [30]. 

A further approach is a technique involving a two-

channel attention network (TCAN) that leverages spatial 

representations and frequency contents to map low-

resolution images to high-resolution ones effectively. 

This approach is designed to overcome limitations in 

current super-resolution fluorescence microscopy, such 

as the requirement for special fluorophores, complex 

optical systems, and lengthy acquisition and 

computational processes. The TCAN model is robust and 

can adapt to changes in pixel size and imaging setups, 

allowing it to generalize across different fluorescence 

microscopy modalities not included in the training data. 

The algorithm has been tested on various biological 

structures and dual-color confocal images, successfully 

improving resolution from around 230 nm to 

approximately 110 nm. This technique enables live-cell 

super-resolution imaging, and has provided detailed 

insights into the structures and dynamic behaviors of 

micro-tubules [31]. 

A separate method has been described that involves 

training neural networks to generate massive semi-

synthetic FLIM data sets representing various cellular 

morphologies, sizeable dynamic lifetime ranges, and 

complex decay components.  A degrading model is then 

used to obtain LR-HR pairs, and a hybrid neural network, 

the improved spatial resolution FLIM net (SRI-

FLIMnet), is developed to simultaneously estimate both 

the fluorescence lifetimes and to realize the nonlinear 

transformation from LR to HR images. The evaluative 

results demonstrate SRI-FLIMnet’s superior 

performance in reconstructing spatial information from 

limited pixel resolution. This approach has been verified 

using experimental images of bacterial-infected raw 

macrophage cells from mice, showing that the proposed 

data generation method and SRI-FLIMnet efficiently 

achieve superior spatial resolution for FLIM 

applications [32]. 

 

 

Fig. 3 Upsampling (16 × 16) of Madin-Darby canine kidney cells. (a) Low-resolution fluorescence lifetime image (32×32) 

of MDCK cells expressing Flipper-TR dye. (b) Corresponding high-resolution intensity image (512×512) of the sample. 

(c) Windows (5×5) of low-resolution FLIM are fitted to corresponding intensity values to generate an LP image (two 

example windows are shown). (d) A GP image is generated from 13×13 intensity patches with central FLIM 

measurements (two examples are shown). (e) The GT high-resolution FLIM target, intensity-weighted for visualization. 

(f) The proposed method, upsampling the low-resolution measurement by a factor of 16×16. (g) Bilinear interpolation 

upsampling the FLIM measurement by 16×16 [29]. Reprinted under the Creative Commons CC BY license from 

Ref. [29]. 
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3 FLIM Analysis Using Machine Learning 

Techniques 

FLIM image analysis includes obtaining fluorescence 

decay parameters for selected objects in the image in 

order to evaluate changes in the lifetimes, and 

accordingly the distribution of the fluorescent molecule 

being studied. The decay parameters are calculated for 

each pixel in the image, this being followed by the 

selection of a region of interest (ROI) for calculation of 

its own decay parameters as an average of the 

corresponding pixels. 

The extraction of true lifetime values from the raw 

data takes place using traditional methods such as 

Maximum Likelihood Estimation and Least Squares 

fitting of fluorescence decay curves. 

Maximum Likelihood Estimation (MLE) is a 

statistical method that estimates the parameters of a 

probability distribution by maximizing the likelihood 

function. For FLIM data, MLE is used to estimate the 

parameters of the fluorescence decay curve, such as the 

lifetime and amplitude. MLE is particularly useful when 

dealing with low photon counts, as it provides unbiased 

estimates of the decay parameters [33]. 

Least Squares (LS) fitting is a method that minimizes 

the sum of the squared differences between the observed 

data and the fitted model. In FLIM data analysis, LS 

fitting is therefore used to estimate the parameters of the 

fluorescence decay curve by minimizing the difference 

between the observed decay and the fitted exponential 

function. LS fitting is computationally efficient and 

widely used in FLIM data analysis software [34]. 

Both MLE and LS fitting are iterative methods that 

start with an initial estimate of the decay parameters and 

refine them until the best fit is obtained. The resulting 

fitted parameters are then used to generate the true 

lifetime images, where each pixel represents the 

estimated lifetime of the fluorophore. 

These conventional curve-fitting procedures, 

however, can be computationally intensive and time-

consuming, especially when dealing with large datasets. 

To address this limitation, machine learning and deep 

learning techniques have been explored for FLIM data 

analysis. When using machine learning techniques for 

FLIM analysis, two steps are required: image 

segmentation to identify objects whose parameters need 

to be evaluated, and determination of the fluorescence 

decay parameters from data collected during the FLIM 

measurements. In general, this involves analyzing the 

fluorescence decay curves to extract information about 

the properties of the objects. The order of these steps is 

not strictly defined, but it depends on the specific analysis 

task and the data available. The conventional procedure 

for FLIM analysis is presented in Fig. 4. 

In our pilot study, we first identified the objects of 

interest in the FLIM images of liver tissue, which were 

hepatocytes. We then extracted their parameters. To 

achieve this, we trained a selected convolutional neural 

network, modified UNet++ [35], and achieved a high 

level of cell detection accuracy: the F1 metric (Dice 

coefficient) was ~0.7. The results of the image 

segmentation are presented in Fig. 5. 

 

Fig. 4 The procedure for performing FLIM microscopy analysis using machine learning methods. 

 

Fig. 5 The results of segmentation of the FLIM image of liver tissue: (a) an intensity image; (b) the resulting cell-by-cell 

mask, which includes only the cytoplasm of the studied cells; (c) the imposition of a mask on the original image. 
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3.1 Methods of Biomedical Image 

Segmentation 

Biomedical image is a task that is in demand for the 

analysis of individual objects in various biomedical 

images, including the results of laser scanning 

microscopy, FLIM, magnetic resonance imaging and 

many other applications. The task of biomedical 

segmentation has been solved in various ways throughout 

the development of methods. Early methods assumed 

direct work with pixels, based on their intensity, color, 

and mutual arrangement in the image. With the 

development of deep learning methods, the segmentation 

task has moved to convolutional neural networks trained 

for specific segmentation tasks. Now, the most common 

methods are foundational networks, which are trained on 

a wide selection of studied images and are suitable for 

use in various situations. Thus, image segmentation 

methods are divided into three broad groups: traditional 

statistical methods, single-task deep learning neural 

networks and foundational networks. 

Traditional statistical machine learning methods for 

cell image segmentation still are essential tools in 

biomedical research, allowing for the effective 

partitioning of cell images into distinct regions for 

analysis. Thresholding methods, such as Otsu’s 

thresholding, segment images by converting them into 

binary images based on intensity values. The goal is to 

find an optimal threshold that separates foreground 

(cells) from the background. It is commonly used in 

microscopy to identify and segment cells based on their 

intensity differences from the background [36]. K-Means 

Clustering partitions the image into k clusters based on 

pixel intensity or color similarity, effectively grouping 

similar pixels together. Which is useful for segmenting 

images where cells exhibit distinct color or intensity 

profiles [37]. Random Forest is an ensemble learning 

method that builds multiple decision trees to classify 

pixels based on features extracted from the image. It is 

applied in semantic segmentation tasks where each pixel 

is classified as belonging to a specific cell type or 

background [38]. Markov Random Fields models spatial 

dependencies between pixels, allowing for segmentation 

that considers the relationships between neighboring 

pixels. It is useful in medical imaging where tissue 

characteristics vary spatially, helping to manage noise 

and improve segmentation accuracy [39]. Edge Detection 

methods, which identify boundaries between different 

regions by detecting discontinuities in pixel intensity. 

Common algorithms include Sobel and Canny edge 

detectors. It is used to delineate cell boundaries in 

microscopy images, particularly when cells are well-

defined against their background [40]. 

Classical single-task trained deep learning models for 

cell segmentation have emerged as powerful tools in the 

analysis of biological images, particularly in identifying 

and delineating cellular structures. These models 

leverage deep learning architectures specifically 

designed for the task of segmenting cells from 

microscopy images. U-Net is a convolutional neural 

network architecture specifically designed for 

biomedical image segmentation. It features a contracting 

path to capture context and a symmetric expanding path 

to enable precise localization. U-Net is widely used for 

segmenting nuclei and other cellular structures in 

fluorescence microscopy images [41]. DeepCell is a 

CNN model that focuses on cell segmentation using a 

patch-based approach. It segments images by classifying 

each pixel based on learned features from surrounding 

pixels. It is designed for segmenting diverse cell types in 

various imaging contexts, including high-throughput 

microscopy [42]. CellProfiler is not actually an ML 

model; it uses classical image processing algorithms and 

can serve as a baseline for comparison with deep learning 

methods. It employs various modules, including 

thresholding and shape-based filtering, to identify and 

segment cells. CellProfiler is frequently used in 

biological labs for high-throughput image analysis to 

segment nuclei and other cellular components [43]. 

SPPNet is designed for nuclei image segmentation and 

operates with significantly fewer parameters than 

traditional models while maintaining high performance. 

It is effective for real-time applications where speed is 

critical, such as in live-cell imaging scenarios [44]. 

GeneSegNet integrates gene expression data with 

imaging information to enhance cell segmentation 

accuracy. This model employs a recursive training 

strategy to manage noisy training labels effectively. It is 

particularly useful in studies involving in situ RNA 

detection technologies where accurate cell boundaries are 

crucial for analyzing gene expression data [45]. 

Foundational models for biomedical image 

segmentation have evolved significantly, particularly 

with the advent of deep learning techniques. These 

models are large-scale pre-trained deep learning models 

designed to generalize across a variety of tasks with high 

accuracy, which optimizes the segmentation process and 

reduces the need for task-specific models. 

Many variants of deep learning networks have been 

developed and modified. One such example is reported 

in study [46] that describes a new diffusion probabilistic 

model (DPM) for the medical image segmentation task. 

Two novel components are introduced in this 

MedSegDiff approach: a dynamic condition encoder to 

enhance regional attention in the DPM, and a feature 

frequency parser to eliminate the negative effects of high-

frequency noise components. Experiments on three 

different datasets demonstrated that the proposed method 

outperforms existing methods, achieving state-of-the-art 

results. The authors argue that this is the first time DPM 

has been used for medical image segmentation. 

Research paper [47] introduces a novel neural 

network architecture designed to overcome the 

limitations of CNNs and transformers in handling long-

range dependencies in medical image segmentation. 

U-Mamba integrates the local feature extraction 

capabilities of convolutional layers with the long-term 

dependency modeling abilities of state space sequence 

models (SSMs), creating a hybrid CNN-SSM 

architecture. U-Mamba also has a self-adaptive 
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mechanism that allows it to automatically adjust to 

different datasets without the need for manual 

intervention. This makes it a powerful tool for 

biomedical image segmentation tasks. There is, however, 

a paper [48] that introduces a novel approach to medical 

image segmentation by proposing a U-shape architecture 

model named Vision Mamba UNet (VM-UNet). This 

model leverages SSMs to address the limitations of 

CNN- and transformer-based models. A Visual State 

Space (VSS) block is introduced to capture extensive 

contextual information, and an asymmetrical encoder-

decoder structure is utilized. VM-UNet is the first 

medical image segmentation model based solely on 

SSMs, aiming to set a baseline for more efficient and 

effective SSM-based segmentation systems in the future. 

Another important model is SegMamba [49], which is 

a novel 3D medical image segmentation model. It 

effectively captures long-range dependencies within entire 

volume features at each scale. Compared with transformer-

based methods, in whole volume feature modeling 

SegMamba outperforms these from a state-space model 

perspective, maintaining superior processing speed even 

with high-resolution volume features. 

In research article [50], the authors propose LM-Net, a 

lightweight architecture that combines CNNs and Vision 

Transformers (ViTs) to enhance segmentation accuracy. 

LM-Net utilizes a multi-branch module to capture multi-

scale features and introduces the Local Feature 

Transformer (LFT) and Global Feature Transformer 

(GFT) to simultaneously capture local detail textures and 

global contextual semantics. By integrating these modules, 

the model achieves state-of-the-art results on various 

medical image segmentation tasks across different 

datasets, demonstrating its effectiveness and adaptability. 

Paper [51] proposes a semi-supervised contrastive 

learning framework called ARCO for medical image 

segmentation. The authors argue that current contrastive 

learning methods may struggle with distinguishing 

minority tail-class samples and that this may lead to 

model collapse. They introduce variance-reduction 

techniques, which they prove, theoretically, to be 

universally beneficial for pixel/voxel-level segmentation 

tasks with limited labels. The authors experimentally 

validated their approach on eight benchmarks, 

demonstrating the consistent outperformance of such 

state-of-the-art semi-supervised methods. 

A comparison of the different models is shown in 

Tables 1 and 2. 

Table 1 Comparison table of biomedical image segmentation methods. 

Model Advantages Limitations 

Thresholding [36]  Simple and fast 
Sensitive to noise; limited effectiveness with 

overlapping cells 

K-Means [37]  Effective for distinct clusters 
Requires predefined K; struggles with complex 

scenes 

Random Forest [38]  Robust against overfitting May lose fine details 

Markov Random 

Fields [39]  
Captures spatial relationships Computationally intensive 

Edge Detection [40]  Provides clear boundaries 
Affected by noise; may miss edges in smooth 

areas 

U-Net [41]  High accuracy; effective with small datasets Sensitive to overfitting; requires tuning 

DeepCell [42]  Handles complex images well Computationally intensive 

CellProfiler [43]  User-friendly; highly configurable 
Lacks accuracy compared to deep learning 

methods 

SPPNet [44]  Fast inference; fewer parameters May miss contextual details 

GeneSegNet [45]  Integrates diverse data; robust against noise Complexity in data integration 

MedSegDiff [46]  
State-of-the-art performance; 

noise reduction 
Computationally intensive; sensitive tuning 

U-Mamba [47]  Linear complexity; flexible Requires extensive training data 

VM-UNet [48]  
Competitive performance; establishes a 

baseline 
Basic architecture without enhancements 

SegMamba [49] Handles complex images; robust performance High computational demands 

LM-Net [50]  Fast inference; lightweight May sacrifice accuracy in complex scenarios 

ARCO [51]  Adaptive region-based segmentation Implementation complexity; sensitivity issues 
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Table 2 Comparison table of the application of contemporary biomedical image segmentation methods. 

Method Application 

MedSegDiff [46] 
General medical image segmentation tasks, particularly where high accuracy is required; 

effective in segmenting complex anatomical structures across various imaging modalities 

U-Mamba [47] 
Long-range dependency modeling in segmentation tasks; suitable for tasks requiring detailed 

contextual understanding, such as organ or tumor segmentation in complex images 

VM-Unet [48] 
Organ and skin lesion segmentation tasks; effective in scenarios where computational efficiency 

is crucial without significantly sacrificing accuracy 

SegMamba [49] 
Complex images with overlapping structures; suitable for challenging segmentation tasks where 

traditional methods may struggle, such as in dense tissue imaging 

LM-Net [50] 
Real-time medical image segmentation tasks; suitable for applications requiring rapid 

processing, such as intraoperative imaging or point-of-care diagnostics 

ARCO [51] 
Adaptive region-based segmentation tasks; effective in segmenting heterogeneous regions, such 

as differentiating between various tissue types in medical scans 

Table 3 Comparison table of various accuracy metrics for image segmentation methods. 

 

3.2 Image Segmentation Quality Metrics 

In the field of computer vision, accurate segmentation 

metrics are essential tools for evaluating segmentation 

models. These metrics provide quantitative 

measurements that assess how well the model separates 

objects in an image. They allow developers to evaluate 

the effectiveness of the model, identify weaknesses, and 

make improvements. There are several metrics available, 

such as Pixel Accuracy, Mean Intersection over Union 

(mIoU), and Dice Coefficient. Each metric provides 

unique insights into the performance of the model for 

different applications and challenges [52]: 

• mAP (mean Average Precision) and AR 

(Average Recall) metrics to assess base accuracy. 

• Dice, mIoU (Jaccard) to evaluate the mask 

accuracy. 

• Precision and Recall to assess classification 

correctness. 

• Confusion Matrix, per-class and per-image 

metrics to get more insights regarding the instance 

segmentation model. 

A comparison of the different models based on the 

indicators presented is shown in Table 3. 

Challenges remain, however, particularly in handling 

the complexity of clinical tissue samples and the large 

size of whole-slide images. The difficulties of 

segmenting abnormal tissues in medical images, such as 

the heterogeneity of tumor morphology and the need to 

process gigapixel-scale images, remains [53, 54]. 

Overall, the field of tissue image segmentation has 

seen significant progress, driven by advances in deep 

learning, the creation of large annotated datasets, and 

innovative algorithmic approaches. However, continued 

research is needed to address the unique challenges posed 

by clinical tissue samples and to enable more accurate 

and efficient analysis of these critical medical images. 

3.3 Curve Analysis 

The FLIM decay parameters, as mentioned above, are 

calculated on the basis of the approximation of the decay 

curve, for each pixel or selected field, with further 

parameter estimation depending on the resulting 

function. Thus, the basic approach to conducting FLIM 

analysis is curve fitting. 

Curve fitting is a fundamental tool in data analysis 

and modelling, used across various disciplines to 

describe and predict relationships between variables. 

Curve fitting involves finding a mathematical function 

that best fits a set of data points. The goal is to capture 

the underlying trend or pattern in the data, allowing for 

Model Mean IoU Pixel Acc Dice 

MedSegDiff [46] 0.807  0.882 

U-Mamba [47]    0.6964 

VM-Unet [48]  0.8079 0.956 0.8937 

SegMamba [49]  0.8859  0.6967 

LM-Net [50]  0.8912  0.9409 

ARCO [51]    0.852 
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interpolation, extrapolation, and prediction. Commonly 

used functions for curve fitting include linear, 

polynomial, exponential, logarithmic, and trigonometric 

functions. 

3.4 Techniques for Curve Fitting 

There are several standard curve fitting methods that 

include: linear regression, nonlinear regression, 

polynomial functions, and splines. These techniques 

have been used to analyze curves with great efficiency 

for a long time and do not require further explanation 

[55−58]. 

Machine learning offers powerful techniques for 

curve fitting, including neural network and deep learning 

approaches. These methods provide flexibility in 

capturing complex, nonlinear relationships compared to 

traditional polynomial regressions. 

Indeed, neural networks excel at function 

approximation, making them well-suited for curve fitting 

problems. By using a sufficient number of hidden layers 

and neurons, neural networks can learn to fit arbitrary 

curves to data. The key is to train the network on the 

dataset, allowing it to learn the underlying function. One 

approach is to use an extreme learning machine (ELM) 

algorithm, which introduces an additional linear neuron 

to correct the output of the hidden layer neurons. The 

number of hidden neurons is optimized using particle 

swarm optimization (PSO) to achieve the best fit. This 

method has shown excellent performance on various 

benchmark datasets and real-world applications [59]. 

Deep learning architectures, such as deep neural 

networks with multiple hidden layers, offer even more 

flexibility in curve fitting. By stacking multiple nonlinear 

transformations, deep networks can capture highly 

complex relationships in the data. This is particularly 

useful when fitting curves to high-dimensional or 

multivariate datasets. For example, convolutional neural 

networks can be applied to curve fitting problems by 

treating the input data as an image-like structure. The 

convolutional layers extract relevant features, while the 

fully connected layers perform the actual curve fitting. 

This approach has been demonstrated on 

multidimensional curve fitting tasks [60]. 

Machine learning and deep learning methods provide 

a number of advantages for curve fitting compared to 

traditional methods. Neural networks and deep learning 

models can match a wide range of curve shapes, 

including highly nonlinear and complex functions. They 

can automatically extract relevant functions from data, 

without the need for manual function design, are suitable 

for fitting curves to large-dimensional datasets such as 

those used in scientific and engineering applications, and 

can be trained to be resistant to noise and outliers in the 

data, providing reliable curve fitting results. With 

powerful computing resources and large datasets, 

machine learning methods can scale to fit curves to 

massive datasets. 

Despite the promising results of machine learning and 

deep learning in the field of curve fitting, there are still 

challenges and areas that require improvement. One such 

main issue is interpreting the fitted curves produced by 

the deep learning models. This is particularly challenging 

for high-dimensional problems, where it can be difficult 

to understand the underlying patterns. Ensuring that the 

fitted curves generalize well to new data is crucial for the 

success of these models. Techniques such as 

regularization and cross-validation can help to improve 

such generalizations, but more research is needed in this 

area. Another important aspect of curve fitting is 

obtaining reliable estimates of uncertainty. Combining 

traditional curve fitting methods with machine learning 

techniques, such as spline interpolation or Bayesian 

approaches, can lead to more accurate and reliable 

results. 

3.5 Contemporary Premade Curve Fitting 

Solutions 

There are many premade solutions for analyzing curves, 

in particular, fluorescence attenuation curves, thanks to 

which you can quickly select the parameters of the decay 

curve function and obtain calculated decay parameters. 

Research paper [61] introduces CurvPy, an open-

source Python library designed for automated curve 

fitting and regression analysis. CurvPy aims to make 

advanced statistical and machine learning techniques 

more accessible by providing functionalities for 

optimization, smoothing, imputation, summarization, 

visualization, regression, evaluation, and tuning. The 

methodology of CurvPy involves the use of mathematical 

techniques such as least squares estimation, Savitzky-

Golay filtering, matrix completion, gradient descent 

optimization, regularization, basis function regression, 

and standard model evaluation metrics. This highlights 

the contributions of CurvPy in simplifying model fitting 

and analysis for both non-experts and power users, 

emphasizing usability, flexibility, and transparency in 

leveraging advanced statistical methods for data analysis. 

Research paper [62] describes TableCurve 2D a 

powerful software tool for automated curve fitting and 

data modeling, widely used by engineers and scientists. 

It offers a range of features that make it a valuable tool 

for analyzing data. One of the key features of TableCurve 

2D is its ability to automatically fit curves to data using a 

library of 3,665 equations. This saves time and effort 

compared to manual fitting, as users can quickly find the 

best fit with a single click. Additionally, users can define 

up to 15 custom equations for more complex modeling 

needs. TableCurve also provides advanced estimation 

procedures for nonparametric models, such as Spline, 

Smoothing Spline, and Local Regression. These methods 

are useful for data that does not fit well within traditional 

parametric models. 

Wolfram Language, introduced in Ref. [63], offers 

powerful tools for curve fitting, supporting both linear 

and nonlinear approaches. Users can quickly 

approximate data with linear least-squares regression 

using specified basis functions, while nonlinear models 

allow for more flexibility with constraints and initial 

parameter estimates. Interpolation methods are also 
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available to create smooth curves that pass-through data 

points, without assuming a specific functional form. 

Regularization techniques prevent overfitting by 

penalizing large coefficient values, and diagnostic tools 

help assess fit quality with statistical measures. These 

capabilities are useful in various fields, such as physics 

for modeling experimental data, biology for growth or 

decay curve fitting, and engineering for stress-strain 

analysis. 

A further paper [64] introduces ndCurveMaster, an 

example of curve fitting software, providing tools for 

automated curve fitting, managing unlimited variables, 

and heuristic techniques for optimal fitting, together with 

advanced statistical analysis tools such as Analysis of 

Variance (ANOVA), regression analysis, and overfitting 

detection. The software’s integration of machine learning 

techniques for equation discovery significantly enhances 

the efficiency of data analysis, and its extensive 

applicability across disciplines such as medicine, 

physics, ecology, and finance. 

In addition to the listed options for premade methods 

for analyzing decay curves there another options 

including open-source and programming languages-

based methods, which is important to mention. 

ImageJ [65], a popular open-source image processing 

software, offers several tools for decay curve fitting, 

particularly useful in fluorescence lifetime imaging and 

other applications where analyzing decay kinetics is 

essential. FILMJ is an advanced ImageJ toolkit 

specifically designed for fluorescence lifetime data 

analysis. It integrates seamlessly with the ImageJ Ops 

framework and includes various fitting routines that can 

be extended for complex workflows. FILMJ supports 

standard nonlinear least-squares fitting using the 

Levenberg-Marquardt algorithm, as well as more 

sophisticated methods like maximum likelihood and 

Bayesian analysis. 

Gwyddion [66] is a powerful open-source software 

for analyzing and processing data from scanning probe 

microscopy (SPM) and other imaging techniques. It 

includes various tools for curve fitting, particularly useful 

for decay curve fitting in the context of surface roughness 

and force-distance data analysis. Gwyddion employs the 

Levenberg-Marquardt algorithm for nonlinear curve 

fitting, which is suitable for statistical functions used in 

evaluating surface roughness parameters. The software 

provides a range of fitting functions, including Gaussian 

and exponential models, which can be applied to various 

datasets, including those derived from AFM 

measurements. 

Python, alongside other programming languages-

based methods, like MATLAB or R-Studio, is a powerful 

tool for decay curve fitting, particularly using special 

libraries such as SciPy and NumPy for Python. It allows 

users to define custom functions for fitting, enabling 

them to model a wide range of decay behaviors tailored 

to specific datasets. Libraries like SciPy provide built-in 

functions, which simplifies the process of fitting data to 

models using nonlinear least squares optimization. 

4 Complex Analysis of Obtained FLIM 

Data Using Machine Learning 

Machine learning techniques are well-suited to 

extracting and interpreting measurements from multi-

dimensional FLIM data sets, offering significant 

improvements in the efficiency of data analysis. FLIM 

data extraction using curve-fitting techniques can be 

complex and computationally inefficient for real-time 

measurements, especially in applications like FRET that 

require analysis in multiple dimensions. Machine 

learning approaches can accelerate imaging processes, 

aid in data interpretation, and extract multi-dimensional 

data into a single exponent lifetime, addressing the 

challenges faced by traditional curve-fitting methods. In 

the context of metabolic imaging, machine learning 

models can be trained to map FLIM imaging data to 

provide target outputs, such as metabolic states or the 

presence of biomarkers [67].  

The diverse approaches to deep learning, which are 

tailored to process raw FLIM data, encompass physics-

based models. Physics-based deep learning (PBDL) 

models integrate fundamental physical principles into 

machine learning frameworks to enhance performance in 

various applications, including fluorescence lifetime 

imaging.  

4.1 State-of-the-Art Methods of FLIM Data 

Analysis 

Research paper [11] introduces a deep learning approach 

called FLI-Net which is proposed as a fit-free method for 

FLIM image formation that can quantify fluorescence 

decays simultaneously over a whole image at high speed. 

FLI-Net has a deep neural network architecture designed 

and trained for different classes of experiments, including 

visible FLI, near-infrared (NIR) FLIM, and NIR gated 

Macroscopy Fluorescent Lifetime Imaging (MFLI). FLI-

Net outputs the spatially resolved lifetime-based 

parameters typically employed in the field, without 

requiring any parameter settings. The paper [68] presents 

AUTO-FLI, a groundbreaking deep learning framework 

for three-dimensional fluorescence lifetime tomography 

that significantly enhances accuracy and computational 

efficiency. By employing a two-stage convolutional 

neural network architecture, consisting of modified 

Automap and modified FLI-Net, AUTO-FLI achieves 

highly accurate reconstructions of three-dimensional 

intensity and lifetime distributions from raw two-

dimensional fluorescence decays, outperforming 

conventional methods. The use of Monte-Carlo Xtreme 

for data generation reduces the time and resources 

required for training, making the model more robust and 

versatile across a wide range of biological and medical 

imaging applications. 

Another research paper [69] introduces a deep 

learning framework called Few-Photon Fluorescence 

Lifetime Imaging (FPFLI), designed for analyzing FLIM 

data under low-light conditions with minimal photons per 

pixel. Traditional FLIM analysis methods struggle with 

low photon counts, requiring hundreds to thousands of 



I.D. Shchechkin: Recent Trends of Fluorescence Lifetime Imaging Microscopy Analysis Using... doi: 10.18287/JBPE25.11.010201 

J of Biomedical Photonics & Eng 11(1) 2025   23 Mar 2025 © J-BPE 010201-12 

photons for accurate results. FPFLI breaks away from 

pixel-wise analysis, leveraging spatial correlation and 

intensity information to estimate lifetime images 

effectively with only a few photons. The framework 

involves two main steps: estimating local lifetime 

distributions using a Local Lifetime Estimator (LLE) and 

fusing this information with intensity images to 

reconstruct target lifetime images using Neural Implicit 

Image Interpolation (NIII). The study includes the 

development of a large-scale synthetic FLIM dataset for 

training the FPFLI algorithm, demonstrating rapid and 

robust lifetime estimation even with extremely low 

photon counts. The paper outlines the algorithm's 

implementation, training process, and evaluation using 

semi-synthetic FLIM datasets to overcome challenges in 

acquiring diverse FLIM images for training the deep 

learning algorithms. 

Paper [70] introduces a compact deep learning 

architecture called Fluorescence Life-time AdderNet 

(FLAN) for high-fidelity FLIM imaging with low 

computing overheads. FLAN is designed for efficient 

implementation on field-programmable gate arrays 

(FPGA), aiming to improve the performance of FLIM 

while reducing computational complexity. The 

architecture uses an adder-based deep learning network 

that avoids multiplication-based convolutions, 

simplifying calculations and making it more suitable for 

real-time applications with limited computational 

resources. The network employs a log-scale (LS) 

merging technique to compress fluorescence decay data, 

achieving significant compression ratios of 0.11 and 0.23 

compared to traditional convolutional neural networks, 

while maintaining high accuracy in lifetime retrieval. 

This architecture has been successfully implemented on 

FPGA, using post-quantization techniques to optimize 

computational efficiency and minimize resource usage. 

The implementation allows for high performance in real-

time biomedical research applications. Evaluations on 

synthetic and experimental FLIM data show that FLAN 

and FLAN+LS achieve state-of-the-art accuracy and 

precision, outperforming traditional curve fitting 

methods, especially in low photon count conditions. 

Finally, the paper demonstrates real-time FLIM imaging 

by implementing FLAN+LS on an FPGA, achieving high 

throughput by processing multiple pixels in parallel. 

Another paper [71] discusses a hardware-friendly deep 

learning architecture utilizing one-dimensional 

convolutional neural networks (1D CNN) for analyzing 

FLIM data. This architecture highlights the advantages of 

1D CNNs over high-dimensional CNNs, emphasizing 

their simplicity, faster training, and quicker processing 

speeds. Notably, 1D CNNs excel in handling multi-

exponential fluorescence decay models and have shown 

superior performance in fluorescence lifetime image 

reconstruction compared to traditional LS methods, 

particularly validated when using simulated data. The 

authors also mention the successful application of the 

proposed 1D CNN in analyzing two-photon FLIM images 

of functionalized gold nanoprobes in Hek293 and human 

prostate cancer cells, showcasing the speed and accuracy 

of 1D CNNs in extracting lifetime parameters from 

fluorescence signals. Overall, the study underscores the 

significant potential of 1D CNNs in real-time FLIM 

applications. 

Paper [72] introduces a deep learning architecture 

model, the MLP-Mixer, that can perform fast and 

accurate fluorescence lifetime imaging. Compared to 

other methods like 1D-CNN, NLSM, and VPM, the 

MLP-Mixer model achieves the best performance in 

terms of low bias and small standard deviation, together 

with high correlation with the reference lifetimes for both 

Rhodamine B and Rhodamine 6G samples across 

different signal-to-noise ratios. The MLP-Mixer model 

has a simple architecture and fewer parameters compared 

to the 1D-CNN model, yet it outperforms the 1D-CNN in 

both training time and inference time. This makes the 

MLP-Mixer a practical and efficient solution for real-

time fluorescence lifetime imaging applications. The 

paper demonstrates the effectiveness of the proposed 

deep learning approach through both simulation and 

experimental results using Rhodamine 6G, Rhodamine 

B, and Convallaria majalis cell samples. The results show 

that such deep learning models can more accurately 

estimate fluorescence lifetimes compared to traditional 

methods like nonlinear LS fitting. 

Paper [73] introduces FlimGANE, a fluorescence 

lifetime imaging method based on Generative 

Adversarial Network Estimation. It consists of a 

generator, a discriminator, and an estimator, with the 

generator using convolutional and residual blocks to 

generate high-quality decays from low-photon-count 

inputs. The discriminator is composed of fully connected 

layers, and the estimator involves training with mean-

squared error cost functions. FlimGANE is trained in 

three stages: generative model training, estimative model 

training, and combination training. It addresses the need 

for a computationally efficient and high-quality method 

for fluorescence lifetime estimation, performing well 

even in ultra-low-photon-count conditions. It 

outperforms traditional methods like TD-MLE in 

barcode identification, FRET characterization, and 

metabolic state analysis, offering a reliable alternative for 

FLIM analyses, especially in clinical applications like 

retinal imaging and tumor margin identification. 

The article [74] discusses advancements in time-

domain diffuse optical tomography (TD-DOT), 

particularly focusing on a new reconstruction algorithm 

called SENSOR-NET. This technology aims to enhance 

the clinical application of TD-DOT for monitoring brain 

tissue hemodynamics by providing high spatial and 

temporal resolution. TD-DOT offers superior accuracy in 

measuring optical properties and physiological parameters 

compared to frequency-domain or steady-state methods.  

However, it faces challenges in achieving high 

temporal resolution due to the computational demands of 

solving the inverse problem, which can lead to long 

reconstruction times. The authors introduce the SENSOR 

algorithm, which is a non-iterative approach that 

significantly reduces computation time while 

maintaining high spatial resolution (1 mm) and temporal 
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resolution (20−30 ms). This algorithm transforms the 

complex inverse problem into a more manageable 

format, allowing for faster processing without iterative 

solving. The proposed SENSOR-NET integrates deep 

learning with the SENSOR algorithm. By structuring the 

iterations of SENSOR within a neural network, 

SENSOR-NET eliminates the need for empirical 

parameter tuning prior to reconstruction. Once trained, 

this model can achieve accurate reconstructions in under 

20 ms, independent of the number of sources or 

wavelengths used. The method has been validated using 

both numerical simulations and experimental data, 

demonstrating its potential for real-time brain monitoring 

and other applications requiring rapid imaging 

capabilities. 

Another paper [75] introduces a Bayesian 

Nonparametric FLIM (BNP-FLIM) is an innovative 

framework designed to enhance fluorescence lifetime 

imaging microscopy by addressing key challenges in 

quantitative analysis. Traditional FLIM methods often 

ignore spatial correlations between pixels, 

rely on photon ratios instead of absolute lifetime maps, 

and struggle to determine the number of contributing 

fluorophore species. BNP-FLIM overcomes these 

issues by employing a doubly nonparametric approach 

that uses Beta-Bernoulli process priors to [infer the 

number of species and Gaussian process priors for 

continuous lifetime mapping.  

This framework leverages information from 

“empty pulses” − pulses that do not result in 

observable photons − to improve lifetime estimates. 

Benchmarking against synthetic and experimental data 

demonstrates its robustness, allowing for the recovery 

of lifetime differences as small as 0.3 ns with only 

1000 photons. BNP-FLIM significantly enhances 

spatial resolution and enables rigorous uncertainty 

propagation. 

Thus, the use of machine learning in complex FLIM 

imaging analysis aligns with its broader applications in 

medical imaging, where it plays a crucial role in tasks like 

disease diagnosis, characterization, and treatment 

response prediction [76]. 

A comparison of the methods of FLIM data complex 

analysis is shown in Table 4 and 5. 

Methods available on GitHub are listed in Table 6. 

Table 4 Comparison table of the application of various methods of FLIM data complex analysis. 

Method Application 

FLI-Net [11]  
Rapid analysis of fluorescence lifetime imaging data; effective for tasks requiring fast 

processing, such as monitoring dynamic biological processes or detecting changes in 

fluorescence lifetimes in live cells 

FPFLI [69]  
Advanced fluorescence lifetime imaging with enhanced sensitivity; suitable for high-

resolution imaging tasks where detailed analysis of molecular interaction is required 

FLAN [70]  
Analyzing complex datasets with multiple parameters; suitable for studies involving 

microenvironmental changes or interactions among multiple fluorescent species 

1D CNN [71]  
Fast processing of sequential fluorescence data; effective for real-time analysis of time-series 

data in flim applications, particularly in simple scenarios where spatial features are less 

critical 

MLP-Mixer [72]  
General-purpose application requiring efficient processing of sequence signals; suitable for 

various flim applications, especially where speed and accuracy are essential, such as in 

embedded systems or real-time imaging 

FlimGANE [73]  
Enhancing image quality and resolution in fluorescence lifetime imaging; useful for 

improving the quality of fluorescence lifetime maps, especially under low-photon conditions 

or when dealing with challenging imaging scenarios 

SENSOR-Net [74] 

Simultaneous learning of fluorophore species and their absolute lifetime maps while 

leveraging spatial correlations; effective for characterizing complex biological environments 

by providing high-resolution lifetime maps while accounting for uncertainties inherent in 

experimental data 

BNP-FLIM [75]  

Overcoming challenges in quantitative flim analysis by learning the number of species and 

their absolute lifetime maps simultaneously; suitable for scenarios where distinguishing 

between closely spaced lifetimes is critical, such as drug discovery and monitoring biological 

interactions 
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Table 5 Comparison table of various methods of FLIM data complex analysis. 

Method Advantages Limitations 

FLI-Net [11]  

High accuracy in quantifying fluorescence 

lifetimes; approximately 30 times faster 

than traditional methods like spcimage; 

well-suited for real-time analysis in 

complex biological samples 

The outcome may vary depending on the 

unique properties of the sample being 

examined; to attain the best results, it may 

be necessary to have a substantial amount of 

training data 

FPFLI [69]  

Enhanced fluorescence lifetime imaging 

capabilities; provides improved sensitivity 

and resolution compared to traditional 

methods 

May be complex to implement and require 

specialized hardware; performance can vary 

depending on the imaging setup and sample 

conditions 

FLAN [70]  

Designed for efficient analysis of 

fluorescence lifetime data; capable of 

handling complex datasets with multiple 

parameters 

Implementation may be challenging without 

adequate computational resources; require 

careful calibration to ensure accurate results 

1D CNN [71]  

Efficient for processing sequential data, 

suitable for time-series analysis in 

fluorescence imaging; simple architecture 

that can be trained quickly on smaller 

dataset 

Limited ability to capture spatial features 

compared to 2D or 3D cnns; may not 

perform as well on complex imaging tasks 

requiring detailed spatial context 

MLP-Mixer [72]  
Offers simplicity, flexibility, and 

scalability; performs well on large datasets 

while being computationally efficient 

Limited interactions with neighboring 

neurons can result in decreased performance 

with smaller datasets; still relatively new 

with less established performance metrics in 

specific biomedical applications 

FlimGANE [73]  

Combines gans with fluorescence lifetime 

imaging to enhance image quality and 

resolution rapidly, even under low-photon 

conditions; up to 2800 times faster than 

traditional maximum likelihood estimation 

methods while providing accurate analyses 

Training gans can be resource-intensive and 

time-consuming; performance may be 

affected by the stability of the photon-

counting electronics used in imaging setup 

SENSOR-Net [74]  

Leverages spatial correlations and empty 

pulse information for robust analysis; 

dynamically learns the number of species 

and their corresponding lifetime maps 

simultaneously 

Requires sophisticated mathematical 

modeling and understanding of bayesian 

methods; may demand significant 

computational power for processing large 

datasets 

BNP-FLIM [75]  

Learns the number of species and their 

absolute lifetime maps without prior 

assumptions about species count; 

effectively propagates uncertainties across 

species and lifetime estimates 

The bayesian framework can be 

computationally intensive due to the 

complexity of the models used; requires 

high-quality data to ensure accurate 

modeling and predictions 

 

Table 6 Table of various methods available on GitHub. 

Model GitHub 

MedSegDiff [46] https://github.com/SuperMedIntel/MedSegDiff.git, 21 Jan 2025 

U-Mamba [47] https://github.com/bowang-lab/U-Mamba.git, 21 Jan 2025 

VM-Unet [48] https://github.com/JCruan519/VM-UNet.git, 21 Jan 2025 

SegMamba [49] https://github.com/ge-xing/SegMamba.git, 21 Jan 2025 

LM-Net [50] https://github.com/Asunatan/LM-Net.git, 21 Jan 2025 

https://github.com/SuperMedIntel/MedSegDiff.git
https://github.com/bowang-lab/U-Mamba.git
https://github.com/JCruan519/VM-UNet.git
https://github.com/ge-xing/SegMamba.git
https://github.com/Asunatan/LM-Net.git
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Table 6 Cont. 

ARCO [51] https://github.com/charlesyou999648/ARCO.git, 21 Jan 2025 

FLI-Net [11] https://github.com/jasontsmith2718/DL4FLI.git, 21 Jan 2025 

FPFLI [69] https://github.com/Dooongx/FPFLI.git, 21 Jan 2025 

FlimGANE [73] https://github.com/NinaYIC/flimGANE.git, 21 Jan 2025 

BNP-FLIM [75] https://github.com/MohamadFazel/BNP2-FLIM.git, 21 Jan 2025 

 

4.2 Advantages and Limitations of ML in 

FLIM 

Machine learning (ML) techniques can provide more 

accurate estimates of fluorescence lifetimes and 

metabolic pathways compared to traditional analysis 

methods. ML algorithms can also analyze fluorescence 

lifetime imaging (FLIM) data faster, allowing for real-

time decision-making and analysis. This enables a more 

intuitive understanding of the data, providing insights 

into cellular metabolism and disease progression. Label-

free imaging combined with ML removes the need for 

time-consuming and expensive labeling processes, 

making this approach a powerful tool for researchers. ML 

can handle complex multi-dimensional FILM data, 

extracting valuable information that can be used to 

improve clinical outcomes. However, implementing ML 

in FILM requires large and high-quality datasets, as well 

as appropriate approaches to overcoming clinical, 

professional, and technical challenges to its successful 

translation to clinical practice [77]. There are many 

techniques for the denoising of FLIM images using 

machine learning and deep-learning methods. 

5 Future Directions 

Physics-based deep learning (PBDL) is an emerging 

approach that combines the principles of physics with 

deep learning algorithms to enhance the performance, 

effectiveness, and resilience of various applications. In 

the context of FLIM, the potential of PBDL in 

overcoming the constraints of conventional data-driven 

or physics-based methods is immense. However, there 

are no existing PBDL models tailored specifically for 

FLIM yet. 

PBDL models leverage governing equations, such as 

partial differential equations, by embedding them into the 

architecture or loss functions, promoting solutions that 

adhere to known physics. By incorporating physical 

laws, PBDL models achieve high accuracy with less 

training data, making them particularly beneficial in 

scenarios where large datasets are challenging to obtain. 

They effectively address both forward simulations and 

inverse problems, allowing for a wide range of 

applications. The augmentation of loss functions with 

physical constraints ensures that predictions align with 

real-world behaviors, while differentiable physics 

simulations enable tight coupling between deep learning 

and physical modeling. Additionally, PBDL models can 

utilize virtual data points to evaluate physical 

consistency, enhancing training efficiency. In FLIM and 

beyond, these models improve analysis by providing 

robust, physically consistent solutions that are resilient to 

noise and variability, making them valuable tools for 

real-time assessments and dynamic process monitoring 

in scientific research and practical applications [78−80]. 

The integration of physical constraints, such as 

models of fluorescence decay and photon transport, into 

deep learning architectures is a significant advancement 

in the field of FLIM. One way to effectively embed 

physical constraints is by integrating governing 

equations related to fluorescence decay and photon 

transport into the loss function of deep learning models. 

Using partial differential equations (PDEs) as 

regularizers guides the training process, ensuring that 

model predictions adhere to known physical laws. 

Physics-Informed Neural Networks (PINNs) are neural 

networks designed to solve forward and inverse problems 

involving nonlinear PDEs, incorporating physical laws 

directly into their architecture. These networks can learn 

from limited data while ensuring physically plausible 

predictions, which is particularly useful in FLIM where 

data can be scarce or noisy. Recent advancements have 

led to the introduction of filtered PDEs as surrogate 

constraints within PBDL frameworks. This approach 

enables robust solutions even in noisy environments, by 

calculating PDE losses based on filtered variables. It 

maintains the integrity of the governing equations, while 

being less sensitive to noise. Simulated datasets, based on 

known physical models, can augment real experimental 

data, providing additional training examples for deep 

learning models. This improves the model's ability to 

generalize across different experimental conditions, 

enhancing its performance [11, 81, 82]. 

Developing models that effectively integrate deep 

learning with physical simulations can be complex and 

requires a deep understanding of both fields. This 

complexity may limit accessibility for practitioners who 

are not experts in either domain. While PBDL reduces 

the need for large datasets, the quality of the available 

data remains critical. Poor quality or biased data can lead 

to inaccurate models, undermining the benefits of 

integrating physical knowledge. Training hybrid models 

that combine deep learning with physics-based 

simulations often requires significant computational 

resources, which may not be available to all researchers 

or institutions [78−80]. 

As this field continues to develop, overcoming the 

challenges of integration and computational demands 

will be crucial for unlocking the full potential of PBDL 

https://github.com/charlesyou999648/ARCO.git
https://github.com/jasontsmith2718/DL4FLI.git
https://github.com/Dooongx/FPFLI.git
https://github.com/NinaYIC/flimGANE.git
https://github.com/MohamadFazel/BNP2-FLIM.git
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in FLIM applications. This will ultimately advance our 

understanding of complex biological systems. 

6 Conclusion  

The review summarizes recent advances in the use of 

machine learning and deep learning techniques for 

fluorescence lifetime imaging microscopy data analysis 

and modeling.  

An analysis of the use of deep learning methods for 

FLIM data analysis showed that: 

 FLI-Net, 1D CNN, MLP-Mixer are suitable for 

real-time FLIM; 

 FPFLI, FlimGANE are suitable for low-photon 

conditions; 

 FLAN is suitable for FPGA; 

 SENSOR-Net, BNP-FLIM are suitable for 

simultaneous FLIM estimation and classification; 

 FPFLI, FlimGANE, SENSOR-Net and BNP-

FLIM are suitable for high-resolution imaging; 

 FLI-Net, MLP-Mixer, FlimGANE and 

especially BNP-FLIM are significant resistant to data 

noise; 

 FLI-Net, FPFLI and FlimGANE are suitable for 

small datasets. 

Traditional methods for extracting fluorescence 

lifetimes from FLIM data can be complex and time-

consuming, but machine learning and deep learning 

approaches have emerged as promising alternatives that 

offer faster and more accurate lifetime extraction. 

Convolutional neural networks have been particularly 

prevalent in FLIM analysis, demonstrating effectiveness 

in denoising and enhancing fluorescence microscopy 

images, as well as in developing novel techniques. 

In conclusion, machine learning and deep learning-

based techniques have demonstrated great potential in 

FLIM data modeling, offering faster and more accurate 

lifetime extraction, denoising capabilities, and improved 

image enhancement. 
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Abstract. The paper presents a photonic integrated circuit (PIC) concept for 
the swept-source optical coherence tomography (SS-OCT) systems operating 
within two distinct wavelength ranges: 820−880 nm and 1260−1360 nm. The 
PIC features two interferometric schemes connected through a joint splitter 
that delivers a single output for tissue scanning. The proposed PIC concept is 
developed for the silicon nitride platform, which offers low losses compared 
to another photonic integrated platform. The numerical simulations were 
conducted using the Ansys Lumerical software to verify the PIC concept. The 
simulation results indicate that the focal length of the proposed SS-OCT system 
is approximately 2.9 mm for both wavelength ranges, and there is no 
interference between the optical signals from the adjacent interferometric 
systems. © 2025 Journal of Biomedical Photonics & Engineering. 
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1 Introduction 

Optical coherence tomography (OCT) prospects are 

highly positive, fueled by continuous technological 

advancements and expanding applications across various 

medical fields. OCT is a noninvasive method used to 

visualize the structure of biological tissues by analyzing 

the interference between an optical reference signal and 

the backscattered and backreflected signals from the 

sample being studied. Initially, OCT gained prominence 

in ophthalmology [1, 2], but its applications are now 

rapidly expanding. For instance, in cardiology, 

intravascular OCT images of coronary arteries provide 

high-resolution images of plaque morphology and stent 

deployment [3]. This technique aids in the diagnosis and 

treatment of coronary artery disease [4]. In dermatology, 

OCT is increasingly utilized for noninvasive skin 

imaging [5], assisting in the diagnosis of skin cancers [6], 

inflammatory skin diseases [7], and other dermatological 

conditions [8]. Additionally, emerging applications are 

being explored in gastroenterology (specifically, 

endoscopy), neurology, and other medical specialties. 

Modern OCT systems offer significantly faster 

acquisition speeds and higher axial and transverse 

resolutions than earlier models. These advancements enable 

quicker examinations, minimize motion artifacts, and allow 

for the visualization of finer anatomical details. One notable 

example is swept-source OCT (SS-OCT), which provides 

much faster scan rates than spectral-domain OCT 

(SD-OCT) [9]. Despite these improvements, OCT still faces 

several challenges. The development of compact OCT 

systems, potentially utilizing photonic integrated circuits 

(PICs), is facilitating the creation of more accessible and 

portable devices well-suited for point-of-care applications 

and broader use in resource-limited settings [10]. Various 

solutions have already been proposed for the implementation 

of individual components within the PIC OCT 

system [11, 12] and for highly compact systems that are fully 

integrated [13]. Modern PICs incorporate SS-OCT [14–16] 

and SD-OCT [17, 18] methods and encompass all relevant 

wavelength ranges for medical applications, specifically 

800 [12, 19], and 1310 nm [17, 20]. 

At the same time, another trend comprises searching 

for techniques to advance systems imaging speed, 

resolution (axial and transverse), and penetration depth. 

Such research focuses on using dual-band imaging 

schemes or integrating with other imaging 

modalities [21, 22], that can provide a more 

comprehensive picture of tissue structure and function. 
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Fig. 1 Concept of a PIC-based dual-band SS-OCT system: PC – personal computer; ADC – analog-to-digital converter; 

BPD – balanced photodetector; PIC – photonic integrated circuit. Blue shows the waveguides in which radiation in the 

820–880 nm wavelength range propagates, red – 1260–1360 nm, and violet – the waveguides in which both wavelength 

ranges can propagate. 

The first approach seems particularly promising due to 

its simple integration with integrated photonics 

technology. Dual-band OCT presents significant benefits 

compared to single-band systems by utilizing different 

wavelengths that uniquely interact with tissue. This 

approach delivers complementary information, improving 

our tissue structure and function comprehension. 

The applications of dual-band OCT are diverse and 

span various fields, with a significant focus on 

ophthalmology. In this field, dual-band OCT is 

particularly valuable for detailed retinal imaging, 

including angiography, blood flow measurement, and the 

assessment of retinal oxygen metabolism. It plays a 

crucial role in diagnosing and monitoring various eye 

diseases, such as glaucoma [23], where distinct 

differences can be observed in the OCT cross-sectional 

images at the two wavelengths used for the retinal nerve 

fiber layer. The dual-band OCT utilizes wavelengths of 

840 nm and 1050 nm for visualizing the retina and the 

anterior segments of the eye [24]. 

Additionally, a second measurement in a different 

range enhances tissue contrast [25] and reduces image 

speckle, particularly in FD-OCT, while improving 

resolution [26]. For instance, visible light optical 

coherence tomography (Vis-OCT) offers superior axial 

resolution for imaging retinal layers, especially the 

retinal pigment epithelium and choroid complex. In 

contrast, near-infrared optical coherence tomography 

(NIR-OCT) provides greater penetration depth for 

examining deeper structures [27]. Moreover, the same 

research [27] has shown that Vis-OCT excels in 

measuring retinal blood oxygen saturation due to its 

increased blood optical absorption contrast in the visible 

spectrum. 

In dermatology, researchers are exploring the use of 

dual-band line-field confocal optical coherence 

tomography (LC-OCT) systems that operate at 

wavelengths of 770 nm and 1250 nm. These systems aim 

to enhance the non-invasive diagnosis of malignant skin 

neoplasms, particularly basal cell carcinomas (BCCs). 

The dual-band approach integrates high-resolution 

imaging of superficial layers at 770 nm with deeper 

penetration capabilities at 1250 nm, resulting in a more 

comprehensive view of the lesion [28]. In cardiology, 

different wavelengths are employed to improve the 

differentiation of plaque components, such as lipid-rich 

areas versus fibrous tissue. However, it is essential to 

note that specific studies demonstrating this advantage 

need to be directly cited in the available data. 

However, the lack of readily available publications 

detailing fully integrated dual-band OCT on PICs 

suggests that this is an area of ongoing research and 

development. While the building blocks for a PIC-based 

dual-band OCT system exist (dual-band OCT systems 

and PIC-based OCT systems), a fully integrated solution 

is not clearly documented in the provided data. 

Thus, the paper presents the concept of a dual-band 

PIC designed for the most technologically relevant 

method – SS-OCT. We propose integrating two data 

collection schemes on a single chip, operating at two 

optimal wavelength ranges for medical applications: 

around 850 nm (820−880 nm) and around 1310 nm 

(1260−1360 nm). Both schemes capture backscattered 

and backreflected signals through a single output on the 

chip, ensuring data acquisition at varying depths and with 

different resolutions from a single observation point. The 

paper is organized as follows. Section 2 describes the 

concept of the system and the basic operating principle 

of the SS-OCT system on PIC. In Section 3, we present 

the design and simulation models for the system’s 

building blocks. Section 4 describes the simulation 

results of the overall system performance, while 

Section 5 provides a discussion and main conclusions. 

2 The Dual-Band OCT Scheme 

Fig. 1 illustrates the concept of the proposed dual-band 

SS-OCT system. The chip is equipped with two tunable-

source OCT circuits linked by a splitter, providing a 

single scanning output across both wavelength ranges. 

The operating principle for both circuits, which use 

two different wavelengths, is consistent across the chip. 

Therefore, this chapter will focus on the functioning of 

just one circuit. Light from a tunable laser source is 
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coupled to the chip through an edge coupler. A 

directional multimode interference coupler (MMI) splits 

the light beam into a sample arm and a reference arm. 

The light beam in the sample arm is directed to the tissue 

sample via a joint splitter and decoupled from the PIC 

through the output edge coupler. The backscattered and 

backreflected light from the tissue sample is then 

collected by the chip using the same edge coupler. The 

signal is divided by a joint splitter into two interference 

circuits. Before reaching the MMI, the signal passes 

through a filter in each circuit. Ultimately, the 

backscattered and backreflected radiation interferes with 

the reference signal in the subsequent MMI. A balanced 

photodetector then converts the interference result into an 

electrical signal. 

The PIC design is optimized for the silicon nitride 

platform, which exhibits lower losses than other 

integrated photonics platforms [29]. 

3 The PIC Components Design and 

Simulation 

Numerical methods, specifically the finite difference 

eigenmode (FDE) and the eigenmode decomposition 

(EME) methods, were employed to simulate the 

components of the PIC for dual-band SS-OCT. 

3.1. The Waveguide Cross-Section for 

Both Wavelength Ranges 

The essential step in any PIC design is defining the 

waveguide cross-section, which facilitates light 

transmission between different components. The 

proposed device utilizes strip waveguides that are 450 nm 

in height. To determine the appropriate width of these 

waveguides, graphs were created to illustrate the 

relationship between the effective refractive index of the 

modes supported by the waveguide and its width. The 

resulting graphs for the central wavelengths of 850 nm 

and 1310 nm from the light sources are displayed in 

Figs. 2 and 3, respectively. 

 
Fig. 2 The effective index of transverse modes in a 

waveguide versus its width for 850 nm central 

wavelength. TE indicates the transverse electric modes 

and TM − the transverse magnetic modes. 

 
Fig. 3 The effective index of transverse modes in a 

waveguide versus its width for 1310 nm central 

wavelength. TE indicates the transverse electric modes 

and TM − the transverse magnetic modes. 

The effective refractive index dependencies 

indicate that to achieve quasi-single-mode operation, the 

waveguide widths should be specified 

as follows: 500 nm for the wavelength range of 

820–880 nm and 1200 nm for the wavelength range of 

1260–1360 nm. 

3.2 Design of the 50/50 MMI for 

Both Wavelength Ranges 

The circuit splits the light beam using MMI, where the 

power distribution follows the self-imaging 

principle [30]. Fig. 4 illustrates the generalized structure 

of the MMI. The EME method was employed to 

determine the geometry of the MMI for 50/50 split ratios. 

 

Fig. 4 Generalized structure of the MMI. 

 

Fig. 5 The 50/50 MMI’s transmission spectra relying on 

the length of the multimode section for a central 

wavelength of 850 nm. 
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Fig. 6 The 50/50 MMI’s transmission spectra relying on 

the length of the multimode section for a central 

wavelength of 1310 nm. 

The width of the multimode section was set to 

12 µm. The coordinates of the input waveguides were 

determined based on the principles outlined in Ref. [30]. 

Subsequently, the transmission coefficients from the 

upper left waveguide to the upper right and lower MMI 

waveguides were analyzed as a function of the length of 

the multimode section using the Ansys Lumerical 

MODE software package. The resulting data for central 

wavelengths of 850 nm and 1310 nm are presented in 

Figs. 5 and 6, respectively. 

The optimal transmission point in both output 

waveguides determines the length of the multimode 

sections. At a central wavelength of 850 nm, the length 

was 217 µm, while at a central wavelength of 1310 nm, 

it was 141.2 µm. Fig. 7 illustrates the final geometry for 

both MMIs, while Figs. 8 and 9 show the transmission 

performance of the 50/50 MMIs across a broad 

wavelength range. 

 

 

(a) 

 
(b) 

Fig. 7 50/50 MMI dimensions for (a) 850 nm and 

(b) 1310 nm central wavelengths. All dimensions are 

in µm. 

 

Fig. 8 Transmission spectra of the 50/50 MMI for an 

850 nm central wavelength. 

 
Fig. 9 Transmission spectra of the 50/50 MMI 

transmission spectra for a 1310 nm central wavelength. 

3.3 The Splitter Design for Both Wavelength 

Ranges 

An MMI-based joint splitter combines the interference 

schemes and divides the backscattered and backreflected 

radiation between them. The design follows the 

principles of a 50/50 MMI to determine its geometry. 

This splitter features a single input with a width set to 

4 µm. As with the 50/50 MMI, we analyzed how the 

transmission coefficients depend on the length of the 

multimode section for both wavelength ranges (see 

Fig. 10). Consequently, the length of the multimode 

section was determined to be 15.1 µm by the maximum 

transmission for the both central wavelength. The 

dimensions of the joint splitter are illustrated in Fig. 11, 

while its transmission spectra are displayed in Fig. 12. 

Joint splitter transmission spectra imbalance is 

conditioned by the different waveguides widths for the 

various wavelength ranges. Less waveguide width for 

the 820–880 nm wavelength range provides higher loss 

for the more abrupt waveguide taper. This effect does 

not have a significant impact on the system simulation. 
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Fig. 10 Transmission spectra of the joint splitter over 

the length of the multimode section for central 

wavelengths of 850 nm and 1310 nm. 

 
Fig. 11 The joint splitter dimensions in µm. 

 
Fig. 12 Transmission spectra of a joint splitter over the 

broad wavelength band. 

3.4 The Exponential-Shaped Edge Coupler 

Light is coupled and decoupled from the PIC through an 

edge coupler, offering a wider bandwidth than traditional 

input-output gratings [31]. An exponential tapering shape 

was employed for the waveguide to enhance input 

efficiency. The length of the edge coupler is 200 μm, and 

a specific function can represent its shape: 

 log 1.5
exp 0.9 [um],y x

l

 
   

   

where l is the length of the edge coupler, x denotes the 

coordinates along the X axis in the segment from 0 to l. 

The edge coupler width spans from 200 to 1200 nm. 

Fig. 13 illustrates the transmission of the edge 

coupler. It is important to note that the transmission was 

measured for a mode spot with a diameter of 2 µm, 

positioned 5 µm from the PIC edge. For the edge coupler 

simulation, we used Ansys Lumerical EME software 

package. 

Edge coupler simulation results show that average 

loss for the light coupling is approximately 3 dB. This 

value is sufficient for our simulation. But further light 

coupling optimization will provide higher OCT system 

sensitivity. Transmission spectra difference in this case is 

conditioned by the mode size inequality for the air and 

for the waveguide. 

 
Fig. 13 Edge coupler transmission spectra. 

3.5 Bandpass Filters 

To effectively differentiate backscattered and 

backreflected radiation between two segments with 

distinct operating wavelength ranges, we propose 

utilizing a bandpass filter based on MMI within the 

device. These filters were developed utilizing the same 

principles as those used in the 50/50 MMI and the joint 

splitter. The key distinction in this case is that the device 

features only one input and one output. The geometries 

of the filters are illustrated in Fig. 14, while their 

transmission characteristics are shown in Fig. 15. 

 
(a) 

 

(b) 

Fig. 14 Dimensions (in μm) of bandpass filters with 

central wavelengths of (a) 850 nm and (b) 1310 nm. 



I.V. Stepanov: Design of a Photonic Integrated Circuit for Swept-Source OCT for... doi: 10.18287/JBPE25.11.010301 

J of Biomedical Photonics & Eng 11(1) 2025   31 Jan 2025 © J-BPE 010301-6 

 
Fig. 15 MMI-based bandpass filters transmission 

spectra. 

We chose bandpass filters lengths by the transmission 

spectra maximum for the needed wavelength range by 

analogy with the joint splitter geometry. 

4 Simulation Results of the Performance of 

the PIC-Based Dual-Band SS-OCT 

System 

To evaluate the performance of the SS-OCT system, we 

converted all the simulation results presented in the 

previous section of the article into S-parameters. We used 

the Ansys Lumerical INTERCONNECT software 

package to create a simulation model of the dual-band 

PIC. The following parameters were used in the model: 

– Simulation time window: 10 ns; 

– Sampling frequency: 250 THz;  

– Radiation source tuning time: 10 ns; 

– Output signal level at the radiation source: 

0 dBm; 

– Wavelength tuning ranges for the radiation 

sources: 820−880 nm and 1260–1360 nm; 

– Signal attenuation level in waveguides: 

92 dB/m [29]. 

A mirror with a reflectivity of 0.99 was used as a test 

sample to simulate biological tissue. It was connected to 

the circuit through a layer of air, the thickness of which 

was varied to determine the zero-delay point 

corresponding to the system’s focal length. 

The tuning time for the radiation sources was set to 

10 ns to optimize resource usage. In commercial tunable 

radiation sources, this tuning time is typically 10 μs. 

However, we have previously demonstrated that while 

tuning time influences the frequency value, it does not 

affect the system’s overall behavior [16, 32]. This 

assumption does not impact the signal level or the zero 

delay point. 

The simulation results demonstrated the relationship 

between the OCT system’s output signal frequency and 

the distance from the scanned sample to the end of the 

PIC. To establish this relationship, we identified the 

power peak in the signal spectrum and recorded the 

corresponding frequency in a data array. Fig. 16 

illustrates this dependency. 

 
Fig. 16 The output signal frequency in relation to the 

distance between the scanned sample and the end of the 

PIC. 

Based on the acquired data, extrapolation was 

conducted in a segment ranging from 2.5 to 3 mm to 

determine the precise value of the zero-delay point. As a 

result, the zero-delay point for the OCT branch with a 

central wavelength of 850 nm was found to be 2.9 mm. 

For the branch with a wavelength of 1310 nm, the zero-

delay point value was 2.92 mm. 

Figs. 17 and 18 illustrate examples of OCT signal 

spectra obtained from simulations at various distances 

between the scanned sample and the PIC edge. 

 
Fig. 17 OCT signal spectra for the branch with a central 

wavelength of 850 nm. 

 

Fig. 18 OCT signal spectra for the branch with a central 

wavelength of 1310 nm. 
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The spectra show side frequency peaks. Supposedly, 

they arise due to the nonlinearity of the transfer 

characteristics of individual optical system components. 

It is worth noting that these peaks were also observed 

when using idealized bandpass optical filters that entirely 

suppress the adjacent frequency range in the shoulders of 

the sample. 

5 Discussions and Conclusions 

This paper presents a PIC concept for an SS-OCT system 

that can operate simultaneously in two different 

wavelength ranges: 850 nm and 1310 nm. Although 

initially designed for the silicon nitride platform, this PIC 

concept can also be adapted for other integrated 

photonics platforms. The chosen wavelength ranges are 

tailored to the most common OCT applications in 

medical diagnostics, including ophthalmology, 

dermatology, and endoscopic examinations. In each 

field, acquiring additional information about the 

biological tissue sample through measurements at a 

second wavelength can enhance resolution and increase 

visualization depth. 

It is worth noting that biological tissues absorb 

radiation differently depending on the wavelength 

range [33]. This effect can be compensated with proper 

swept source power selection in the proposed scheme. 

However, medical standards must limit this power to 

prevent biological tissue damage. 

The simulation results obtained using Ansys 

Lumerical software indicate that optical signals from 

adjacent interferometric systems do not interfere with 

one another. However, the distortions observed in the 

output signal spectrum for a single reflecting object are 

attributed to the nonlinear characteristics of individual 

components within the PIC. 

To enhance the performance of dual-band SS-OCT 

PIC, it is crucial to improve the linearity of the transfer 

characteristics of its components within the specified 

operation bands. It can be achieved by optimizing the 

design of the elements based on MMI or by replacing 

them with broadband directional couplers [34]. However, 

using broadband directional couplers may increase the 

PIC’s sensitivity to variations in characteristics due to 

manufacturing errors [35]. Furthermore, optimizing the 

edge couplers can help reduce attenuation during the 

coupling and decoupling of radiation to the PIC, thereby 

increasing the system’s overall sensitivity. 

The second step to improve the performance of the 

SS-OCT system is to enhance the functionality of the 

PIC. For both interferometric schemes, the focal length 

can be adjusted using a tunable reference arm, as 

previously demonstrated by the authors in an earlier 

study [32]. Furthermore, OCT systems with a tunable 

source can integrate a k-clock for analog-to-digital 

converters. This k-clock can be implemented either as an 

unbalanced Mach-Zehnder interferometer [32] or as a 

microring resonator [36], utilizing dispersion regions that 

exceed the wavelength range of the radiation source. 

Another promising solution to improve OCT image 

quality is spectroscopic OCT (SOCT) signal processing 

algorithm realization at the personal computer side. This 

technique is based on the short-time and short-frequency 

Fourier transforms to create 2-D SOCT signals indexed 

by wavelength and depth in the object [37]. In 

combination with our PIC, it will allow obtaining more 

information about tissue samples [38]. 
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Abstract. Attention-Deficit/Hyperactivity Disorder (ADHD) is a 
neurodevelopmental condition that impacts an individual’s emotional state, 
actions, and ability to acquire knowledge. The diagnosis is challenging due to 
the different characteristics of its distinct subtypes: inattention, hyperactivity, 
and impulsivity. ADHD has been diagnosed using a range of techniques, such 
as fMRI and behavioural evaluations. Electroencephalography (EEG) has 
garnered interest due to its capacity to uncover atypical brain activity 
patterns. Nevertheless, using EEG data in ADHD research poses difficulties due 
to the limited annotated datasets and substantial inter-individual variations. 
To address these difficulties, we have investigated various approaches to 
improve EEG data: Synthetic Minority Over-sampling Technique (SMOTE) 
variants, Non-deterministic Conditional Tabular Generative Adversarial 
Network (ND-CTGAN), and EEG-GAN variants. SMOTE variants have 
generated synthetic samples to address class imbalances, enhancing 
classification performance. ND-CTGAN has generated synthetic EEG data of 
superior quality, preserved inter-channel correlations and spectral properties, 
and improved the classification model’s accuracy, recall, and precision. 
Statistical analyses have verified that synthetic data closely reflects the 
distributions and connections seen in real data. This similarity allows for 
strong comparisons and improves the ability of models. These findings not 
only enhance our understanding of ADHD but also inspire hope for future 
studies in the field, demonstrating the potential of advanced augmentation 
techniques to significantly enhance classification accuracy in EEG research. 
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1 Introduction 

Attention-Deficit/Hyperactivity Disorder (ADHD) is a 

prevalent neurodevelopmental condition characterized 

by patterns of inattention, hyperactivity, and impulsivity 

that interfere with functioning or development [1]. The 

inattentive subtype is defined by trouble maintaining 

focus and frequent careless mistakes. Restlessness, 

impulsive behaviour, and fidgeting characterize the 

hyperactive-impulsive subtype. The mixed subtype 

combines symptoms of both the hyperactive-impulsive 

and inattentive subtypes [1].  

In recent years, various methods have been developed 

for the diagnosis of ADHD by using different modalities. 

For instance, functional magnetic resonance imaging 

(FMRI) [2], diagnostic and statistical manual (DSM) 

[3, 4], behavioural rating, i.e., child behavior checklist 

(CBCL), neuropsychological test with integrated visual 

and auditory (IVA), continuous performance test 

(CPT) [5]. The subtypes of ADHD present a significant 

challenge in clinical settings due to their pronounced 
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behavioural manifestations and associated 

neurophysiological patterns. Electroencephalography 

(EEG) has emerged as a valuable tool for studying these 

neurophysiological markers, offering insights into the 

atypical brain activity patterns of individuals with 

ADHD [6−9].  

Despite its potential, the effective utilization of EEG 

data in ADHD research faces critical challenges. One 

significant issue is the limited availability of labeled EEG 

dataset [9, 10], which impedes the development of robust 

machine-learning models for diagnosis and prediction. 

The insufficiency of data is impaired by the variable 

nature of EEG signals, which require substantial training 

data to capture the complex dynamics associated with 

ADHD subtypes accurately. To address this limitation, 

various data augmentation techniques have been 

proposed as a solution to artificially expand EEG 

datasets, thereby enhancing the diversity and 

representativeness of training samples [10, 11].  

The limitations associated with EEG augmentation 

include challenges in evaluation metrics, such as 

Inception Score (IS) and Fréchet Inception Distance 

(FID), which are prone to overfitting issues. Furthermore, 

Wasserstein distance (WD) introduces additional 

complexity, while Euclidean distance (ED) may deliver 

results that lack precision. It is also worth noting that the 

adversarial training process inherent in GANs is complex 

and time-consuming. Additionally, EEG augmentation is 

extensively utilized across various applications, 

including Brain-Computer Interfaces (BCI), motor 

imagery, the study of epilepsy, and emotion recognition. 

However, its potential application for ADHD subtypes 

EEG data has not been thoroughly investigated [11].  

The usefulness of EEG applications is also 

constrained by significant inter-subject variability. This 

variability is primarily attributed to physiological 

distinctions among individuals, which can significantly 

impact the efficiency of models designed for 

generalization across different subjects. Generalizing 

from one group of individuals to another is crucial for 

various practical uses of EEG technology, prompting 

significant research efforts toward developing strategies 

capable of managing inter-subject variability [12]. 

Traditional EEG argumentation methods frequently 

depend on EEG image data, which can result in 

challenges related to the curse of dimensionality. 

Additionally, these methods often struggle to preserve 

inter-channel correlations effectively. Understanding the 

correlation between EEG channels is valuable in ADHD 

analysis [13].  

Another key challenge in EEG-based ADHD research 

is the issue of class imbalance [14, 15]. In clinical 

datasets, the proportion of samples from individuals with 

ADHD often significantly differs from those without the 

disorder. This imbalance leads to biased model training, 

where the learning algorithms are predisposed to the 

majority class, resulting in poor generalization and 

reduced diagnostic accuracy for the minority class. 

Addressing class imbalance is crucial to ensure that 

models are equally adept at identifying both positive and 

negative instances of ADHD, thereby improving their 

reliability and clinical applicability.  

This manuscript explores advanced techniques for 

oversampling and augmenting data designed explicitly 

for EEG datasets to address limited data and imbalanced 

class distribution issues. The objective is to enhance the 

variety of training data and rectify class imbalances to 

improve the efficacy of machine learning models in 

identifying ADHD subtypes from EEG signals.  

This novel approach contributes to the 

methodological progress in EEG analysis and shows 

potential for more precise and fair diagnostic procedures 

in ADHD research. Traditional classification methods 

often struggle to capture the intricate, multidimensional 

nature of ADHD, making it challenging to identify 

subtypes precisely. In this context, SMOTE and 

Generative Adversarial Networks (GANs) have emerged 

as potential tools for augmenting data and generating 

synthetic data, thereby improving the capability of 

machine learning models to handle diverse and sparse 

datasets.  

We propose a Non-Deterministic Conditional 

Tabular GAN (ND-CTGAN) to improve ADHD subtype 

classification. By generating diverse and representative 

synthetic data, this approach enhances the accuracy and 

robustness of machine learning models in handling 

ADHD variability, showing promising results. We also 

compared our method with the EEG-GAN variant (TTS-

WGAN-GP) [16], and it showed better results than it.  

Our manuscript is organized into four main sections, 

the first of which is the introduction. The second section 

initiates the discussion by outlining the theoretical 

framework of augmentation methods. The third section 

delves into the methodology employed in conducting the 

study. The fourth section details the research's outcomes 

and findings, followed by the conclusion and future 

work. 

2 Related Work  

This section reviews various methodologies for 

generating synthetic EEG data, focusing on three 

principal approaches: Synthetic Minority Over-sampling 

Technique (SMOTE), Generative Adversarial Networks 

(GANs), and traditional signal processing techniques.  

2.1 SMOTE Variants for EEG Data 

Augmentation  

Traditional EEG datasets often suffer from imbalances 

and limited sample sizes, challenging achieving robust 

classification performance. To mitigate these issues, 

various Synthetic Minority Over-sampling Technique 

(SMOTE) variants have been developed. By 

interpolating between existing instances of the minority 

class, SMOTE creates synthetic samples that 

successfully increase the representation of the 

underrepresented and improve the robustness of machine 

learning models [17]. This technique can be helpful in 

ADHD studies where data might be skewed due to a 

smaller number of diagnosed cases compared to control 
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groups. In ADHD, research has been applied SMOTE 

to various types of ADHD datasets, including 

phenotypic information [18], electronic medical 

records (EMR) [19], FMRI [20], and EEG data [21]. 

This involves generating synthetic samples to balance 

the dataset, enhancing the machine learning model’s 

ability to detect ADHD accurately by leveraging 

behavioral and neurological features. SMOTE variants 

have shown promise in improving training datasets in 

EEG data analysis in various applications. The study [22] 

highlights the effectiveness of the adaptive synthetic 

sampling (ADASYN) SMOTE variant in handling multi-

class imbalances in EEG data, making it a viable 

technique for improving the performance of EEG signal 

classification systems to detect epilepsy events in the 

EEG signals.  

In Ref. [23] the researcher introduced an effective 

fusion algorithm that significantly improves seizure 

detection in imbalanced EEG datasets. By integrating 

SMOTE and TomekLink (STL) synthetic sampling 

methods with ensemble learning, the algorithm enhances 

the accuracy and reliability of seizure classification. 

Moreover, a novel data augmentation technique, 

BNNSMOTE [24], generates synthetic samples by 

focusing on the boundary and neighborhood properties of 

the minority class (seizure events). It aims to improve the 

distribution of synthetic samples to represent the 

minority class better and enhance classifier training. 

Likewise, the Borderline-SMOTE and Radius-

SMOTE [25] algorithm demonstrates their edge in 

efficient, emotional identification of EEG signals [26], 

While Borderline-SMOTE [27], support vector 

machine (SVM) SMOTE, and adaptive synthetic 

sampling [28] were used to increase the number of 

samples for the class of target stimuli in P300-based 

brain-computer interfaces (BCIs), whereas safe-level 

SMOTE has enhanced classification performance for 

different anxiety levels from the DASPS dataset. 

2.2 GAN Approaches for EEG Data 

Augmentation  

Generative Adversarial Networks (GANs) have become 

a cornerstone in advanced EEG data augmentation, 

enabling the generation of realistic synthetic data that 

mirrors the complexity of real EEG signals. Variants of 

GAN, for instance, the Deep Convolutional GAN 

(DCGAN) applied on spectrogram-generated images 

from STFT (Short-Time Fourier Transform) of EEG, 

with transfer learning models, have generated high-

fidelity EEG signals by minimizing divergence between 

real and synthetic data distributions for epileptic seizure 

prediction [29]. Auxiliary Classifier GAN (AC-GAN) 

also demonstrated that generated synthetic spikes 

samples improve machine learning classification tasks in 

the diagnosis of epilepsy [30]. Conditional Wasserstein 

GAN (CWGAN) enhances the performance of EEG-

based emotion recognition models by conditioning the 

generation process on specific labels, producing more 

relevant synthetic data [31, 32]. Balanced Wasserstein 

GAN with gradient penalty (BWGAN-GP) [33] and 

Common Spatial GAN (CS-GAN) [34] address specific 

needs in EEG data, such as balancing datasets and 

generating spatially consistent signals, respectively, in 

BCI applications. Likewise, Event-Related Potentials 

GAN (ERP-GAN) effectively improves the stability of 

the model for single-trial P300 detection [35].  

Time Series GAN [36], is designed to handle 

temporal dependencies and generate synthetic EEG 

sequences that capture the dynamic nature of neural 

activity. These GAN-based approaches significantly 

enrich EEG datasets, providing diverse and high-quality 

synthetic data that enhances model training and 

performance in Seizure detection [37]. Another approach 

in Ref. [16] the study derives a hybrid architecture, TTS-

WGAN-GP, that contains a transformer-encoder-based 

generator and discriminator for time series (TTS) and 

conditional GANs. This architecture focuses on temporal 

features, conditional data, and stability while generating 

EEG synthetic data.  

2.3 Other Methods for EEG Data 

Augmentation  

Besides SMOTE and GAN-based techniques, other EEG 

data augmentation methods are crucial for improving the 

diversity and resilience of EEG training datasets. Time 

domain augmentations, like smooth time masking and 

time reversal, enhance temporal variability. Frequency 

domain augmentations, such as frequency shifting and 

band-stop filtering, can improve training data by altering 

spectral properties using various materials. The spatial 

variety of EEG data is improved via spatial domain 

augmentations such as channel symmetry, channel 

dropout, and channel shuffling [10]. A comparative 

research study is presented for motor imagery EEG data 

in Ref. [38]. These include simple approaches such as 

averaging, time slice recombination, and cropping, as 

well as more sophisticated ones such as variational 

autoencoder (VAE).  

3 Materials and Methods 

In addressing EEG data augmentation challenges, we aim 

to generate synthetic EEG data specifically for the 

Hyperactive ADHD subtype. A major issue with existing 

methodologies is class imbalance, which can lead to 

biased outcomes and hamper the accuracy of 

classification models. Traditional approaches often rely 

on EEG image data, which leads to the curse of 

dimensionality and fails to maintain inter-channel 

correlations, thus diminishing the model’s performance. 

Moreover, image-based techniques do not adequately 

capture subject-wise variability despite their 

effectiveness, limiting their applicability across diverse 

subjects. By focusing on maintaining spectral 

characteristics and enhancing the inter-channel 

correlations of synthetic EEG data, we seek to improve 

classification accuracy while enabling a more 

comprehensive exploration of the feature space.  
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The following subsections outline this study’s 

materials, experimental design, and methodological 

approaches. We employed two methods for data 

augmentation and classification. Firstly, we compared 

augmented data using various Synthetic Minority Over-

sampling Technique (SMOTE) variants. Secondly, we 

introduced a novel approach, the non-deterministic 

Conditional Tabular Generative Adversarial Network 

(ND-CTGAN), to improve classification performance.  

3.1 Dataset  

In our study, we examined EEG data across different 

ADHD subtypes [15], including 17 subjects with 

inattentive ADHD, 17 with combined ADHD, and 3 with 

hyperactive ADHD. The EEG recordings were captured 

using 64 channels, initially sampled at 2048 Hz and 

subsequently down-sampled to 256 Hz to facilitate 

efficient processing. To ensure data quality, a bandpass 

filter was applied to remove slow drifts below 1 Hz and 

high-frequency noise above 20 Hz, including line noise. 

The recordings were made while subjects were working 

and responding to auditory stimuli. The tasks involved 

listening to human speech streams composed of /ba/, /da/, 

and /ga/ syllables. Each trial had a central” Target” 

stream with three syllables and a “Distractor” stream with 

five syllables to the right. This dataset is available 

openly; the link is in the data availability statement.  

3.2 Data Augmentation and Classification with 

SMOTE Variants 

To address the issue of class imbalance in our EEG 

dataset, we applied data augmentation using various 

Synthetic Minority Over-sampling Technique (SMOTE) 

variants. These variants included SMOTE, Borderline-

SMOTE, ADASYN, SMOTE and Tomek, and SVM-

SMOTE. Each is designed to generate synthetic samples 

for the hyperactive AHDD minority class. The 

augmented data were then subjected to classification 

using a range of machine learning algorithms. This 

comparative analysis aimed to evaluate the effectiveness 

of different SMOTE variants in enhancing classification 

performance by creating a more balanced dataset.  

Fig. 1 shows the flow diagram of data augmentation 

and classification with SMOTE variants. After 

preprocessing raw EEG data, six non-linear features are 

extracted: approximate entropy, singular value 

decomposition entropy (SVD), spectral entropy, 

Petrosian Fractal dimension (FD), Katz FD, and Higuchi 

FD. In our previous work [38], these features yield 

promising results for EEG analysis. 

 

Fig. 1 Block diagram of data augmentation and classification with SMOTE variants.  
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(a) 

 
(b) 

Fig. 2 Pair plot for first five features of class 1, 2, and 3 (on the X-axis and Y-axis): (a) before ADASYN, 

(b) after ADASYN. 
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A total of 37 EEG samples were initially available for 

oversampling, including 17 from the combined ADHD 

type, three from the inattentive ADHD type, and three 

from the hyperactive ADHD type. The dataset was 

balanced using oversampling techniques, resulting in an 

equal distribution of 51 samples across all ADHD types. 

These samples were analyzed using various classification 

methods. Fig. 2 presents a pair plot for the first five 

features of the feature vector, both before and after 

applying ADASYN. This plot illustrates the 

oversampling of hyperactive samples and demonstrates 

that the synthetic data maintains a distribution similar to 

the real data. 

Further, five SMOTE variants including standard 

SMOTE, Borderline, ADASYN, SMOTE SVM, and 

SMOTE Tomek, were proposed by us for multiclass 

classification. Three classes were considered for 

classification: Combined (Class 1), Hyperactive 

(Class 2), and Inattentive (Class 3). Seven different 

classifier models have been applied and compared with 

each other. Random Forest, MLP (Multilayer 

Perceptron), SVM (Support Vector Machine), KNN (K-

Nearest Neighbours), Logistic Regression, Decision Tree 

(DT), and Gaussian Naive Bayes (GaussianNB), before 

and after the application of several data augmentation 

techniques. The models were evaluated on their 

classification accuracy on the original dataset (indicated 

as “before Augmentation”) and after applying different 

augmentation methods. Table 1 illustrates the 

performance of all classifiers. The ten-cross validation 

(10-CV) method was used for training and testing. In the 

SVM and logistic regression method, three different 

classes were applied to the one-vs-rest (OVR) approach 

to evaluate the performance. The results indicate that data 

augmentation generally leads to an improvement in 

model accuracy. For instance, Logistic Regression 

achieves its highest accuracy of 0.70 when Borderline 

SMOTE is applied.  

We found that augmented EEG data using SMOTE 

variants cannot trace which synthetic data points are 

generated from which subject data, making it challenging 

to directly compare real and generated data for each 

subject. To further improve the classification of EEG 

data, we introduced a nondeterministic Conditional 

Tabular Generative Adversarial Network (CTGAN) for 

data augmentation (Explained in the following section).  

3.3 Data Augmentation and Classification with 

ND-CTGAN 

Unlike traditional methods, this approach generates 

synthetic EEG data that captures complex, non-linear 

relationships and retains essential inter-channel 

correlations and spectral characteristics. By augmenting 

our dataset with this advanced technique, we aimed to 

enhance the model’s generalization capability and 

robustness. In contrast, the nondeterministic CTGAN 

allows for the generation of data that preserves individual 

subject characteristics, facilitating more meaningful 

comparisons between real and synthetic datasets. The 

detailed algorithm is illustrated as Algorithm 1.  

This method was applied to pre-processed EEG data 

of individual subjects and then used for feature extraction 

with the real data. The synthetic data produced by the 

nondeterministic CTGAN was subsequently used to 

extract the nonlinear features and to train various 

machine learning classifiers. Six nonlinear features are 

extracted, as stated in the 3.2 Section. Fig. 3 illustrates all 

the phases of the processes. 

Algorithm 1 Generation of synthetic samples using CTGAN for hyperactive subject data. 

Input: 

 Osubject: Original EEG data for the hyperactive subject. 

 Ndesired: The desired number of synthetic samples 

Output: 

 Ssynthetic: Synthetic EEG samples for the hyperactive subject. 

Procedure: 

a) Load the original EEG dataset Osubject for the hyperactive subject. 

b) Set the desired number of synthetic samples Ndesired. 

c) Utilize the CTGAN model to generate an initial set of synthetic samples Sinitial based on Dsubject . 

d) Compute the number of synthetic samples Ngenerated in Sinitial . 

e) While Ngenerated ≠ Ndesired: 

i.apply CTGAN to generate additional synthetic samples Sadditional; 

ii.Combine Sinitial with Sadditional to update the synthetic dataset Sinitial; 

iii.Update Ngenerated with the new count of samples in Sinitial.  

 

f) Collect synthetic samples: Once Ngenerated = Ndesired , assign Ssynthetic = Sinitial . 

g) Return the synthetic EEG samples Ssynthetic for the hyperactive subject. 
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Fig. 3 Block diagram data augmentation and classification with ND-CTGAN. 

CTGAN Architecture  

CTGAN is a GAN-based method for modeling tabular 

data distribution and sampling rows. Fig. 4 illustrates the 

architecture. The mode-specific normalization N (0, 1) is 

used for a continuous variable with floating point values. 

CTGAN employs a variational Gaussian mixture 

model [39] As a unit distribution model, it estimates the 

number of distributions for each variable and normalizes 

the variable values based on the estimated distributions. 

During training, CTGAN uses these encoded values 

instead of the original values. After training, CTGAN 

transforms the generated data back to the original scale 

when generating synthetic data.  

For each continuous column 𝐶𝑖, use the Variational 

Gaussian Mixture Model (VGM) to estimate the number 

of modes mi and fit a Gaussian mixture. The learned 

Gaussian mixture is  

𝑃𝐶𝑖(𝑐𝑖,𝑗) = ∑ 𝜇𝑘𝑁(𝑐𝑖,𝑗; 𝜂𝑘, 𝛷𝑘)
3
𝐾=1 , (1) 

where 𝜇𝑘 and 𝛷𝑘  are the weight and standard deviation of 

a mode, respectively.  

The CTGAN model’s training process is 

comprehensive. It does not depend on the local structure 

within individual columns; instead, it uses fully 

connected networks in both the generator and 

discriminator to capture all possible correlations between 

columns. With its two completely connected hidden 

layers, the generator employs batch normalization and 

the ReLU activation function. The synthetic row 

representation blends activation functions, generating 

scalar values with the hyperbolic tangent function (tanh) 

and discrete values with Gumbel Softmax. Using the 

leaky rectified linear unit (ReLU) function and applying 

dropout to every hidden layer, the discriminator operates 

within the PacGAN framework, using 10 samples in each 

pac to avoid mode collapse effectively. Additionally, the 

model is trained via the Wasserstein GAN (WGAN) loss 

function, which incorporates a gradient penalty.  

The training process employs an Adam optimizer 

with a learning rate of 2·104. Researchers in Ref. [40] It 

has been proven that synthetic data from the CTGAN is 

more suitable for EEG data. We used pre-processed raw 

tabular data with 1,792 samples and 64 channel 

characteristics per subject. We used the CTGAN 

algorithm to generate synthetic data for hyperactive 

subjects. The steps in this procedure are outlined in the 

following algorithm. 
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Fig. 4 The architecture of conditional tabular GAN (CTGAN).

Evaluation of Synthetic Data  

Several statistical and quality metrics are used to evaluate 

the performance of our proposed CTGAN before using 

the synthetic data for classification tasks. These metrics 

help ensure that the generated data closely resembles the 

real data in terms of distribution and relationships 

between variables. The statistical and quality metrics 

comprise mean and standard deviation (STD), 

cumulative distribution function (CDF), quality score: 

Kolmogorov-Smirnov statistic (KS statistic), and 

correlation similarity. The CDF represents the likelihood 

that a random variable will have a value less than or equal 

to a given value. Comparing the CDFs of each 

characteristic in the synthetic and actual data may 

determine how well the distributions match throughout 

the whole range of values.  

The KS statistic measures the maximum difference 

between the empirical CDFs of the real and synthetic data 

for each feature. It provides a non-parametric test for 

comparing distributions without making assumptions 

about their exact form. The KS statistic can be used to 

evaluate the similarity between actual and synthetic data 

distributions. A smaller KS statistic suggests a closer 

match between the two distributions. Correlation 

similarity assesses how the associations between pairs of 

attributes in the synthetic data look like those in the real 

data. It ensures that the synthetic data maintains the 

interconnections and associations among variables, 

which is essential for upholding the integrity of the 

fundamental structure of the data.  

A total of 1793 × 67 samples were utilized for the KS 

Complement analysis. Based on the sample size, the 

critical values for the Kolmogorov-Smirnov test were 

determined as 0.169 for a significance level of α = 0.05 

and 0.203 for α = 0.01. The observed average KS values 

were recorded at 0.220 (1−0.78) and 0.31 (1−0.69). 

Given that both 0.220 and 0.31 exceed 0.203, the results 

indicate statistical significance at the 5% and 1% levels. 

Analysis of Synthetic Data  

We have analyzed the EEG synthetic data of ND-

CTGAN and EEG-GAN variants. The visualizations in 

Fig. 5 show similarities between the synthetic and actual 

data. The mean aligns well, and the standard deviation 

shows a small change for ND-CTGAN, but it shows a 

difference for EEG-GAN variants. 

Fig. 6 shows the distribution of channels for real and 

synthetic data of channels like FP1, PC1, and PC4. This 

indicates that the distribution of synthetic data is well 

matched with the real for ND-CTGAN compared to 

EEG-GAN. Likewise, by considering the cumulative 

sums per channel, as in Fig. 7, most of the channel data 

in the synthetic data match closely with the actual data 

for ND-CTGAN but not for EEG-GAN. 

Fig. 8 illustrates the “Column Shapes” property of the 

quality score for each EEG channel computed using the 

KS-metric. The average KSComplement values obtained 

were 0.78 for ND-CTGAN and 0.69 for EEG GAN. In 

the SDMetrics library, the KSComplement is derived by 

inverting the KS statistic using the formula 

“1 − (KS statistic)”. A higher score signifies greater data 

quality, with a score of 1.0 representing the optimal 

scenario in which the synthetic data is indistinguishable 

from the real data, while a score of 0.0 indicates complete 

dissimilarity between the two. In our analysis, a score of 

0.7 approaches 1.0, suggesting a reasonable similarity 

between the real and synthetic data.  
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(a) 

 
(b) 

Fig. 5 Mean and STD (Real vs Synthetic) of (a) ND-CTGAN, (b) EEG-GAN. 

The correlation similarity plots of samples in Fig. 9 

illustrate a comparison of 64 channel properties using 

both real and generated data. This analysis helps us 

understand the relationships between channels in real and 

synthetic datasets. For instance, the similarity score 

between the FT8 and PO3 pair is 0.95. The correlation 

coefficient between the Fz and O1 channels is 0.38 for 

real data and 0.3 for synthetic data, suggesting a strong 

resemblance. These findings indicate that the synthetic 

data generated possess qualities that closely resemble 

real data. 

Performance Evaluation of Classifiers  

Following a thorough evaluation of synthetic data 

generated by ND-CTGAN and EEG-GAN, both 

generated and real datasets are employed for 

classification purposes. We examine seven distinct 

classifiers: Random Forest, Multi-Layer Perceptron 

(MLP), K-Nearest Neighbors (KNN), Logistic 

Regression, Decision Trees (DT), and Gaussian Naive 

Bayes (NB), which are widely recognized in ADHD 

classification research [41]. The classifiers are assessed 

using key performance metrics, including accuracy, 

recall, precision, and the Receiver Operating 

Characteristic (ROC) curve. To ensure a reliable 

evaluation of the models, we implemented a cross-

validation strategy with 10 folds utilizing stratified 

K-Fold. This approach enables a robust assessment of 

model performance by testing it on various subsets of 

data, resulting in an averaged measure of effectiveness 

across multiple data splits. 
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(a) (b) 

  

(c) (d) 

 
 

(e) (f) 

Fig. 6 Comparison of the distribution of channel data (Real vs Synthetic) between (a, c, e) ND-CTGAN and 

(b, d, f) EEG-GAN: FP1 channel of (a) ND-CTGAN and (b) EEG-GAN, FC1 channel of (c) ND-CTGAN and 

(d) EEG-GAN, PO4 channel of (e) ND-CTGAN and (f) EEG-GAN. 

 

(a) 
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(b) 

 
(c)  

 

(d) 

Fig. 7 Comparison of cumulative sum per feature of channel data (Real (blue) vs. Synthetic (red)) between 

(a, c) ND-CTGAN and (b, d) EEG-GAN. 

Table 1 shows the comparative analysis of 

classification accuracy for the SMOTE variants and 

GAN methods. In SMOTE, augmentation was applied to 

the features matrix, whereas EEG-GAN and ND-

CTGAN were applied to pre-processed data. We tested 

the performance of seven classifier models, and the result 

shows a 16% to 18% improvement in accuracy after 

augmentation. SMOTE borderline and ADASYN 

perform well among other SMOTE variants. Likewise, 

MLP reaches its peak accuracy of 0.69 with ND-CTGAN 

pre-processed data. Random Forest, SVM, KNN, and DT 

models also exhibit their best performance after using 

ND-CTGAN on pre-processed data compared to EEG-

GAN. 
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(a) 

 
(b) 

Fig. 8 Quality Score of all channels using the KSComplement metric of synthetic data: 

(a) ND-CTGAN, (b) EEG-GAN. 

  

  
(a) (b) 

Fig. 9 Correlation similarity (column pair trends) of channel data (real vs synthetic): (a) ND-CTGAN, (b) EEG-GAN. 
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Table 1 Performance evaluation of SMOTE variants, EEG-GAN, and ND-CTGAN. 

       
Random 

Forest 
MLP SVM KNN Logistic DT 

Gaussian 

NB 

before 

augmentation 

 

 

Accuracy 0.32 0.37 0.38 0.4 0.46 0.38 0.35 

Recall 0.23 0.27 0.37 0.3 0.33 0.38 0.35 

Precision 0.16 0.23 0.24 0.3 0.31 0.27 0.35 

after 

augmentation 

(augmentation 

applied on) 

feature 

matrix 

SMOTE 

Accuracy 0.59 0.55 0.51 0.49 0.64 0.61 0.57 

Recall 0..583 0.57 0.5 0.48 0.66 0.54 0.54 

Precision 0.533 0.49 0.51 0.35 0.59 0.53 0.53 

Borderline 

SMOTE 

Accuracy 0.58 0.63 0.59 0.51 0.7 0.64 0.57 

Recall 0.63 0.65 0.5 0.48 0.7 0.66 0.53 

Precision 0.62 0.57 0.43 0.39 0.66 0.59 0.52 

ADASYN 

Accuracy 0.59 0.62 0.4 0.53 0.67 0.61 0.56 

Recall 0.55 0.64 0.4 0.53 0.66 0.63 0.53 

Precision 0.49 0.57 0.4 0.53 0.67 0.54 0.55 

SMOTE 

SVM 

Accuracy 0.47 0.54 0.32 0.5 0.63 0.51 0.45 

Recall 0.48 0.63 0.3 0.5 0.65 0.53 0.48 

Precision 0.5 0.59 0.3 0.5 0.62 0.52 0.45 

SMOTE 

Tomek 

Accuracy 0.57 0.61 0.51 0.47 0.57 0.59 0.61 

Recall 0.56 0.6 0.44 0.48 0.58 0.65 0.6 

Precision 0.48 0.5 0.32 0.32 0.48 0.58 0.55 

pre-

processed 

data 

ND-

CTGAN 

Accuracy 0.6 0.69 0.67 0.59 0.65 0.61 0.61 

Recall 0.58 0.6 0.66 0.58 0.65 0.55 0.61 

Precision 0.43 0.52 0.58 0.53 0.64 0.55 0.45 

TTS-

WGAN-

GP (EEG-

GAN) 

Accuracy 0.56 0.54 0.6 0.56 0.6 0.54 0.58 

Recall 0.51 0.54 0.61 0.58 0.61 0.51 0.61 

Precision 0.51 0.47 0.62 0.55 0.58 0.51 0.45 

The ROC curve was generated for three classes: 

Combine (Class 0), Hyperactive (Class 1), and 

Inattentive (Class 2). Fig. 10 illustrates that the 0.83 to 

0.85 AUC for the hyperactive class (class 1) shows the 

good performance of classifiers compared to the other 

two classes. 

4 Discussion and Conclusion 

This study focuses on the issues associated with less EEG 

data availability and imbalances within classes that 

frequently hamper ADHD diagnosis and classification 

accuracy. Conventional methods that depend on EEG 

image data have difficulties with the number of 

dimensions and maintaining the inter-channel 

correlations. To address these problems, the study 

focuses on preserving the spectral properties and 

improving the inter-channel relationships of synthetic 

EEG data to enhance classification accuracy, explicitly 

emphasizing the Hyperactive ADHD subtype. 

The study employed three primary techniques for data 

augmentation: several versions of the Synthetic Minority 

Over-sampling technique (SMOTE), EEG-GAN variants 

(TTS-WGAN-GP), and a novel method called Non-

Deterministic Conditional Tabular Generative 

Adversarial Network (ND-CTGAN). EEG data from 

subjects with various subtypes of ADHD was used, and 

multiple SMOTE modifications were employed to 

address class imbalances. The expanded datasets were 

classified using seven various classifiers, resulting in 

notable improvements in accuracy. ND-CTGAN 

generates high-quality synthetic data that maintains 

complex, non-linear relationships and essential inter-

channel correlations compared to EEG-GAN. This 

strategy is effective, as the data generated resembles real 

data features similar to the individual’s. 
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(a) (b) 

 

(c) 

Fig. 10 ROC for Class 0 (Combine), Class 1 (Hyperactive), Class 2 (Inattentive) data: (a) for SVM, (b) for Random 

Forest, (c) for MLP using ND-CTGAN classifiers. 

The synthetic and real data analysis using statistical 

and quality metrics comprise mean and STD, CDF, 

quality score: KS statistic, correlation similarity 

indicates that implementing sophisticated data 

augmentation techniques, ND-CTGAN can 

significantly enhance the classification accuracy of 

EEG data for individuals with Hyperactive ADHD. It 

primarily maintains the unique characteristics of each 

participant, facilitating meaningful comparisons 

between actual and synthetic datasets. This research 

emphasizes the potential of sophisticated generative 

models in dealing with class imbalances and improving 

the ability of machine learning models to generalize 

when applied to EEG data. Further research can 

enhance and explore the applicability of these methods 

to different forms of EEG and relevant neurological 

disorders. 
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Abstract. This study presents a novel seismocardiography (SCG) monitoring 
system utilizing a singlemode-multimode-singlemode (SMS) fiber structure 
encased within a polydimethylsiloxane (PDMS) enclosure. The system 
employs a simple intensity-based interrogation method. Experimental 
characterization of the SMS fiber sensor demonstrated its sensitivity to 
vibrations, achieving an average calibration error of 1.63%. Validation against 
a gold-standard electrocardiogram (ECG) yielded an average error of 2.29%, 
representing a 1.27% accuracy improvement over existing fiber-optic SCG 
sensors (97.71% vs. 96.48%). This design offers a simplified and more robust 
alternative to current fiber-optic SCG sensors while maintaining high accuracy. 
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1 Introduction 

Cardiovascular disease (CVD) remains a leading cause 

of global mortality, accounting for an estimated 

17.9 million deaths in 2019, representing 32% of all 

deaths worldwide [1]. This burden disproportionately 

affects low- and middle-income countries, where over 

75% of CVD deaths occur. Heart attacks and strokes are 

the primary contributors to this alarming mortality 

rate [1]. The rise in CVD prevalence is closely linked to 

modern lifestyles, emphasizing the urgent need for early 

prevention strategies to mitigate the associated risks [2]. 

Current clinical assessment of cardiovascular health 

relies on various diagnostic tools, including 

electrocardiography (ECG), magnetic resonance imaging 

(MRI), Computed Tomography (CT) scans, 

echocardiography, and nuclear myocardial perfusion 

scans. ECG, the most widely used method, records the 

heart’s electrical activity, providing crucial insights into 

its function [3]. However, traditional ECG systems are 

often confined to hospital settings due to their size, 

complexity, and the need for specialized personnel. 

To address these limitations, research has explored 

innovative solutions, such as wireless ECG sensors [4], 

smartphone-based ECG systems [5], and the application 

of convolutional neural networks (CNNs) for automated 

ECG analysis on wearable devices [6]. ECG data offers 

valuable information on various aspects of the cardiac 

cycle, including atrial and ventricular contraction and 

ventricular relaxation [7]. 

Seismocardiography (SCG) offers an alternative 

approach to cardiac monitoring. SCG measures 

mechanical vibrations generated by the heart’s 

contraction and relaxation, providing insights into 

cardiac activity, including valve motion and ventricular 

filling time [8]. While SCG remains primarily a research 

tool with limited clinical application, its potential is being 

actively explored. Ongoing projects include the 

development of wearable SCG devices incorporating 

accelerometers and gyroscopes, with applications 

ranging from heart rate monitoring using machine 

learning algorithms [9] to the assessment of pre-ejection 

period (PEP) [10] and stroke volume (SV) in 

perioperative settings [11]. 

mailto:amh@its.ac.id
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Both SCG and ECG capture key physiological events 

like isovolumetric contraction, valve opening and 

closing, ejection, and heart filling [12]. Moreover, SCG 

has shown promise in predicting cardiac intervals such as 

left ventricular ejection time (LVET) and 

electromechanical systolic pre-ejection period (PEP) [8]. 

Consequently, ECG data can serve as a valuable 

reference for validating SCG signals from newly 

developed devices. 

Limitations of accelerometer-based SCG and ECG 

during magnetic resonance imaging (MRI) necessitate 

alternative approaches for monitoring cardiac activity in 

this critical context [13]. Such monitoring is vital to 

ensure participant safety and mitigate anxiety-related 

complications [14]. Fiber optic sensors offer a promising 

solution due to their immunity to electromagnetic 

interference, potential for miniaturization, and cost-

effective fabrication [14, 15]. 

Previous research has demonstrated the utility of fiber 

optic sensors for cardiac monitoring. Fiber Bragg 

Gratings (FBGs) have been employed to measure heart 

rates through vibrations transmitted to various 

surfaces [16], and also to assess respiration and heart 

rates simultaneously [17]. Singlemode-multimode-

singlemode (SMS) fiber structures have emerged as an 

alternative to FBGs, offering advantages in fabrication 

simplicity, interrogation system complexity, and 

cost [18−20]. Notably, SMS fiber structures have been 

successfully utilized for apex cardiography [21] and 

integrated into smart beds for concurrent heart and 

respiration rate monitoring [22]. 

Prior research has demonstrated that encapsulating 

Fiber Bragg Gratings (FBGs) within a 

polydimethylsiloxane (PDMS) enclosure can 

substantially enhance optical fiber reflectivity, reaching 

up to 95.7% [14]. Building upon this concept, the present 

study investigates the application of a PDMS-enclosed 

SMS fiber structure sensor for SCG signal detection. The 

PDMS enclosure serves as a protective packaging for the 

sensor, aiming to maintain or improve SCG signal 

detection performance while providing crucial 

mechanical protection. 

2 Materials and Methods  

2.1 Fabrication and Calibration of SMS 

Structure Fiber Structure  

The SMS fiber structure, depicted in Fig. 1, comprises a 

multimode fiber (MMF) section spliced between two 

single-mode fibers (SMFs). This SMS fiber construction 

utilizes a step-index MMF with a numerical aperture 

(NA) of 0.22 and MMF length of 45 mm as well as a 

singlemode optical fiber known as SMF28. The MMF 

section in the SMS fiber structure plays important role 

for the SMS fiber structure-based devices. The length of 

MMF section in the SMS fiber structure plays important 

role for the SMS fiber structure-based devices. A 

variation of MMF length can shift a spectral 

response [23] and a baseline intensity level [20] for a 

spectral wavelength measurement scheme using a 

broadband light source and an intensity measurement 

scheme at a fixed wavelength light source, respectively. 

This paper utilizes the intensity measurement scheme, 

which offers a simpler configuration compared to 

spectral wavelength measurement. While variations in 

the MMF length affect the baseline intensity for the SMS 

fiber structure, changes in the measurand (e.g., vibration, 

temperature, or strain) induce corresponding intensity 

variations. These variations, after suitable calibration, 

can be effectively employed for measurement or 

monitoring purposes.  

Singlemode Singlemode

Multimode

 
Fig. 1 SMS structure fiber optic sensor configuration. 

SMS fiber structures were fabricated using standard 

fiber optic equipment, including a fiber cleaver and a 

fusion splicer. To ensure precise MMF lengths in the 

SMS fiber structures, a digital caliper and a mechanical 

translation stage were employed during the cleaving and 

splicing process. This setup, as detailed in Ref. [23], 

allowed for precise MMF length control with an error 

margin of +/−0.5 mm. Several SMS structures with 

identical MMF specifications were fabricated and then 

encased in a protective polydimethylsiloxane (PDMS) 

enclosure. 

Fig. 2 illustrates the experimental setup employed for 

vibration testing of the SMS fiber structure, a principle 

underpinning SCG monitoring. The sensor operates 

based on the acousto-optic effect: acoustic waves 

(generated by cardiac vibrations) induce strain in the 

fiber, altering its electrical permittivity through the 

photoelastic effect [24]. This strain, in turn, modifies the 

refractive index within the SMS fiber structure, leading 

to changes in the propagation constant and ultimately 

affecting the optical power output. Consequently, the 

heart’s vibrational pattern modulates the transmitted 

optical power, allowing for its detection and 

analysis [25]. 

 

 

Fig. 2 PDMS Fiber-Optic Seismocardiograph calibration 

setup. 
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In the experimental setup, the SMS fiber structure is 

placed on a vibration generator (Pudak FAL29) 

connected to an oscilloscope (GW Instek GDS-1042) and 

a signal generator (Pudak FAL25). This configuration 

facilitates the acquisition of power fluctuation data and 

corresponding graphs resulting from vibrations in 

proximity to the optical fiber. Infrared light at a 

wavelength of 1550 nm and an optical power meter 

PM100USB from Thorlab was employed were utilized [21]. 

Fast Fourier Transform (FFT) is employed to convert the 

time-domain optical signal into the frequency domain, 

enabling the determination of its frequency components. 

The SMS fiber structure is encased within a PDMS 

film, applied specifically to the multimode fiber (MMF) 

region. This encapsulation aims to mitigate the impact of 

environmental vibrations and disturbances that could 

potentially damage the delicate SMS fiber structure. The 

PDMS utilized in this study is in sheet form, with a 

thickness of 1 mm and dimensions of 80 mm (length) and 

40 mm (width) [14]. Two PDMS sections are cut 

according to these dimensions, and the SMS fiber optic 

sensor is positioned between them. To investigate the 

influence of PDMS layer thickness on the sensor’s 

output, varying thicknesses of 2 mm, 4 mm, and 6 mm 

are employed. 

Calibration of the fabricated sensors, both 

unencapsulated and with varying enclosure thicknesses, 

was conducted using a vibration generator. Low-

frequency vibrations within the range of 5−20 Hz, in 

5 Hz increments, were applied. This frequency range was 

chosen to align with the typical low-frequency band of 

SCG signals, while avoiding higher frequencies prone to 

motion artifacts. The results of this calibration process 

are presented in Table 1. 

As evident in Table 1, increasing enclosure thickness 

correlates with a higher average error. This observation 

can be attributed to the photoelastic effect: thicker 

enclosures dampen the vibrations reaching the SMS 

optical fiber, particularly within the sensitive MMF 

region, thereby reducing the sensor’s response. 

Consequently, it is crucial to determine an optimal 

enclosure thickness that balances effective capture of 

cardiac vibrations with adequate protection for the 

optical fiber. In this study, a 2 mm thick enclosure was 

selected for subsequent data collection. 

Table 1 Calibration results. 

Reference 

frequency 

Detected frequency 

No 

enclosure 

with 

2 mm 

enclosure 

with 

4 mm 

enclosure 

with 

6 mm 

enclosure 

5 5.021 5.1 5.14 5.22 

10 10.198 10.2 10.44 10.31 

15 15.237 15.19 14.89 15.37 

20 20.4 20.29 20.22 20.4 

Average 

error 
1.01% 1.63% 2.25% 2.99% 

 

3 Results  

3.1 SCG Monitoring Using SMS Structure 

Fiber Optic Sensor with PDMS Enclosure  

The SCG signal manifests as vibrations in the superficial 

layers of the body, particularly overlying the heart [8]. 

These vibrations induce strain in the MMF within the 

SMS fiber structure, leading to changes in multimode 

interference and, consequently, the output optical power. 

This photoelastic effect forms the basis of SCG signal 

transduction using the fiber optic sensor. 

Fig. 3 illustrates the five potential sensor placements 

on the chest and thorax, each correlating to a specific 

cardiac region: position 1 (left ventricle), position 2 (left 

atrium), position 3 (right atrium), and positions 4 and 5 

(right ventricle) [26]. For this study, the left ventricle 

(position 1) was chosen.  

A healthy individual was selected as the participant 

for data collection. The sensor with PDMS enclosure was 

placed to the ventricle as in Fig. 4. A three-lead Heal 

Force Handheld Electrocardiogram ECG Monitor 

PC-80B with a single channel ECG was also placed to 

the participant allowing simultaneous SCG and ECG 

recordings. 

 

Fig. 3 Seismocardiogram data collection positions. 

 

Fig. 4 Data acquisition documentation of SMS fiber optic 

sensor with PDMS enclosure. 
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Figs. 5(a) and 5(b) show the measured optical power 

from the SMS fiber structure, and the ECG signal, 

respectively. It is noted that for SCG signal extraction, 

the optical power meter of PM100USB was set at a 

sampling frequency of 350 Hz. Raw data underwent 

pre-processing using a bandpass filter (0.5−25 Hz) to 

eliminate physiological motion artifacts. Subsequently, 

a smoothing technique was applied to segment the SCG 

signal into cardiac cycles, as detailed in Ref. [27]. To 

further reduce background noise arising from blood 

flow [28], an adjacent-average smoothing method was 

also employed. Fig. 5(c) presents the form of SCG 

signal.  

 
Fig. 5 (a) Raw data, (b) simultaneous ECG signal, and 

(c) filtered SCG signal. 

 

Fig. 6 Comparison of SCG and ECG signal, 

(a) one cycle of SCG signal with PDMS enclosure, 

(b) one cycle of simultaneous ECG signal. 

The processed SCG signal was then compared to the 

ECG signal, as depicted in Fig. 6. Systolic and diastolic 

phases were identified from both signals: AO-AC and 

AC-MC peaks for SCG, and QRST and T-P intervals for 

ECG, respectively [8], as shown in Figs. 6(a) and 6(b). 

This work used a manual method to ascertain the location 

of each peak in both the SCG signals. By comparing it to 

a reference [13], the tallest peak was identified as the AO 

peak The other peaks (MC, RE, PE, AC, MO, RF, AS) 

were identified following the acquisition of the AO peak.  

As a comparison to the measured SCG signal, an 

ECG recording using a three-lead Heal Force Handheld 

Electrocardiogram ECG Monitor PC-80B with a single 

channel ECG was conducted. The recorded ECG signal 

data were extracted to identify PQRST peaks and to 

determine T-P time interval as in Refs. [8, 13]. The ECG 

monitor can provide about 5 mm.mV ± 10% scale with a 

wave form sweeping speed of 20 mm/s ± 10%.  

Tables 2 and 3 present a comparison of systolic and 

diastolic intervals derived from SCG and ECG signals, 

for the SMS fiber optic sensor without and with PDMS 

enclosure, respectively. Data validation involved 

10 repetitions of SCG and ECG measurements. To assess 

the suitability of using the mean error value, the standard 

deviation of the overall error was calculated. For the 

unencapsulated sensor, the standard deviation was 

0.0306, indicating acceptable homogeneity and justifying 

the use of the mean error [29]. The corresponding 

accuracy, derived from this mean error, was 96.48%.
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Table 2 Comparison of systole and diastole periods (s) of SCG and ECG signals without PDMS enclosure. 

No 
ECG SCG Error 

Systole Diastole Systole Diastole Systole  Diastole 

1 0.49 0.72 0.55 0.69 9.86%  3.88% 

2 0.49 0.50 0.52 0.48 6.12%  4.97% 

3 0.33 0.67 0.32 0.67 1.54%  0.30% 

4 0.50 0.72 0.52 0.72 3.58%  0.97% 

5 0.32 0.63 0.31 0.63 1.89%  0.32% 

6 0.41 0.52 0.42 0.52 0.97%  0.58% 

7 0.33 0.47 0.30 0.49 9.37%  3.19% 

8 0.40 0.46 0.40 0.47 0.99%  1.29% 

9 0.46 0.53 0.44 0.49 4.32%  7.55% 

10 0.41 0.72 0.41 0.78 1.48%  7.18% 

 Average Error 3.52% 

Table 3 Comparison of systole and diastole periods (s) of SCG and ECG signals with PDMS enclosure. 

No 
ECG SCG Error 

Systole Diastole Systole Diastole Systole Diastole 

1 0.34 0.45 0.37 0.48 8.89% 5.26% 

2 0.38 0.57 0.38 0.58 1.05% 1.38% 

3 0.33 0.65 0.30 0.63 9.43% 2.53% 

4 0.36 0.64 0.35 0.66 2.29% 3.34% 

5 0.34 0.64 0.34 0.64 1.17% 0.16% 

6 0.34 0.68 0.33 0.68 2.99% 0.00% 

7 0.44 0.62 0.44 0.61 0.23% 0.49% 

8 0.33 0.58 0.33 0.58 0.61% 0.17% 

9 0.33 0.64 0.34 0.65 4.13% 1.08% 

10 0.46 0.60 0.46 0.60 0.43% 0.17% 

Average Error 2.29% 

 

For the PDMS-encapsulated sensor, the standard 

deviation of the overall error was 0.27729, again 

permitting the use of the mean error. The average error 

value, as shown in Table 3, demonstrates a marked 

improvement compared to the unencapsulated sensor, 

with a 53.7% reduction in error magnitude. The resulting 

accuracy for the encapsulated sensor was 97.71%. 

The results highlight the efficacy of the PDMS 

enclosure in enhancing the accuracy and reliability of the 

SMS fiber optic sensor for SCG signal acquisition. The 

observed reduction in error magnitude and improved 

accuracy underscore the potential of this approach for 

developing robust and practical SCG monitoring 

systems. 

To further evaluate the impact of the PDMS 

enclosure, we conducted a statistical analysis comparing 

measurements with and without the enclosure (Tables 2 

and 3). Our analysis revealed no statistically significant 

difference between the two datasets for both systolic and 

diastolic measurements (p-values of 0.536 and 0.173, 

respectively). These p-values exceed the 0.05 

significance level, indicating that observed variations are 

likely due to random fluctuations and the limited sample 

size. While a larger study might yield more definitive 

conclusions, our findings suggest that the PDMS 
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enclosure does not negatively affect sensor performance. 

This observation aligns with previous research [30] 

where PDMS was successfully employed in flexible 

mechanical sensors. PDMS, with its Poisson’s ratio near 

0.5, exhibits incompressibility, making it highly sensitive 

to even small deformations, which is beneficial for sensor 

applications. 

4 Conclusions  

This study investigated the feasibility of a novel SCG 

monitoring system utilizing a SMS fiber structure 

encased in a protective PDMS enclosure. Positioned on 

the anterior thorax to capture cardiac vibrations, the 

sensor’s optical power output was processed to generate 

the SCG signal. Calibration using vibration and audio 

signals (5−20 Hz) demonstrated high accuracy, with an 

average error of 1.63%. Validation against a gold-

standard electrocardiogram (ECG) confirmed the 

sensor’s reliability, achieving an average error of 2.29% 

and an overall accuracy of 97.71%. This represents a 

1.27% improvement compared to existing fiber-optic 

SCG sensors. Statistical analysis further confirmed that 

the PDMS enclosure did not negatively impact sensor 

performance while providing essential mechanical 

protection. This novel SCG system offers a promising 

pathway for developing reliable and cost-effective 

cardiac monitoring solutions. 
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Abstract. Diabetic patients’ odds of survival can be significantly increased by 
early identification of diabetic foot ulcers (DFU) Thermography is utilised to 
identify changes in planter temperature because diabetic foot causes planter 
ulcers. This study uses publicly accessible thermographic imaging data from 
patients in the diabetes group as to ll as the control group. For DFU detection, 
both image-level and patch-level thermograms are used. The work suggests an 
optimizer-based Diffusion Probabilistic Segmentation model (Op-DPS) for 
DFU identification. The work suggests Dynamic Conditional Encoding, which 
creates state-adaptive conditions for every sampling step, to progress the 
step-wise regional attention in DPS for segmentation tasks. In moderate the 
detrimental impact of high-frequency noise components in this approach, to 
also suggest the Feature Frequency Parser (FF-Parser). The paper presents a 
Football Optimisation Algorithm (FbOA) that uses high dimensionality, 
nonlinearity, and many local optima to fine-tune the parameters of the 
suggested model. FbOA is based on the strategic balance between exploration 
and corruption that is seen in football gameplay. The proposed Op-DPS model 
achieved exceptional performance with a precision of 89.55%, recall of 
85.53%, F1 score of 87.50%, Intersection-over-Union (IoU) of 88.96%, and an 
overall accuracy of 99.27% on diabetic foot ulcer segmentation tasks. These 
results demonstrate significant improvements over existing methods, 
highlighting the model’s capability for accurate and reliable DFU detection. In 
order to efficiently explore and take advantage of the solution space, the 
algorithm incorporates short passes, long passes, and positional modifications 
to replicate players’ tactical placement and movement. Image-level, patch-
level, and image–patch combination data are used to generate the findings. 
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1 Introduction 

Amputations related to diabetic foot ulcers (DFUs) pose 

a global health and financial burden [1]. They make up 

10% of the diabetic health services expenditure in the 

UK [2]. The UK would save more than £250 GBP 

million annually if DFU cases to be reduced by one-

third [3]. In addition to the costs of diabetes, the projected 

cost of DFU in the United States is between $9 and 

$13 billion [4]. “More than half of all DFUs result in 

infection, and patients with diabetes have a lifetime risk 

of up to 34% [5]. DFU is thought to be a clinical indicator 

of a higher risk of death and amputation [6]. Diabetes 

mellitus (DM), which is brought on by the body’s 

inability to produce enough insulin, produces persistently 

elevated blood glucose levels, or hyperglycemia [7]. 

Long-term uncontrolled diabetes can result in problems 

such retinopathy, nephropathy, and the development of 

Charcot feet, amputation, or even death [8]. Uncontrolled 

diabetes mellitus affects nerves; sensory diabetic 

neuropathy is a loss of sensation that results from damage 

to the nerves in the legs or feet. When neuropathy 

prevents a patient from feeling a cut or ache in his foot, 

the cut leads to infection and exacerbates the foot 

disease [9]. The decreased blood flow is the other 

circumstance. Low blood flow in the arms and legs is a 

symptom of peripheral vascular disease. Ulcers might 

form if the injury is not healing because of inadequate 

blood supply [10]. Individuals with diabetes are most 

likely to develop diabetic foot ulcers (DFUs); around 

15% of individuals have this condition [11].  

Problems with diabetic feet can be costly and 

negatively affect a person’s quality of life. By doing an 

early risk assessment and examination of diabetic 

patients’ foot health, this may often be avoided or 

significantly postponed [12]. Temperature may be 

important for that reason. Neuropathy, ischaemia, or 

infection can cause changes in the temperature of 

diabetics’ plantar feet [13–14]. While the normal 

difference is usually less than 1 ºC, temperature 

disparities between the right and left feet of more than 

2.2 ºC (4 F) are deemed abnormal [15]. By using a 

thermal-imaging camera, issues may be found early on, 

thus saving time and money. If the temperature is higher 

than absolute zero, infrared thermography can be used to 

provide a clear image of the thermal energy generated by 

the site under real-time monitoring [16]. A non-invasive, 

non-contact, quick, painless, and economical method of 

taking a patient’s skin temperature is thermography. 

Temperature variations on human skin may be detected 

using this imaging method [17]. 

A qualified specialist must evaluate the thermogram 

in order to identify the ulcer. It can be difficult to find 

these specialists, especially in isolated places [18]. 

Consequently, the provision of an automatic DFU 

identification system has been the focus of several 

research investigations. While several of them took into 

account visible-band (RGB camera) pictures [19], only a 

small number of them used foot thermograms [20]. 

Diabetic foot thermogram pictures are taken into 

consideration for DFU identification in this investigation. 

Three levels of thermogram data are used in the tests for 

DFU recognition: image-level, patch-level, and a 

combination of image-patch thermogram data. Using 

transfer learning, an optimizer-based deep-learning 

model is used to identify the DFU feet. To observe that 

lesions and organs are frequently unclear and challenging 

to distinguish from the background in thermos picture 

segmentation tasks. To get correct findings in this 

situation, an adaptive calibration procedure is essential. 

In order to create the suggested model, to suggest using 

Dynamic Conditional Encoding instead of vanilla 

conditional DPS. The suggested model uses the picture 

to condition each stage of the iterative sampling process 

before learning the segmentation map. At each stage, to 

include the segmentation map of the current phase into 

the picture pre encoding to accomplish adaptive regional 

attention. In particular, to adopt a multi-scale approach to 

fuse the picture prior on the feature level with the current 

step segmentation mask. As a result, the reconstruction 

accuracy is increased and the condition characteristics 

are dynamically enhanced by the corrupted current-step 

mask. We propose to use the Feature Frequency Parser 

(FF-Parser) to filter the features in the Fourier space in 

order to remove high-frequency noise from the damaged 

mask. Every skip connection path uses FF-Parsers for 

multi-scale integration. 

The remainder of the paper’s details are as follows. 

The background information and relevant research are 

presented in Section 2, and the dataset and specifics of 

the suggested model are included in Section 3. Section 4 

presents the findings and comments. Section 5 now 

includes the conclusion. 

2 Related Works 

In order to precisely identify ulcer areas in images of 

patients’ feet, Sarmun et al. [21] suggested a deep 

learning-based approach. Using innovative model 

ensemble techniques including to highlighted the 

bounding box fusion (WBF), Soft-NMS, and non-

maximum suppression (NMS), our method integrates 

predictions from state-of-the-art object recognition 

models. The results obtained from the many state-of-the-

art model architectures used in this study are both 

improved and more generally applicable when they are 

used in concert with one another. With an impressive 

12.4% improvement over the previous benchmark, our 

WBF-based technique utilising YOLOv8m and FRCNN-

ResNet101 achieves a mAP score of 86.4% at the 

Intersection-over-Union (IoU) threshold of 0.5 on the 

DFUC2020 dataset. Our models have consistently 

outperformed the competition in qualitative analyses 

using the IEEE DataPort Diabetic Foot dataset, which is 

another dataset that to test externally. Finally, a new 

ensemble model for DFU detection was developed and 

tested in our study. Medical professionals benefit from 

early screening and an improved diagnosis process 

thanks to an AI-driven tool that increases sensitivity to 

potential DFU cases. While we acknowledge that false 

positives can happen, our study shows that by integrating 
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human medical knowledge with AI-based DFU 

management strategies, patient care can be improved. 

Medical image analysis has been the primary focus of 

El-Kady et al. [22] in their efforts to improve the 

accuracy of DFU diagnosis. The famous ResNet50 model 

and a hybrid model combining ResNet50 with 

Generative Adversarial Networks to be tested. With an 

F1-score of 0.75 and an average accuracy and precision 

of 0.76, the ResNet50 worked fantastically, yielding 

outstanding results. The hybrid model accomplished 

better than these metrics with an average F1-Score, 

precision, and accuracy of 0.84. More precise and 

effective DFU detection in clinical settings is within 

reach, thanks to our study’s contribution to medical 

image processing literature. An important step forward in 

the treatment and management of DFU has been the 

hybrid model’s substantial increase in diagnostic 

accuracy.  

Basiri et al. [23] has created a standardised 

framework for DFU data gathering by developing a case 

report form, a comprehensive dataset called Zivot that 

includes clinical feature breakdowns of the patient 

population, and a baseline for DFU identification using 

this dataset and a UNet architecture. Following this 

protocol, to create the Zivot dataset featuring 269 patients 

with active DFUs, 3700 RGB images of the DFUs with 

corresponding temperature and depth maps were 

collected. An efficient method for collecting uniform and 

clean datasets was demonstrated using a deep learning 

network for bounding box prediction that was 

constructed using the UNet architecture with 

EfficientNet as the feature extractor. The network was 

trained using the Zivot dataset, and the evaluation metrics 

shows to be promising results: a mAP segmentation 

metric of 0.79 and an F1-score metric of 0.86. This study 

and the Zivot database lay the groundwork for additional 

research on holistic and multimodal methods of DFU. 

In order to assess the interpretability of deep learning 

(DL) models that are driven by explainability, Biswas et 

al. [24] introduced the DFU XAI framework. The goal of 

DFU XAI is to build an open DL framework by 

evaluating five DL models (Xception, DenseNet121, 

ResNet50, InceptionV3, and MobileNetV2) with three 

state-of-the-art explanation methods: Grad-CAM, 

SHAP, and LIME-local interpretable model-agnostic 

explanations. Outperforming the other four models, 

ResNet50 achieved remarkable results with 98.75% 

accuracy, 99.2% precision, 97.6% recall, 98.4% 

F1-score, and 98.5% AUC. Using the DFU dataset, it is 

able to differentiate between healthy feet and diabetic 

foot ulcers, and to localise diabetic foot ulcers to specific 

locations on diabetic feet. Using a heat map, the location 

of the ulcer can be accurately determined and appropriate 

treatment can be provided. 

In their presentation of an automated system for 

detecting and categorising DFU, Almufadi et al. [25] rely 

on transfer learning. In most cases, two physically 

distinct states − ischaemic and infection − are used to 

classify DFU to evaluate the autonomous DFU detection 

performance of trained Deep Convolutional Neural 

Network (DCNN) models. Seven models are compared: 

EfficientNetB0, DenseNet121, ResNet101, VGG16, 

MobileNetV2, InceptionV3, and InceptionResNetV2. 

One other model that to propose, E-DFu-Net, is built on 

pre-existing architectures and can help decrease 

overfitting. Experimental results show that E-DFu-Net 

does an excellent job, correctly identifying ischaemia 

with 97% accuracy and infections with 92%. 

Practitioners may now more effectively detect DFU cases 

because to this advancement, which improves upon 

previous methods. 

An approach to image segmentation analysis of DFU 

through the internet of things using the technique of 

virtual sensing for semantically similar objects was 

proposed by Thota et al. [26] for deeper image 

segmentation. This method takes into account four levels 

of range segmentation: region-based, edge-based, image-

based, and computer-aided design-based range 

segmentation. To simplify the multimodal process for 

semantic segmentation, object co-segmentation is 

employed in this study. It is anticipated that this will lead 

to improved validity and reliability evaluations. The 

experimental results demonstrate that the proposed 

model can perform segmentation analysis more 

efficiently and with less error than the existing methods. 

Results on the multiple-image dataset show that DFU 

produces an average segmentation score of 90.85% and 

89.03% in two types of labelled ratios, i.e., 25% and 30%, 

respectively, after DFU using virtual sensing. Compared 

to the prior best performance, this is an improvement of 

10.91% and 12.22%. In actual DFU tests, our proposed 

method achieved a 59.1% improvement over existing 

deep segmentation-based approaches; in comparison, its 

average picture smart segmentation improvements are 

15.06%, 23.94%, and 45.41%. Interobserver reliability 

on the positive test, namely the likelihood ratio test set 

with just 0.25 million parameters, is 73.9% when using 

the specified range-based segmentation at the pace of 

labelled data. 

Das et al. [27] described a novel Convolutional 

Neural Network (CNN) architecture called HCNNet, 

which combines several hybridised blocks from 

inception, residual, and dense modules with 

appropriately placed Squeeze-and-Excitation (SE) 

blocks and intermediate transition layers. Training the 

proposed HCNNet multiple times with varied optimiser 

and learning rate settings maximises its performance. Its 

0.999 area under the curve (AUC) for ischaemia 

detection is quite encouraging. The experimental results 

show that the proposed HCNNet outperforms the existing 

SOTA methods. 

Dhar et al. [28] introduced FUSegNet, a new model 

for segmenting diabetic foot ulcers that uses the pre-

trained EfficientNet-b7 as its foundation, to circumvent 

the issue of insufficient training data. An enhanced 

spatial and channel squeeze-and-excitation (scSE) 

module that merges additive and max-out scSE is called 

P-scSE, or parallel scSE. At the middle of each decoder 

stage, the module is fused, resulting in a new 

configuration. In order to avoid max-out scSE at the top 
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decoder stage − which has a limited number of feature 

mappings − a shorted P-scSE is built. A number of 

augmentations, including morphological, intensity-

based, and geometric augmentations, are applied to the 

data before it is fed into the network. The proposed model 

is initially evaluated using a publicly accessible dataset 

pertaining to chronic wounds. Its data-based dice score 

of 92.70% is the greatest of any method that has been 

documented. The model outperforms earlier scSE-based 

U-Net models in most categories according to Pratt’s 

Figure of merits (PFOM) evaluations, which evaluate the 

accuracy of edge localisation. The model is subsequently 

entered into the MICCAI 2021 FUSeg challenge, where 

it will compete against x-FUSegNet, a variation of 

FUSegNet. In the FUSeg Challenge, the model that 

averages the outputs produced by FUSegNet using 5-fold 

cross-validation − x-FUSegNet − topped the leaderboard 

with a dice score of 89.23%. 

According to Biswas et al. [29], a novel multi-scale 

feature fusion network called FusionNet can accurately 

differentiate between healthy and DFU skin by utilising 

multiple pre-trained convolutional neural network 

(CNN) approaches. Six hundred and eighty-one training 

images, 672 validation images, and 211 testing images 

were generated using a database including 6963 skin 

images (3,574 normal and 3,389 ulcer) taken from 

various patients. Beginning with three image 

preprocessing techniques − motion blur estimation, 

median filter, and Gaussian filter − fuzzy, irrelevant, and 

noisy data was first eliminated. After that, DenseNet201, 

VGG19, and NASNetMobile − three pre-trained 

convolutional neural network (CNN) algorithms − are 

used to extract high-frequency features from the input 

images. In order to predict DFU, a meta-tuner module 

was then fed the most discriminative features. 

Statistically significant differences between FusionNet 

and other sub-networks are found using analysis of 

variance (ANOVA) and Friedman tests. Finally, three 

eXplainable Artificial Intelligence (XAI) algorithms − 

Grad-CAM, LIME, and SHAP − are integrated into 

FusionNet to better explainability and transparency. The 

classification results provided by the FusionNet classifier 

are exceptional, with an accuracy of 99.05%, recall of 

98.18%, precision of 100%, AUC of 99.09, and F1-score 

of 99.08%. The medical field could benefit from our 

proposed FusionNet since it can distinguish between 

DFU and healthy skin. 

Zhao et al. [30] developed the Diabetic Foot Smart 

tool, an intelligent measurement tool for diabetic foot 

ulcers. In order to confirm its usefulness in assessing 

DFU, this study set out to quantify the ulcer area. The 

sizes of the ulcers on 150 DFU images are measured 

using three different assessment tools: the ruler method, 

the Smart APP software suite, and the gold standard 

application, Image J to compared the three approaches’ 

measuring times and outcomes. To characterise the intra- 

and inter-rater reliability, the Pearson correlation 

coefficient, intra-group correlation coefficient, and 

coefficient of variation were used. The Image J program 

shows that the median ulcer size was 4.02 cm2 and that 

the mean measurement duration was 66.37 ± 7.95 s. The 

ruler method, which had an average measuring time of 

171.47 ± 46.43 s, shows that the median ulcer area was 

5.14 cm2. The median ulcer size was 3.70 cm2, and the 

mean measurement duration was 38.25 ± 6.81 s, as 

reported by the APP software. Although there was no 

notable distinction between the APP and Image J 

software (Z = 1.103, p > 0.05), there were notable 

differences between the ruler technique and the industry 

standard Image J software (Z = −4.123, p < 0.05). 

Furthermore, with intra- and inter-rater reliability both 

reaching 0.99, the APP software proved to be quite 

reliable. 

Finding consensus among stakeholders involved in 

DFU care about relevant and viable quality indicators 

(QIs) was the goal of Lusendi et al.’s study [31], which 

was the second part of a Belgian QI selection research 

that aimed to find QIs for DFU therapy. Stakeholders in 

diabetic foot care included a patient organisation 

representative and healthcare professionals from both 

primary care and speciality fields. Using the 

RAND/UCLA Appropriateness Method, stakeholders 

are asked to rate the appropriateness of 42 prospective 

evidence-based indicators on a 9-point Likert scale. To 

classify QIs, the median scores is used and the 

disagreement index, which is derived from the inter-

percentile range corrected for symmetry. Ultimately, 17 

QIs are determined to be appropriate after a three-stage 

process. Five of them described previously unseen 

subjects: protocolised care (the implementation of care 

and prevention management protocols), administration 

of low-density lipoprotein-cholesterol of ring 

medication, systematic evaluation of the patient’s 

nutritional status, and integration of wound care 

speciality in the interdisciplinary team. 

By evaluating the likelihood of DFU recurrence in 

elderly diabetic patients, Hong et al. [32] hoped to 

enhance both therapeutic and prophylactic measures. The 

goal is to construct accurate prediction models that assess 

the probability of DFU recurrence in older diabetic 

patients by taking into account high-risk factors such age, 

blood sugar management, alcohol usage, and smoking. 

Machine learning models are constructed utilising data 

collected from 138 elderly diabetic patients after data 

cleansing, screening for outliers, and feature integration. 

Using Support Vector Machines (SVM) are able to 

achieve an accuracy rate of 93%. Experimental research 

demonstrating the efficacy of SVM in predicting the 

recurrence risk of DFUs in elderly diabetic patients has 

provided clinical practitioners with a more trustworthy 

assessment tool. In particular, the study highlights the 

significance of machine learning for predicting the 

probability of recurrence in the treatment of diabetic foot 

ulcers in older persons. This technique offers medical 

solutions supported by computers for the management of 

diabetes in the elderly, allows for rapid intervention, and 

reduces the likelihood of recurrence. 

In their attempt to assess the efficacy of ChatGPT and 

similar AI chatbots in providing data regarding DFUs, 

Shiraishi et al. [33] relied on previously established 
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criteria. Seven AI chatbots are evaluated by asking 

clinical questions (CQs) that are based on the DFU 

criteria. Additionally, the chatbots’ reference accuracy 

was verified. Although there are variations in the level of 

evidence and recommendation grade, the average 

accuracy rate of the AI chatbots in ring CQs was 91.2%. 

Claude-2 outperformed the other chatbots with 99.6% of 

its references confirmed, while ChatGPT had the 

proportion of reference authenticity at 66.3%. This study 

demonstrates the potential of artificial intelligence 

chatbots as tools for medical knowledge dissemination 

and their accuracy in addressing clinical question types 

relevant to DFU. Careful use and further refinement are 

required for medical applications due to concerns such as 

AI hallucinations and the unpredictable accuracy of these 

chatbots. This study highlights the importance of 

enhancing these tools for efficient usage in patient 

education and clinical decision-making, as well as the 

ways in which AI is transforming the healthcare business. 

Using a combination of a convolutional neural 

network (CNN) and a Swin Transformer architecture, 

MG et al. [34] presented a deep learning model for 

infection classification in DFU images. The objective is 

to improve detection accuracy using end-to-end mapping 

without prior information by integrating global and local 

feature extraction. The proposed model makes use of a 

combination of a Convolutional Neural Network (CNN) 

and a Swin Transformer. With the use of the Grad CAM 

method, we can see how the CNN and Transformer 

blocks make decisions. The DFUC Challenge dataset is 

used for both training and evaluation, showcasing the 

model’s accuracy in classifying DFU images as infected 

or not. Accuracy (96.52%), specificity (97.08%), 

sensitivity (95.08%), and Matthews Correlation 

Coefficient (0.93) are excellent performance measures 

achieved by the model. The results show that the model 

can quickly identify DFU infections, which is promising 

for its future usage in healthcare. In difficult cases, the 

hybrid CNN and Swin Transformer architecture 

effectively combines the strengths of both models to 

correctly identify infected or non-infected DFU images. 

With the insights it provides into the model’s decision-

making process, Grad CAM aids in the localisation of 

sick areas in DFU photos. Clinical evaluation and 

management of DFU infections could be enhanced 

utilising this technique. 

After utilising medical digital image processing to 

reconstruct the 3D model of blood vessels, Wu et al. [35] 

utilised this data, together with the original data’s non-

calcified blood vessel part, as training material for deep 

learning (DL). Their idea for a better model to identify 

small targets in vascular stenosis was based on YOLOv5. 

In order to enhance the identification of three distinct 

stenosis targets (I: <50%, II: 51% −99%, and III: entirely 

occluded), they substituted the Path Aggregation 

Network (PANET) with the Bidirectional Feature 

Pyramid Network (BiFPN), enhanced the backbone with 

the Convolutional Block Attention Module (CBAM), and 

swapped out C3 in the neck for GhostC3. For faster 

reasoning and convergence, they upgraded the Complete-

IoU (CIoU) loss function to Alpha-Scylla-IoU (ASIoU) 

loss. Additionally, they opted for K-Means++ over 

K-Means to enhance algorithm convergence 

performance. Lastly, they benchmarked approach against 

five other popular models. With a mean Average 

Precision (mAP) of 85.40% and 74.60 FPS, this method 

was the most effective in detecting three different kinds 

of stenosis in diabetic feet, demonstrating the viability of 

utilising DL for this purpose. 

3 Proposed Methodology 

In this section, the proposed methodology is used to 

segment the DFU from the input images that is 

graphically shown in Fig. 1 and each of the block is 

explained in detailed.  

The dataset was captured using two infrared cameras, 

the FLIR E60 and FLIR E6. Both cameras were 

configured to a standard resolution for capturing plantar 

thermograms, ensuring consistency across the dataset. 

The cameras used identical operational conditions, 

including placement 1 m from the subject’s feet and 

operation within a controlled temperature environment 

(20 ± 1°C). This ensured uniform data acquisition. 

The setup included an IR-obstructing material applied 

to areas outside the plantar region to prevent thermal 

interference from other body parts. The data collection 

focused on capturing natural thermal emission from the 

plantar surface under a resting condition, avoiding 

external heating or cooling sources. 

 
Fig. 1 Workflow of the proposed model. 

3.1 Dataset Description and Augmentation 

This study utilises a publicly available dataset consisting 

of thermograms [36]. Included in this data set are 

334 plantar thermograms taken from 122 people with a 

diabetes mellitus (DM) diagnosis and 45 healthy 

controls. Sixteen women and twenty-nine men, ranging 

in age from 25 to 35, made up the DM group. There are 

89 females and 33 males in the control group, and their 

ages ranged from 45 to 65. The participants are scouted 

from Puebla, Mexico, and their thermograms are taken 

over the course of 3 years (2012−2014). See Fig. 2 for an 

example of a pair of feet from each category [37]. 

The dataset comprises 334 plantar thermograms, with 

122 thermograms from diabetic patients and 45 from 

healthy controls. The diabetic group includes individuals 

aged 25–35, with a gender distribution of 16 women and 
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29 men. The healthy control group comprises participants 

aged 45–65, with 89 females and 33 males. Exclusion 

criteria were applied to ensure data quality, eliminating 

patients with unrelated foot conditions or insufficient 

thermographic records. While comorbidities were not 

explicitly recorded, this remains a limitation of the study 

and a focus for future enhancement. These rigorous 

inclusion and exclusion criteria ensure the dataset’s 

reliability for analyzing diabetic foot conditions. Four 

more pictures depicting plantar angiosomes are included 

in every thermogram. In this study, those are referred to 

as patches. Fig. 3 shows an example of both full-image 

and matching patch images (plantar angiosomes) from 

both groups. An infrared (IR) camera was placed 1m 

away from the subject’s feet as they slept on a bed in 

order to acquire these images [37]. An IR obstructing 

substance was applied so that the temperature could not 

be detected from other parts of the body. At a temperature 

of 20 ± 1 ºC, 2 infrared cameras, the FLIR E60 and the 

FLIR E6, are employed [37]. The segmented foot and 

patch RGB images are utilised without pre-processing 

since they are already part of the database. Nevertheless, 

data augmentation is employed to both enlarge the 

dataset and achieve class parity. The process of 

augmentation involves flipping the photos horizontally 

or vertically, or both at the same time, as well as rotating 

them at 90º, 180º, or 270º. For image-level augmentation, 

500 samples are made for every class, and for patch-level 

augmentation, 1500 samples are made for every class. 

Tabulated in Table 1 is the thermogram data broken 

down by class. 

 

Fig. 2 Sample images of healthy foot and DM foot [37]. 

Reprinted under the Creative Common CC BY license 

from Ref. [37].

 

 

Fig. 3 Patch pictures (plantar angiosomes) and thermograms (for both the diabetes and control groups) are shown below. 

LCA stands for lateral calcaneal artery, LPA for lateral plantar artery, MCA for medial calcaneal artery, MPA for medial 

plantar artery, and so on [37]. Reprinted under the Creative Common CC BY license from Ref. [37]. 
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Table 1 Thermogram image data detail: original and after 

augmentation. 

Category 
Diabetic 

Group 

Control 

Group 
Total 

No. of cases 122 45 167 

Original full 

images 
244 90 334 

Images after 

augmentation 
500 500 1000 

Original 

patches 
976 360 1336 

Patches after 

augmentation 
1500 1500 3000 

3.2 Segmentation Method 

The research builds its model on diffusion models, which 

are generative models with two stages − a forward 

diffusion stage and a reverse diffusion stage − to extract 

the illness region from the input photos. Over the course 

of T iterations, the forward process corrupts a 

segmentation label x0 with Gaussian noise. By turning the 

noising process backwards, the initial data can be 

recovered by training a neural network. One way to 

depict this is as: 

𝑝𝜃(𝑥0:𝑇−1|𝑥𝑇) = ∏ 𝑝𝜃(𝑥𝑡−1|𝑥𝑡)𝑇
𝑡=1 , (1) 

where 𝜃 is parameters for the reverse process. Starting 

from a Gaussian noise distribution, 𝑝𝜃(𝑥𝑇)  =
 𝑁(𝑥𝑇;  0, 𝐼𝑛×𝑛) , where 𝐼  is the original duplicate, the 

reverse process transforms the latent variable distribution 

𝑝𝜃(𝑥𝑇)  to the data distribution 𝑝𝜃(𝑥0) . The reverse 

process is symmetrical with respect to the forward 

process since it recovers the noisy image in stages to 

achieve the final, clear segmentation. 

We use a UNet as our learning network to follow the 

typical DPM implementation. We used the raw image 

previously to condition the step estimate function ϵ in 

order to do the segmentation: 

𝜖𝜃(𝑥𝑡 , 𝐼, 𝑡) = 𝐷((𝐸𝑡
𝐼 + 𝐸𝑡

𝑥 , 𝑡), 𝑡), (2) 

where 𝐸𝑡
𝐼 is the conditional feature embedding of the raw 

image, 𝐸𝑡
𝑥 at this stage is the segmentation map’s feature 

embedding. In order to reconstruct, these 2 embeddings 

are combined and sent through a UNet decoder D. Along 

with the new embedding and decoding capabilities, the 

step index t is also included. 

3.2.1 Dynamic Conditional Encoding 

The conditional prior in the majority of conditional DPM 

implementations is an embedding of unique features. 

Nevertheless, ambiguous items are notoriously difficult 

to handle in medical picture segmentation, making it 

impossible to differentiate between the backdrop and 

lesions or tissues. Image modalities with low contrast 

increase this problem. Our proposed solution involves 

using a Dynamic Conditional Encoding at each stage to 

fix this issue. While the raw image does include precise 

segmentation target information, it has a difficult time 

differentiating itself from the background. The current-

step segmentation map, however, does include improved 

target areas, though it is far from accurate. We are 

therefore inspired to incorporate the segmentation 

information from the current phase into the conditional 

raw picture encoding in order to achieve mutual 

complement. Integration is implemented at the feature 

level in particular. To improve the raw image encoder’s 

intermediate feature, it is necessary to enable the features 

of the current-step encoding. The conditional feature map 

scales encoding features (𝑚𝐼
𝑘 , 𝑚𝑥

𝑘), where k is the layer 

index, are fused together to form a common shape. An 

attentive-like mechanism, A is used to accomplish the 

fusion. To create an affinity map using this method, it is 

need to normalise both feature maps using a layer and 

then multiply them. To further improve the attentive 

region, it is need to multiply the affinity map with the 

condition encoding features. Here is how it works: 

𝒜(𝑚𝐼
𝑘, 𝑚𝑥

𝑘) = (𝐿𝑁(𝑚𝐼
𝑘)⨂𝐿𝑁(𝑚𝑥

𝑘)) ⨂𝑚𝐼
𝑘, (3) 

where ⊗ denotes element-wise multiplication, and LN 

denotes layer normalization. Both of the intermediate 

stages, which are convolutional stages built according to 

ResNet34, undergo this process. 

The model is able to calibrate and localise itself in 

real-time with the use of this Dynamic Conditional 

Encoding technique. The incorporation of the noise-

corrupted xt embedding, however, might bring in extra 

high-frequency noise. In order to tackle this problem, the 

study suggests using the FF-Parser to limit the features’ 

high-frequency components. 

3.2.2 FF-Parser 

The study uses FF-Parser as part of the feature integration 

pathway to fix the problem of high frequency noise 

caused by xt embedding integration. The purpose of FF-

Parser is to limit the xt features that are associated with 

noise. Acquiring a parameterised attentive map for use 

with Fourier-space characteristics is the central concept. 

To initiate the process, we apply a 2D fast Fourier 

transform (FFT) to each spatial dimension of a decoder 

feature map 𝐹[𝑚] ∈ 𝑅𝐻×𝑊×𝐶 , which can be expressed 

as: 

𝑀 = 𝐹[𝑚] ∈ 𝑅𝐻×𝑊×𝐶 , (4) 

where 𝐹[·] denotes the 2D FFT. Next, we modulate the 

spectrum of m by multiplying a parameterized attentive 

map 𝐴 ∈ 𝐶𝐻×𝑊×𝐶 to 𝑀: 

𝑀′ = 𝐴⨂𝑀, (5) 

where ⊗ signifies the product of elements. The last step 

is to use inverse FFT to return M′ to the spatial domain: 
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𝑚′ = ℱ−1[𝑀′]. (6) 

A frequency filter is a common tool in digital image 

processing; FF-Parser is like a learnable version of it. 

While spatial attention focusses on individual 

frequencies, FF-Parser modifies their components on a 

global scale. As a result, it is trainable to limit adaptive 

integration’s high-frequency components. 

3.2.3 Training and Architecture 

The training procedure for the proposed model adheres to 

the DPM standard. To be more precise, the loss can be 

expressed as: 

ℒ = 𝐸𝑥0,𝜖,𝑡
[‖𝜖 − 𝜖0(√𝑥̂𝑡𝑥0 + √1 − 𝑥̂𝑡𝜖, 𝐼𝑖 , 𝑡)‖

2
]. (7) 

In each iteration, a random pair of raw images 𝐼i and 

segmentation label 𝑆𝑖  is sampled for training. The 

iteration sum is sampled from a uniform distribution, 

besides 𝜖 is sampled from a Gaussian distribution. 

Using a ResNet encoder and a UNet decoder, we can 

construct a modified ResUNet, which forms the core 

architecture of the suggested model. Two separate 

encoders are used to encode I and xt. There are several 

residual blocks in each encoder’s convolution stages. 

Each stage’s number of residual blocks is based on 

ResNet34’s. The two convolutional blocks that make up 

each residual block are as follows: a group-normalization 

layer, a SiLU activation layer, and finally, a 

convolutional layer. After passing through a linear layer, 

a SiLU activation, and still another linear layer, the time 

embedding reaches the residual block. After that, the 

output of the initial convolutional block is supplemented 

with the result. The final step of the encoding process 

involves adding the 𝐸𝐼 and 𝐸𝑥𝑡  that have been obtained. 

In order to forecast the end segmentation outcome, a 

conventional convolutional decoder is linked. 

3.2.4 Fine-Tuning Using Football Optimizer 

In this research, the learning parameters of the proposed 

segmentation model are optimally tuned using the 

Football Optimizer (FbOA) [38], as elaborated here. A 

comprehensive experimental setup is designed to 

evaluate the performance and effectiveness of the 

proposed FbOA. The objective is to assess the 

algorithm’s exploration and exploitation capabilities and 

its ability to avoid local optima. The implementation 

includes an in-depth analysis of the algorithm’s 

exploration and exploitation benchmarks, incorporating 

elements such as dynamic decision-making and ball-

passing strategies inspired by football tactics. This 

process employs various mathematical equations and 

update procedures that simulate the strategic approaches 

used by football players, ensuring a balanced exploration 

and exploitation of productive zones within the solution 

space. The following sub-sections provide a detailed 

discussion of these aspects, beginning with the 

algorithm’s exploration performance. 

3.2.4.1 Exploration Performance 

In the FbOA, exploration performance is based on the 

assumption that in every football pass, one of the players 

performs his pass with a certain speed velocity. This 

speed variation is important to balance the exploration of 

the search space and exploitation of the existing regions 

to avoid getting trapped in the local optimum. 

To model this dynamic process, the next stage of the 

algorithm, represented by 𝐹𝑏(𝑆(𝑡 +  1)), is defined as: 

𝐹𝑏(𝑆(𝑡 +  1))  =  𝑖, (8) 

where 𝐹𝑏(𝑆(𝑡 +  1))  denotes the updated state or 

solution at the next iteration t + 1, i represents the player 

as the agent involved in the optimization process, 

contributing to the variation in exploration. 

Football Velocity 

The Eq. (9) represents the velocity of each player (or 

agent): 

𝑉𝑛 = 𝐹𝑚𝑎𝑥 (𝑏𝑥. 𝑎𝑖[𝐹𝑒𝑥𝑡 − 𝐹𝑚𝑖𝑛] + 𝑟. 𝑏𝑦 . 𝑎𝑗[𝐹𝑏𝑒𝑠𝑡 −

𝐹𝑚𝑖𝑛] × 𝑐𝑜𝑠 (
𝜋

𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
)), (9) 

where 𝑉𝑛 is the velocity of the player (agent) at iteration 

n, 𝐹𝑚𝑎𝑥 is the maximum force applied, representing the 

upper limit of velocity, 𝑏𝑥  and by are coefficients 

determining the influence of different directions in the 

search space, 𝑎𝑖  and 𝑎𝑗  are acceleration factors 

impacting the speed adjustments, 𝐹𝑒𝑥𝑡  represents the 

external force or influence in the optimization context, 

𝐹𝑚𝑖𝑛 is the minimum force, indicating the lower bound 

of velocity, 𝐹𝑏𝑒𝑠𝑡 is the best force or position found so far 

in the optimization process, 𝑟  is a random factor 

introducing variability and enhancing exploration, 

𝑐𝑜𝑠 (
𝜋

𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
)  modulates the velocity based on the 

number of iterations to balance exploitation. 

The equation captures the dynamic nature of 

exploration by allowing agents to adapt their velocities, 

thus effectively covering a broader search space. 

Update for Best Force 

To further refine the exploration process, the best force is 

updated using the following Eq. (10): 

𝐹𝑏𝑒𝑠𝑡 =
1

𝐾
∑ (

𝐹𝑚𝑎𝑥
𝑛2

(2𝑛+1)2)𝐾
𝑛=0 , (10) 

where 𝐹𝑏𝑒𝑠𝑡  represents the best position or force in the 

current optimization context, K is an exponential factor 

that increases from 0 to 1 throughout the iterations, 

balancing between exploration and exploitation, 𝐹max is 

raised to the power of 𝑛2, which intensifies the search 

focus on promising regions as the iterations proceed, 
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(2𝑛 +  1)2 is a normalization term to control the update 

rate. 

By continuously adjusting the velocities and updating 

the best force, FbOA enhances its ability to explore the 

solution space thoroughly while adapting to the 

iterations. 

3.2.4.2 Exploitation Performance 

The tuning aspect of the FbOA in exploitation is centered 

on enhancing the solutions within the specified search 

space to get the best or nearly the best solutions. The 

exploitation mechanism is meant to further focus on the 

more rewarding areas during the exploration. The update 

rule for adjusting the position of an agent in the 

exploitation phase is given by:  

𝐹𝑏(𝑆(𝑡 + 1)) = 𝐹𝑖 + 𝑧3 · 𝐹𝑏(𝑆(𝑡)) + 𝐾 · 𝑠𝑖𝑛 (
𝜋

𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
), (11) 

where 𝐹𝑏(𝑆(𝑡 + 1)) is the updated solution or position at 

the next iteration t + 1, 𝐹𝑖 represents the current position or 

force influencing the aggrandisement, 𝑧3  is a control 

parameter that adjusts the balance between the current and 

the new position, 𝐹𝑏(𝑆(𝑡)) is the current state or position 

at iteration t, 𝐾  is an exponential factor that increases 

throughout the iterations, gradually shifting focus from 

exploration to exploitation, 𝑠𝑖𝑛 (
𝜋

𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
)  introduces a 

sinusoidal modulation to enhance the convergence speed 

toward the optimal solution. 

This update mechanism helps FbOA take advantage 

of the solution space and ensures that FbOA converges 

on precise solutions during the iterations. 

Mutation 

To avoid this, the Football Optimization Algorithm used 

in this study incorporates a mutation strategy that 

introduces variability into the search process, in which 

the algorithm initially converges with local optima. 

Through the mutation mechanism, the site of the agents 

changes constantly in the search space, thus making a 

transition and avoiding being trapped in an area with poor 

solutions. The mutation is defined by: 

𝑆(𝑡) = (𝐾 · 𝑎𝑞 (
2𝑛+1

𝑥
) + 𝐾 · 𝑐𝑜𝑠 (

𝜋

𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
)), (12) 

where 𝑆(𝑡) represents the mutated solution at iteration t, 

𝐾  is an exponential factor influencing the extent of 

mutation, 𝑎𝑞  is a factor that scales the mutation 

magnitude based on the current solution, 
2𝑛+1

𝑥
 acts as a 

normalization term to control the mutation effect, 

𝑐𝑜𝑠 (
𝜋

𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
)  modulates the mutation with a cosine 

function to introduce randomness and diversity in the 

search, iteration represents the current iteration number. 

By incorporating this mutation strategy, FbOA can 

search distant solution areas and thus avoid local optima 

in the optimization framework, resulting in higher 

performance and robustness of the algorithm. Table 2 

displays the initial parameter values used in this study for 

all the algorithms: population size, sum of iterations and 

independent runs. All these general parameters are set for 

all the algorithms with no exception. Additionally, 

specific parameters for the Feedback-based Optimization 

Algorithm (FbOA) are detailed, such as the ranges for 

constants 𝑎1, 𝑎2, 𝑏1, 𝑏2, and other control variables like 

𝑟1, 𝑧, 𝛩,  and 𝑎 , which influence the behaviour of the 

algorithm. 

Table 2 Initial parameters of algorithms. 

Algorithm Parameter Value 

All algorithms 

Population size 

Sum of iterations 

Number of runs 

30 

500 

30 

FbOA 

a1 

a2 

b1 

b2 

r1 

z 

Θ 

a 

[0, 1] 

[0, 1] 

[0, 1] 

[0, 1] 

[0, 2] 

[0, 2] 

[0, 12π] 

[-8, 8] 

4 Results and Discussion 

The PyTorch platform was used to implement all 

experiments, and four Tesla P40 GPUs with 24GB of 

RAM are used for training and testing [39]. The 

dimensions of all the photographs are adjusted to 

256 × 256 pixels. With the help of the FbOA optimiser, 

the networks are trained end-to-end. The rate was set to 

10−4 besides the batch size was 32 when the model was 

trained [40]. 

4.1 Validation Analysis of Input Data 

Here, 3 set of input data is used to test the effectiveness 

of the projected model that is shown in Table 3.  

4.2 Validation Analysis of Training and 

Testing Ratio Data 

Fig. 4 mentions the efficiency of the proposed 

prototypical based on training and testing data variations 

in terms of different metrics. 

The proposed model’s performance was assessed 

across different data split ratios (80−20%, 70−30%, and 

60−40%) to examine its effectiveness in training and 

testing scenarios. For an 80−20% split, the model 

accomplished a high training accuracy of 0.98 and a test 

accuracy of 0.92, with an AUC of 0.92, precision at 0.93, 

recall and F1-score both at 0.92, and a specificity of 0.98, 

indicating balanced sensitivity and specificity. 
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Table 3 Validation analysis based on input types. 

Parameters Input data MPA 
Mean Intersection 

over Union (MioU) 
Running Time 

86 M Image level 0.8331 0.7058 2.67 s/item 

307 M Patch level 0.8313 0.7151 4.07 s/item 

632 M Combined 0.8376 0.7185 4.2 s/item 

 
Fig. 4 Graphical description of proposed model. 

In the 70−30% split, the model demonstrated a slightly 

higher train accuracy of 0.99 and a test accuracy of 0.90, 

with AUC, precision, recall, and F1-score all at 0.90, and 

a specificity of 0.96, showcasing consistent performance 

despite a larger test set. For the 60−40% split, the model 

maintained a high train accuracy of 0.99 but experienced 

a slight drop in test accuracy to 0.85. Its AUC, recall, and 

F1-score stood at 0.85, while precision was 0.87 and 

specificity was 0.92, reflecting the impact of reduced 

training data. Overall, the proposed model displayed 

robust accuracy and balanced metrics across varying data 

splits, demonstrating its adaptability and effectiveness in 

different training and testing conditions. 

4.3 Validation Analysis of Input Batch Size 

Table 4 presents the validation analysis of proposed model 

by changing its batch sizes in terms of different metrics. 

The experimental analysis of the proposed model 

across different batch sizes (4, 8, 16, and 32) highlights 

its performance in training besides testing accuracy, 

AUC, precision, recall, F1-score, and specificity. For 

batch sizes of 4 and 8, the model achieved perfect test 

accuracy of 1.00, with all evaluative metrics (AUC, 

precision, recall, F1-score, and specificity) at 1.00, 

indicating optimal model performance and consistency in 

both training and testing phases. At a batch size of 16, 

although the model reached full training accuracy (1.00), 

the test accuracy and all other metrics dropped 

significantly to 0.50, reflecting underperformance likely 

due to batch size inefficiencies. Similarly, for a batch size 

of 32, while training accuracy remained perfect (1.00), 

the test accuracy and other evaluative metrics are 

moderate at 0.75. This comparison indicates that smaller 

batch sizes (4 and 8) provided the best performance 

consistency, while larger batch sizes resulted in reduced 

generalization, as observed by lower test accuracy and 

evaluative scores. 

4.4 Comparative Analysis: Segmentation 

Results 

Table 5 and Fig. 4 provide the experimental analysis of 

projected model with existing techniques that are taken 

from the related work section. However, the existing 

models use different datasets for validation, the basic 

model is implemented by our considered dataset and 

results are averaged in this work. 

The performance comparison of various methods, 

with Support Vector Machine (SVM), DNN, Deep 

Convolutional Neural Network (DCNN), ResNet50, 

MobileNetV2, HCNNet, FusionNet, and the proposed 

Op-DPS model, is summarized across key metrics: 

precision, recall, F1-score, overall accuracy, besides IoU. 

The Op-DPS model demonstrates the highest precision at 

0.8955 and recall at 0.8553, resulting in an F1-score of 

0.8750, indicating its superior capability to balance 

precision and recall effectively. Additionally, it achieves 

an overall accuracy of 0.9927 and an IoU of 0.8896, 

reflecting exceptional performance in accurately 

classifying instances. In comparison, FusionNet follows 

closely with an F1-score of 0.8678 and an overall 

accuracy of 0.9807, while the remaining methods show 

lower metrics across the board, with DNN recording the 

lowest F1-score of 0.7995 besides an IoU of 0.8476. 

Overall, the results highlight the Op-DPS model as the 

most effective approach among those evaluated, 

excelling in all critical performance indicators. 
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Table 4 Experimental Analysis of proposed model on various batch size. 

Batch 

Size 

Test 

accuracy 
AUC Precision Recall F1-score 

Train 

accuracy 
Specificity 

4 1.00 1.00 1.00 1.00 1.00 0.98 1.00 

8 1.00 1.00 1.00 1.00 1.00 0.98 1.00 

16 0.50 0.50 0.50 0.50 0.50 1.00 0.50 

32 0.75 0.75 0.75 0.75 0.75 1.00 0.75 

 

Table 5 Comparative analysis of various algorithms. 

Method Precision Recall F1-score 
Overall 

Accuracy 
IoU 

SVM [32] 0.8639 0.8178 0.8402 0.9780 0.8505 

DNN [21] 0.8891 0.7264 0.7995 0.9742 0.8476 

DCNN [25] 0.8343 0.7367 0.7825 0.9710 0.8061 

ResNet50 [22] 0.8827 0.7944 0.8363 0.9780 0.8477 

MobileNetV2 [24] 0.8848 0.8139 0.8479 0.9793 0.8570 

HCNNet [27] 0.8758 0.8367 0.8558 0.9801 0.8634 

FusionNet [29] 0.8856 0.8231 0.8678 0.9807 0.8652 

Op-DPS 0.8955 0.8553 0.8750 0.9927 0.8896 

 

 

Fig. 5 Graphical Description of proposed model with existing models. 
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Baseline classification algorithms such as SVM, 

DNN, and ResNet50 were optimized using conventional 

techniques like grid search and random search. These 

techniques explored the parameter space by 

systematically evaluating combinations of 

hyperparameters, such as learning rate, regularization 

factors, and activation functions. In comparison, the 

proposed approach utilized the Football Optimization 

Algorithm (FbOA), which mimics football dynamics to 

optimize model parameters efficiently. FbOA’s 

strategies, such as velocity adjustment and mutation, 

enable it to explore a larger solution space and avoid local 

optima, leading to superior parameter tuning. This 

difference in optimization techniques ensures the 

proposed model’s performance is not underestimated 

relative to the baseline methods. 

5 Conclusion  

The segmentation of DFU foot is demonstrated in this 

paper by means of a thorough and comparative 

examination of deep-learning and machine-learning 

procedures. At the image, patch, and combined image-

patch levels, the thermogram data of both DFU besides 

non-DFU foot are utilised. Image segmentation system 

Op-DPS is introduced in this paper. It improves 

segmentation performance by combining 2 unique 

techniques: FF-Parser and Dynamic Conditional 

Encoding. Results showed that FbOA converged more 

quickly, solved the problem accurately, and was more 

robust when used to fine-tune the parameters of the 

suggested model. An algorithm that optimises a search 

space by minimising the chances of getting stuck by local 

optimality through high exploration and low exploitation 

incorporates many football techniques. To show the 

outcomes of the machine-learning methods we used a 

number of thermogram characteristics. From the various 

machine-learning approaches, the suggested model 

emerged victorious. The suggested deep-learning model 

outperformed both the pre-trained and competing 

models. Using the thermogram data, comparing the 

suggested model to an existing solution was not easy. 

Nevertheless, when looking at the 2 models at a more 

abstract level, the suggested model outperformed the 

others considering the limitations. 
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Abstract. Non-contact heart rate (HR) monitoring is essential for neonates, as 
traditional adhesive sensors can damage their delicate skin. The rise in 
contagious viral infections further emphasizes the need for contactless 
neonatal healthcare monitoring systems to reduce physical interaction and the 
risk of disease transmission. This study proposes a novel non-contact HR 
monitoring system for neonates, combining a blue-filter technique with skin 
color enhancement under UV illumination. The system utilizes digital camera-
based photoplethysmography imaging and a tile-based region of interest (ROI) 
selection method. Also, a neonatal graphical user interface (GUI) was 
developed for real-time HR monitoring and clear visualization of findings. We 
compared the findings of the proposed technique with standard UV 
photoplethysmography imaging without the blue filter technique to validate 
its effectiveness. Experimental findings demonstrate the proposed system’s 
high performance, with a Pearson correlation coefficient (PCC) of 0.998 and a 
mean absolute error (MAE) of 1.12 bpm, closely matched to ECG monitor 
readings. These findings highlight the system’s potential as a reliable, non-
contact solution for neonatal HR monitoring in the NICU, offering a promising 
advancement in neonatal care and broader biomedical applications. © 2025 
Journal of Biomedical Photonics & Engineering. 
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1 Introduction 

Monitoring neonatal heart rate is critical for accurately 

and continuously assessing their health status [1, 2]. This 

process facilitates the early detection of changes in 

temperature, heart rate, or respiratory patterns, enabling 

timely interventions to enhance safety and mitigate 

potential health risks [3, 4]. In emergency situations, 

traditional heart rate monitoring devices primarily rely on 

contact-based sensors, such as electrodes, probes, or 

straps [5]. These methods often involve adhesive 

biosensors and electrodes [6], such as those utilized for 

electrocardiograms (ECG), spirometry, and pulse 

oximetry [7]. However, the application and removal of 

these sensors can damage the delicate skin of neonates 

and restrict their mobility, posing additional challenges 

in clinical settings [8]. 

In contrast, non-contact approaches to vital sign 

monitoring have emerged as a crucial area of research in 

biomedical and clinical applications [3, 4, 9]. These 

methods aim to minimize physical interaction and reduce 

the risk of disease transmission, particularly in the 

context of highly contagious environments. Such 

advancements hold significant promise for improving 

neonatal care while addressing the limitations of 

traditional contact-based systems [10]. 

Nevertheless, noise and motion artifacts mostly 

influence the previous non-contact approaches; these 

techniques are vulnerable to noise and motion artifacts, 

which restrict mobility [11]. Moreover, they pose risks to 

human health and may have various biological effects on 

physiological tissues [12, 13]. Moreover, they possess a 

limited distance range and need a region area of interest 

(ROI) for analytical measurements [14]. Consequently, 
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limiting the patient’s distant mobility poses a significant 

challenge owing to the expense of the sensor, which 

hinders the collection of sufficient bodily samples. Their 

poor resolution limits the detection range. Moreover, the 

emitted radar radiation is likely detrimental to human 

health and may induce various biological consequences 

on bodily tissues in the future [15, 16]. 

These imperceptible cardiac signals may be very 

beneficial, particularly in biological and therapeutic 

contexts. Blood circulation induces small variations in 

human skin color that may be amplified to evaluate and 

extract important information on cardiac activity when 

epidermal tissue is lit, since hemoglobin absorbs light 

more effectively than the adjacent epidermal tissue 

[17, 18]. Consequently, many studies have enhanced a 

computer vision approach using video cameras as non-

contact sensors [19].  

Vital signs may be extracted from certain regions of 

the human epidermis using video camera imaging, which 

is an appropriate non-contact method. This innovative 

approach may be classified into 2 primary categories: 

color-based method, often known as imaging 

photoplethysmography (PPG) [20] and motion-based 

method [9]. Several studies [21−23] used color-based 

methods for non-contact monitoring of cardio signals. 

However, they obtained PPG signals at small distances 

of 0.07–0.25 m [24, 25], 0.5 m [26], 0.35 m [27], and 

1–1.5 m [28]. Gibsonet et al. [29] introduced a non-

contact infant HR value monitoring method. The 

proposed method uses 2 Nikon cameras to detect face 

color variations resulting from blood perfusion. The ROI 

was manually designated by delineating a box around the 

face. Poh et al. [30] presented a PPG-based video 

technique that used RGB data from the face area to 

measure HR values. The ROI was manually delineated in 

the early frames, whereas later frames used optical flow 

tracking. However, the proposed technique of optical 

flow tracking encountered considerable motion artifacts, 

resulting in inaccuracies in heart rate estimates. 

Alnaggar et al. [31] proposed new non-contact 

techniques for RR and HR estimation from the subjects’ 

faces. The recorded videos are magnified using the 

magnification technique and then analyzed. The HR 

estimate was achieved by employing face mesh to 

annotate the boundaries by additional annotating for the 

boundaries of the most ROI from the face image in both 

HSV and RGB and color images. 

According to a review of the literature, the manual 

ROI selection method was mostly used for non-contact 

biological signal monitoring and had issues, such as the 

fact that adding the bounding boxes by hand was time-

consuming and prone to error, which made the extracted 

HR signals less consistent and reliable. The previous 

methods were also inadequate in managing subject or 

patient motion, which might result in the face moving 

beyond the designated ROI. Moreover, the findings 

illustrate the constraints of the remote sensing technique 

in terms of range and field of vision. It has a restricted 

operational range of less than 1.5 m from the body. 

Furthermore, the existing studies reveal a substantial and 

important gap owing to the inadequate investigation of 

non-contact neonatal vital sign monitoring in the NICU 

under UV illumination. The aforementioned limitations 

serve as the impetus for developing a monitoring system 

for neonatal HR values under UV illumination. 

The primary goal of this study is to implement a 

neonatal healthcare system for non-contact monitoring. 

This work investigates the effectiveness of a proposed 

blue filter technique combined with a proposed neonatal 

ROI selection method to accurately extract HR values 

under UV illumination in the NICU settings. The 

contributions of this work are as follows: 

 A non-contact neonatal HR monitoring system 

utilizing digital camera technology under UV 

illumination was developed. 

 A new integration of the blue filter technique 

and EVM method was proposed to enhance neonatal 

cardiac signal extraction under UV illumination by 

reducing noise and amplifying subtle skin color 

variations. 

 A robust tile-based ROI selection method for 

neonatal cardiac signal monitoring was introduced, 

ensuring accurate heart rate calculation despite infant 

movements, and eliminating the need for manual 

bounding box adjustments. 

 A neonatal Graphical User Interface (GUI) 

system was designed and implemented to facilitate real-

time monitoring and visualization of outcomes from the 

proposed non-contact heart rate monitoring system. 

2 Methods and Materials 

2.1 Subjects  

We conducted this work at the Child Central Teaching 

Hospital (CCTH) in Baghdad, Iraq. We obtained consent 

from guardians to image videos using non-contact 

technology at suitable times when neonates are in quiet 

positions. We implemented this work after explaining its 

nature and the experiment’s aim to collect samples 

without any contact with babies. We kept the neonate’s 

identities by covering their faces. In this study, we 

utilized an ECG device monitor as a reference to evaluate 

and compare the performance of the 2 suggested 

experiments for evaluating the HR of neonates. 

2.2 Experiment Setup 

In this study, we implemented 2 experiments to evaluate 

a noncontact technique for calculating neonates’ heart 

rates. We conducted both experiments under UV 

illumination. The first experiment investigates the ability 

of the proposed noncontact technique to calculate 

neonatal heart rates using a blue filtering approach 

applied to phototherapy imaging; thus, it will be referred 

to as the HRBF experiment, while the second experiment 

calculates neonate heart rates without employing the blue 

filtering technique under UV illumination, termed the 

HRWB experiment. 
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Fig. 1 Experimental setup of neonate’s recorded. 

We divided 10 neonates into 2 groups: 5 neonates 

participated in the HRBF experiment, while the 

remaining 5 were involved in the HRWB experiment. 

The neonates’ gestational ages ranged from 25 to 

39 weeks, and their weights varied between 1450 and 

3300 g. Fig. 1 depicts the experimental setup, utilizing 2 

digital cameras to record video clips. A Nikon D3500 

camera, capable of recording at a resolution of 

1920 × 1080 px at 30 fps (frames per second), was tripod-

mounted at a distance of 0.55–1.5 m to capture videos of 

the neonates. A Sony Alpha a6000 camera, also tripod-

mounted, recorded vital signals displayed on the ECG 

monitor.  

We synchronized both cameras to start recording 

simultaneously, ensuring consistent timing between the 

ECG data and the contactless measurements. We stored 

all videos in MOV format. Data collection in a neonatal 

intensive care unit (NICU) is inherently challenging due 

to the delicate environment and the need for minimal 

interference with medical devices. To validate our study, 

we created a small database by recording neonates when 

they were stationary and under continuous ECG 

monitoring. We maintained the camera-to-subject 

distance at 1.5–2.5 m. We recorded 20-s clips for each 

neonate, capturing five clips per neonate for analysis and 

comparison. In total, we collected 50 clips for each 

experimental condition (HRBF and HRWB), resulting in 

a robust dataset for evaluating the proposed technique. 

3 System Framework 

This section will present the developed healthcare system 

proposed based on a non-contact HR values monitoring 

system for neonates. It will include details on the blue 

filter technique proposed, a tile-based ROI selection 

technique, a neonatal heart rate calculation technique, 

and a neonatal graphical interface system proposed. 

Fig. 2 illustrates the framework of the proposed non-

contact neonatal HR monitoring. 

 

 

Fig. 2 The system framework of the proposed study. 
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3.1 Blue Filtering Technique 

The basic principle that relies on the PPG is that blood 

absorbs light more effectively than adjacent tissues. This 

absorption induces slight alterations in skin pigmentation 

as a result of cardiovascular activity. The reflectance 

characteristics of human skin, obtained from video 

recordings using PPG, provide significant insights into 

cardiovascular health, including heart rate and blood 

oxygen saturation [32]. In PPG-based analysis, cyclical 

alterations in face skin color are shown as changes in 

brightness (intensity) values within picture sequences, 

facilitating the detection of heartbeats. 

The second principle addresses the challenge of 

phototherapy images captured under UV light, where the 

blue channel is dominant compared to the red and green 

channels. In contrast, natural photographs exhibit a more 

balanced distribution among the 3 color channels (RGB). 

To address this disparity, we propose a blue filter 

technique using the color space transforming method for 

phototherapy photos in the HRBF experiment. This 

technique equalizes the image by calibrating the intensity 

of the red ( 𝐴𝑑𝑗𝑅 )and blue ( 𝐴𝑑𝑗𝐵) channels to align with 

the brightness of the green channel. 

We compute the adjustments for the red and blue 

channels using the following Eqs.: 

𝐴𝑑𝑗𝑅 =
1

𝑤×ℎ
[∑ ∑ 𝐺𝑖𝑗 − ∑ ∑ 𝑅𝑖𝑗

ℎ
𝑖=1

𝑤
𝑖=1

ℎ
𝑖=1

𝑤
𝑖=1 ], (1) 

𝐴𝑑𝑗𝐵 =
1

𝑤×ℎ
[∑ ∑ 𝐵𝑖𝑗 − ∑ ∑ 𝐺𝑖𝑗

ℎ
𝑖=1

𝑤
𝑖=1

ℎ
𝑖=1

𝑤
𝑖=1 ]. (2) 

Next, we calculate the updated pixel intensities for the 

red (𝑅𝑖𝑗) and blue (𝐵𝑖𝑗) channels by applying the 

following Eqs.:  

𝑅𝑖𝑗 = 𝑚𝑖𝑛 (255, 𝑅𝑖𝑗 + 𝐴𝑑𝑗𝑅), (3) 

𝐵𝑖𝑗 = 𝑚𝑎𝑥 (0, 𝐵𝑖𝑗 + 𝐴𝑑𝑗𝐵). (4) 

The introduced blue-filtering technique will enhance 

the performance and reliability of heart rate 

measurements during UV phototherapy by reducing 

inter-channel discrepancies to be similar relatively to 

obtained images framed from natural illumination. 

3.2 Video Decomposition  

The raw video is initially decomposed into tiles on the 

first frame, with each frame being divided into smaller 

segments corresponding to a grid. The tile size, denoted 

as D×D, is selected based on heuristic methods. Tile 

creation begins at the (1,1) coordinate of the raw image 

frame. In cases where the image width (w) or height (h) 

is not an exact multiple of D, the tiles do not fully cover 

the entire raw image frame. Each grid cell represents a 

distinct tile video. This tile-based division is consistent 

across all frames in the video, so each frame is divided 

into a similar yellow grid structure for 2 proposed 

experiments (HRBF and HRWB), as shown in Fig. 3(a) 

and (b). The total number of tiles is calculated as follows: 

𝑇𝑛 = ( 𝑤 𝐷⁄ × ℎ 𝐷⁄ ), (5) 

where, w and h refer to the width and height of the raw 

image frame, respectively. For each ROI, the tile video is 

constructed to match the raw video in terms of the 

number of frames and frame rate. 

 

Fig. 3 Image decomposed into tiles: (a) HRBF, 

(b) HRWF. 

3.3 Tile-Based ROI Selection 

In this study, we employed a tile-based ROI selection 

approach for extract cardiac signals from PPG. Each ROI 

was extracted from the decomposed UV photograph, 

with the tile grid encompassing the neonatal chest region, 

which was designated as the ROI for heart rate 

calculation in two proposed. This procedure was repeated 

across all frames.  

Traditionally, manual ROI selection techniques 

delineate the chest or head region by enclosing it within 

a bounding box, from which vital indicators are retrieved. 

In contrast, our proposed technique selects the tiles 

containing the region of interest through visual 

inspection rather than relying on manual bounding boxes.  

The primary advantage of this tile-based ROI 

selection for neonates is that it eliminates the need for 

constant adjustments when the infant changes posture. As 

the neonate typically moves laterally, the chest region 

remains consistently within the initially designated tiles. 

The adjustable tile size enables us to establish a safe 

dimension that accommodates the neonate’s dynamic 

movements.  

3.4 Neonatal Heart Rate Calculation 

This study used a color-based technique to extract the 

cardiac signal as the first step, utilizing the principle of 

light absorption by hemoglobin in blood. Hemoglobin 

absorbs more light than the surrounding tissue, resulting 

in subtle color variations in the infant’s skin that are 

invisible to the naked eye but detectable with a digital 

camera. The changes in blood volume within the 

microvascular tissue during each cardiac cycle reflected 

in these color variations serve as a means to measure the 

heart rate. To measure the cardiac signal, the green 

channel of the RGB color space was selected, as it 
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provides the strongest cardiac frequency signal due to 

higher absorption in this wavelength. The spatial 

averaging from the brightness of the pixels within the 

ROI was then calculated to extract the raw cardiac signal, 

as described by Eq. (6). This step minimizes the 

influence of camera noise associated with individual 

pixels, thereby improving the signal-to-noise ratio. The 

resulting process effectively reduces noise and enhances 

the clarity of the cardiac signal representation. 

𝐼𝐺 (𝑡) =
∑ 𝐼(𝑥𝑖,𝑦𝑖,𝑡)𝑥,𝑦 ∈  𝑅𝑂𝐼 

| 𝑅𝑂𝐼|
, (5) 

where I (xi,yi,t) is indicated as the illuminance values at 

the pixel image position (xi,yi) at time phase (t), and |ROI| 

specifies the size of the recorded video selected by ROI. 

The neonatal cardio signal obtained from the G channel 

information was selected for calculate the neonatal HR 

values of 2 experiments (HRBF and HRWB). 

In the second step, we applied a magnification 

technique to further improve the cardiac signal’s 

extraction and clarity. Based on the EVM technique [31], 

this technique of magnification brings out small changes 

in color over time that are caused by the heart’s pulsed 

blood flow. We then add this enhanced signal back to the 

original video frame to create a clearer representation of 

the heart rate-related changes in skin color. This 

magnification approach enhances the cardiac signal 

extraction and amplification, enabling improved 

detection of tiny fluctuations, especially when the baby 

is far from the camera or in low signal-to-noise ratio 

conditions. This enhanced methodology considerably 

elevates the dependability and sensitivity of non-contact 

heart rate monitoring devices.  

In the third step, the raw time series cardio signals 

were converted from the time domain to the frequency 

domain using the spectrum analysis method using FFT. 

Subsequently, to get the desired frequency band, 2 ideal 

band-pass filters were used at 1 Hz to 3 Hz [33], 

equivalent to the neonatal pulse range of 60 to 180 bpm. 

Following this, the inverse FFT was applied to the 

filtering signals to derive the time series of the neonatal 

cardiac signals.  

In the fourth step, temporal sequence neonatal cardiac 

signals are analyzed by determining the peaks and their 

respective positions (locs) between consecutive peaks. 

The MATLAB function “findpeaks” was used to identify 

peaks. The total cycle length between 2 peaks is 

determined using the following Eq. (7): 

𝑇𝐶 = 𝑚𝑒𝑎𝑛 (𝑑𝑖𝑓𝑓 (𝑙𝑜𝑐𝑠)). (7) 

The number of peaks 𝑝𝑘  can be calculated by the 

following Eq. (8): 

𝑝𝑘 =
𝑇

𝑇𝐶
, (8) 

where T is the duration time in seconds of the recording 

video. 

Finally, the measured values HR in bpm (beats per 

minute) is calculated using Eq. (9): 

𝐻𝑅 =
60 𝑃𝑘

T
. (9) 

3.5 Neonatal Graphical Interface System 

We implemented a neonatal GUI system for non-contact 

HR values monitoring using MATLAB 2023b. The 

proposed system features a user-friendly interface that 

includes neonatal cardio signal processing and displays 

the neonatal HR value findings based on integrating a 

blue-filter technique with skin color magnification under 

UV illumination. It also offers an efficacious 

environment for neonatal video uploads.  

The proposed system includes text fields for displaying 

HR values. Additionally, it includes a variety of uploaded 

neonatal video controls, such as start, pause, extract, and 

reset options. Moreover, it includes analytical tools, 

including 3 axes for neonatal video upload, input cardio 

signal display, and filtered signal output. 

4 Experimental Results 

4.1 Blue Filter and ROI Selection Proposed  

This section presents the performance of the blue filter 

technique and tile-based ROI selection of 2 experiments. 

Fig. 4 compares the original image with phototherapy 

images, both before and after applying the blue filtering 

method. Fig. 4 shows that the proposed blue-filtering 

method works to improve the accuracy and reliability of 

HR measurements during UV phototherapy by reducing 

differences between channels and reducing the blue tint 

significantly, especially in areas of skin that can be seen. 

Other areas, such as neonatal eye masks, bedding, and the 

incubator bed, also exhibit reduced blue hues, simulating 

conditions of natural light illumination. This approach 

plays a crucial role in achieving consistent and clinically 

meaningful outcomes in neonatal NICU settings under 

UV illumination.  

Fig. 5(a) and (b) show the tile-based ROI selection 

method utilized in the HRWB and HRBF experiments. 

As demonstrated in Fig. 5(a) yellow tile encapsulates the 

neonatal chest region, which was identified as the ROI 

for heart rate (HR) evaluation. This ensures accurate 

heart rate calculation despite infant movements and 

eliminates the need for manual bounding box 

adjustments This targeted selection ensures the accurate 

extraction of HR values by focusing on a relevant 

anatomical area, minimizing interference from non-

relevant regions. 

4.2 Heart Rate Extraction  

In our works, we obtained raw cardio signals for 

600 frames by applying spatial averaging to detected 

ROIs using a color -based technique. Fig. 6(a) and (b) 

illustrates the cardio signal from the HRWB and HRB 

experiments, respectively. 
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Fig. 4 Comparison of phototherapy images captured with and without the blue-filtering technique. 

 

Fig. 5 Tile-based ROI selection of two experiments. 

(a) HRWB experiment; (b) HRBF experiment. 

Fig. 7(a) and (b) displays the cardio signal extraction 

after applying the magnification technique for two 

experiments, respectively. the magnification technique 

extracted the cardiac signal more accurately and 

amplified it, enabling better detection of subtle 

variations. This magnified approach significantly 

improves the reliability and sensitivity of non-contact 

heart rate monitoring systems. 

Fig. 8 (a) and (b) demonstrations the results of filtered 

with detection peaks cardio signals obtained after 

applying FFT, band-pass filtering, inverse FFT, and 

Eq. (7), respectively. In this work, the window duration 

of FFT was twenty seconds. The green color points 

indicate the peak positions of the filtered signals, as 

displayed in Fig. 8(a) (HRWB experiment) and Fig. 8(b) 

(HRBF experiment). 

Fig. 9 shows the neonate’s GUI monitoring proposed, 

which contains the HR values (bpm) calculation after 

applying Eq. (8), the cardio input signal, and the filtered 

cardio signal. Additionally, this suggested healthcare 

system enables real-time remote monitoring of neonates' 

states and automatically stores cardio signals and HR 

measurement outputs on the computer as accessible 

medical data to assist in future diagnoses of neonatal 

cardio disease. 

4.3 Statistical Analysis  

This section compares the performance of two 

experiments (HRWB and HRBF) by analyzing the 

measured values (HR) by Eq. (9) and reference readings 

(ECG) using statistical analysis to validate the proposed 

technique. The statistical analysis methods will be 

applied, including linear regression, Pearson’s 

correlation coefficient (PCC), Bland-Altman plots, 

mean bias, Spearman’s correlation coefficient (SCC).  

The total sample size collected from neonatal 

captured video was set at n = 25. The statistical analyses 

of the samples measured readings collected from the 

HRWB experiment, as shown in Fig. 10a. The Bland-

Altman analysis discloses a mean bias of −2.9 bpm, 

with 95% limits of agreement ranging from −11 to +5. 

Also, the PCC and SCC results between the measured 

and reference readings were 0.981 and 0.948, 

respectively. Fig. 10(b) displays the linear regression 

analysis of the relationship between the experimental 

measure readings and the linear fit obtained, with an R² 

value of 0.963. 
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Fig. 6 Raw cardio signals of two experiments. (a) HRWB experiment, (b) HRBF experiment. 

 

Fig. 7 Magnification results of the raw cardio signals. (a) HRWB experiment, (b) HRBF experiment. 

 
Fig. 8 Filtered and detection peak of cardio signals. (a) HRWB experiment, (b) HRBF experiment. 
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Fig. 9 Screenshot of proposed neonatal system GUI. 

 
(a) 

 
(b) 

Fig. 10 Statistical analyses of the HRWB experiment: 

(a) Bland-Altman plot, (b) correlation plot. 

Fig. 11 shows a statistical approach related to 

measured readings from the HRBF experiment. As 

demonstrated in Fig. 11(a), the Bland-Altman statistics 

display a mean bias of 0.39 bpm, with 95% confidence 

intervals ranging from −1.81 to +2.59. Also, the highest 

obtained results of the PCC and SCC between readings 

and reference readings were 0.998 and 0.982, 

respectively. Also, the linear regression coefficients 

demonstrate a strong match output between the values of 

measured readings and the linear fit, with R2 = 0.995, as 

shown in in Fig. 11(b).  

 
(a) 

 
(b) 

Fig. 11 Statistical analyses of the HRBF experiment: 

(a) Bland-Altman plot, (b) correlation plot. 

To validate the proposed technique, the performance 

results from the HRBF experiment were compared with 

those from the HRWB experiment. The findings 

demonstrated that the HRBF experiment achieved the 

lowest average MAE of 1.12 bpm, whereas the HRWB 

experiment recorded the highest average MAE of 

4.2 bpm.  

Therefore, the proposed technique is crucial for 

accurately extracting neonatal cardiac signals under UV 

illumination, compared to the results obtained without 

using the blue filter method in the HRWB experiment. 

This methodology is considered novel and more effective 

in the neonatal healthcare system, particularly in the rise 

in contagious viral infections such as COVID-19. 
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5 Discussion   

This study focuses on the urgent need for a neonatal 

healthcare noncontact system to monitor HR values 

under UV illumination during the spread of transitional 

epidemics like COVID-19 and other new diseases. The 

main goal of the research was to develop a neonatal 

healthcare noncontact system that combines noncontact 

technology and image processing to accurately evaluate 

the heart rate of neonates using noncontact camera 

technology during an emergency. The proposed blue 

filter technique, combined with the EVM method, was 

utilized to extract cardio signals effectively to enhance 

the accuracy and reliability of signal detection by 

reducing the interference caused by UV illumination and 

amplifying the subtle temporal color variations in the 

skin. The blue filter was specifically employed to balance 

the intensity of the color channels under UV light, 

mitigating the impact of excess blue or red light 

reflections and isolating the green channel, which is most 

sensitive to pulsatile blood flow.  

The proposed approach was critical for ensuring 

precise cardiac signal extraction in neonates exposed to 

UV illumination compared with obtained results without 

using a blue filter method in the HRWB experiment.  

Also, this approach for skin color magnification 

offers several advantages. Enhancing skin color 

variations in the temporal domain enhances signal clarity 

without requiring physical contact, making it ideal for 

neonatal applications. Furthermore, the reduction in 

computational overhead ensures that the method is 

deployable in real-time monitoring systems, an essential 

criterion for practical implementation in NICU settings. 

The effectiveness of this technique was demonstrated 

through a comparative analysis of video sequences with 

and without magnification. This advancement not only 

accelerates execution time but also increases the 

robustness of non-contact physiological monitoring 

solutions. 

On the other hand, this study highlights the 

effectiveness of the ROI tile-based selection method in 

monitoring vital signs, demonstrating improved 

adaptability to neonatal movements and potentially 

reducing the need for manual adjustments. The primary 

challenges encountered in this study are outlined as 

follows: 

1. The difficulty of acquiring a sufficiently large 

dataset of infants under UV illumination, compounded by 

their critical health conditions.  

2. The presence of complex medical apparatus 

obstructs the capture of the neonate’s body posture, 

thereby limiting the effectiveness of the monitoring 

system. 

3. The presence of NICU personnel, such as nurses 

and doctors, or items like toys that resemble infants, 

particularly when they are situated on bedsheets, can lead 

to false detection incidents.  

4. The data acquisition process was time-

consuming and required effort, especially given the 

requirement for each neonate to be recorded multiple 

times in their most appropriate posture. UV illumination 

and lighting variability.  

5. One of the significant challenges was ensuring 

accurate performance validation by recording neonatal 

data under both UV and non-UV illumination as the same 

subjects. This challenge necessitated additional work to 

mitigate disparities across channels in the equalized 

phototherapy image to simulate natural lighting 

conditions. 

Table 1 Comparison the proposed system (HRBF) with the previous studies.   

Authors Sensor ROI Technique Region MAE (bpm) PCC, SCC 

Poh et al. [34] Video camera Bounding box Chrominance Face 3 0.98,− 

Wei et al. [35] Video camera Bounding box ICA Face 2.65 0.92,− 

Wang  et al. [36] RBG camera Tile Spatial processing Wrist −,− −,− 

Revanur et al. [37] Video Footage − Video Transformer Face 13 −,− 

Molinaro et al. [38] Digiatl camer − PPG Face 5 −,− 

Cheng et al. [39]  RGB Camera Bounding box EEMD Face − 0.96, − 

Sharma et al. [32]  
Low-cost video 

camera 
Bounding box FFT Face − −,− 

Stockwell et al. [40]  
Forehead-based 

PPG sensor 
Bounding box Reflection mode PPG 

Forehea

d 
8.44 −,0.981 

Al-Naji et al. [41]  Digital camera Bounding box Noise artifact removal Face 2.91 0.97, − 

Khanam et al. [42]  Digital camera 
IImage 

decomposition 
Color based method Face 3.56 0.979,− 

Alnaggar et al. [31]  RGB Camera Tile EVM chest 1.62 −,− 

HRBF 

(Our proposed) 
Nikon D3500 Tile Blue filer, EVM Face 1.12 0.998, 0.982 
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To evaluate the efficacy of our findings from the 

HRBF experiment. We compared them with 11 reliable 

studies using non-contact technology-based monitoring 

methods, as shown in Table 1. The findings indicated that 

the suggested system achieved the lowest average MAE 

of 1.12 bpm and exhibited high PCC and SCC metrics of 

0.997 and 0.982, respectively. The error rate study 

indicates that the proposed blue filter technique 

combined with the proposed tile- based ROI selection 

method significantly enhances the accuracy of HR values 

in comparison to previous studies. The suggested 

technique is appropriate for use in healthcare or indoor 

home monitoring. 

6 Conclusions 

In conclusion, this study introduced a novel non-contact 

neonatal heart rate monitoring for neonates under UV 

illumination, addressing the limitations of traditional 

contact-based monitoring devices. A robust tile-based 

ROI selection method for neonatal cardiac signal 

monitoring was introduced, ensuring accurate heart rate 

calculation despite infant movements and eliminating the 

need for manual bounding box adjustments. A blue filter 

technique combined with the EVM method was utilized 

to enhance the extraction of cardiac signals by mitigating 

interference from UV illumination and amplifying subtle 

temporal skin color variations. Furthermore, a 

specialized neonatal GUI was developed, offering a user-

friendly platform for biomedical engineers to monitor 

vital signs remotely in the neonatal NICU. Experimental 

results demonstrated the system’s efficacy, achieving 

high correlation coefficients (PCC = 0.998) and low error 

rates (MAE = 1.12 bpm) in the HRBF experiment, 

outperforming results from the HRWF experiment 

(PCC = 0.981; MAE = 4.2 bpm). The system’s low cost 

and ease of deployment position it as a viable solution for 

real-time neonatal healthcare monitoring system, 

particularly during transitional epidemics like COVID-

19 and other scenarios requiring reduced physical 

contact. Future work will focus on enhancing system 

reliability by integrating advanced signal processing 

techniques and exploring machine learning approaches to 

optimize ROI selection and improve overall 

performance.  
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Abstract. Diabetic foot ulcers (DFUs) are a severe complication of diabetes 
mellitus, often leading to lower limb or foot amputation due to infections and 
a high recurrence rate. Recent research focuses on early detection of 
underlying conditions that cause skin and tissue damage before visible lesions 
appear by analysing infrared thermograms of the plantar aspect of both feet. 
Most existing studies rely on the publicly available INAOE dataset, which 
includes thermographic images of both healthy and diabetic subjects. 
However, advancements in the field have been supported by the newly 
released STANDUP dataset, which offers a more extensive and diverse 
collection of thermograms. This study utilizes a broader dataset to improve 
DFU classification. Features are extracted from preprocessed input data using 
both statistical methods and deep feature extraction techniques. A novel deep 
learning model, CBGRU-CapNet − combining convolutional layers, 
bidirectional gated recurrent units (BiGRU), and capsule networks − is 
employed for classification. To enhance accuracy and reduce computational 
complexity, the study introduces a fine-tuning approach using the Modified 
Directional Transport Metaheuristic Algorithm (mDTMA). Experimental 
results demonstrate that the proposed model achieves superior predictive 
performance and robustness, making it highly suitable for accurate and 
consistent DFU detection across multiple evaluation metrics. The results 
demonstrate that the proposed model provides superior predictive power and 
robustness, indicating its suitability for tasks requiring high accuracy besides 
consistency across multiple estimation metrics. © 2025 Journal of Biomedical 
Photonics & Engineering. 
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1 Introduction 

Diabetes mellitus (DM) is another name for diabetes. Low 

blood sugar, or hyperglycemia, is the root cause of this 

chronic condition that can cause amputation of lower 

limbs, heart disease, blindness, and renal failure, among 

other devastating complications [1]. Diabetes foot ulcers 

(DFUs), commonly known as sores, are open sores that 

can develop on the foot of a diabetic. More than 

422 million people had diabetes in 2014, up from 108 

million in 1980, according to statistics from around the 

world. Among adults, for example, the total frequency 

increased from 4.7% in 1980 to 8.5% in 2014 [2]. In 

addition, 600 million individuals will have diabetes 

globally by the end of 2035, according to predictions [3]. 

The fact that most of these people are from impoverished 

countries with inadequate healthcare systems and 

generalized ignorance is also important to consider. 

Amputation of the lower limbs may be necessary in 

15–25% of diabetic individuals who develop DFU later in 

the course of the disease if adequate care is not 

accessible [4]. 

Due to insufficient diagnosis and treatment, almost one 

million diabetics with “high-risk feet” lose a limb every 

year [5]. Extra care is required of those with diabetes, who 

must maintain good personal cleanliness, take their 

prescriptions as prescribed, and see their doctors 

frequently for exams [6]. Consequently, the financial 

burden will be particularly heavy for families dealing with 

diabetes, particularly in underdeveloped nations where the 

cost of treatment is approximately 5.7 periods the yearly 

income [7]. The prevalence of diabetes is expected to 

increase, putting an increasing number of entities at risk for 

diabetic foot ulcers [8]. The already-scarce resources and 

expertise will be even more stretched thin as a result of this. 

Inadequate treatment causes almost one million diabetics to 

lose a vital body part every year, such as a foot [9]. 

To get to the correct diagnosis, doctors have to go 

through mountains of medical records. Manual 

diagnostic procedures are more prone to error and can be 

costly, while computer-aided diagnostic techniques have 

the potential to be more efficient and cost-effective [10]. 

Technological advancements in the field of wearable 

health and mobile health have alleviate complications 

associated with diabetes by tracking damaging foot stress 

and inflammation, enhancing patients’ well-being, and 

extending the time it takes for remission to set in 

Ref. [11]. There is an immediate need for a cost-

effective, non-invasive, remotely deployable, and highly 

reliable automated DFU diagnostic method. Deep 

learning (DL), intelligent systems, and the proliferation 

of applications have all contributed to the emergence of 

DFU disease detection as a vibrant and rapidly evolving 

area of research [12]. The DFU test now includes 

numerous important mechanisms for early diagnosis, 

thanks to current clinical practice. A diabetic foot 

specialist or evaluates the patient’s medical history and 

does an evaluation of the DFU. Additional tests, 

including an X-ray, CT scan, or MRI, administered as 

needed. 

Technological advancements in the last several years 

have allowed the biomedical field to make great strides, 

particularly in areas such as the explanation of protein 

structures, the classification of biomedical images, and 

the alignment of genetic sequences [13]. In order to 

comprehend, evaluate, and preserve the growing body of 

biomedical data, dependable and effective computer 

systems are essential. DL-based methods are capable of 

addressing these intricate problems. It is possible to 

efficiently acquire hierarchical DL features from raw 

data using DL techniques, and neural networks in 

particular [14]. Because of this, these algorithms are able 

to decipher complex biomedical data, including its 

representations and linkages. Due to the increased focus 

and investment in DL recently, it has grown and is now 

widely used in many industries. The biomedical industry 

has started to prioritize the use of DL techniques because 

of their ability to assess massive datasets, find patterns 

that are relevant to tasks, and generate predictions. In the 

modern, digital crucial for the diagnosis of numerous 

health issues [15]. 

When it comes to medical imaging, traditional ML 

and DL algorithms succeed by picking and extracting 

features that are more shape, colour, and size sensitive. 

Using ML and DL approaches, DFUs have been 

successfully discovered and detected in previous studies. 

Numerous scholars have looked into these challenging 

difficulties, but thus yet, no practical answers have been 

identified [16]. Unfortunately, a lot of ML and DL 

algorithms are complicated and opaque, so it is hard to 

figure out how the model is making judgments or 

predictions and to spot possible biases or mistakes. 

Medicine, economics, and law enforcement are just a few 

fields where model errors can have far-reaching 

consequences. The difficulty in tuning and generalizing 

black box models to fresh data is further compounded by 

their sensitivity to hyperparameter choice [17]. Another 

problem that can arise with black box models is 

overfitting, which can cause them to perform poorly 

when tested with new data. Despite black box models’ 

success in many domains, their opaqueness and lack of 

interpretability raise serious concerns.  

If possible, ML and DL models should be able to 

estimate the severity of the lesion and categorize people 

at risk of emerging ulcers using a single thermogram that 

includes the plantar feet. Thorough data interpretation is 

of the utmost importance in the healthcare setting. While 

numerous indicators have been suggested for use in 

thermography-based foot disease identification, it is 

difficult to ascertain which ones are most indicative of 

DFUs [18]. It could be difficult to understand data when 

there are a lot of features. Experts’ differing 

interpretations of the data can cause more variation in 

clinical decision-making due to discrepancies in illness 

diagnoses. Consequently, in order to improve the overall 

cost-performance for classification and decrease decision 

variability and data misinterpretation, it is necessary to 

develop a subset of significant variables for 

thermography-based foot disorder detection [19]. 

Because lowering the amount of features can memory 
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resources, classifiers with improved cost-performance 

ratios are attained by using a subset of features containing 

relevant information [20]. This appropriate subset of 

characteristics cannot be established due to the 

imbalanced datasets cases and the absence of consistency 

among thermograms. 

To find out what properties are important for early 

DFU detection, ML and DL models have been 

investigated. The research primarily used the INAOE 

dataset, which is comprised of thermograms showing the 

plantar aspect of both feet, and was the only publicly 

available dataset, with a few exceptions. Just recently, a 

comparable dataset called STANDUP was made public. 

It offers ways to improve upon the existing state of the 

art by just adding more samples to train the ML and DL 

representations. Additionally, the supplementary dataset 

allows for the assessment of the set of state-of-the-art 

features’ generalizability, which was previously 

determined using classical and DL methods. 

How the residue of the paper is structured is as 

shadows: In Section 2, the relevant literature is reviewed; 

in Section 3, the suggested classical is fleetingly 

described; in Section 4, results are analysed; and in 

Section 5, conclusion is drawn.  

2 Related Works 

The research was carried out by Özgür et al. [21] from 

November 2023 to February 2024. The information was 

gathered from three Turkish hospitals’ endocrinology and 

metabolic diseases departments. Data was collected using 

an identification form besides the Foot Care Scale. The 

significance of the variables was predicted using gradient 

boosting methods. The research included XGBoost, 

LightGBM, and Random Forest as its machine learning 

methods. Patients whose scores were either higher than the 

mean FCS-OD score or lower than it was predicted using 

the procedures. The best result was achieved by XGBoost, 

with an area under the curve (AUC) of 0.7469. In all of the 

models, gender (0.0038), perceived health condition 

(0.0218), and treatment regimen (0.0027) were the most 

common components. The best area under the curve 

(AUC) model, XGBoost, also found that income level 

(0.0055) and A1c (0.0020) were predictors of score. 

The goal of the study by Chen et al. [22] was to find 

potential treatment targets by detecting genes associated 

with macrophages in DFU. This work utilised datasets 

from the gene RNA-seq datasets linked to DFU. 

Macrophage subpopulation distribution in the DFU was 

shown by analysis of the given single-cell data. For 

additional bioinformatics analysis, four separate RNA-

seq datasets were combined into a single DFU cohort. 

Diverse machine learning techniques for biomarker 

identification, enrichment analysis, and differential 

expression (DEG) analysis were all a part of it. Western 

transcription-quantitative polymerase chain reaction 

(RT-qPCR) were used to authorize the important 

findings. Lastly, western blotting and RT-qPCR were 

used to confirm the results. Using single-cell analysis, to 

were able to recover 802 genes associated with 

macrophages. There were 743 differentially expressed 

genes (DEGs) found following the study of expression. 

Through the process of cross-analysis, 37 differentially 

expressed genes (DEGs) related with macrophages were 

discovered. Four machine learning techniques were used 

to screen and cross-analyse 37 junctions. Lastly, 

HMOX1 was recognised as a biomarker that could be 

very useful. Several metabolic pathways, including the 

insulin signalling system, were substantially connected 

with HMOX1. In DFU samples, HMOX1 was shown to 

be considerably overexpressed. Finally, this study’s 

analytical results showed that HMOX1 is a macrophage-

associated biomarker in DFU that could be useful. Our 

work sheds light on how macrophages contribute to this 

condition and could lead to more effective targeted 

treatments for diffuse focal ulceration (DFU). 

Using machine learning, Hong et al. [23] assessed the 

likelihood of diabetic foot ulcers (DFUs) returning in 

older diabetic patients with the goal of improving DFU 

prevention and care. The objective is to develop reliable 

models that can predict the likelihood of DFU recurrence 

in older diabetic patients by taking into account risk 

factors such age, blood sugar control, alcohol intake, and 

smoking. Machine learning models were built using data 

obtained from 138 older diabetic patients following data 

cleansing, screening for outliers, and feature integration. 

A 93% success rate was achieved using Support Vector 

Machine (SVM). The experimental consequences 

demonstration that SVM is a good tool for forecasting the 

probability of DFU recurrence in older diabetic patients, 

giving doctors a better gauge to work with. This research 

shows that machine learning is very useful for forecasting 

the likelihood of recurrence of foot ulcers in older 

diabetes patients, which is crucial for their management. 

This strategy utilises computer-assisted medical 

procedures to control diabetes in the elderly in a way that 

allows for timely intervention, which in turn reduces the 

likelihood of patient recurrence. 

In their study on semantic segmentation of 

photographs of diabetic foot ulcers (DFUs), Saeedi et 

al. [24] looked at how the U-Net model was applied inside 

a federated learning framework. Training in both a 

centralised and a federated learning environment is the 

goal, with a set of randomly generated U-Net model 

parameters serving as the basis. We will use an open-

source dataset of diabetic foot ulcers supplied by Medetec 

because medical photos are quite sensitive. There is no 

longer any need to centralise raw data thanks to federated 

learning, which allows us to decentralise our approach to 

machine learning. One of the methods utilised is to 

compare and contrast centralised and federated machine 

learning systems through simulations. According to the 

findings, federated learning in conjunction with the U-Net 

architecture can obtain a noteworthy dice score of 0.9, 

which is comparable to the performance of centralised 

models, while also eliminating the need for centralised 

data collection. Attaining a balance between privacy issues 

and analytical accuracy, this conclusion highlights the 

potential of federated learning to improve detection 

approaches for DFUs. The federated learning codebases 

provided by this study allow interested researchers to 
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replicate and build upon the findings, making a significant 

contribution to the biomedical imaging field. On GitHub, 

you can find the source code. 

Verma [25] has used a deep learning model to analyse 

thermal photographs of the foot in diabetic patients in 

order to diagnose foot ulcers. The model’s efficacy was 

estimated by comparing it to previous research. The 

study utilised thermal pictures that are available for free 

online. There are two categories of diabetic foot photos 

in the dataset: normal and pathological. Out of a total of 

1055 photographs in the collection, 543 depict the 

patient’s normal foot and the remaining images show the 

patient’s aberrant foot. After the study’s dataset was pre-

processed using watershed segmentation and clever edge 

detection, it was transformed into a new dataset. The pre-

processed dataset was subsequently enhanced and 

balanced by data augmentation. Following this, learning 

model was utilised for prediction purposes in order to 

diagnose foot ulcers. The pre-processed dataset, 

improved by clever edge detection and segmentation, can 

lower computing cost and improve model performance 

for accurate predictions. Both the original datasets were 

used to evaluate our proposed model, which utilised 

EfficientNetB0. The pre- dataset had edge detection and 

segmentation applied to it. Impressively, ResNet50 

achieved 89% and 89.1% accuracy for the two datasets, 

correspondingly, whereas EfficientNetB0 outperformed 

with 96.1% and 99.4% accuracy, respectively. The 

results were incredibly encouraging. 

Wu et al. [26] proposed a developed YOLOv5-based 

model for vascular stenosis small target detection. 

Different types were identified by using GhostC3 and 

tested on the publicly available dataset for detection of 

diabetic feet. 

Using hybrid deep learning models, Chee et al. [27] 

have studied the use of gait diabetes detection. Hybrid 

data, like ECG data and the Pima Database, are used in 

current research. This study uses a hybrid deep layers 

make up the suggested CNN-LSTM model. CNN-LSTM 

can learn patterns for classification and extract 

significant features by merging the two models that are 

used to compare the CNN-LSTM model’s performance 

to that of the CNN and LSTM models. The accuracy of 

CNN-LSTM is 91.25%, which is higher than that of 

current techniques. Therefore, this study shows that non-

invasive diabetes detection methods have the potential to 

displace more conventional invasive approaches. Future 

research could examine muscle activation and forces in 

conjunction with gait acceleration to enhance the model’s 

ability to detect diabetes. 

The objective of Castillo-Morquecho et al. [28] is to 

use thermography to examine the foot sole investigate 

any relationships with clinical variables. A machine 

learning method was also created for classification. There 

were twenty-seven age- and sex-matched controls and 

twenty-three diabetic patients. The plantar foot surface’s 

thermograms were obtained and divided into areas of 

interest. Using predetermined regions of interest, the 

mean foot temperature and temperature change index 

were computed. Glycated haemoglobin, body mass 

index, and temperature measurements were all 

correlation analysis. Principal component investigation 

and support vector machines were used in a two-layered 

cross-validation model for classification. Mean foot 

temperature was found to have significant positive 

correlations with both body mass index (ρ = 0.35, 

p = 0.013) and glycated haemoglobin (ρ = 0.44, 

p = 0.0015). There were no discernible relationships 

among the temperature change index and clinical 

variables. Based on thermal data, the machine learning 

model classified the diabetic and control groups with a 

moderate sensitivity (78.3%) and high overall accuracy 

(90%) and specificity (100%). 

The main goal of Agrawal et al. [29] is to use insoles 

with wireless plantar pressure sensors to identify and 

categorise diabetic feet from healthy ones using dynamic 

plantar pressure. Comparing machine learning (ML) and 

statistical-based classification techniques is the 

secondary goal. In line with earlier studies, data from 

150 participants who wore the insoles while walking 

showed that diabetic feet have higher plantar pressure 

than healthy feet. With an accuracy of 0.85, the Adaptive 

Boosting (AdaBoost) machine learning model 

outperformed the statistical approach, which had an 

accuracy of 0.67. These results imply that plantar 

pressure features can be used to efficiently classify 

diabetic and healthy feet when paired with machine 

learning models and insoles with built-in pressure 

sensors. Future studies will concentrate on classifying 

different stages of diabetic neuropathy using these 

insoles and machine learning, with the goal of predicting 

foot ulcers early in the home environment. 

Using bioinformatics and machine learning analysis, 

Shi et al. [30] seek to find and validate putative 

biomarkers of Gln metabolism linked to DFU. Two 

microarray datasets were obtained from the Gene 

Expression Omnibus (GEO) database to identify the 

related genes. To examine the relationship between 

immune cell infiltration status and deGlnMRGs, the 

connections were investigated. Notably, WGCNA can be 

used to pinpoint genes that are differentially expressed 

(DEGs) within particular clusters. The best machine 

learning model was then created and vetted. 

Additionally, two clusters were found in DFU. Immune 

heterogeneity was found in these two clusters, according 

to immunological infiltration analysis. 

In improve the accuracy of diagnosing Diabetic Foot 

Ulcers, El-Kady et al. [31] has concentrated heavily on 

medical image analysis. The hybrid models were 

evaluated by using the publicly available dataset. Notable 

results were obtained; the ResNet50 scored 0.75 on the F1-

score and averaged 0.76 on accuracy and precision. With 

an F1-score of 0.84, a regular accuracy of 0.84, besides 

precision of 0.85, the hybrid model outperformed these 

measures. More accurate and efficient DFU identification 

in clinical settings may be possible thanks to this study, 

which adds to the growing in medical image processing. 

The diagnostic accuracy was gradually increased due to 

the implementation of hybrid proposed model.   
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Building a convolutional neural network to categorise 

thermal imageries of the feet as “normal” or “diabetic” 

has been the primary focus of Sulayman et al. [32]. The 

authors have performed multiple experiments on various 

parameters, including optimisers, activation functions, 

and transfer learning base models, in an effort to increase 

the model’s accuracy. This work uses the TensorFlow 

library, and the Keras package for scripting the code. 

Matplotlib and Excel are used to simulate the 

experiments and plot the results as training and validation 

accuracy and loss graphs. For the sake of comparison, 

only one parameter is varied in each experiment; all other 

parameters stay the same. So that the findings are solely 

impacted by the optimiser change, other parameters are 

kept constant for all trials in an experiment to find an 

effective optimiser, and the same process is used for all 

the other experiments. The built convolutional neural 

network makes advantage of transfer learning to enhance 

training efficiency and speed while compensating for the 

short dataset. A comparison is provided between ResNet-

50, EffecientNetB3, and VGG16, three of the top transfer 

learning models. Adam and SGD were evaluated in terms 

of optimisers. The sigmoid function and the ReLU 

activation function were compared. The prevailing belief 

was that the optimal outcome could be achieved by 

integrating the most effective parameters from each 

experiment. With a validation accuracy of 90.5%, it was 

clearly an improvement above previous results. 

Afterwards, an accuracy of 86.7% was achieved when the 

prototypical was pictures that were not included in the 

training dataset. 

Illuminate®, a point-of-care platform developed by 

Sridhar et al. [33], combines autofluorescence intensity 

imaging with deep learning in less than 2 min. The 

DenseNet with UNet model was used to detect the gram-

type DFU model. 

The purpose of the study by Cakir et al. [34] is to 

assess how well a DL algorithm can distinguish between 

bone marrow signals from osteomyelitis. The study’s 

local ethics committee gave their assent to the 

retrospective design. Partitioning the 148 patients into 

their respective T1- and T2-weighted images yielded 679 

labelled regions 714 labelled regions (160 CNO, 272 

OM, and 282 TR), respectively. For T1-weighted images, 

the ResNet-50 accuracy values were calculated to be 

96.2% and 97.1%, correspondingly. Also, for T2-

weighted images, the ResNet-50 achieved an accuracy of 

95.6% and the EfficientNet-b0 96.8%. In addition, 

ResNet-50 has a sensitivity of 91.1% for CNO, 92.4% for 

OM, and 96.6% for TR, as reported by BCC. 

EfficientNet-b0, on the other hand, has a sensitivity of 

93.2% for T1, 97.6% for OM, and 98.1% for TR. For TR, 

ResNet-50 achieves specificity scores of 98.1%, 97.9%, 

and 94.7% in T1-weighted pictures, and 98.6%, 97.5%, 

weighted images, respectively. In a similar vein, 

EfficientNet-specificity b0’s for T1-weighted pictures 

are 99.1%, 98.5%, and 98.7%, while for T2-weighted 

images it is 98.7%, 98.7%, and 98.4%. Deep learning 

techniques accurately distinguish CNO, OM, and TR in 

diabetic feet without invasive procedures. 

By combining state-of-the-art technology with 

traditional algorithms, smart sensors linked to an Internet 

of Things infrastructure and a Raspberry Pi, Murugan and 

Mohankumar [35] suggest a method for early diagnosis of 

diabetic complications. It greatly enhances the treatment 

that is given to people with diabetes. An example of real-

time data is the utilisation of a Convolutional Neural 

Network (CNN) model to interpret things like heel 

pressure, temperatures, and mobility habits. By 

distinguishing between normal foot health and the first 

signs of chronic difficulties, the CNN allows for remote 

monitoring and rapid treatments to lessen the likelihood of 

diabetes’s complications. Individuals are able to take 

charge of their health thanks to a user-friendly interface 

and the rapid notifications provided by a cloud-based 

infrastructure. The application of this novel tactic signifies 

an important advancement in the management of foot 

complications associated with diabetes. It provides a 

preventative measure to guarantee patients’ health and 

welfare and enhance systemic management. The system’s 

potential to revolutionise diabetes treatment methods is 

demonstrated by how easily it can be integrated into daily 

life. This paves the way for a thorough and effective 

method of reducing diabetic foot complications. 

3 Materials Besides Methods 

A state-of-the-art set of features may be extracted 

thermograms using the deep learning methodology 

presented in this study. The feature extraction process 

took into account three input datasets that were created 

by combining separate datasets. Using both traditional 

and deep learning methods, the study extract a subset of 

features from the input datasets. The CBGRU-CapNet 

classifier was fed a subset of features that were common 

to all the methods used. The study work employs the 

mDTMA to fine-tune the CBGRU-CapNet settings. Each 

set of retrieved characteristics from the STANDUP 

besides expanded databases was evaluated and compared 

using the suggested classifier as a reference. 

Furthermore, features that were more relevant and robust 

were retrieved in this work and compared to features that 

were extracted using only the INAOE dataset. In this 

section, brief clarification of projected model for DFU is 

mentioned in Fig. 1 and each of its block is explained in 

detailed.  

 
Fig. 1 Workflow of the research model. 



Ashok Babu Ane et al.: Optimized Classification with CBGRU-CapNet on... doi: 10.18287/JBPE25.11.010306 

J of Biomedical Photonics & Eng 11(1) 2025   30 Mar 2025 © J-BPE 010306-6 

3.1 Datasets Description 

Throughout this work, infrared (IR) photos captured at 

various locations and with various sensors are used as 

part of the datasets. For every dataset, you can also find 

RGB versions of the same scene. The sole of the foot can 

be more easily separated from its surroundings with the 

help of these photos. Also, a different demographic 

sample was used to launch the matching acquisition 

campaigns at different times. You may find more 

information on the infrared acquisition procedure used 

for the INAOE, STANDUP, and local datasets 

elsewhere. 

3.1.1 STANDUP Dataset 

For DFU finding using infrared thermography, the 

STANDUP dataset was created and released in June 

2023 [36]. Among the 227 participants in the study, 145 

had diabetes and 82 were considered to be in good health. 

After 10 min of resting in a position to achieve 

thermodynamic equilibrium, photographs were taken at 

T0 for each participant. Then, after a cold stress test, 

photographs were taken at T10. R0 was for people 

without neuropathy or ischaemia; R1 was for people with 

neuropathy but no ischaemia; and R2 was for people with 

ischaemia in the diabetic group. This study did not 

differentiate between diabetic and healthy patients when 

determining pathology grades; all subjects were included 

for classification. In addition, T0 photos are the main 

focus of the analysis, which allows for useful 

comparisons with other INAOE and local. In other 

words, thermograms from people who were cold-stress 

tested were not taken into account. As a consequence, 

145 individuals with diabetes and 38 healthy controls 

were removed from STANDUP dataset. Take note that 

this dataset is severely skewed towards cases of diabetes, 

just like the INAOE dataset. 

3.1.2 INAOE Dataset 

Among the 167 volunteers included in the INAOE 

thermogram dataset, which was made public in 

December 2019, 122 had diabetes and 45 did not [37]. 

The INAOE dataset has an imbalance in the number of 

cases with diabetes. It was initially planned to use this 

dataset to compare the distribution of plantar area 

temperatures in participants with and without diabetes. 

Nonetheless, thermograms have found extensive 

application in the early diagnosis of DFU. 

3.1.3 Local Dataset 

This effort is associated with the public release of the 

local dataset, which was acquired in 2021 [38–39]. The 

dataset includes samples taken from 22 healthy unpaid 

helpers at four separate time points; however, metaphors 

from the 15-min resting site before acquisition were used. 

This dataset was combined INAOE dataset to create a 

larger dataset that aims to make up for the INAOE 

dataset’s bias towards diabetes cases. 

3.2 Pre-Processing 

In order to recover the accuracy of the classification, it is 

necessary to clean the input data before processing it. 

3.2.1 Image Labeling Approach 

On the other hand, a large quantity of labelled data is 

necessary for a deep learning model to perform 

optimally, particularly one that is CNN-based. However, 

it can be time-consuming and expensive to acquire a 

mountain of medical data. Consequently, methods such 

as regularisation, data picture labelling can be utilised to 

improve the performance of DL models and address 

overfitting. This problem is solved by expanding the 

dataset using a patch labelling strategy. This method of 

sample labelling involves selecting large portions of a 

sample, cropping them, and then assigning the 

appropriate class to the cropped samples. Initially, to 

extract the Region of Interest (ROI) from the samples, the 

research work uses the 224-pixel-wide and 224-pixel-

high windows value. Classification of the patches into 

ulcer or healthy categories is based on the areas that 

encompass both ulcer skin and normal skin. Instead of 

focussing on the full sample, the DFU_ XAI framework 

labelled areas that were relevant (i.e., areas connected to 

ulcers) within bigger samples. This allowed the DL 

models to be more efficient. We used this method to 

extract relevant DL data for classification. Overfitting 

can be mitigated in part by training DL models with 

relevant DL data, which decreases computational load 

and memory allocations. 

3.2.2 Data Augmentation 

Data augmentation approaches are utilised to augment 

data in order to make it more varied and larger. These 

methods include random scaling besides rotation, besides 

contrast enhancement using new colour spaces. We used 

the rotation method in our research, which involves 

spinning each of the input skin patches through two 

different angles of 90° and 180°. The “train_test_split” 

function makes short work of dividing the DFU datasets 

into a “train” set consisting of 80% of the data besides a 

“test” set containing of 20%. This method is imported 

using the “sklearn.model_selection” package in Python. 

Ten percent of the training set’s data is separated once 

more for validation using the same splitting procedure. 

3.3 Features Extraction 

This subsection outlines the two distinct feature 

extraction methodologies that to compare: the statistical 

method and the deep features-based method. 

3.3.1 Statistical Features Extraction 

Extracting features from raw data using various statistical 

procedures is what statistical features extraction is all 

about. Following a method that is commonly used in 

literature, we calculated 9 statistical indicators for each 

variable and time window: median, standard deviation, 
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skewness, kurtosis, quartile. In order to facilitate the ML 

algorithm’s eventual discovery of patterns in the data, the 

acquired values are then normalised so that all of the 

values are on the same scale. Ultimately, we obtained a 

matrix in ℝ𝑁×9×𝑉, where V is the sum of variables and 

N is the number of time windows. 

3.3.2 Convolutional Neural Network 

One category of neural network developed to detect input 

spatial patterns is the CNN [40]. It is based on the 

principle of weight sharing, wherein a single weight is 

utilised by multiple neurones in a layer. Hence, a layer’s 

output, also known as the feature map, can be determined 

by taking the layer’s convolutional product with a 

specific matrix, also known as a convolutional filter. For 

this reason, the feature m in the formula for a 1D-CNN 

with a single filter is mentioned as 𝑀 ∈ ℝK  can be 

written as linear elements in the input layer 𝐼 = {𝐼𝑗,ℎ} ∈

ℝ𝑁×𝐻 weighted by the filters 𝑊 = {𝑊} ∈ ℝ𝐿: 

𝑀𝑘 = 𝑓(∑ ∑ 𝑊𝑙𝑙(𝑘−1)∗𝑠+𝑙,ℎ
𝐻
ℎ=1

𝐿
𝑙=1 ), (1) 

where s is the stride of the convolution and the dimension 

of the feature map, K is equaled to [
𝑁+1−𝐿

𝑠
]. 

The transposed convolutional layer, also called the 

deconvolutional layer, is another variety of convolutional 

layer. For the convolutional layer, it is a common way to 

go back to the input’s original dimensions while still 

keeping the spatial relationships between data intact. The 

feature map is thus derived from the aforementioned 

formulation. 𝑀 ∈ ℝ𝐾  has the dimension equal to 

𝐾 = 𝑁 + (𝐿 − 1) ∗ 𝑠. 

3.3.3 AutoEncoder 

Reducing the feature space’s dimensionality is the goal 

of an AutoEncoder (AE) neural network. Projecting the 

raw data into a subset called latent space allows us to 

complete this task. By filtering out irrelevant data and 

background noise, the projection is engineered to retain 

key details. 

The encoder and decoder are the two main parts of an 

AE. The first one maps the inputs onto the latent space, 

and the second one uses the encoded input to rebuild the 

features. The decoder is required to train the complete 

AE, even if our aim only requires the encoder. By using 

the l2 norm of reconstruction provided by the AE as a 

loss function, the network is trained to extract a 

meaningful latent space. 

The AE is built using the CNN in our application. 

Specifically, there are layers in the encoder and two 

deconvolutional layers in the decoder. To get a latent 

space with dimensions comparable to the statistical 

method, the kernel size and stride of the encoder layers 

are selected. On the flip side, deconvolutional layer 

hyperparameters are selected with the goal of achieving 

Decoder symmetry with respect to the Encoder.  

The AE is built using the CNN in our application. 

Specifically, there are two convolutional layers in the 

encoder and two deconvolutional layers in the Decoder. 

The goal of selecting the encoder layers’ kernel sizes and 

strides is twofold: first, to achieve a latent space with 

dimensions comparable to those of the statistical method; 

and second, to maintain a smooth dimensionality drop 

between them. Deconvolutional layered feature maps, on 

the other hand, are created with an effort to maintain 

encoder-decoder symmetry. For activation function, the 

study uses the ReLU. Other options, like sigmoid and 

tanh, have also been investigated. But they do not seem 

to boost ReLU’s performance much at first look, so to 

stick with this activation function.  

3.4 Classification Using CBGRU-CapNet 

In this work, the CBGRU-CapNet is used to detect the 

DFU from the extracted statistical and deep features from 

CNN-AE. The multi-layered architecture of the model is 

examined in the following subsections. 

3.4.1 Convolutional Layer 

Three convolutional layers − conv1, conv2, and conv3 − 

in a convolutional neural network (CNN) are used by the 

model to extract regional patterns input data. These 

layers use kernel sizes of 2, 3, and 4, sliding filters over 

token embeddings to create feature maps. These maps 

capture interactions among neighboring tokens, 

extracting spatial, and temporal highlights associated 

with DFU. With 128 channels of varying sizes, the 

convolutional layers perform operations and derive a 

feature sequence fs from the input data. This sequence 

undergoes maximum pooling and concatenation, 

ultimately contributing to the subsequent layer’s final 

feature vector. 

𝑓𝑛 = 𝑓(𝑤𝑡𝑥𝑡 + 𝑏). (2) 

3.4.2 BIGRU Layer 

A bidirectional Gated Recurrent Unit (BiGRU), a 

specific kind of recurrent patterns and relationships 

within the data, is used in this layer. The GRU’s 

bidirectional capability allows it to analyse input 

sequences both forward and backward, at the same time 

collecting data from the past and the future. In the BiGRU 

setup, a forward GRU processes succeeding sequences 

(f1 to f128), while a backward GRU handles preceding 

sequences (f128 to f1). 

The combination of CNN and BiGRU in a proposed 

architecture is a key to boosting accuracy. The 

integration of CNN and BiGRU not only ensures the 

extraction of features but also finds unique trends and 

patterns in the contextual features of the various ROI of 

three datasets. Hence, the above-discussed combination 

provides extraordinary mapping between the input 

images and extracted features in the DFU detection 

process. 

𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝐻𝑖𝑑𝑑𝑒𝑛𝑆𝑡𝑎𝑡𝑒(ℎ𝑓) = 𝐺𝑈𝑅(𝐿𝑓𝑠), 𝑛 ∈ [1,128], (3) 
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𝐵𝑎𝑐𝑘𝑤𝑎𝑟𝑑𝐻𝑖𝑑𝑑𝑒𝑛𝑆𝑡𝑎𝑡𝑒(ℎ𝑏) = 𝐺𝑈𝑅(𝐿𝑓𝑠), 𝑛 ∈ [128,1], (4) 

𝑇𝑜𝑡𝑎𝑙𝐻𝑖𝑑𝑑𝑒𝑛𝑆𝑡𝑎𝑡𝑒(ℎ𝑡)  =  [ℎ𝑓 , ℎ𝑏]. (5) 

3.4.3 GRU Cell 

The cell is equipped with gate (𝑖𝑡), the forget gate (𝑓𝑡), 

and the output gate (𝑜𝑡). These gates serve the purpose of 

preserving and modifying information related to the data 

preceding time t. The cell states and updating the 

parameters is governed by Eq. (6) to Eq. (7). 

The Gated Recurrent Unit (GRU) is a particular kind 

of cell created to detect long-range relationships in 

sequential input while minimising vanishing gradient 

issues. It is made up of a candidate activation (ℎ̃𝑡) that 

computes the intermediary hidden state, an update gate 

(𝑧𝑡), and a reset gate (𝑟𝑡), which manage the movement 

of information, and the last hidden state to be computed 

(ℎ𝑡), which acts as the cell’s output. The equations for the 

GRU cell are as shadows: 

(𝑢𝑝𝑑𝑎𝑡𝑒𝑔𝑎𝑡𝑒)𝑧𝑡 = 𝜎(𝑊𝑧 · [ℎ𝑡−1, 𝑥𝑡]), (6) 

(𝑅𝑒𝑠𝑒𝑡𝑔𝑎𝑡𝑒)𝑟𝑡 = 𝜎(𝑊𝑟 · [ℎ𝑡−1, 𝑥𝑡]), (7) 

ℎ̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊ℎ · [𝑟𝑡 · ℎ𝑡−1, 𝑥𝑡]), (8) 

(𝑛𝑒𝑤ℎ𝑖𝑑𝑑𝑒𝑛𝑠𝑡𝑎𝑡𝑒)ℎ𝑡 = (1 − 𝑧𝑡) · ℎ𝑡−1 + 𝑧𝑡 · ℎ̃𝑡. (9) 

Here, 𝜎 stands for the sigmoid activation function, 𝑡𝑎𝑛ℎ 

for the hyperbolic tangent activation function, 𝑊𝑧 , 𝑊𝑟 , 

and 𝑊ℎ  respectively, for weight matrices, ℎ𝑡−1  for the 

prior hidden state, and 𝑥𝑡 for the input at time step t. The 

update gate 𝑧𝑡  regulates how much of the preceding 

hidden state and candidate activation are combined to 

create the new hidden state ℎ𝑡 , while the reset gate 𝑟𝑡 

regulates which portions of the previous hidden state are 

disregarded when calculating the candidate activation. 

To capture context-rich sequences in both directions 

(forward as well as backward), the model applies a 

BiGRU layer to the result of the convolutional layer. The 

outputs of the BiGRU for forward and backward 

directions are represented by Eqs. (3) and (4), 

respectively. The contextual representation of the input 

text is combined with information from both directions 

in the BiGRU output. This representation based on 

BiGRU combines the forward (ℎ𝑓) and backward (ℎ𝑏) 

hidden states, aligning them to reconstruct 

comprehensive, contextually-informed sequences. 

Eq. (5) ultimately expresses the combined contextual 

sequence as the final hidden state ℎ𝑡 , which is then 

passed to the capsule network layer. 

3.4.4 Capsule Layer 

Furthermore, the precision of DFU detection is 

ameliorated by using the capsule layer. Traditional CNNs 

lack distinct feature extraction and lose essential 

information due to pooling methods. Capsule networks 

address this by capturing linguistically supplemented 

features that consider order and local context. They excel 

in tasks like classification and retrieval, outperforming 

CNNs. Capsules comprise smaller capsules and use 

vectors to convey classification likelihood and aspect 

orientation, resulting in more efficient representation. 

Unlike CNNs, capsules generate vectors instead of 

scalars, and the dynamic routing algorithm adjusts 

weights, enhancing feature extraction. 

The Capsule Network (CapsNet) is handling 

hierarchical relationships and spatial hierarchies in data. 

Capsules are a fundamental building block in CapsNets, 

and they aim to represent specific patterns or entities in a 

more robust manner. The key equations for Capsules and 

routing by-agreement are given. Capsule 𝐶i in layer l is 

defined as a vector 𝑠𝑖  representing the instantiation 

parameters of an entity, such as the pose (position, 

orientation, etc.). In order to guarantee that the length of 

𝑠𝑖  is from 0 to 1, it also includes a squash function 

connected to it. 

𝑠𝑖 = 𝑊𝑖 . 𝑥𝑖, (10) 

𝑣𝑖 = 𝑠𝑞𝑢𝑎𝑠ℎ(𝑠𝑖). (11) 

Routing-by-Agreement (Dynamic Routing). 
Information is sent from capsules to higher-level 

capsules via dynamic routing to guarantee agreement 

among each capsule on the presence of entities. 

𝑐𝑖𝑗 =
exp (𝑏𝑖𝑗)

∑ exp (𝑏𝑖𝑘)𝑘
(𝑆𝑜𝑓𝑡𝑚𝑎𝑥 𝑡𝑜 𝑐𝑜𝑚𝑝𝑢𝑡𝑒 𝑟𝑜𝑢𝑡𝑖𝑛𝑔 𝑤𝑒𝑖𝑔ℎ𝑡𝑠), (12) 

𝑠𝑗 = ∑ 𝑐𝑖𝑗 . 𝑢𝑗|𝑖𝑖 (𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑠𝑢𝑚 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠), (13) 

𝑣𝑗 = 𝑠𝑞𝑢𝑎𝑠ℎ(𝑠𝑗) (𝑆𝑞𝑢𝑎𝑠ℎ 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛), (14) 

where 𝐶𝑖 represents a capsule in the lower layer, 𝑣𝑖 is the 

output of that capsule, 𝑊𝑖 represents the weight matrix, 

𝑥𝑖 is the input to the capsule, 𝑐𝑖𝑗  are the routing weights, 

𝑏𝑖𝑗  are the log prior probabilities, 𝑢𝑗|𝑖  is the prediction 

vector from capsule i to capsule j, 𝑣𝑗 is the output of the 

higher-level capsule. 

CapsNets are designed to hierarchical dealings by 

routing information between capsules and have shown 

promise in various tasks, especially in vision. 

Our model utilizes capsules to improve DFU 

classification. As a result, the final hidden state, denoting 

the output from the BiGRU layer, is transmitted to the 

capsule network layer. Dynamic routing is used for 

building coupling coefficients 𝑐𝑖𝑗 , which enables the 

model to ignore trivial terms in the input data. The 

importance of DFU-related characteristics is correlated 

with the coupling coefficient 𝑐𝑖𝑗 ; larger values denote 

more significant features, which capture crucial semantic 

representations of ROI in several directions. The 

coupling coefficient 𝑐𝑖𝑗  is computed using the Softmax 

function, and the output of the capsule, 𝑠𝑗, is obtained by 

adding up all of the prediction vectors.  
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3.4.5 Dense and Output Layers 

The connected layer receives the output vector, vj, from 

capsule network. Finally, using the sigmoid function on 

the dense layer output, the output layer classifies DFU. 

The proposed CBGRU-CapNet model utilizes a binary 

cross-entropy loss function. 

3.5 Fine-Tuning of CBGRU-CapNet Using 

mDTMA 

Here, a metaheuristic manifold algorithm [41] is used to 

fine-tune the CBGRU-CapNet parameters. Its 

architecture is comparable to the classic metaheuristic 

approach on Euclidean space, but its implementation of 

operations is different. Each operation must be performed 

in this implementation to maintain the individual’s 

position on the manifolds. To be more precise, mDTMA, 

the anticipated algorithm, begins with a randomly 

generated population, with each person drawn from the 

manifold’s points. The next step is to optimise the 

population towards better locations using a unique 

manifold version of the update and selection technique. 

This can be done by selecting individuals with superior 

fitness values for a goal, which is a real-valued function. 

Throughout the process, the population stays on the 

manifold, ensuring that workable answers will be found. 

In an effort to make the proposed algorithm more 

accessible, we have tried to name it after well-known 

operations from classic metaheuristic algorithms, like 

selection; however, these operations have been modified 

or improved to meet the needs of manifolds. 

Optimisation issues involving real-valued functions 

on matrix manifolds are taken into account in this study. 

Each element of the solution set can be naturally 

characterized in matrix arrays, since the set is located on 

a matrix manifold. This allows for the progress of 

differential geometry through the formulation and control 

of matrix algebra. Positive definite simplex manifolds, 

Grassman manifolds, oblique spaces, product manifolds 

(rotation with Euclidean space), sphere manifolds, and 

matrices manifolds are among the manifolds to which our 

approaches are applied. 

3.5.1 Main Framework of mDTMA 

Initialising the population, selecting the tournament, 

crossing, mutation of polynomials, directional retraction 

are the fundamental steps of mDTMA. Directional are 

valuable because they facilitate mutation and crossover 

processes. 

Let us consider a real valued function 𝑓 ∶ ℳ →  𝑅, in 

which a submanifold 𝑅𝑛×𝑝  is embedded, which is 

explicit limit set in 𝑅𝑛×𝑝. For instance, Stiefel manifold 

𝑆𝑡(𝑝, 𝑛)  is a collection of submanifold of 𝑅𝑛×𝑝 . In 

particular, when 𝑝 =  1, it sphere; when 𝑝 =  𝑛 , it is 

orthogonal matrices 𝑂(𝑛). 

Let us represent 𝒫𝑡 ∈ ℳ as size of 𝑁 population for 

𝑡 group, ℳ as manifold, and 𝒫0 as the initial population, 

where 𝒫0is defined as 𝒫0 =  {𝑥1
0, 𝑥2

0, … , 𝑥𝑁
0 }, each agent 

(chromosome) 𝑥𝑛
0  appears as 𝑥𝑛

0 →  {𝑅𝑎×𝑏 , … , 𝑅𝑐×𝑑}𝑘 

and 𝑘  denotes the element and the issue definition 

determines the sum of matrices (or solution components) 

in each agent. 

The mDTMA procedure starts populace 𝒫0 , where 

each agent is located on the manifold M. Initially, we 

used tournament selection to return the indices of 𝑁 

solutions by 2-tournament preference (random list of 

candidates) based on their fitness values. The contender 

with the lowest fitness score 𝑓(𝑥)  will be designated 

selection. When compared to the conventional crossover, 

in which the offspring are not given any parental figures, 

this crossover is unique. The two parents only partially 

operate in this stage; the remaining work is done by the 

retraction step, which to call pre-crossover. In order to 

increase the variety of targets and their exploitability, 

mutation is a necessary step. Two goals from the previous 

two steps will typically depart from the manifold in the 

case that the provided M is not linear, according to 

directional transport. The directed transport operator 

takes the objective and breaks it down into its component 

parts, keeping the direction and length. In contrast to 

parallel transport, which uses a geodesic path while 

maintaining length but not angle, this operator for 

directional transport takes both into account. Finally, two 

possibilities are generated by this stage. Using the 

retraction are retrieved to the manifold as a new 

generation. 

3.5.2 Implementation of Operators 

In agents, pre-cross over as 𝑥𝑖
𝑡, 𝑥𝑗

𝑡→ {𝑅𝑎×𝑏 , … , 𝑅𝑐×𝑑}𝑘, 

k iterations are executed, one element at a time. Let us 

assume that for every element in both agents, parent1 and 

parent2, beta are randomly generated where beta belongs 

to 𝑅𝑐×𝑑  , beta ∈  𝑅𝑐×𝑑 

To obtain the goal, let us compute the crossover using 

beta generated 𝑑-length vector: 

𝑣1(𝑡𝑎𝑟𝑔𝑒𝑡1) ← [𝑏𝑒𝑡𝑎⨀(𝒬1
𝑡 − 𝒬2

𝑡 )⨀
1

2
], (15) 

𝑣2(𝑡𝑎𝑟𝑔𝑒𝑡2) ← [−𝑏𝑒𝑡𝑎⨀(𝒬1
𝑡 − 𝒬2

𝑡 )⨀
1

2
], (16) 

where ⊙ achieves element-wise multiplication. 

If you want to describe an isometric movement along 

a curve from tangent vectors to tangent space, you can 

use parallel transports. Assuming the existence and 

uniqueness of a minimising geodesic, the curve is 

typically left out when to implicitly use it as the curve. 

On the other hand, solving equation is often expensive, 

and it is necessary for algorithmic parallel transport. 

Consequently, the pragmatic option pertains to 

computationally efficient methodologies, transporters, 

and a stand-in for equivalent transport that is not 

constrained by connection limitations. 

Orthogonal projector: Orthogonal map 𝑃𝑟𝑜𝑗𝑥 ∶ 𝜀 → 𝜀 

categorized by three properties: (1) 𝑖𝑚(𝑃𝑟𝑜𝑗𝑥)  =  𝑇𝑥ℳ; 

(2) 𝑃𝑟𝑜𝑗𝑥 ◦ 𝑃𝑟𝑜𝑗𝑥 = 𝑃𝑟𝑜𝑗𝑥 ; (3) ⟨𝑢 − 𝑃𝑟𝑜𝑗𝑥(𝑢), 𝑣⟩  =
 0 for all 𝑣 ∈ 𝑇𝑥ℳ and 𝑢 ∈ 𝜀. 
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Denote 𝑃𝑟𝑜𝑗x  the orthogonal from 𝜀  to 𝑇𝑥ℳ  and 

deduce 𝑃𝑟𝑜𝑗𝑥
⊥ =  𝑰𝑑 − 𝑃𝑟𝑜𝑗𝑥  which is the orthogonal 

projector to 𝑁xℳ . Operation 𝑇𝑥ℳ  and 𝑁xℳ  are 

complements in 𝜀, where 𝑰𝑑 represents the individuality 

operator. 

To calculate the orthogonal projection, we need to 

choose a Riemannian manifold, M. 𝑇𝑥ℳ  =  {𝑣 ∈ 𝑅𝑑 ∶
𝑥𝑇𝑣 = 0} is well defined by orthogonal accompaniment 

of 𝑥  in Euclidean space 𝜀 . Therefore, any component 

aligned with x is removed by embedded manifold (the 

underlying Euclidean metric) to a tangent space of x. 

Evaluate the orthogonal projectors’ features, for all 

𝑢, 𝑣 ∈ 𝜀 , there is ⟨𝑃𝑟𝑜𝑗𝑥(𝑢), 𝑣 − 𝑃𝑟𝑜𝑗𝑥(𝑣)  =  0⟩. This 

movement 𝑧 ∈ 𝜀 from a point 𝑥 ∈ ℳ how tangential and 

normal motion are composed. To suggest an operator, a 

directed transport operator, move the candidate 

isometrically informally. 

Let us equip ℳ  with metric. Then, there is a map 
𝜂𝑥(𝑧) ·  𝜂𝑥(𝑧) ∶ ℇ →  𝑇𝑥ℳ ⊕  𝑁𝑥ℳ →  (𝑃𝑟𝑜𝑗𝑥(𝑧) ⊕

𝑃𝑟𝑜𝑗𝑥
⊥ (𝑧)), where 𝜂𝑥(𝑧) describes the procedure to 𝑧∈ ℇ 

of the point 𝑥 on the manifold ℳ. 

Given 𝑃𝑟𝑜𝑗𝑥 ∶ ℰ →  𝑇𝑥ℳ ∶ 𝑢 ↦ 𝑃𝑟𝑜𝑗𝑥(𝑢) = 𝑢 −
⟨𝑥, 𝑢⟩𝑥, which describes a map of 𝑇 ℳ → ℳ . The 

projection 𝑃𝑟𝑜𝑗𝑥
⊥  constituent satisfies 𝑅𝑥(𝑃𝑟𝑜𝑗𝑥

⊥)  =  𝑥, 

only when manifold ℳ𝑑−1 with embedded space 𝑅𝑑, for 

the purpose of defining retraction. There are some areas 

where to could theoretically avoid doing the same 

searches twice. 

4 Results and Discussion 

Our work is executed on Dell computers powered by 

Intel Core i7 processors. The utilisation of a robust GPU, 

and more especially the P100 prototypical, was critical in 

expediting the training process. The computational load 

was efficiently handled by our system with 32 GB of 

system RAM, thanks to the Kaggle kernel environment. 

Python 3.9.7 and TensorFlow 2.12.0 were used for the 

implementation. Table 1 discusses the training 

parameters.  

Table 1 Training hyperparameters. 

Setting Hyperparameter 

32 Batch size 

90% 
Training besides 

validation split 

10% Test split 

mDTMA Optimizer 

150 × 150 px Input size 

Categorical cross-entropy Loss function 

0.001 Learning rate 

10 Epochs 

4.1 Validation Study of Proposed Model on 

First Dataset 

Fig. 2 provides the graphical description of projected 

model on different training and testing data ratio on first 

dataset in terms of different metrics. The comparative 

analysis of various algorithms in terms of different 

metrics is shown in Fig. 3.  

The proposed model demonstrates notable 

improvements in performance as the training data 

percentage increases. With a 60−40 training-testing 

split, the model accomplishes an accuracy of 69.04%, 

sensitivity of 90%, specificity of 43%, and an F1-score 

of 73%, indicating a moderate detection. 

The comparative analysis across various models 

(Table 2) highlights that the projected model achieves 

the highest presentation in all metrics, with an accuracy 

of 97.38%, F1-score of 97.05%, precision of 96.98%, 

besides recall of 97.12%. ResNet50 performs notably 

well with an accuracy of 95.02% and F1-score of 

95.61%, proving its capability in handling complex 

classification tasks. CNN-LSTM and CNN also 

maintain competitive performance, achieving 

accuracies of 94.36% and 94.12%, respectively. 

Meanwhile, SVM, and XGBoost yield slightly lower 

metrics but still demonstrate strong classification 

accuracy and robustness. Overall, the proposed model’s 

superior metrics underscore its effectiveness and 

reliability for the intended application, outperforming 

other approaches in the study. 

 

Fig. 2 Visual study of proposed prototypical on first 

dataset. 

 

 

Fig. 3 Graphical description of projected model. 
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Table 2 Validation analysis of the desired model using existing techniques. 

Methods Accuracy (%) F1-score (%) Precision (%) Recall (%) 

XGBoost [21] 93.46 93.51 93.78 93.25 

SVM [23] 94.06 93.94 94.09 93.79 

CNN [35] 94.12 94.05 94.22 93.89 

CNN-LSTM [27] 94.36 94.39 94.53 94.26 

ResNet50 [31] 95.02 95.61 95.44 95.79 

Ours 97.38 97.05 96.98 97.12 

 

4.2 Validation Analysis of Proposed Classical 

on Second Dataset 

Fig. 4 provides the graphical description of predictable 

model on second dataset by using different training ratio.  

 
Fig. 4 Visual analysis of proposed model by modifying 

the second data training and testing ratio. 

The proposed model exhibits a clear performance 

improvement with an increase in the training data 

percentage, reflecting the model’s robustness with more 

training data. For the 60−40 training-testing split, the 

model accomplishes an accuracy of 78.57%, sensitivity 

of 90.65%, specificity of 85.23%, besides an F1-score of 

87.58%, showing solid performance. With a 70−30 split, 

the model’s accuracy rises to 80.95%, sensitivity to 

95.52%, specificity to 87.25%, and F1-score to 89.95%, 

indicating enhanced detection capabilities. The highest 

metrics are observed with an 80−20 split, where the 

model achieves 93.26% accuracy, 96.36% sensitivity, 

91.52% specificity, and an F1-score of 93.36%. This 

upward trend underscores the model’s improved 

reliability and effectiveness in correctly identifying 

relevant patterns as more data becomes available for 

training. 

The comparative analysis of various methods 

highlights the superior performance of the proposed 

model and it is visually shown in Fig. 5. XGBoost 

achieves an accuracy of 82.99% score of 83.74%, 

precision of 81.03%, and recall of 85.45%. SVM 

performs slightly better with an accuracy of 84.14%, F1-

score of 85.43%, precision of 83.48%, and recall of 

86.39%. CNN achieves 86.18% accuracy, 

F1-score of 86.05%, precision of 86.31%, and recall of 

89.79%. The CNN-LSTM model further improves, with 

an accuracy of 90.18%, F1-score of 89.91%, precision of 

89.69%, and recall of 90.13%. ResNet50 outperforms the 

previous methods, achieving an accuracy of 91.33%, 

F1-score of 91.03%, precision of 90.48%, and recall of 

91.59%. The proposed model surpasses all others, with 

an accuracy of 93.26%, F1-score of 92.36%, precision of 

91.29%, and recall of 93.46%, demonstrating its 

effectiveness and robustness in classification tasks. 

 

Fig. 5 Graphical comparison of projected model with 

existing works on second dataset. 

4.3 Validation Analysis of Projected Model on 

Third Dataset 

Figs. 6 and 7 presents the visual analysis of various 

models with proposed model on third dataset in terms of 

various metrics.  

 

Fig. 6 Training and testing ratio of proposed model. 
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Fig. 7 Visual comparison of proposed model with 

existing techniques. 

In this performance analysis of the proposed model 

across different training/testing splits, the accuracy, 

sensitivity, specificity, and F1-score show a positive 

trend as the training percentage increases. With a 60−40 

split, the model accomplishes an accuracy of 80.95%, 

sensitivity of 85.25%, specificity of 77.85%, besides an 

F1-score of 85.64%. Moving to a 70−30 split, the 

accuracy rises to 88.25%, sensitivity to 89.58%, 

specificity to 87.52%, and F1-score to 88.64%, indicating 

improved performance. With an 80−20 split, the model 

achieves the highest metrics, accuracy of 91.23%, 

sensitivity of 91.56%, specificity of 89.25%, and 

F1-score of 91.12%. This analysis recommends that 

increasing the training data proportion enhances the 

model’s predictive capabilities, particularly in achieving 

higher accuracy and F1-scores. 

This comparative analysis of classification methods 

highlights the improved performance of the proposed 

model (“Ours”) over established techniques such as 

XGBoost, SVM, CNN, CNN-LSTM, and ResNet50. The 

proposed model attained the highest accuracy of 91.02%, 

F1-score of 91.12%, precision of 90.46%, and recall of 

91.79%. Among existing models, ResNet50 performed 

best, with 89.02% accuracy and a 90.31% recall, while 

CNN-LSTM achieved a strong F1-score of 88.36%. The 

results designate that the proposed model consistently 

outperforms other methods across altogether metrics, 

demonstrating its efficacy and robustness for 

classification tasks, particularly in precision and recall 

metrics, which are crucial for balanced model 

performance. 

4.4 Analysis of Our Model on Merged Data 

Tables 3 and 4 delivers the comparative study of various 

models on merged data in terms of loss and accuracy. 

In the analysis of model performance based on 

parameters, training accuracy, and loss, the proposed 

model exhibits exceptional results with a training 

accuracy of 100% and a minimal loss of 0.0021, 

indicating highly effective training. CNN-LSTM follows 

closely with an accuracy of 99.97% and a loss of 0.0027, 

and CNN achieves 99.91% accuracy with a slightly 

higher loss of 0.0042. SVM also demonstrates strong 

performance with 99.86% accuracy and 0.0057 loss, 

despite having significantly fewer parameters at 8.1M. In 

contrast, ResNet50, with the highest parameter count 

(86M), shows relatively lower training accuracy 

(74.84%) and a higher loss of 0.5115, suggesting 

overfitting or inefficiency with the given dataset. This 

analysis highlights the proposed model’s balance 

between parameter efficiency and training effectiveness, 

outperforming in accuracy and loss across the evaluated 

models. 

Table 3 Various Models’ investigation on merged dataset. 

Model name Parameters Training Accuracy Loss 

XGBoost [21] 61.9 M 0.8763 0.3233 

SVM [23] 8.1 M 0.9986 0.0057 

CNN [35] 5.3 M 0.9991 0.0042 

CNN-LSTM [27] 11.2 M 0.9997 0.0027 

ResNet50 [31] 86 M 0.7484 0.5115 

Ours 22.9 M 1.0000 0.0021 

Table 4 Comparative analysis of different models on merged data. 

Model name Accuracy % Precision % Recall % F1-score % 

XGBoost [21] 87 87 89 87 

SVM [23] 89 88 90 89 

CNN [35] 91 90 92 92 

CNN-LSTM [27] 93 92 93 93 

ResNet50 [31] 95 94 94 94 

Ours 96 96 96 96 
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In the comparative analysis of different models on 

merged data, the projected model outperforms other 

approaches with score of 96% across all metrics. 

ResNet50 follows closely, achieving 95% accuracy, and 

F1-score, while CNN-LSTM achieves 93% across these 

metrics, indicating strong performance but slightly lower 

than ResNet50 and the proposed model. CNN achieves a 

balanced 91% in all categories, with SVM and XGBoost 

at 89% and 87%, respectively. The results demonstrate 

that the proposed model provides superior predictive 

power and robustness, indicating its suitability for tasks 

requiring high accuracy besides consistency across 

multiple estimation metrics. 

5 Conclusion  

To enhance classification accuracy and minimize 

decision variability and data misinterpretation, it is 

crucial to identify a subset of significant variables for 

early thermographic detection of foot illnesses. However, 

due to the imbalance in datasets concerning diabetic 

cases and inconsistencies among thermograms, defining 

an optimal subset of features remains challenging. In this 

study, lightweight deep neural network models for DFU 

recognition were developed, integrating convolutional 

networks, BiGRU, and capsule networks. The proposed 

approach effectively captures features from multiple 

orientations through the capsule network, while the CNN 

layer identifies semantic and contextual details. 

Additionally, the BiGRU model leverages its hidden 

layers to extract valuable patterns from contextual 

information. To further refine classification performance, 

the mDTMA was employed for optimization. The results 

indicate that the proposed model improves classification 

accuracy and efficiently localizes ulcers, thereby 

increasing diagnostic confidence among medical 

professionals. Beyond enhancing patient care and 

outcomes, this approach can aid in accurately diagnosing 

foot ulcers caused by conditions beyond diabetes. 

Future research could focus on developing a 

multiscale transfer learning framework that integrates 

multiple pre-trained CNN models to enhance efficiency 

and classification accuracy. This approach aims to reduce 

training time while improving specificity in skin lesion 

categorization. Furthermore, expanding the proposed 

framework to detect a broader range of dermatological 

diseases and various skin lesions can be explored by 

leveraging multiple pre-trained CNN networks instead of 

a single model. Additionally, incorporating explainable 

AI techniques could provide deeper interpretability, 

aiding clinicians in decision-making and ensuring 

reliable diagnosis. 

6 Data Availability Statement 

The INAOE and STANDUP datasets employed in this 

study are publicly obtainable at https://ieee-

dataport.org/open-access/plantar-thermogram-

databasestudy-diabetic-foot-complications and 

https://www.standupproject.eu/manager/?conf=default&

route=/STANDUP_Database (accessed 2 Feb 2024), 

respectively. The local dataset has been made available 

at https://www.iac.es/en/science-and-technology/ 

technology-transfer-iactec/forms (accessed 17 Feb 

2024). Notice that, due to privacy restrictions, only 19 of 

the 22 images sets originally acquired were released. 
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