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Human blood plasma SERS analysis using silver 
nanoparticles for cardiovascular diseases detection 

Sahar Z. Al-Sammarraie1*, Lyudmila A. Bratchenko1, Elena N. Tupikova1, Maria A. Skuratova2, 
Shuang Wang3, Peter A. Lebedev4, and Ivan A. Bratchenko1 
1 Samara National Research University, 34 Moskovskoe Shosse, Samara 443086, Russia 
2 Samara City Clinical Hospital №1 named after N.I. Pirogov, 80 Polevaya str., Samara 443096, Russia 
3 Northwest University, #1 Xuefu Avenue, Xi’an 710127, Shaanxi, China 
4 Samara State Medical University, 159 Tashkentskaya str., Samara 443095, Russia 

*e-mail: saharzead@rocketmail.com 

Abstract. In recent years, the use of Raman and surface enhanced Raman 
spectroscopy for disease detection has grown. The motives for their increased 
use have commonly been attributed to their well-known benefits, such as the 
creation of narrow spectral bands that are characteristic of the molecular 
components present, and high sensitivity and specificity that they can provide. 
The aim of this work is the analysis of spectral features of plasma in patients 
with cardiovascular diseases utilizing surface enhanced Raman spectroscopy 
to determine the presence or absence of the disease. The investigation 
revealed spectrum difference between the patient and healthy volunteers’ 
groups at the observed Raman bands. 146 patients and 67 healthy subjects 
were analyzed. Classification of the patient group with cardiovascular diseases 
was made based on the projection on latent structures with 99% accuracy. 
Stability of the classifier was checked with the implementation of cross-
validation and separation of analyzed data into training and test sets. The 
obtained results demonstrate that the proposed SERS technique is stable and 
has significant potential in clinical diagnostic applications. © 2024 Journal of 
Biomedical Photonics & Engineering. 

Keywords: surface-enhanced Raman spectroscopy; Enhancement Factor; blood 
serum, blood plasma; silver nanoparticles; Raman band shift. 
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1 Introduction 

Cardiovascular diseases (CVDs) are the leading cause of 

death worldwide, in 2019, cardiovascular disease, 

primarily coronary and cerebrovascular atherosclerosis 

still caused about 18 million deaths pear year worldwide 

(> 30% of all deaths). Coronary heart disease, 

cerebrovascular disease, rheumatic heart disease, and 

other illnesses are among the category of heart and blood 

vessel disorders known as CVDs [1−3]. A range of 

auxiliary examination methods, both invasive (such as 

selective coronary angiography) and non-invasive (such 

as nuclear scans, CT, stress tests, and blood biomarkers), 

allow assessment of cardiovascular disease risk and 

treatment targets. However, there is no simple blood 

biochemical index or biological target for the diagnosis 

of atherosclerosis at present; instead, more 

ultrasonographic screening or angiography are 

used [4, 5].  

In latest years, surface-enhanced Raman scattering 

(SERS) spectroscopy has been increasingly used with the 

aim of developing diagnostic applications. SERS is a 

commonly used sensing technique in which inelastic 

light scattering by molecules is greatly enhanced when 

the molecules are absorbed onto corrugated metal 

surfaces. The high sensitivity, the ease of use and the 

increasing availability of relatively inexpensive portable 

Raman instruments, make SERS particularly attractive 

for the development of point-of-care and screening tests 

of biological samples, such as blood derivatives or 

tissues [6, 7]. The SERS effect is currently being debated 
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in the literature and two mechanisms have been 

identified: the electromagnetic mechanism and the 

chemical mechanism [8]. The first suggests the 

stimulation of localized surface plasmons on the metallic 

surface, whereas the second suggests a chemical process 

for the creation of charge-transfer complexes between the 

metallic surface and analyte species. Given their 

sensitivity in the examination of biological material, 

Raman spectroscopy and SERS have recently been 

employed as a useful tool in clinical diagnostics and 

biomedical research [8], including DNA (Pyrak et al., 

and Zhang et al. [9, 10]), RNA (Lee et al., 

Han et al. [11, 12]), cancer markers (Choi et al. [13]), 

bacteria (Andrei et al. [14]), viruses (Chen et al. [15]), 

genes (Vo-Dinh et al. [16]), drugs (Jaworska et al. [17]), 

pathological markers on cellular membranes and tissues 

(Wallace and Masson [18]), other biomolecules, ion 

concentrations, and redox potential in cells (Jaworska et 

al. [19]), and even in vivo SERS measurements on mice 

(Wen et al. [20]). 

In the current study, a simple approach of SERS 

substrate implementation for blood plasma/ serum 

analysis is considered. Blood plasma and serum are 

biofluids that are widely utilized as diagnostic samples 

because they are rich in biochemical and biological 

information, are easily accessible, and may be obtained 

non-invasively. They are routinely preserved in biobanks 

for research purposes for the same reasons. Regardless of 

the potential diagnostic capabilities of SERS analysis of 

blood components, just a few researches have been 

conducted using it [6, 21].  

In order to make SERS trustworthy for the 

investigation of biofluids, analytical procedures and 

spectrum interpretation still need to be established. The 

manufacture and development of SERS substrates that 

are repeatable, stable, effective, and fairly priced is 

another significant barrier to the reliable use of SERS in 

diagnostics [22, 23]. It was found that the cheapest and 

most efficient substrates were aqueous dispersion of Ag 

and Au nanoparticles (metal colloids) [24, 25]. 

Nanoparticle size, shape, and surface properties affect 

SERS properties in fact, Zeng et al. [26] recently 

employed aqueous Au and Ag colloids to evaluate the 

diagnostic potential of SERS spectroscopy of blood 

serum and plasma in relation to different diseases. 

Nanoparticle size, shape, and surface properties affect 

SERS properties for instance Jianqiang et al. [27] 

prepared starch-capped gold nanoparticles with hexagon 

and boot shapes through using a nontoxic and 

biologically benign aqueous-phase synthetic route. They 

found that different-shaped gold nanoparticles possess 

different SERS properties. Tian et al. [28] synthesized 

and characterized gold nanospheres and their aggregates, 

nanotriangles, and nanostars of similar dimensions 

according to their average size, zeta potential and 

UV/visible absorption and explored their relative 

efficiencies for SERS. 

Despite the outstanding signal enhancements 

accomplished by metal colloids and their simple 

preparation and use, some substrates frequently struggle 

with a lack of consistency due to various preparing 

protocols, and depending on the preparation methods; the 

nanoparticles have various physico-chemical surface 

characteristics, resulting in different stability, SERS 

efficiency, and repeatability [29].  

Thus, the main objective of our work is to develop a 

useful tool for early, stable and accurate diagnosis of 

CVDs patients based on SERS analysis of blood plasma. 

The implemented method utilizes a classification model 

based on projection on latent structures (PLS) to identify 

CVD patients, and determining the most informative 

SERS bands associated with differences between the 

CVD group and control group by variable importance in 

projection (VIP) distribution. 

2 Materials and Methods 

2.1 Colloidal Silver Nanoparticles Solution 

 Silver nitrate and trisodium citrate were used as starting 

materials for the preparation of (AgNPs). The silver 

colloid was prepared by using chemical reduction 

method. All solutions of reacting materials were prepared 

in distilled water. In typical experiment 20 ml of distilled 

water heated to boil. To this solution 3 ml of 1.8% 

AgNO3 of and 6 ml of 1% trisodium citrate 

(Na3C6H5O7) were added. The resulting solution was 

heated at 95 °С for 20 min until a yellow-green solution 

is formed. Then the solution was removed from the 

heating device and stirred until cooled to room 

temperature. The UV-Vis spectrum of the AgNPs 

solution was obtained by utilizing the Spectrophotometer 

(UNICO 1201, United Products & Instruments, USA) to 

track NPs characteristics. Detailed analysis of acquired 

AgNPs properties may be found elsewhere [30]. 

2.2 Serum/Plasma Samples Preparation 

A standardized sampling was carried out from patients of 

the Samara Regional Clinical Hospital named after V. D. 

Seredavin. The study included patients with different 

cardiovascular diseases. Diagnosis of CVD for each 

patient was set by doctors in Samara Regional Clinical 

Hospital named after V. D. Seredavin after examination 

of patient based on physical test and results of a blood 

tests according to the guidelines of Russian Ministry of 

Health. The study protocols were approved by the ethical 

committee of Samara State Medical University. All the 

subjects who participated in this study gave their written 

informed consent at the beginning of the study. The blood 

plasma samples were collected from patients in fasting 

condition and placed in sealed containers, followed by 

freezing at a temperature of –16 °C. Immediately before 

the start of the analysis, the blood serum/plasma samples 

were defrosted at room temperature. Each blood plasma 

samples were dropped in a volume of 1.5 μl and dried for 

30 min on aluminum foil with the layer of dried silver 

colloid for SERS analysis. we measured 1 to 2 specters 

for each healthy control subjects and 5 to 6 for each 

patient. The characteristics of the sample of subjects are 

presented in Table 1. 
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Table 1 Characteristics of analyzed samples. 

Group 
Number 

of patients 

Mean 

age 

Number 

of spectra 

Control group 67 
3380 

(62) 
85 

Patients with 

Cardiovascular 

Disease 

146 
4075 

(62) 
778 

2.3 Experimental Setup and Spectra Collection 

The experimental setup for Raman analysis of human 

serum includes a spectrometric system (EnSpectr R785, 

Spektr-M, Chernogolovka, Moscow Region, Russia) and 

a microscope (ADF U300, ADF, China). Focusing the 

exciting radiation and collecting the scattered radiation 

were implemented using 50× Objective LMPlan. The 

stimulation of collected spectra was performed by the 

laser module with central wavelength 785 nm. The 

diameter of the laser spot at the focus on the sample 

surface was 5 μm. The laser power was 10 mW. Exposure 

time was 4 s. The resulting raw spectrum is an automatic 

sequential recording of four spectra with subsequent 

averaging. Thus, the recording time of the SERS raw 

spectrum is 16 s. 

2.4 Spectra Processing 

Preprocessing of raw SERS spectra of biofluids consisted 

of several successive stages: noise smoothing, removal of 

autofluorescent background, and normalization. 

Smoothing of the raw spectra was performed with a 

Savitzky-Golay filter with a filter window width of 15, 

the first order of the polynomial used for smoothing, and 

a zero-order derivative (no derivative). Then the 

smoothed spectra were subjected to the removal of the 

autofluorescent background by the polynomial method 

(15th degree polynomial) [31]. Spectral characteristics 

are normalized using the standard deviation of the 

method of normal variation (SNV) that consists in 

subtracting each spectrum by its own mean and dividing 

it by its own standard deviation. After SNV, each 

spectrum will have a mean of 0 and a standard deviation 

of 1.  

Each sample of a biofluid corresponds to a priori 

information about belonging to a certain group. 

Therefore, the data was analyzed through supervised 

learning. To avoid overfitting, the analysis of the stability 

of the constructed models and the choice of optimal 

parameters were implemented using k-fold cross-

validation (k = 7) [32]. After cross-validation and 

determination of the optimal parameters of the model, the 

complete data set was randomly divided: 80% of the 

subjects for training the model (training set) and 20% of 

the subjects for testing the model (testing set). It should 

be noted that when splitting the initial dataset into a 

training set and a verification set (both in cross-validation 

and in the final model construction), the split was 

performed by subjects in order to avoid allocating the 

spectral characteristics corresponding to one subject in 

different sets, which could lead to incorrect 

overestimation of the model characteristics. Thus, the 

proposed way of data splitting provides more stable 

classification models. When building models, the 

importance of predictors in solving the classification 

problem was estimated using the distribution of the 

importance of variables in the constructed model (VIP 

distribution). An analysis of the VIP distribution makes 

it possible to determine which spectral bands and related 

components of the biofluid are characterized by 

differences in the classification task performed. 

Multivariate analysis was implemented using 

PLS-discriminant analysis (PLS-DA) based on the 

SIMPLS algorithm in the MDAtools package available 

in the R studio software. 

3 Results and Discussion 

Fig. 1 presents the mean plasma SERS spectra with 

standard deviation (SD) for the control group (healthy) 

and group of patients with CVD. Fig. 1 demonstrates that 

the differences between the mean serum spectra for the 

discriminated groups are visually observed in the 

intensity of individual spectral bands. Without utilizing 

multivariate analysis, we can see an increase in the 

intensity of the peaks at 715 cm−1 (C-H) Hypoxanthine, 

Phosphatidylserine, 856 cm−1 (C-O-H) Glutathione), 

1003 (C-C) Phenylalanine), 1244 (amide III 

(proteins)carbohydrates C-O-C, N-H), 1390 cm-1 (C-N, 

С-Н group, CH3, CH2 wagging (lipids)), can be identified 

as distinctive features in the spectral characteristics of the 

plasma of the patient’s group against the control group 

(healthy), in addition it shows a decrease intensity 

at 494 and 640 cm−1 ((S-S) Phosphatidylserine, (C-S) 

L- tyrosine, lactose) for the patients’ group [33, 34].  

Spectral bands and SERS characteristics of the plasma 

obtained in the current study are similar to those reported 

in the studies. Huang et al. indicated (856, 1005, and 1244 

cm−1) among the informative spectral bands associated 

with the degree of Coronary artery disease (CAD) spectra 

showed Raman peaks appeared to originate from lipids and 

proteins which are the major contributors to Small 

Extracellular vesicles (sEV) surface. In another work Yang 

et al. indicated (1244 and 1389 cm−1) as the informative 

spectral bands from patients with Coronary Heart Disease 

(CHD). However, it should be noted that Huang et al. and 

Yang et al. [35, 36] reported a SERS band at 1450 cm−1 

which was very slightly observed in our study; this band 

was assigned to the CH2 bending vibration of proteins and 

lipids. 

The analyzed spectral data is characterized by 

multicollinearity property; thus, application of projection 

analysis methods can provide a statistically reliable 

result. The most common approach to solve such 

problems is the method of discriminant analysis with 

regression on latent structures – PLS‐DA [37]. 

Discriminant analysis is a technique used to identify the 

unique features of groups or individuals. The technique 

assumes that there are common underlying structures in 

groups or individuals. These common underlying 

structures are represented by a set of latent variables. 
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Fig. 1 Mean with standard deviation (SD) for SERS spectra of plasma for control group (healthy) and the patients with 

(cardiovascular diseases). 

 

Fig. 2 The relationship between the number of LVs and the 

root mean square error (RMSE) for PLS-DA model. 

To use the SIMPLS algorithm to implement the PLS 

and PLS portions of the PLS-DA approach [38, 39]. The 

number of loading vectors (LVs) in the PLS-DA model 

was determined using training data set through 7 split 

CV. According to Fig. 2, the RMSE value for the 

calibration set and CV algorithm is decreasing to 7 LVs. 

However, in test set RMSE is increasing after LV5, thus, 

only first 5 LVs were utilized in the analysis. 

In order to assess the contribution of each LV we 

examined their structure. As shown in Fig. 3 LVs peaks 

show a close correlation with plasma Raman spectra 

bands at 727, 1003, 1240 and 1390 cm-1, however in the 

shape of LV4 we observed a negative peak at 1240 and 

1375 cm–1 but with lower intensity in comparison with 

the rest LVs. Table 2 demonstrates characteristics of the 

constructed classification models. Classifying plasma 

samples of CVD patients and healthy group is possible 

with the sensitivity, specificity, and accuracy of 100%, 

95% and 0.99% respectively. Stability of the model was 

verified by CV. 

Fig. 4 demonstrates the VIP distribution of the SERS 

matrix of plasma spectra when constructing 

discrimination models of control group (healthy donors), 

with patients with (cardiovascular diseases). The VIP 

distribution is represented by a gradient fill, where the 

purple color corresponds to the minimum information 

content, and the yellow – to the maximum information 

content. It shows the most informative spectral bands 

when constructing models coincide with the visible 

differences in the mean spectra of the discriminated 

groups. The model identified the following spectral 

bands as the most informative: 727, 1003, 1244, and 

1390 cm−1. 

In order to evaluate the performance of a binary 

diagnostic classification method, a ROC curve was 

employed. It is, represented as a graph, that is used to 

evaluate the performance of a binary diagnostic 

classification method. The diagnostic test results need to 

be classified into one of the clearly defined dichotomous 

categories, such as the presence or absence of a disease. 

Higher the score, higher the distinction and lower the 

crossover of the predictions of the two classes [40]. Fig. 5 

shows ROC AUC of CVD classification equaled to 0.99. 

This result suggests the model is successful to perform 

the correct classification of CVD.  
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Fig. 3 Shape of the LV1−LV7 for the constructed PLS-DA model. 

 
Fig. 4 The mean plasma spectra for the discriminated groups with the overlapping VIP distribution. 

Table 3 represent the main informative Raman bands 

in the discrimination of plasma samples of the control 

group and the group of patients. One may see that the 

main contribution to the registered Raman bands with the 

proposed approach is associated with wide range of 

chemical groups which can hardly be assumed as markers 

of CVD. At the same time, it is quite challenging to find 

an exact biomarker of CVD and instead combinations of 

biomarkers may be utilized for the efficient detection of 

CVD [41]. In this regard proposed SERS analysis offers 

a simple and reliable way to analyze a “spectral 

landscape” of chemical components of blood (including 

biomarkers), and further evaluation of such spectral data 

gives an opportunity to create a classification model of 

CVD that involves data from multiple biomarkers 

together at the same time. However, further 

investigations are required to estimate possible 

contribution of exact components to classification of 

CVD. Such analysis may be performed with utilization 

of deep-learning and artificial intelligence 

models [42, 43]. 
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Table 2 Characteristics of the PLS-DA Discrimination Model for the Control Group and the Cardiovascular Disease 

Group presented as “Mean (95% CI)”. 

Classification 

Sensitivity Specificity Accuracy 

train 
cross-

validation 
test train 

cross-
validation 

test train 
cross-

validation 
test 

Control group 

(Healthy) 

1 

(0.99–1) 

1 

(0.99–1) 

1 

(0.99–1) 

0.95 

(0.89–99) 

0.96 

(0.92–1) 

0.95 

(0.91–1) 

0.95 

(0.92–0.97) 

0.97 

(0.94–0.99) 

0.99 

(0.96–1) 

Cardiovascular 

Disease group 

0.89 
(0.86–

0.94) 

0.89 
(0.88–

0.92) 

0.95 

(0.91–1) 

1 

(0.99–1) 

1 

(0.99–1) 

1 

(0.99–1) 

0.96 

(0.90–98) 

0.96 

(0.91–0.99) 

0.99 

(0.97 1) 

 

 

Fig. 5 ROC curves of the constructed models for the 

classification of “healthy” control group vs “patients” 

group on the verification dataset. 

In contrary to the proposed approach it is possible to 

analyze exact biomarkers of CVD. As example, 

Cheng et al. [44] created a SERS-based platform for the 

ultrasensitive detection of cardiac troponin and creatine 

kinase-MB by combining a novel SERS nanoprobe with 

a monoclonal antibody immobilized gold-patterned 

chip. This SERS platform offers a limit of detection of 

8.9 pg/mL and 9.7 pg/mL. Another rapid, cost-effective 

SERS immunoassay approach developed by 

Chon et al. [45]. This method was effective in the 

detection of 42.5 pg/mL and 33.7 pg/mL of creatinine 

kinase and troponin respectively and the fitted 

regression line was within the 95% CI. In similar 

approaches Hu et al. [46] used a magnetic immunoassay 

technique based on SERS to create a SERS 

immunoprobe to detect heart-type fatty acid-binding 

protein and cardiac troponin. The concentration of the 

biomarkers was determined by observing the distinctive 

Raman peak intensities of the two Raman reporter 

molecules. The minimal detection limits of H-FABP 

and cTnI at the optimal conditions were 0.6396 and 

0.0044 ng/mL, respectively. Fu et al. [47] studied the 

usage of graphene oxide-gold nanoparticle combination 

for effective signal amplification for troponin detection 

in another promising SERS lateral immunoassay. As 

compared to immunoassays lacking graphene oxide, 

this test was able to detect troponin quantitatively 

across a much wider range (5 pg/mL to 1000 ng/mL). 

Application of discussed SERS platforms is effective 

for exact biomarkers detection (as troponin), but further 

investigations are required to estimate exact accuracy of 

CVD detection in clinical settings. In addition to, the 

discussed approaches are more complex, expensive, and 

complicated to manufacture in comparison to the 

proposed technique.  

Moreover, we achieved a high diagnostic 

classification result in comparison to other studies. For 

instance, in our previous work we analyzed the spectral 

features of the serum in hemodialysis patients with end-

stage chronic kidney disease using a combination of 

SERS and machine learning methods. The specificity 

was found to be 0.95, 0.92 sensitivity, and 0.94 

accuracy [48]. Huang et al. [35] demonstrated a study for 

early diagnosis of coronary artery disease detection by 

isolated small extracellular vesicles analysis from the 

human plasma samples. The achieved sensitivity, 

specificity, and accuracy of 97%, 95%, and 92.3% 

respectively. Yanga et al. [36] measured and analyzed 

urine samples from congenital heart disease patients, 

including those who had and had not undergone 

percutaneous coronary intervention. The authors showed 

that the two patient groups had classification sensitivity 

and specificity of 90% and 78.9%, respectively.  

Lin et al. [49] studied the variability of different 

tumor stages in nasopharyngeal cancer in blood plasma 

using SERS. High diagnostic sensitivities of 84% and 

92%, specificities of 83.3% and 95% and accuracies of 

83.5% and 93.3%, respectively, were achieved for 

classification of cancer and normal blood groups. 

Feng et al. [50] analyzed blood plasma samples from 

healthy control subjects and patients diagnosed with 

adenomas and colorectal cancer. The corresponding 

diagnostic sensitivity, specificity and accuracy were 

0.938, 0.869 and 0.945 respectively. Tahir et al. [51] 

used SERS for analysis of serum samples of late acute 

stage of typhoid in comparison with healthy samples, 

accuracy, sensitivity and specificity were 91%, 89%, 

and 97 %, respectively. 



S.Z. Al-Sammarraie et al.: Human blood plasma SERS analysis using silver nanoparticles for... doi: 10.18287/JBPE24.10.010301 

J of Biomedical Photonics & Eng 10(1) 2024   16 Jan 2024 © J-BPE 010301-7 

Table 3 Major Raman peak positions and their characteristic assignments [33−36]. 

Raman shift (cm−1) Peak assignment 

641 (C–S) L-tyrosine, lactose 

727 (C–H) Hypoxanthine, Phosphatidylserine, amide III 

1003 (C–C) Phenylalanine 

1244 amide III (proteins)carbohydrates C-O-C, N-H 

1390 
C-N, С-Н group, CH3, CH2 wagging (lipids), Tyrosine (proteins), 

and nucleic acid, lipoproteins 

 

In general, the presented data shows that the proposed 

approach of human blood plasma analysis and spectra 

classification is stable for the detection of patients with 

CVD. This method offers an opportunity to achieve 99% 

accuracy and 0.99 ROC AUC of CVD detection, 

however, further clinical trials are required to ensure that 

the proposed approach may provide high specificity of 

CVD detection among other diseases. 

4 Conclusions 

This study shows that plasma SERS spectra can be a 

useful resource of information for the noninvasive 

diagnosis of CVD. In this investigation, 67 plasma 

samples from healthy volunteers and 146 plasma samples 

from patients with CVD were analyzed using the 785 nm 

laser excitation. The investigation revealed spectrum 

difference between the patient and healthy volunteer 

groups at the characteristic Raman bands, which can be 

linked to biochemical changes in blood during CVD 

progression. The achieved classification accuracy was 

99%. SERS substrate based on AgNPs is a useful 

platform for the intensification of Raman signals of blood 

plasma, allowing to observe significant differences 

between analyzed groups. 

In comparison to standard diagnostic procedures, the 

results imply that the proposed approach of blood plasma 

analysis with SERS has the benefit of being less invasive, 

fast, and simple to use. Thus, the proposed SERS 

platform has the potential to be a useful diagnostic tool 

suitable for clinical detection and monitoring of CVD 

severity. However, further investigations with the 

proposed SERS platform are required for better 

understanding of spectral contributions of chemical 

components of plasma in patients with CVD. Moreover, 

combination of SERS serum analysis and skin optical 

biopsy [52] may be tested in future. 
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Abstract. This paper introduces a novel approach to blood cell classification 
using convolutional neural networks (CNNs). Our emphasis lies in 
methodological insights derived from comparative analyses across various 
CNN architectures, implemented in Python with PyTorch such as 
ResNet152V2, Xception, EfficientNetB5, and EfficientNetV2M. In exploring 
model capabilities and limitations, we observe that the simple and shallow 
architectures is not sufficient to learn patterns compared to more complex 
networks. During research we have discovered that EfficientNetV2M 
demonstrate stable results with mean F1=0.891 score, which is higher 
compare to other models. Saliency maps are applied to reveal significant 
regions within or near cells, offering nuanced insights into morphological 
influences like cell shape. Extensive data augmentation allows one effectively 
mitigate overfitting, aligning train learning curves with validation and test 
splits. Our study is methodologically rich, comprising a meticulous data-
specific overview, a robustness analysis through multiple model training, a 
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1 Introduction 

Acute lymphoblastic leukemia (ALL) is a malignant 

disease of the hematopoietic system, which is caused by 

extensively proliferating lymphoblasts (immature 

lymphocytes). It is part of a large group of leukemias [1]. 

Unlike other leukemias, it is a rapidly progressive disease 

and in the absence of appropriate and timely treatment, it 

can lead to death in a few months [1]. About 85% of all 

cases are among children and adolescents under age 

15 [2]. 

Literally there are several organs in the human body 

producing blood cells: bone marrow, lymph nodes, and 

spleen. ALL starts in the bone marrow, which, in case of 

dysfunction, can release immature leukocytes into the 

blood, which can sometimes affect other human organs 

(liver, spleen, brain, and others). The process of formation 

and maturation of lymphocytes is called 

lymphocytopoiesis and is shown in Fig. 1. 

A distinctive feature of ALL is a strong morphological 

similarity between normal lymphoid cells and 

abnormalities [3]. Early diagnostic methods were based on 

morphological examination of peripheral blood smears, 

but now, cytogenetic examination, bone marrow biopsy, 

and lumbar puncture have become the main diagnostic 

tools [2]. Such approaches require highly qualified doctors 

and pathologists, special conditions and equipment. 

Therefore, such tests are usually not available to everyone. 

The use of neural networks makes it possible to build 

automatic classification systems for digital images of 

blood cells without an expert knowledge. The 

possibilities of using machine learning are widely studied 

in related fields including this particular problem [4, 5]. 
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Fig. 1 Hematopoietic stem cell differentiation [2]. 

The purpose of this study is to analyze blood cell data 

with respect to its specifics and to conduct a comparative 

study of various neural network architectures. 

The scientific novelty of this study lies in the fact that 

during the work, the distinctive features of cellular 

images were taken into account and the results of the 

trained models were interpreted, which was not carried 

out in similar works [6]. 

2 Methods 

2.1 Microscopic Images 

Data exploration is the first stage of classification 

pipeline, it includes calculations of numerical 

characteristics and revealing distinctive features that can 

be used in the future. When working with cellular 

images, it is worth paying attention to several features: 

 small amount of available data, 

 dataset imbalance, 

 specific errors and noise, 

 pre-segmentation, 

 requires deep domain knowledge to manually 

construct features, 

 high intra-class variability, 

 variation among subjects. 

2.1.1 Data Availability 

Usually, medical data falls under the category of personal 

data, so some preliminary administrative work is required 

to work with them. Therefore, medical data is usually 

collected only for a specific and pre-approved purpose, 

which greatly affects their overall availability. 

Nevertheless, medical slowly become more and more 

available [7]. 

2.1.2 Dataset Imbalance 

The main sources of medical data are various diagnostic 

procedures and tests, such as ECG, CT, Echo, 

biochemical blood tests, and others. The purpose of 

diagnosis is to identify the disease. All this leads to a high 

percentage of healthy subjects in the total sample [8]. 

2.1.3 Specific Errors 

Depending on the subject area, the data may contain 

specific errors. For example, radiographic images 

inevitably contain impulse noise, which can be 

effectively eliminated by a median filter [9]. When 

working with digital images of microscopic photographs 

of cells, several sources of noise can be 

identified [10−12]: 

 lightning, 

 the optical system of the microscope and camera, 

 staining. 

There are many ways to eliminate the errors 

introduced by these factors [13]. In the analyzed data, 

lighting and coloring errors were minimized by applying 

a special color normalization method. 

2.1.4 Preliminary Segmentation 

Often digital microscopic photographs require prior 

processing in the form of segmentation. This step is 

required due to the fact that initially the whole cells 

ensembles are presented in the images, from which it is 

necessary to isolate individual cells. The error introduced 

by this procedure depends on whether manual 

segmentation is performed (then the error depends on the 

qualifications and expertise of the person conducting it) 

or automatic (in this case, the error value will depend on 

the specific algorithm) segmentation [14, 15]. Typical 

pre-segmentation errors include: the presence of more 

than one cell in the resulting image, violation of cell 

integrity, selection of an empty area. 

2.1.5 High Level of Required Qualifications 

Manually constructing features from microscopic 

photographs of cells will require one or even several 

specialists with knowledge of the subject area (e.g., an 

oncologist and a cytologist). 

2.1.6 High Intra-Class Variability 

Depending on many factors (the developmental process, 

the etiology of the disease, anomalies, etc.), cell 

characteristics for every class may vary (for example, 

morphological features such as size, shape, color, 

granularity, cytoplasmic volume, etc.) [16]. 

2.1.7 Variation Among Subjects 

Given the original format of most medical samples (the 

presence of patient’s id feature), this factor deserves 

special attention. The values of cell features within the 

same class can also vary significantly for two separate 

subjects due to the individual distinctions of the 

organism [3]. 

2.2 Data Augmentation 

There are many different approaches to augmenting 

cellular data [17, 18], but most of them are based on 

utilization data specific features. So, in addition to the 
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features listed above that are important for building an 

adequate model, we can highlight characteristics of 

images, through the use of which it is possible to increase 

the size of the training set. Main feature of cells is their 

axial and point symmetry (in this regard). Thus, there is 

an invariance of the image class to the use of random 

rotation and mirror reflection. 

In addition, to increase the resistance of the classifier 

to random noise and for regularization, a random error 

can be introduced into the training data [19]. 

When using image augmentation techniques, it is also 

worth to consider the ratio of sizes of the final and initial 

samples and the amplitude values of the characteristics 

used. 

Data distinctive features (class invariance to image 

rotation and introduction of small noises) can be used for 

their augmentation (rotation by a random angle, 

introduction of random noise). This approach will 

partially overcome the initial limitation associated with 

the availability of data. These values should be selected 

empirically so as not to make significant changes to the 

distribution of original features. 

2.3 Training Parameters 

The data set consists of 10,581 digital photographs of 

lymphoid blood cells, among which two classes are 

represented: normal cells and abnormal ones 

(lymphoblasts) [20]. The files have a .bmp extension and 

a resolution of 600 × 600. 

Different machine learning or deep learning tools can 

be used for cells classification. Previous studies have 

compared various machine learning models with 

convolutional neural networks and found out that deep 

learning methods achieve better results [9]. 

Also, a big advantage of deep learning methods is the 

absence of the need for manual feature engineering, 

which, as mentioned above, is a significantly difficult 

when working with cell images. 

Several architectures of convolutional neural 

networks were selected for the further experiments. All 

of them represent different approaches to building deep 

networks: VGG16 (wide networks), ResNet152V2 (deep 

networks), EfficientNetB5 (result of NAS), 

EfficientNetV2M (second iteration, also result of 

NAS) [21, 22]. Also, a hypothesis was formulated and 

tested that a relatively narrow and shallow network, 

without preliminary training, would not able to learn 

from the initial data and carry out a successful 

classification for the test set. 

As all of selected models were pretrained, suitable 

strategy for changing the learning rate parameter was 

chosen [23]. 

Each model was trained 6 times with different 

random seeds to further estimate how stochastic nature of 

the training process affect results. 

 

 
Fig. 2 Precision curves for selected models: (a) Xception, (b) VGG16, (c) ResNet152V2, (d) EfficientNetB5, 

(e) EfficientNetV2M, and (f) SimpleNet. 
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Fig. 3 Recall curves for selected models: (a) Xception, (b) VGG16, (c) ResNet152V2, (d) EfficientNetB5, 

(e) EfficientNetV2M, and (f) SimpleNet. 

 

Fig. 4 F1 score curves for selected models: (a) Xception, (b) VGG16, (c) ResNet152V2, (d) EfficientNetB5, (e) 

EfficientNetV2M, and (f) SimpleNet. 
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The original dataset was split in a ratio of 90:5:5 

(training, validation, and test sets). The partitioning was 

performed with respect to the fact that cell properties, in 

particular morphological properties, can vary greatly 

among subjects. Thus, data splits have no intersection by 

subjects (patients). 

Several metrics were chosen for evaluation by the 

following Eqs. (1−3): 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, (1) 

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, (2) 

𝐹1 =
2∗𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
. (3) 

Since the original dataset is not balanced, an adequate 

and interpretable estimate can be obtained based only on 

all three values. 

At the same time, saliency maps were used to 

interpret the results of the model operation [24−27]. 

3 Results and Discussion 

Each model was trained 6 times for 200 epochs. Learning 

curves for different metrics presented in Figs. 2−4. 

Vertical red line on each plot depicted epoch with best 

F1 value. For each plot it is can be seen that models start 

gradually decline or stagnate after reaching their best F1 

value across all epochs. For further studies weights from 

these epochs will be taken. 

Results of models evaluation on training, validation, 

and test splits are presented in Tables 1–3. Metric values 

presented in the following format: mean ± std. 

It is easy to observe plateau on the right side of each 

plot in Figs. 2−4. This is because, each model has same 

initial learning rate and scheduler (exponential decay), 

according to this approximate value of learning rate after 

150 epochs is 4.55e−9 (therefore plateau is to be 

expected). 

Table 1 Results of models evaluation on the training set. 

Model Time, s Precision Recall F1 dF1, % 

Xception 417 ± 7 0.891 ± 0.009 0.88 ± 0.004 0.886 ± 0.005 4.186 

VGG16 557 ± 6 0.864 ± 0.008 0.888 ± 0.014 0.875 ± 0.008 2.974 

ResNet152V2 550 ± 12 0.901 ± 0.012 0.897 ± 0.009 0.899 ± 0.008 5.738 

EfficientNetB5 777 ± 12 0.885 ± 0.009 0.887 ± 0.008 0.886 ± 0.006 4.221 

EfficientNetV2M 671 ± 13 0.904 ± 0.006 0.911 ± 0.009 0.907 ± 0.006 6.727 

SimpleNet 402 ± 9 0.645 ± 0.008 0.65 ± 0.014 0.647 ± 0.009 −23.846 

Table 2 Results of models evaluation on the validation set. 

Model Time, s Precision Recall F1 dF1, % 

Xception 408 ± 6 0.847 ± 0.009 0.848 ± 0.007 0.847 ± 0.007 5.057 

VGG16 561 ± 5 0.824 ± 0.008 0.862 ± 0.009 0.843 ± 0.004 4.474 

ResNet152V2 542 ± 9 0.843 ± 0.011 0.863 ± 0.005 0.851 ± 0.004 5.528 

EfficientNetB5 779 ± 8 0.847 ± 0.008 0.833 ± 0.012 0.842 ± 0.007 4.152 

EfficientNetV2M 646 ± 8 0.855 ± 0.01 0.852 ± 0.009 0.854 ± 0.007 5.825 

SimpleNet 439 ± 4 0.716 ± 0.012 0.524 ± 0.008 0.605 ± 0.008 −25.036 

Table 3 Results of models evaluation on the test set. 

Model Time, s Precision Recall 𝑭𝟏 𝒅𝑭𝟏, % 

Xception 403 ± 4 0.805 ± 0.012 0.882 ± 0.011 0.841 ± 0.009 1.122 

VGG16 562 ± 15 0.833 ± 0.004 0.86 ± 0.008 0.846 ± 0.005 1.723 

ResNet152V2 550 ± 15 0.832 ± 0.01 0.88 ± 0.012 0.854 ± 0.005 2.685 

EfficientNetB5 797 ± 7 0.847 ± 0.009 0.915 ± 0.007 0.881 ± 0.006 5.932 

EfficientNetV2M 633 ± 9 0.868 ± 0.011 0.911 ± 0.013 0.891 ± 0.006 6.774 

SimpleNet 430 ± 3 0.692 ± 0.110 0.669 ± 0.165 0.680 ± 0.098 −18.236 
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All models were trained 6 times to estimate variance 

created by stochastic nature of the training process (with 

different random seeds). Kruskal-Wallis test was 

performed to determine whether there is significant 

difference between model’s results. With significance 

level of 0.05 null-hypothesis was rejected indicating that 

there is statistical difference in results. 

The EfficientNetV2M showed the best results, while 

its infernce time differs little from other models (86.5 ms 

more than the average). The SimpleNet showed worst 

results and demonstrated the impossibility of applying 

small and primitive architectures on the given dataset.  

Saliency maps depicted in Fig. 5 contains two 

examples: a normal cell and an anomaly. It can be seen 

that the attention of the model is distributed unevenly 

over the area of the cell (points outside the boundary are 

acceptable, since the used method for constructing 

saliency maps is quite noisy [24]). This means that some 

parts of the cell had a greater influence on the process of 

making decision by the model than others, so the 

information presented in these parts of the image may be 

used in a decision support system for a medical specialist. 

 
(a) 

 
(b) 

Fig. 5 Saliency maps for EfficientNetV2M: a) normal cell, 

b) abnormal cell. 

As we can see, examined simple model (SimpleNet) 

clearly does not have ability to learn patter from our data 

comparable with bigger and complex networks.  

Exploring saliency maps for the best model 

(EfficientNetB5) also gives some insight. All important 

regions bounded are located within a cell or its vicinity, 

therefore we can conclude, that model has learned 

patterns possessed by a cell itself. Important regions are 

located both inside and on the border of a cell indicating 

that learned patterns influenced by some morphological 

cell features such as its shape. 

One more observation can be made. Extensive usage 

of data augmentation techniques allowed us to overcome 

overfitting problem, lowering train learning curves and 

make it closer to those for validation and test splits.  

While our study has provided valuable insights into 

the performance and interpretability of different neural 

network architectures for blood cell classification, it is 

essential to highlight the distinct contributions and 

differences of our work compared to existing literature. 

In contrast with other researches we started our 

research from analyzing data and it is specific [28, 29]. 

We developed set of techniques to artificially increase 

sample size based on determined data characteristics and 

existing studies [30, 31]. 

Our investigation goes beyond model accuracy and 

includes a comprehensive analysis of model robustness 

what is absent in some existing works [30, 32]. By 

training each model multiple times with different random 

seeds, we aimed to estimate the variance introduced by 

the stochastic nature of the training process [33, 34]. This 

nuanced approach enhances the reliability of our findings 

and provides a more comprehensive understanding of the 

models’ behavior. 

We systematically compared the performance of 

multiple architectures, including EfficientNetV2M, 

SimpleNet, and EfficientNetB5. The use of both 

ANOVA and Kruskal-Wallis tests allowed us to 

rigorously assess the statistical differences among these 

models, providing a robust foundation for our 

conclusions [35]. 

The inclusion of saliency maps in our analysis adds 

an interpretability dimension to our study. We not only 

present model predictions but also explore where the 

models focus their attention. This qualitative analysis 

sheds light on the features influencing the decision-

making process, offering potential applications in 

decision support systems for medical specialists [36−38]. 

In the future, it is planned to study the possibility of 

using auxiliary information to address intraclass and 

interclass variability [39−40]. It is also planned to extend 

comparison list of models and include transformer-based 

architectures (ViT-based models) [41]. 

4 Conclusion 

The COVID-19 epidemic had a great impact on the 

development of information technologies in medicine 

and showed the importance of a developed information 

infrastructure. The emergence of models that provide an 

acceptable level of accuracy will make it possible to build 
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a large number of innovative systems: diagnostic 

systems, decision systems or decision support systems. 

In addition, it will be possible to centrally process the 

results of medical diagnostics, without being tied to the 

specific medical facilities. 

In the course of the work, the features of the analysis 

of cellular images were identified, the data were 

augmented and divided into training and test sets, taking 

into account the distribution of subjects, experiments 

were carried out and model’s outputs were interpreted. It 

was found that the best results on the given dataset were 

shown by the EfficientNetV2M architecture (the value of 

the target metric F1 is 6.8% higher than the average 

among the architectures under consideration, while the 

difference between the worst and best value of the F1 

metric is 0.208). 
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Abstract. This study explores the use of spatially-resolved diffuse reflectance 
spectroscopy for non-invasive method for measuring subcutaneous fat layer 
thickness. We investigated the relationship between spectroscopic 
measurements and hypodermis thickness, particularly focusing on lipid 
absorption amplitudes at varying source-detector distances. Our results reveal 
that lipid absorption amplitude is directly proportional to hypodermis 
thickness for layers between 1 and 4 mm at a source-detector fiber distance of 
14 mm. The lipid absorption amplitude plateaued beyond a thickness of 4 mm, 
limiting sensitivity for the thicker hypodermis layer. An exponential function 
was revealed to describe lipid absorption amplitude dependence on the fat 
thickness across different source-detector distances. Physiological factors, 
namely sex, was found to significantly influence absorption amplitudes, while 
age-related differences were not identified. A predictive model was developed, 
yielding moderate accuracy (RMSE = 1.56 mm) in estimating hypodermis 
thickness, which is limited by the reference method. The study concludes that 
spatially-resolved diffuse reflectance spectroscopy is a promising method for 
assessing subcutaneous fat thickness, benefiting from its non-invasive nature 
and immediate results. However, accuracy is influenced by physiological 
characteristics, including sex and age, thus requiring personalized calibration. 
Future research should aim to refine predictive models and assess the 
technique’s applicability across various body sites and a wider range of 
hypodermis thicknesses. © 2024 Journal of Biomedical Photonics & 
Engineering. 

Keywords: spatially-resolved diffuse reflectance spectroscopy; hypodermis 
thickness; lipid absorption amplitude; physiological parameters; non-invasive 
assessment technique. 

Paper #9044 received 5 Dec 2023; revised manuscript received 14 Feb 2023; accepted for 
publication 19 Feb 2023; published online 28 Feb 2024. doi: 10.18287/JBPE24.10.010303. 

 

 

 

1 Introduction 

Measuring the thickness of the subcutaneous adipose 

layer is a critical aspect of medical practice and research 

related to human health [1]. The subcutaneous fat layer 

serves as a key element in regulating body temperature, 

protecting organs from injury, and acting as a significant 

source of energy [1, 2]. The thickness of subcutaneous fat 
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can vary considerably among individuals and is 

influenced by a multitude of factors, including genetics, 

lifestyle, diet, and level of physical activity [3]. This 

variability underscores the importance of accurate 

assessment techniques for the subcutaneous adipose 

layer, which have implications for diagnosing and 

managing various health conditions. 

Various approaches have been developed and are 

currently used in practice to assess the thickness of 

subcutaneous fat. Among the most common methods are 

those based on ultrasonography (US) [4–7], magnetic 

resonance imaging (MRI) [8–11], various types of 

biopsy [12], and a range of optical methods [13–15]. 

High-frequency ultrasound [4] is widely used to 

determine the thickness of the skin layers, underlying 

subcutaneous fat and muscles [5–7]. However, accurate 

and reproducible results require a high level of skill from 

the person interpreting US images. The MRI has also 

gained widespread acceptance as a comprehensive 

method for examining the human body. The resolution of 

modern equipment is about 0.1 mm [8], which allows 

MRI to be successfully applied in studying the structure 

of the skin [9–11]. However, the main disadvantages of 

this method are its relatively high cost and equipment 

size, which hinders its widespread use in clinical settings. 

Biopsy is currently considered the “gold standard” for 

analyzing skin structure in medicine. Its main drawback 

lies in the invasiveness of the method and the need for 

time-consuming laboratory investigations. Moreover, 

there are indications that biopsy-based measurements 

may have significant discrepancies compared to in vivo 

methods due to the loss of elasticity of the hypodermis 

after excision and prolonged storage of the skin sample, 

as well as potential distortion of the sample during 

procedures conducted for laboratory studies. 

Diffuse reflectance spectroscopy (DRS) is often used 

to analyze the composition [16, 17] and thickness of 

biological tissues [18, 19] due to its relative simplicity, 

non-invasiveness and high measurement speed. In 

particular, the use of DRS may offer a promising solution 

to the problem of determining the thickness of the 

subcutaneous layer [13–15]. The main absorber in the 

dermis in the near-infrared (NIR) range is water, while 

lipids are the absorbers in the subcutaneous fat. 

Consequently, due to the different absorption spectra 

shapes of these layers (Fig. 1 (C)), depth scanning of the 

reflected signal would allow for the determination of 

hypodermis thickness (Fig. 1 (E)). Choi et al. (2008) [13] 

developed a non-invasive system for measuring the 

thickness of subcutaneous fat layer using DRS in the 

spectral range from 1000 to 1700 nm. Their results 

showed a high coefficient of determination (𝑅2 = 0.9954) 

between the measured and actual thickness of the 

subcutaneous fat layer in ex vivo tissue samples. In a 

study [14], the optical response around 930 nm, 

associated with lipid absorption, was investigated and 

compared with ultrasound images, MRI, and caliper 

measurements for assessing subcutaneous fat thickness. 

The results showed that optical methods can be an 

effective way to assess the thickness of subcutaneous fat 

with an average determination error of 1.2 and 0.8 mm, 

when using caliper and ultrasonic examination as the 

reference method respectively. The use of ultrasound as 

a reference method for measuring subcutaneous fat 

thickness has shown a high coefficient of determination 

when compared with DRS data, achieving an 𝑅2 value of 

0.9. This indicates a strong correlation and potential for 

accurate assessment of body tissue characteristics, such 

as the thickness of the subcutaneous fat layer. In 

study [15], the authors proposed the application of 

diffuse optical spectroscopy with temporal resolution 

within the same spectral range to evaluate body tissue 

composition with similar accuracy. However, a limitation 

of these studies is the small sample size of volunteers, 

which restricts the ability to discern correlations between 

the optical response and physiological attributes, 

including age and gender of the participants. This 

underscores the need for further research with larger and 

more diverse populations to better understand the 

implications of optical measurements in the context of 

varying human physiological characteristics. 

In this study, we assessed the thickness of the 

subcutaneous fat layer using spatially-resolved DRS on a 

group of 247 volunteers. The caliper measurement 

method was used for comparison in the creation of a 

method for determining the thickness of the hypodermis 

based on DRS data. The research included an analysis of 

the relationship between lipid absorption amplitude and 

the thickness of the subcutaneous fat layer, as determined 

by both DRS and caliper measurements. The impact of 

varying distances between the light source and the 

detector on this correlation was also explored. 

Additionally, machine learning methods were utilized to 

evaluate the impact of physiological parameters, such as 

gender and age, on the optical response of the skin. 

Statistically significant differences in relationships for 

subjects of different genders were identified, 

demonstrating the influence of these parameters on the 

accuracy of the predictive model. Furthermore, data from 

DRS were used to solve the inverse problem of 

estimating the thickness of the subcutaneous fat layer, 

achieving a determination accuracy within an error 

margin of 1.5 mm. 

2 Materials and Methods 

2.1 Cohort Description 

A total of 247 subjects (97 males and 150 females) 

participated in a simultaneous caliper skin fold readings 

and near-infrared DRS study ((Fig. 1 (C), (E), (F)). The 

age of the participant was 25 ± 13 years spanning from 4 

to 71 (Fig. 1(D)). The skin of the inner side of the forearm 

at a distance of approximately 5-10 cm from the elbow 

without visible vessels was used as a measurement site.
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Fig. 1 (A) Photo of the experimental setup implementing diffuse reflectance spectroscopy. (B) Photo of the fiber optic 

probe used for measuring diffuse reflectance spectra at various distances between the source and detector. (C) Absorption 

spectra of the dermis and hypodermis. (D) Age distribution histogram of participants in the experiment. (E) Illustration 

of photon trajectories emitted from the source fiber, reaching the detector fiber at various distances between the source 

and detector. (F) Caliper skin thickness distribution histogram of participants in the experiment. 

2.2 Diffuse Reflectance Spectra Measurements 

The device used to measure spatially resolved diffuse 

reflectance spectra is described in detail in Ref. [20]. 

Briefly, the measurement component of the device 

featured a probe composed of two optical fibers, each 

with a core diameter of 550 μm. This probe was designed 

to detect diffuse reflection signals from the skin, 

functioning at various distances between the source and 

detector across a spectral range of 800–1100 nm 

(Fig. 1 (A), (B)). This probe allows the measurement of 

diffuse reflectance spectra at distances between the 

source and detector fibers, denoted as d, ranging from 

0 to 14 mm with a step of 1 mm. A halogen lamp, SLS201 

(Thorlabs, USA), was used as the light source and a Maya 

Pro 2000 spectrometer (Ocean Optics, USA) was used as 

the detector.  

Diffuse reflectance spectra were calculated as 

follows:  

𝑅(𝜆) =
𝐼𝑠𝑘𝑖𝑛(𝜆)−𝐼𝑑𝑎𝑟𝑘(𝜆)

𝐼𝑟𝑒𝑓(𝜆)−𝐼𝑑𝑎𝑟𝑘(𝜆)
, (1) 

where 𝐼𝑠𝑘𝑖𝑛(𝜆) is the measured intensity of the reflected 

signal from the skin, 𝐼𝑑𝑎𝑟𝑘(𝜆)  represents background 

signal, and 𝐼𝑟𝑒𝑓(𝜆)  is the measured intensity from the 

standard (R = 99%, LabSphere, USA). 

We calculated the effective optical density as 

follows [10]: 

𝑂𝐷(𝜆) = − log10(𝑅(𝜆)). (2) 

The absorption amplitude of lipid, denoted as Lipid 

Index (LI), was calculated from the effective optical 

density spectra using the following Eq. (3): 

𝐿𝐼 = 𝑂𝐷(930 nm) − 𝑂𝐷(860 nm). (3) 

The absorption amplitude of water, denoted as Water 

Index (WI), was calculated from the effective optical 

density spectra using the following Eq. (4): 

𝑊𝐼 = 𝑂𝐷(970 nm) − 𝑂𝐷(860 nm)  (4) 

The possibility of assessing lipid and water content 

by these ratios was discussed in detail in our previous 

studies [20, 21]. 

In this study, to assess changes in parameters 

characteristic of different groups, the model proposed in 

Ref. [14] was used as one of the options. For this the 

dependency of the lipid absorption amplitude LI in the 

measured diffuse reflectance spectrum on the thickness 

of the hypodermis 𝑑ℎ𝑦𝑝𝑜𝑑𝑒𝑟𝑚𝑖𝑠 , as measured using a 

caliper, was approximated for each distance between the 

source and detector fibers using the following 

exponential relationship:  

𝐿𝐼 =  А(1 −  𝑒−𝐵∗𝑑ℎ𝑦𝑝𝑜𝑑𝑒𝑟𝑚𝑖𝑠), (5) 

where A > 0 and B > 0. 
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Fig. 2 Diffuse reflectance spectra measured at distances between the source and detector of d = 0 mm (A) and 

d = 14 mm (B) on the arms of volunteers with varying thicknesses of subcutaneous fat layer. (C) Dependence of lipid 

absorption amplitude, estimated from diffuse reflectance spectra at a 14 mm distance, on skin thickness measured by 

caliper (Eq. (3)). (D) Dependence of water absorption amplitude (Eq. (4)), estimated from diffuse reflectance spectra at a 

14 mm distance, on skin thickness measured by caliper. 

2.3 Assessment of the Significance of 

Physiological Parameters 

As a second approach to assess changes in response, 

machine learning models were developed to determine 

the LI for various sets of physiological features, including 

gender and age. These models were subsequently 

compared. The entire sample was divided into a training 

set (80% of dataset), used for model training and 

validation, and a test set (20% of dataset), used to assess 

the quality of the resulting models with features such as 

gender and age. This division was made once. The 

relationship between the LI and the thickness of the 

hypodermis is nonlinear (refer to Eq. (5)). Therefore, to 

construct a baseline model from hypodermis thickness, 

linear regression with polynomial transformation of this 

parameter was employed. The optimal polynomial 

degree was determined through cross-validation. Cross-

validation was done on the training set by randomly 

dividing the dataset into 5 folds. Prior to training the 

models, all features were standardized using the 

following algorithm: the median value of each feature 

was subtracted and then divided by the interquartile range 

of that feature. Gender was encoded as a binary 

numerical feature: 0 for female and 1 for male. The 

quality of the resulting machine learning models was 

evaluated by the coefficient of determination (𝑅2) and the 

root mean square error (RMSE), estimated on the test set. 

3 Results and Discussion 

Fig. 2 (A) and (B) depict the diffuse reflectance spectra 

measured at distances of 0 and 14 mm between the source 

and detector on volunteers with varying thicknesses of 

the subcutaneous fat layer on the arm. The spectra exhibit 

a local absorption maximum for water around 970 nm 

and for lipids around 930 nm. 

The spectra measured at a small distance (d = 0 mm, 

Fig. 2(A)), showed only slight variations for different 

thicknesses of the subcutaneous fat layer. At greater 

distances between the source and detector, a significant 

increase in lipid absorption amplitude and a decrease in 

water  absorption  amplitude  were  observed  (Fig. 2(B)). 
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Fig. 3 (A) Dependence of lipid absorption amplitude (Lipid Index), estimated from diffuse reflectance spectra at various 

distances between the source and detector, on hypodermis thickness. Different distances between the source and detector 

are color-coded. (B) Dependence of lipid absorption amplitude, estimated from diffuse reflectance spectra at a distance 

of 14 mm between the source and detector, on hypodermis thickness. The gender of volunteers participating in the study 

is color-coded. On all panels, points indicate the mean value of Lipid Index and corresponding standard deviation for 

groups with fixed hypodermis thickness. Solid curves represent data approximation according to Eq. (5). 

A direct proportionality between the measured lipid 

absorption amplitude and the thickness of the 

hypodermis, as measured by calipers, within a thickness 

range of 1 to 4 mm was observed (Fig. 1 (C)). Negative 

correlation was also observed between the water 

absorption amplitude and the thickness of the 

hypodermis (Fig. 2 (D)) within the same range of 

thicknesses. However, for thicknesses greater than 4 mm, 

the amplitudes of water and lipid absorption did not 

change significantly (Fig. 2 (C) and (D)). 

Utilizing the spectra measured at various distances 

between the source and detector, we constructed 

relationships between the LI and the thickness of the 

hypodermis, as measured by calipers (Fig. 3 (A)). It is 

evident that the greater the distance between the source 

and detector, the larger the difference between the 

maximum and minimum values of the LI for the given 

caliper measurements. 

The relationships presented in Fig. 3 were 

approximated by an exponential function (Eq. (4)). It was 

found that the maximum amplitude value A = 0.44 ±0.02 

occurs at the greatest distance between the source and 

detector. The amplitude value A may differ from the 

value presented in Ref. [14], as it is contingent upon the 

method of assessing the contribution of lipids to the 

reflected signal, the distance between the source and 

detector fibers, and the diameters of the optical fibers.  

As can be seen from Fig. 3 (A), for LI values averaged 

over groups with the same skin thickness, the dependence 

on skin thickness can be considered exponential. 

However, the standard deviation for each value of 

hypodermal thickness was high, which may be due to 

physiological parameters such as age and gender. To 

compare the observed contribution of lipids to the skin 

diffuse reflectance for different sexes, similar 

dependences and approximations were obtained using 

data divided into subsamples by sex (Fig. 3 (B)). 

Statistically significant differences were observed 

between these relationships for individuals of different 

sexes: A = 0.39 ± 0.02 for females, A = 0.36 ± 0.03 for 

males.  

The difference in dependencies presented in 

Fig. 3 (B) is most likely due to the fact that the thickness 

of the dermis for women is on average less than that for 

men, and when measuring fold thickness using a caliper, 

the sum of the thicknesses of the dermis and hypodermis 

is measured. Thus, with equal caliper readings, the 

thickness of the hypodermis in women is higher, which 

is reflected in the DRS response and higher values of the 

calculated LI. 

Next, using the obtained data, an inverse problem was 

solved. That is, using DRS data, the thickness of the 

hypodermis measured by calipers was determined. From 

the relationship presented in Fig. 3 (A) and 

approximation in Eq. (4), the hypodermis thickness in the 

range from 1 to 4 mm was expressed from the lipid 

absorption amplitude LI. As a result, the predicted model 

determines the thickness of the hypodermis with an 

accuracy of R2 = 0.24 and RMSE = 1.56 mm. The 

obtained error is comparable to results achieved in 

work [14]. 

Due to the limited number of samples for some skin 

thicknesses, it was difficult to further divide 

the sample into groups by age to compare the parameters 

of the approximating dependencies for different age 

groups. Therefore, we assessed the influence 

of ageon the lipid absorption amplitude 

using machine learning approach. To this end, 

models were constructed to determine the LI for different 

sets of physiological features, as described in Table 1. 

Linear regression with polynomial transformation was  

used asthe base model for dependency on 

hypodermis thickness. Cross-validation revealed that 

the optimal  degree  of  polynomial  transformation  is 3. 
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Fig. 4 Dependence of predicted Lipid Index values on measured cases when various feature sets were used: (A) caliper 

data, (B) caliper data, gender, age, (C) caliper data and gender, (D) caliper data and age. 

Table 1 Feature sets for estimating water absorption amplitude using machine learning methods and 

corresponding coefficients of determination and standard deviation for the obtained models in determining lipid 

absorption amplitude LI. 

№ Feature sets 𝑹𝟐 RMSE 

1 Caliper data, Sex, Age 0.56 0.07 

2 Caliper data, Sex 0.53 0.07 

3 Caliper data, Age 0.32 0.09 

4 Caliper data 0.29 0.09 

 

It was found that adding a binary feature defining the sex 

of the volunteer significantly increased the prediction 

accuracy on the test sample (R2 = 0.53, RMSE = 0.07, 

Fig. 4 (C)), compared to the base model considering only 

caliper data (R2 = 0.29, RMSE = 0.09, Fig. 4 (A)). This 

result is consistent with results obtained using the 

exponential approximation. Further addition of a feature 

defining the volunteer’s age lead to slightly improved 

accuracy of the model (R2 = 0.53, RMSE = 0.07, 

Fig. 4 (B)), however, this increase was not statistically 

significant. Similarly, no improvement in RMSE metrics 

was observed when comparing the base model with the 

model based on caliper data and age (Fig. 4 (A, D), 

Table 1, № 3,4). 

Thus, both methods indicate the influence of sex on 

the dependence of the LI on the thickness of the 

hypodermis. In the sample considered, there was no 

significant effect of age on the shape of this dependence. 

4 Conclusion 

This study successfully demonstrated the application of 

spatially-resolved DRS as a non-invasive method for 

measuring the thickness of the subcutaneous fat layer. 

Our findings indicate that, while small distances between 

the source and detector do not provide significant 

variations in spectroscopic measurements, increasing this 

distance reveals a clear relationship between lipid and 
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water absorption amplitudes and the thickness of the 

hypodermis. The lipid absorption amplitude showed a 

direct proportionality to the hypodermis thickness for 

layers between 1 to 4 mm, as corroborated by traditional 

caliper measurements. Conversely, the water absorption 

amplitude exhibited negative correlation within the same 

thickness range. However, beyond a 4 mm thickness, 

these relationships plateaued, suggesting a limit to the 

method’s sensitivity for thicker fat layers for a given 

source-detector distance. By establishing a LI and 

relating it to caliper measurements across different 

source-detector distances, we derived an exponential 

function that describes this relationship, with the 

function's maximum amplitude occurring at the largest 

distance. Notably, sex was identified as significant 

physiological factor influencing the absorption 

amplitudes, highlighting the importance of considering 

physiological factors in optical measurements. The 

predictive model developed from our data was able to 

estimate hypodermis thickness with moderate accuracy 

(RMSE = 1.56 mm), which is limited by the reference 

method. In conclusion, spatially-resolved DRS offers a 

promising alternative for assessing subcutaneous fat 

layer thickness. The method has a number of advantages, 

such as non-invasiveness, the ability to obtain immediate 

results, and, most importantly, the molecular specificity 

of the signal, allowing for a more detailed analysis of 

tissue composition. Unlike calipers, which do not 

account for the thickness of the dermis, our approach 

enables the analysis of a broader spectrum of tissue 

characteristics. In certain situations, measuring with 

calipers can be difficult due to curved surfaces, such as 

when measuring facial skin. In these cases, optical 

methods may be more appropriate. This makes our 

method particularly valuable for determining the 

characteristics of subcutaneous layers of bio-tissues and 

body composition. However, its accuracy is influenced 

by physiological characteristics, underscoring the need 

for personalized adjustment when using this technique in 

clinical or research settings. Future work should focus on 

refining the predictive models and exploring the utility of 

this method for different body sites and a broader range 

of hypodermis thicknesses. 
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Abstract. Brain-computer interface (BCI) was first only thought of as a control 
channel for end users with simple disabilities, like those locked in a room. 
Nevertheless, the spectrum of BCI applications has significantly increased due 
to the multidisciplinary advancements made over the past ten years. Today’s 
BCI technology can combine this artificial output with muscle-based natural 
products, directly translating brain impulses into control signals. Therefore, 
combining several biological signals for in-the-moment communication can 
benefit a far bigger population than first anticipated. New generations of 
assistive devices could aid individuals with preserved residual functions. 
Electroencephalography (EEG) signals can effectively perform BCI with 
maximum accuracy. This work will implement a new multiple-feature 
extraction-based BCI with a deep convolutional neural network to progress 
accuracy and reduce system complexity. The EEG signal is extracted from a 
database and then preprocessed using de-noising and smoothing techniques. 
Extracting features from the signal, then concatenating the features that have 
been extracted. After that, the Long Short-Term Memory (LSTM) network is 
used to train the signals. A proper preprocessing technique will remove the 
artefacts from the captured EEG signal. Sensitivity evaluation metrics, such as 
sensitivity, specificity, accuracy, etc., will be evaluated to validate the training 
and testing performance. This work achieves 99.35% accuracy, 96.38% 
sensitivity, 99.18% specificity, and 99.21% precision. By combining a range of 
feature extraction methods, we have effectively harnessed the complementary 
strengths of these techniques, resulting in a more holistic representation of the 
underlying neural activities. © 2024 Journal of Biomedical Photonics & 
Engineering. 

Keywords: brain-computer interfaces; electroencephalography (EEG); deep 
convolutional neural networks; multiple feature extraction; sensitivity 
evaluation. 
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1 Introduction 

The electroencephalography (EEG) records electrical 

impulses that exit the brain and makes it possible to 

retrieve valuable data about how the brain works. 

EEG-based brain-computer interface (BCI) is employed 

in many biological and medical procedures, such as 

detecting and treating central nervous diseases, assessing 

mental workload, and diagnosing brain tumors. In 

particular, BCI can assist in communicating brain 

instructions for those with motor neuron disease, 

forebrain stroke, brain trauma injury, palsy, 
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musculoskeletal problems, or other diseases affecting the 

control and response system between the brain and 

muscles and facilitate the authority of prosthetic 

joints [1]. 

The procedure provides control settings that may be 

utilised by healthy or disabled people to construct a new 

brain-computer connection. Either Event-Related 

Potentials (ERPs), which are time-locked reactions to an 

external event, or Event-Related Oscillatory Changes 

(EROCs), internally caused modulations in the 

continuing EEG, can typically be utilized as input to a 

BCI. One particularly well-liked and frequently 

employed mental technique is the imagination of 

movements. Electrodes affixed to the top of the head 

record the brain’s electrical activity as EEG signals. The 

implementation of EEG signal analysis is based on 

curves, a graphical representation of collected data. The 

visual evaluation of these curves allows doctors to 

diagnose neural disorders [2]. 

Even when dealing with inexperienced doctors, 

relying solely on visual assessment might prove 

insufficient. The analysis of EEG signals holds 

significant importance, requiring algorithms to not only 

gather information from the recorded EEG signals but 

also process it effectively to predict and classify various 

brain states [3]. A notable challenge in EEG data 

processing lies in identifying epilepsy events. Research 

has indicated that by employing machine learning 

techniques to analyze the dynamics of task-related 

Independent Components (ICs), the performance of BCIs 

in predicting human patients’ cognitive functions can be 

notably improved. To illustrate, ICs located in the 

temporoparietal region can aid in comprehending 

intended movement directions, while those in the 

posterior brain area can simulate individual performance, 

and sensorimotor ICs can serve as crucial markers for 

categorizing EEG patterns [4]. 

BCIs were once thought to be the only control 

channel whose intended end-users were people with 

severe impairments, such as those locked in. However, 

these initial objectives have been greatly expanded due to 

the transdisciplinary development made over the past ten 

years. Today’s modern BCI technologies can translate 

brain signals directly into fresh output and mix this kind 

of synthetic production with a muscle-based prolactin 

level. Therefore, integrating numerous biochemical 

signals for real-time interaction has the opportunity to 

boost a much wider population than initially thought, 

from end users with maintained residue left features who 

can benefit from new assistive devices centuries to 

healthy individuals who could enhance their 

musculoskeletal achievement further than their normal 

capabilities [5].  

In earlier investigations, factors like emotions, 

psychopathology, and focus were predictors of 

classification and impacted EEG data. In contrast, focus, 

attention level, relaxation, mood, and hand-grasping 

imagination are often the EEG signal variables translated 

in BCI. In most cases, the categorization method in the 

investigations only used one characteristic variable. In 

earlier research, BCI was utilized to operate computer 

applications, move characters in arcade games, and drive 

robotic wheelchairs via focus feedback. After feature 

extraction in pattern recognition, the classification 

system is used [6]. Several strategies have already been 

put forth to achieve BCI. The main issues with BCI are 

memory usage and computational complexity.  

With limited and abundant samples of EEG training 

data focused on motor and mental imagery, Muhammad 

et al. introduced a novel automated framework based on 

pretrained convolutional neural networks (CNNs). This 

framework aims to enhance the robustness of BCI 

systems. Fifty-four individuals who performed MI on 

two separate days submitted the results of 21600 trials for 

the MI task to the database. It is composed of spectral-

spatial insight, which embeds this same diversity. To 

evaluate the robustness of the features in two classes, an 

observation model based on information theory must first 

consider the discriminative frequency bands. This model 

uses spectral-spatial inputs. Spectrum-spatial inputs with 

the distinct features of brain signal patterns are produced 

from discriminative frequency bands and then converted 

into a covariance matrix. Spectral-spatial inputs are 

independently trained using a CNN during the feature 

representation phase, and they are then joined using a 

concatenation fusion technique [7]. 

Han et al. [8] proposed that compared to single-image 

EEG- and NIRS-based brain changes, a hybrid 

EEG/NIRS switch’s performance was better. The 

fictional online research’s findings typically showed the 

same overarching trend as those of the offline study. 

There was no noticeable difference in performance 

indicators between the disconnected and pseudo-online 

analytic methodologies when the quantity of keeping fit 

data was similar [8]. Zhang et al. [9] proposed a sparse 

Bayesian method for EEG classification by exploiting 

Laplace. Within a Bayesian evidence framework, a 

sparse discriminant vector undergoes hierarchical 

training with a Laplace prior. Comprehensive 

comparisons between the SBLaplace algorithm and 

various competing techniques are conducted using two 

EEG datasets [9]. 

Gupta et al. [10] proposed a unique feature-creation 

method for categorizing multi-mental tasks. The 

suggested approach extracts characteristics in two stages. 

The EEG signal is first broken down using the wavelet 

transform. Each feature component acquired in the 

second step is compactly expressed using eight 

parameters. The Optimal Decision Tree-Based Support 

Vector Machine (ODT-SVM) classifier is utilized for 

categorizing several mental tasks [10].  

The motivation of this work is to enhance the 

accuracy and effectiveness of EEG signal classification, 

which can lead to a better understanding and utilization 

of brain signals for various applications, ranging from 

medical diagnoses to brain-controlled technologies. 

The main objectives of the paper are  

 to investigate brain activity throughout sensory 

perception and hand movement phases, ensuring EEG 

data matches neurological function. 
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 to enhance the classification performance of the 

BCI process for several classes while dealing with 

enormous datasets. 

2 Proposed Method 

The process begins by obtaining EEG signals from a 

database, which are subsequently subjected to 

preprocessing involving techniques like noise reduction 

and signal smoothing. Once the signals are refined, 

meaningful features are extracted from them. These 

extracted features are then combined by concatenation, 

forming comprehensive feature vectors. Subsequently, a 

CNN is employed to train the processed EEG signals. 

This involves feeding the concatenated feature vectors 

into the LSTM architecture, where convolutional layers 

identify intricate patterns, pooling layers aid in 

downsampling and feature selection, and fully connected 

layers make final predictions or classifications. The 

network is trained using labeled data, with optimization 

techniques refining its weights and parameters to 

minimize the difference between predicted outcomes and 

actual labels. This comprehensive process amalgamates 

signal preprocessing, feature extraction, concatenation, 

and LSTM-based training for a range of applications like 

medical diagnosis and cognitive analysis. Fig. 1 shows 

the block diagram of the proposed method. 

2.1 Dataset 

This dataset consists of a comprehensive collection of 

over 1500 EEG recordings, ranging from one to two 

minutes in length, and involving 109 individuals as 

participants. The EEG data was recorded using a 

64-channel EEG setup facilitated by the BCI2000 system 

(https://archive.physionet.org/pn4/eegmmidb/). 

During the recording sessions, the participants were 

involved in a variety of tasks. Each participant completed 

a total of 14 testing rounds, which included two initial 

one-minute baseline runs and three successive runs for 

each of the four distinct tasks. The dataset is fully 

explained in Table 1. 

2.2 Signal Preprocessing 

Signal averaging is a time-domain signal processing 

method used to boost a signal’s intensity compared to 

noise obscuring it [11]. The signal-to-noise ratio (SNR), 

ideally proportional to the square root of the number of 

measurements, will be improved by averaging a set of 

replicate measurements [12]. 

In order to smooth out signals using the time-

fractional diffusion equation, it is necessary to search for 

a solution to Eq. (1) that is able to fulfil the starting 

requirements that have been specified. In other words, 

u(x, 0) is a noisy signal, and u(x, T) is the smoothed 

signal. 
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(1) 

where 𝑔(𝑥, 𝑡) = exp⁡[−(|
𝑑2𝑈(𝑥,𝑡)

𝜆𝑑𝑥2
|)2]  is a diffusion 

function. In general, g(x, t) is a smooth decreasing 

function with g (0, t) = 1, g(x, t) ≥ 0 and g(x, t). 

Normalization is the alteration of the indicator to a 

scale relative to a known and repeatable worth. The 

values in all four columns of the datasets span from 

positive immensity to negative immensity [13]. Min-max 

normalization is used in this study to restrict the values 

to those between 0 and 1 [14]. The linear transformation 

of the characteristics is maintained by min-max 

normalization. The Eq. (2) represents the min-max 

normalization. The 𝑚𝑖𝑛𝑖 is the attribute’s smallest value. 

The 𝑚𝑎𝑥𝑖  is its maximum value. 

𝑁 =⁡
𝑛𝑖−𝑚𝑖𝑛𝑖

𝑚𝑎𝑥𝑖−𝑚𝑖𝑛𝑖
. (2) 

Table 1 Description of the dataset. 

Sl. No Task Description 

1 B-1 Eyes open 

2 B-2 Eyes closed 

3 Task 1 Make a left or right fist, and then shut it 

4 Task 2 Imagine making a fist with your left hand and then closing it as well 

5 Task 3 The two fists or both feet may be opened and closed 

6 Task 4 Imagine opening and closing both fists or both feet 

7 Task 1 Perform alternating open and close movements with either the left or right fist 

8 Task 2 Mentally visualize the act of opening and closing either the left or right fist 

9 Task 3 Execute alternating open and close movements with both fists or both feet 

10 Task 4 Visualise opening and closing both fists or feet 

https://archive.physionet.org/pn4/eegmmidb/
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Fig. 1 Block diagram of the proposed method. 

2.3 Feature Extraction 

 

Mean 

The mean value is the sum divided by the signal values. 

A relative measure of signal intensity could be how 

bright the signal appears compared to another [15]. 

𝑥̅ =
1

𝑛
(∑ 𝑥𝑖

𝑛
𝑖=1 ) ⁡= ⁡

𝑥1 +𝑥2 +⋯ +𝑥𝑛

𝑛
. (3) 

Standard Deviation (SD) 

The degree of dispersion of the data from the mean is 

expressed as a standard deviation. Using the following 

Eq. (3), the EEG signal’s standard deviation can be 

determined as following [16]: 

𝑠 = √
1

𝑁−1
∑ (𝑥𝑖 − 𝑥̅)2𝑁
𝑖=1 . (4) 
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Kurtosis 

Kurtosis data sets with a high skewness value are more 

likely to have large tails or severe outliers [17]. 

Exceptions are usually absent, or the tails are light in data 

sets with moderate skewness values (Ieracitano). 

𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠[𝑋] = E [(
𝑋−𝜇

𝜎
)
4
] =

𝐸[(𝑋−𝜇)4]

(𝐸[(𝑋−𝜇)2])2
⁡⁡= ⁡⁡⁡

𝜇4

𝜎4
. (5) 

Skewness 

A measure reflecting a distribution’s imbalance is 

skewness [18]. A distribution is said to be asymmetric 

when its left and right sides are devoid of signal [19].  

𝜇3 = 𝐸 [(
𝑋−𝜇

𝜎
)
3
] =

𝜇3

𝜎3
=⁡⁡⁡

𝐸[(𝑋−𝜇)3]

(𝐸[(𝑋−𝜇)2])3 2⁄
⁡⁡⁡=

𝑘3

𝑘2
3 2⁄ . (6) 

Moment  

The Moment invariant feature extraction approach is 

applied to extract the global features for form recognition 

and identification analysis [20]. Since its introduction, 

several varieties of the moment invariants approach have 

existed [21]. 

𝜇𝑛 = ∫ (𝑥 − 𝑐)𝑛
∞

−∞
𝑓(𝑥)⁡⁡𝑑𝑥. (7) 

Energy  

The energy refers to the likelihood (normalized 

histogram) of the brightness at the point [22]:  

𝐸𝐺 = ∑ ∑ {𝑝(𝑖, 𝑗)}2
𝑁𝐺
𝑗

𝑁𝐺
𝑖 . (8) 

Entropy (EN) 

The Entropy (EN), a metric of unpredictableness, has the 

lowest value for an erratic matrix [23]. The following 

Eq. (9) defines this coefficient: 

𝐸𝑁 = −∑ ∑ 𝑝(𝑖, 𝑗)
𝑁𝐺
𝑗

𝑁𝐺
𝑖 log(𝑝(𝑖, 𝑗)). (9) 

Inertia (IN) 

The Inertia (IN) also called the Contrast feature, 

measures the signal’s contrast or any local fluctuations to 

show its quality [24]. This parameter is specified by the 

Eq. (10) below: 

𝐼𝑁 = −∑ ∑ (𝑖 − 𝑗)2
𝑁𝐺
𝑗 𝑝(𝑖, 𝑗)

𝑁𝐺
𝑖 . (10) 

Correlation (CO) 

The term correlation (CO) adjective assesses the linear 

relationships between the co-occurrence matrix’s rows 

and columns. This parameter’s definition is given by the 

Eq. (11) below: 

𝐶𝑂 =
∑ ∑ (𝑖−𝜇𝑥)(𝑗−𝜇𝑦)

⁡𝑁𝐺
𝑗

𝑁𝐺
𝑖

𝑝(𝑖,𝑗) ⁡

𝜎𝑥𝜎𝑦
, (11) 

where 𝜇𝑥 , 𝜇𝑦, 𝜎𝑥 , 𝑎𝑛𝑑⁡𝜎𝑦  are the means and standard 

deviations of 𝑝𝑥𝑝𝑦 . 

Inverse Difference Moment (IDM) 

The intensity of the spread of the items in the co-

occurrence matrix and the components in its diagonal is 

measured by homogeneity, commonly known as the 

inverted differential second.  

𝑖𝑑𝑚 = ∑ ∑
1

1+(𝑖−𝑗)2
𝑁𝐺
𝑗

𝑁𝐺
𝑖 ⁡𝑝(𝑖, 𝑗). (12) 

Difference Entropy (DE) 

Discrete entropy, used in signal processing, measures the 

number of bits needed to encode signal data. The signal 

will become more precise with the greater magnitude of 

entropy. 

𝐷𝐸 = −∑ 𝑃𝑥−𝑦(𝑘)𝑙𝑜𝑔2
𝑁𝐺−1
𝐾=0 𝑃𝑥−𝑦(𝑘). (13) 

2.4 Frequency Features 

The Short-Time Fourier Transform (STFT), also referred 

to as the short-term Fourier transform, is a versatile and 

powerful tool in audio signal processing. It provides a 

time-frequency distribution that represents complex 

amplitude as a function of both time and frequency for a 

given signal. While it shares similarities with the Fourier 

transform in its use of fixed basis functions, the STFT 

differs by employing fixed-size time-shifted window 

functions to transform the signal, or w(n). 

1

0
( , ) ( ) ( ) ,

, 0,1,..., 1,

N nk

Nn
X k m x n m w n W

k m N




 

 

  (14) 

where m is the amount of shift. When compared to the 

Fourier transform, the STFT offers superior capability in 

terms of temporal and spectrum localised information. 

The produced characteristics, on the other hand, are 

unable to swiftly localise time and frequency because of 

the unending combination of temporal and frequency 

precision that is induced by the traditional Heisenberg’s 

uncertainty principle. Furthermore, due to the fact that it 

has a constant time window and fixed basis functions, the 

STFT is still unable to detect events that have varying 

durations or when the signal is composed of quick events. 

2.5 LSTM 

Deep learning and intelligent systems use a Short-Term 

Long Memory (LSTM) deep neural network. In addition 

to analyzing single data bits, this type of Recurrent 

Neural Network (RNN) can analyze whole data 

sequences. Similar to how the moment-to-moment shift 
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Fig. 2 LSTM architecture. 

in electromagnetic discharge frequencies in the brain 

maintains short attention spans, the activity patterns in 

the system are disturbed once each time step. According 

to biological changes in synapse strength that are used to 

retain long-term memories, the connectivity weights and 

biases in the system disturbances once for each 

occurrence of training. Long-term memory is the term 

used to describe the short-term memory that the LSTM 

design aims to provide for RNN that can withstand 

thousands of time-steps. 

Input and output gates are the only components of the 

LSTM design. The expressed as following:  

𝑖𝑡 = 𝜎(𝑊𝑖ℎℎ𝑡−1 +𝑊𝑖𝑥𝑥𝑡+𝑏𝑖), (15) 

𝑐𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐ℎℎ𝑡−1 +𝑊𝑐𝑥𝑥𝑡+𝑏𝑐), (16) 

𝑐𝑡 =⁡𝑐𝑡−1 + 𝑖𝑡𝑐𝑡, (17) 

𝑜𝑡 = 𝜎(𝑊𝑜ℎℎ𝑡−1 +𝑊𝑜𝑥𝑥𝑡+𝑏𝑜), (18) 

ℎ𝑡 =⁡𝑜𝑡 ⁡tanh⁡(𝑐𝑡), (19) 

where ct denotes the cell state of LSTM. Wi, Wch, and 

Wo are the weights, and the operator ‘·’ shows two 

vectors multiplied together pointwise. The LSTM’s 

structure is seen in Fig. 2. The LSTM’s parameters are 

shown in Table 2. The selected loss function for the 

training process is Cross Entropy. The Adam optimizer 

is employed to optimize the model’s parameters during 

training. A dropout rate of 0.5 is implemented, indicating 

that 50% of the neurons are randomly omitted during 

each training iteration to prevent overfitting. The training 

process is set to run for a maximum of 800 epochs, 

defining the number of times the entire dataset is 

processed by the model. During each iteration of training, 

a batch size of 100 is utilized, determining the number of 

data samples processed before updating the model’s 

parameters. The learning process commences with an 

initial learning rate of 0.005, influencing the size of the 

steps taken during the optimization process. The Sigmoid 

activation function is chosen for the gates within the 

LSTM network, contributing to the control over the flow 

of information in the memory cell. 

Algorithm 1 outlines the proposed method for 

classifying EEG signals, starting with input EEG data 

denoted as Sk and aiming to produce a classified EEG 

signal as output. The algorithm iterates through a dataset 

of EEG signals, performing a sequence of processing 

steps on each signal. 

For each iteration from k = 0 to N, the algorithm 

follows these steps: Read the EEG signal 𝑆𝑘 . Apply 

preprocessing to the signal, resulting in the preprocessed 

signal 𝑆𝑅 . Extract statistical features from the 

preprocessed signal, which characterizes its statistical 

properties. Further extract frequency features (𝐹𝑅) from 

the preprocessed signal to capture its spectral 

characteristics. Initialize the LSTM network (𝐿𝑆𝑇𝑀_𝐼) 
with training parameters. Train the LSTM network 

(LSTM) using the initialized parameters, along with the 

statistical and frequency features (𝑆𝑘 and 𝑀𝑅) obtained 

from the EEG signal. The algorithm repeats these steps 

for each signal in the dataset. The overall goal of this 

process is to classify EEG signals effectively using 

LSTM-based neural networks. It is important to note that 

the actual processing details and specific parameters used 

in these steps may vary depending on the implementation 

and goals of the EEG signal classification task. 

Table 2 Training parameter of LSTM. 

Parameter Value 

Loss Function Cross Entropy 

Optimizer Adam 

Dropout 0.5 

Maximum Epochs 800 

Batch size  100 

Initial learning rate  0.005 

Gate activation function Sigmoid 

 

Algorithm 1 Algorithm of Proposed method. 

Input                     : Signal(Sk) 

Output                   : Classified EEG Signal 

     For k=0 to N 

           Read Signal 𝑆𝑘,  

           𝑆𝑅 = preprocessed (𝑆𝑘) 

          𝑀𝑅 = extract statistical feature(𝑆𝑅) 

𝐹𝑅 = extract frequency feature(𝑆𝑅) 

     𝐿𝑆𝑇𝑀_𝐼 =
𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒(𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔⁡𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟) 
           𝐿𝑆𝑇𝑀 = 𝑇𝑟𝑎𝑖𝑛(𝑈𝑁𝐸𝑇𝐼 , 𝑆𝑘 , 𝑀𝑅) 
     EndFor 

 

The proposed BCI work is implemented using the 

Python programming language. Google Colab 

environment is used to compile the Python code. Various 

libraries are used to perform the feature extraction and 

ML training process. Keras library is used to perform the 

LSTM training operation. To improve the computation 

speed, the GPU of Colab is utilized. In this work, 80% of 

the data is used for training, and 20% is used for testing.
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Fig. 3 Sample EEG signals from from the dataset. 

 

Fig. 4 Probe arrangement. 

2.6 Performance Metrics 

The accuracy gauges how many instances are correctly 

classified about the number of occurrences. The 

sensitivity may be stated as the proportion of correctly 

labelled positives. The ratio of the total of true negative 

to accurate negative findings to the total of true negative 

and false positive results is used to measure specificity. 

The proportion of better conversion results in diagnostic 

tests and analytics is known as precision. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁⁡
, (20) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 
𝑇𝑃

𝑇𝑃+𝐹𝑁⁡
, (21) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = ⁡
𝑇𝑁

𝑇𝑁+𝐹𝑃⁡
, (22) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = ⁡
𝑇𝑃

𝑇𝑃+𝐹𝑃⁡
. (23) 

3 Results and Discussion 

As indicated in Fig. 4, the EEGs were collected from 64 

neurons using the worldwide 10-10 standard, eliminating 

terminals Nz, F9, F10, FT9, FT10, A1, A2, TP9, TP10, 

P9, and P10. Noting that signals in the database are 

numbers from 0 to 63, whereas the numerals in the 

picture vary from 1 to 64, the numbers beneath each 

electrode name reflect the sequence wherein they appear 

in the data. Fig. 3 shows the sample EEG signals from the 

dataset. Fig. 4 depicts the placement of the probes. 
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Fig. 5 Performance of the proposed method based on the training and testing ratio. 

Table 3 Performance-based on training and testing ratio. 

Training / 

Testing ratio 
Accuracy Sensitivity Specificity Precision 

40/60 53.12% 67.49% 59.8% 75.63% 

50/50 72.51% 78.17% 68.18% 85.64% 

60/40 83.14% 88.39% 79.39% 89.96% 

70/30 93.17% 90.21% 94.11% 94.71% 

80/20 99.35% 96.38% 99.18% 99.21% 

Table 4 Comparative performance of the proposed method. 

Method Accuracy Sensitivity Specificity Precision 

Ref. [22] 90% − − − 

Ref. [23] 98.31% − − − 

Ref. [24] 98.3% − − 94.7% 

This work 99.35% 96.38% 99.18% 99.21% 

 

The performance of classification process is given in 

Fig. 5. As shown, the accuracy, sensitivity, specificity 

and precision values are showed for different training 

ratio. 

Table 3 presents the performance metrics of the 

model based on different training and testing data ratios. 

At a training/testing ratio of 40/60, the model achieved 

an accuracy of 53.12%, sensitivity of 67.49%, specificity 

of 59.8%, and precision of 75.63%. When the ratio was 

adjusted to 50/50, performance improved, with accuracy 

reaching 72.51%, sensitivity at 78.17%, specificity at 

68.18%, and precision at 85.64%. Further increases in the 

training set proportion resulted in higher overall 

performance, with notable values at a ratio of 80/20, 

where accuracy peaked at 99.35%, sensitivity at 96.38%, 

specificity at 99.18%, and precision at 99.21%. These 

results underscore the influence of the training/testing 

ratio on the model’s ability to generalize and perform 

effectively across different datasets. 

The comparative effectiveness of the suggested 

strategy is displayed in Table 4. The Method [22] 

achieved an accuracy of 90%, while the Method [23] 

demonstrated an improved accuracy of 98.31%. Further, 

the Method [24] exhibited an accuracy of 98.3% and 

displayed a notable precision of 94.7%. The current 

work, however, outperformed these methods, attaining 

an impressive accuracy of 99.35%. Additionally, it 

achieved a high sensitivity rate of 96.38% and an 

impressive specificity of 99.18%. The precision for this 

work was also commendable at 99.21%. These results 

collectively underscore the advancements made in the 

current study compared to the previous methods. The 

suggested method’s confusion matrix is displayed in 

Fig. 6. Fig. 7 shows the performance of the proposed 

method based on each class. 
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Fig. 6 Confusion matrix of the proposed method. 

 

Fig. 7 Performance of the proposed method. 

4 Conclusion 

The proposed research focuses on enhancing EEG-based 

intention recognition through the implementation of 

LSTM networks in conjunction with signal 

normalization and smoothing techniques. The 

effectiveness of these refined algorithms is demonstrated 

through extensive experimentation with publicly 

available BCI databases, showcasing their ability to 

accommodate a wide range of human intentions and EEG 

sensitivities. Furthermore, this work includes a 

comprehensive examination of the various iterations of 

the proposed model and their interaction with dataset 

characteristics. This breakthrough represents a 

significant advancement in the precise identification of 

human intentions, holding great significance for the 

advancement of practical BCI system development. The 

findings of this work are supported by impressive 

performance metrics, including a remarkable accuracy 

rate of 99.35%, a sensitivity rate of 96.38%, specificities 

that reach 99.18%, and an exceptional precision rate of 

99.21%. 
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Abstract. In recent years, the research on deep Convolutional Neural 
Networks (CNNs) has led to remarkable advancements in image 
categorization and segmentation. This paper presents a new Computer-Aided 
Detection (CAD) system utilizing convolutional neural networks and 
Computed Tomography (CT) image segmentation techniques to address the 
same problem of diagnostic lung nodule detection in low-dose CT scans. To 
simplify the approach, the system utilizes CNN for the classification of the 
malignant nodule. Specifically, divide each CT scan into several patches, with 
nodules and the remainder of the image falling into separate groups. Utilizing 
CT images from the Lung Image Database Consortium and Image Database 
Resource Initiative, the CNN models are evaluated. The overall accuracy metric 
measures the percentage of correctly classified instances (both benign and 
malignant) out of the total number of instances. From the results, it is observed 
that the overall accuracy generally ranges from 93% to 96% for different batch 
sizes. According to the findings, the most advanced model can achieve a 
detection accuracy of 96% with 256 batch size. © 2024 Journal of Biomedical 
Photonics & Engineering. 
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1 Introduction 

Lung cancer is the leading cause of cancer-related 

mortality, as reported by 2021 statistics from the 

American Cancer Society. The rate of lifespan of cancer 

patients can be greatly enhanced through careful 

monitoring for any signs of the disease. Computed 

Tomography (CT) is frequently applied by radiologists in 

the evaluation of lung cancer because of its high 

sensitivity to detect pulmonary nodules [1]. Lung cancer 

death can be reduced more effectively than with chest 

X-ray (radiograph) screening because of its higher 

detection rate [2]. Despite the high sensitivity of CT 

scans [3] in detecting nodules, it is still not easy for a 

radiologist to inform whether a nodule is benign or 

malignant in the procedure. According to the National 

Lung Screening Trial Research Team [4], monitoring 

using low-dose CT scans [5] lowered lung carcinoma 

deaths by 15–20%. Radiation exposure is increased 

because of unnecessary CT scans [6] instructed after a 

false positive diagnosis. In this research, a Convolutional 

Neural Network (CNN) [7] is proposed to identify 

whether a nodule is malignant or not, which will aid 

radiologists in making an accurate diagnosis of lung 

cancer. Deep learning, especially CNNs has transformed 

the world of medical imaging delivering remarkable 

advancements in pathology detection and classification. 

The use of CNNs in the patch-based method has proved 

effective not only for improving detection accuracy but 

mailto:bushara.ar@gmail.com
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also minimizing time and resource consumption. 

Nevertheless, optimizing CNN architectures including 

finding an optimal batch size during the training process 

still proves to be a complicated issue. Optimization is 

essential to balance between computational resources and 

learning complex features in CT images that can help to 

improve diagnostic performance.  

The major issue in using CNNs for lung nodule 

detection is the fact that there are different applications of 

nodules appearance and a large amount of data present 

within CT scans. Some of the drawbacks in this approach 

includes high false-positive, variable sensitivity resulting 

diagnostic oversight and unwarranted anxiety among 

patients. The selection of the batch size during CNN 

training plays a significant role as it influences the model 

generalizes, its stability in training and rate at which the 

convergence is occurring. An under-optimized batch size 

may cause suboptimal learning, which affects the ability of 

a system to differentiate between nodular and nonnodular 

patches, whereby its clinical usability is compromised. 

The objective of this research is to determine the 

effects of size on the CNN architecture for classification 

lung nodules in patch-based CT images. The goals include 

identifying the best batch size that offers a trade-off 

between computational efficiency and high accuracy in 

classification, minimizing false positives and negatives on 

nodule detection. In attaining these objectives, the study 

aims to develop a more accurate and cost-effective CNN 

based Computer Aided Diagnosis (CAD) systems that can 

be easily integrated into clinical workflows for early 

detection or lung cancer. Hence, improving patient 

outcomes as well allocation of health care resources was 

also implied. 

The structure of the paper is as follows: Section 2 is 

the literature review that can be considered a starting 

point of research to understand the problems. Section 3 

methodology analyses the experimental design and data 

analysis. Section 4 discusses the findings in detail then 

concludes by an implication discussion. Lastly Section 5 

ends with conclusion and future exploration. 

2 Literature Review 

Several methods have been proposed for classifying lung 

nodules. However, there is a need for a method that can 

reliably identify a malignant tumor, thereby reducing the 

possibility of a wrong diagnosis. Deep reinforcement 

learning [8], generative adversarial networks [9], and 

CNNs [10, 11] are highlighted as effective deep learning 

architectures. Among them, CNN has performed better 

than other DL architectures. To extract the most effective 

features for classification, most machine learning 

algorithms must first examine the connection between 

the data and the class label. Choosing appropriate 

features is crucial to the success of a classification 

system [12]. However, CNNs use a sequential approach 

to feature extraction and classification. Furthermore, 

CNN [13] has demonstrated the highest performance in 

the classification of biomedical images. There are several 

advantages of using CNN to determine whether lung 

nodules [14] are malignant. CNN has shown better 

results than most traditional models at identifying these 

tumors [15]. To classify lung nodules, CNN 

architecture’s convolution, pooling, and fully connected 

layer combine the feature extraction and classification 

phases into a single step. Since CNN [16] is more 

effective than other deep learning architectures for 

classifying lung nodules, researchers are primarily 

interested in refining this particular architecture. The 

classification of biomedical images using CNN features 

has improved over that using manually crafted features 

such as histogram, texture, etc. [17]. Early identification 

is essential in the process of diagnosing carcinoma and 

can enhance one’s chances of surviving the disease over 

the long term [18]. Because of this, research on the 

identification and classification of lung cancer has 

developed into a significant field in recent years. CNNs 

have been used in several studies for lung cancer 

classification and detection to establish a dependable 

procedure. This section will provide an overview of a 

few. Deep residual networks were used in the method that 

was proposed by Bhatia et al. [19] to detect lung cancer 

and extract features. The UNet and ResNet models are 

used to extract features, and these features are then given 

into a variety of classifiers. Additionally, XGBoost and 

Random Forest, in addition to the individual forecasts, 

can predict the likelihood that a CT scan will reveal 

malignancy. The accuracy of the research work is 

determined to be 84% when applied to the Lung Image 

Database Consortium and the Image Database Resource 

Initiative (LIDC-IDRI) dataset. 

Kriegsmann et al. [20] investigated the various types 

of lung carcinoma in connection via the University Clinic 

Heidelberg. The authors received support from the tissue 

bank of the National Center of Tumor Diseases, which 

curated, digitised, annotated, and extracted image 

patches from the Institute of Pathology Archive for 

30 skeletal muscles to serve as controls. The authors 

investigated multiple configurations of CNN 

architectures for the purpose of classification. They 

asserted that the InceptionV3 CNN architecture, which 

was optimised, yielded the highest accuracy in 

classification among all the configurations that were 

tested. Dou et al. [21] came up with a novel strategy for 

the automatic detection of pulmonary nodules using 

volumetric CT scans. Their method makes use of 3D 

CNN to cut down on the number of false positives. The 

LUNA16 Challenge involved the analysis of a 

dataset [22], and it was successful in achieving the 

highest possible score (0.827) on the competition’s 

competition performance metric. 

3 Methodology 

3.1 Dataset 

In this work, experiments were conducted for both 

training and evaluation using data from the 

LIDC-IDRI dataset [23]. There are 1018 cases in the 

LIDC-IDRI, all of which are thoracic CT scans 

for lung cancer screening with annotated lesions. 
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Fig. 1 Samples of patch-based lung nodules used in the proposed CNN architecture 

(Here X and Y axes represent image size in pixels). 

 

Fig. 2 Architecture of the proposed CNN model for the classification of patch based lung nodules. 

These lesions were classified into three groups by size 

and by four experienced radiologists namely nodule 

3 mm, nodule > 3mm andnon-nodule [24]. 

Each of the four radiologists tagged each nodule with 

information about its texture, malignancy, and 

calcification, and this information is included in an XML 

file that is attached to each patient’s file. The 512  512 

pixel images, with 65 to 764 slices, are all in line with the 

Digital Imaging and Communications in Medicine 

(DICOM) standard for medical imaging. 

The scanned data is divided into two groups such as 

training and testing to assess the effectiveness of the 

proposed CNNs’ architecture more accurately. The 

weights of the convolutional, fully connected, and 

softmax layers were all updated based on the training set. 

Hyper-parameters like the learning rate, the number of 

kernels, and kernel size of each unit, were all adjusted 

using the validation set. Each component of the CAD 

system, including the CNN, was put through its paces 

using the testing set to determine their performance. 
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Table 1 Proposed CNN parameters for the classification 

of patch-based lung nodules. 

Parameters Value 

Input Image Dimension (64, 64, 3) 

Kernel Size 3 × 3 

Max Pooling 2 × 2 

Activation Functions ReLU, Sigmoid 

Optimizer Adam 

Epochs 50 

Loss Function 
Categorical Cross 

entropy 

 

The LUNA16 [25] competition provided some of the pre-

processed data sets used in this research and its samples 

are shown in Fig. 1. It is made up of 6691 different 

images and their respective classes. 

3.2 Proposed CNN Architecture 

The CNN learns to map a given image into its 

corresponding category by identifying some abstract 

features. The complexity increases when the number of 

detected features increases [26]. The network then makes 

use of these distinguishing characteristics to predict the 

appropriate image category [27]. Normalization, 

convolution, activation, pooling, fully connected layers, 

and a classifier are the fundamental functionalities in the 

proposed CNN architecture as shown in Fig. 2. 

As per the original data [9], the convolutional layer is 

considered as the central processing unit of the neural 

network, responsible for executing the convolution 

operation on the input image in case the input layer or the 

feature map obtained from the preceding layers. The 

pooling layer is a technique for down sampling that aids 

in achieving spatial invariance after a convolution layer. 

The techniques of pooling that employ the highest and 

mean values are denoted as “max” and “average” 

pooling, correspondingly. All activation functions 

utilised by the nodes in the convolutional layer are non-

linear in nature. Non-linear mapping is a powerful 

technique that enables the conversion of data that is 

intrinsically incomparable along a linear axis into data 

that can be more readily classified along a linear axis. 

The output stage of the process involves the 

incorporation of one or more fully connected layers, 

which serve the purpose of classifying the input data. The 

flattened input is fed into the fully connected layer to 

enable its propagation to every neuron. The Softmax 

Classifier serves as the ultimate activation function in a 

neural network by allotting decimal probabilities to each 

class in a multiple-class problem.  

 

  
(a) (b) 

  
(c) (d) 

Fig. 3 Training and validation accuracy curve for the classification of patch based lung nodules (a) 32-batch size, 

(b) 64-batch size, (c) 256-batch size, and (d) 512-batch size. 



Bushara A. R. et al.: The Implications of Varying Batch-Size in the... doi: 10.18287/JBPE24.10.010305 

J of Biomedical Photonics & Eng 10(1) 2024   4 Mar 2024 © J-BPE 010305-5 

3.3 Experimental Setup 

The proposed CNN architecture comprises ten 

convolutional layers in two dimensions, six Max-pooling 

layers, three fully connected layers, and one flattening 

layer. The activation functions employed are ReLu and 

Sigmoid. Experiment-specific parameter values are listed 

in Table 1. 

4 Experimental Results and Discussion 

4.1 Experimental Setup 

The experiments were conducted on a GPU NVIDIA-

MX450, an i5-1135G7 processor, and Windows, and 

utilized Python libraries like Keras and TensorFlow for 

the pre-processing stage, Augmentation, and CNN. From 

the Kaggle dataset, lung nodule patches were extracted 

and split in the ratio of 67:33 for training and evaluation 

purposes. There were 4482 lung CT images in the 

training datasets, and 2209 CT images in the testing 

datasets. The present study examines the performance 

parameters, namely accuracy, precision, recall, and 

F1-score, of the proposed CNN architecture when applied 

to lung nodule detection from images. The study 

examined the impact of varying batch sizes, specifically 

32, 64, 256, and 512, on the architecture of deep learning. 

The findings indicate that there is a positive 

correlation between batch size and accuracy, with the 

highest accuracy observed at a batch size of 256. 

However, a decrease in performance has been observed 

for a batch size of 512. A 96% accuracy rate is an 

excellent result for the CNN model. Table 2 summarizes 

the various metrics, such as accuracy, recall, precision, 

and F1-score, that were investigated in this work to 

measure overall performance. Training and validation 

accuracy and loss curves are shown in Fig. 3 and Fig. 4 

respectively. It follows that when the total number of 

epochs increases, the accuracy improves while the loss 

goes down. 

 

Table 2 Confusion matrix of CNN architecture with different batch sizes for the classification of patch 

based lung nodules. 

Batch-Size TP TN FP FN 

32 760 1295 63 91 

64 776 1317 41 75 

256 784 1327 31 67 

512 775 1314 44 76 

 

  
(a) (b) 

  
(c) (d) 

Fig. 4 Training and validation loss curve for the classification of patch based lung nodules (a) 32-batch size, 

(b) 64-batch size, (c) 256-batch size, and (d) 512-batch size. 
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While Fig. 3 shows the training and validation 

accuracy curve for different batch sizes, Fig. 4 describes 

the accuracy and validation loss curve for batch sizes of 

32, 64, 256, and 512. 

Table 2 depicts the confusion matrix of the proposed 

CNN architecture obtained for the identification of lung 

cancer, with different batch sizes. In Table 2 the term 

batch size refers to the quantity of data samples that are 

processed in a single iteration during the training phase. 

True positive (TP) denotes the instances where a CNN 

successfully identifies lung cancer cases as positive, 

meaning the model correctly detects the malignancy in 

lung cancer. 

The term true negative (TN) refers to the quantity of 

instances in which the CNN architecture accurately 

identified non-lung cancer cases as negative. These 

occurrences pertain to individuals who were accurately 

recognised as negative for lung carcinoma. The false 

positives (FP) metric denotes the count of instances 

where non-lung cancer cases were erroneously identified 

as positive. The instances mentioned above pertain to 

individuals who were erroneously diagnosed with lung 

cancer despite the absence of the disease. The term false 

negatives (FN) refers to instances where the CNN 

architecture misclassified lung cancer cases as negative. 

These occurrences pertain to individuals who were 

erroneously classified as negative for lung cancer despite 

the presence of the disease. Formulae for accuracy, 

precision, recall, F1-score are illustrated in Eqs. (1)–(4). 

Given a batch size of 32, the proposed CNN 

accurately detected 760 instances of true positive cases.  

The dataset comprised 1295 instances of true negative 

cases. The study identified a total of 63 instances of false 

positive cases, indicating that a few patients who did not 

have lung cancer were erroneously categorized as 

positive. Finally, the study identified 91 instances of false 

negatives. The area under the curve (AUC) is used to 

evaluate the efficacy of a binary classification model. A 

higher AUC value suggests superior discrimination and 

overall model performance. When it comes to 

differentiating between positive and negative instances in 

lung nodule detection, the CNN model demonstrates 

strong AUC values across all batch sizes. An AUC of 99 

is reached with a batch size of 256, demonstrating 

excellent discrimination by the model at that point in 

time. The AUC values for the receiver operating 

characteristic (ROC) curves of the CNN model for 

different batch sizes are shown in Fig. 5. 

Fig. 5 AUC-curve for the classification of patch based lung nodules: (a) 32-batch size, (b) 64-batch size, (c) 256-batch, 

size, and (d) 512-batch size. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
, (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, (3) 

𝐹1𝑠𝑐𝑜𝑟𝑒 =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
. (4) 

  
(a) (b) 

  
(c) (d) 
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Table 4 An Ablation study of different convolutional features of proposed CNN model with a batch size of 256. 

Ablated Layer Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Conv2D (512) 95.29 91.54 96.05 97.73 

Conv2D (256) 94.70 91.14 94.84 92.95 

Conv2D (128) 95.02 90.96 95.91 93.36 

Table 5 Performance comparison of proposed method with state-of-the-art architecture for the classification of patch 

based lung nodules. 

Author(s) Architecture Accuracy (%) Precision (%) Recall (%) 
F1-score 

(%) 

Zhang et al. [28] DenseNet121 87.77 87.88 80.93 − 

Karthika et al. [29] CNN 80.66 92.59 83.33 87.71 

Shafi et al. [30] CNN+SVM 94.00 95.00 94.50 94.50 

Khodabakhshi et al. [31] 

Multivariate 

Adaptive 

Regression 

86.50 71.00 70.30 70.60 

Proposed Work Patch-Based CNN 96.00 95.50 95.00 95.00 

 

Table 3 shows the overall accuracy of CNN model 

obtained is 95% for batch size 64 and data type benign, 

suggesting that 95% of the occurrences (both benign and 

malignant) in this batch were properly identified. For 

non-threatening conditions, the accuracy is 95%. This 

means that 95% of the time, the cases were accurately 

labelled as benign. In circumstances where there is no 

harm done, 97% of patients are recalled. This means that 

97% of truly benign situations were accurately identified 

by the model. For non-malignant conditions, the F1-score 

is 96%. This score incorporates both accuracy and 

reliability to provide a comprehensive evaluation of 

harmless-classification efficiency. For malignant data 

with batch size of 64 has an overall accuracy of 95%. 

Accuracy for cancer diagnoses is 95%. Malignant cases 

have a 91% recall rate and F1-score is 93%. 

4.2 Ablation Study 

Three experiments were conducted in the ablation study 

of a CNN model with 256 batch size by eliminating 

different Conv2D layers that contained different features 

as presented in Table 4. The findings revealed that 

eliminating the 512-feature, the Conv2D layer had little 

effect on accuracy as precision and recall remained high. 

The removal of the Conv2D layer with 256 features 

resulted in a moderate loss of accuracy but still ensured 

good precision and recall rates. Removing the Conv2D 

layer containing 128 features increased the accuracy by 

sacrificing a little bit of precision. These results 

demonstrate the relative stability of the model to removal 

of some features, providing information about feature 

importance for accuracy, precision, and recall. 

The proposed CNN model demonstrates the 

superiority over the existing state-of-the-art architectures 

in the lung cancer classification task, providing an 

Accuracy of 96%, which is the highest among the 

compared methods is shown in Table 5. It shows a 

balanced performance considering precision and recall 

rates of 95.5% and 95% respectively. 

The results from Shafi et al. [30], combined CNN and 

Support Vector Machine (SVM), with a comparable 

balance across metrics, reaching 94% accuracy. The 

traditional architectures such as DenseNet121 [28] and 

basic CNNs used by Zhang et al. [28] and 

Karthika et al. [29] proved to be less effective in this case. 

The comparison emphasizes the potential of the proposed 

CNN approach in enhancing diagnostic accuracy for lung 

cancer. 

5 Conclusion 

This paper presented a deep learning-based approach to 

pulmonary nodule detection using CNNs for different 

batch sizes. The research focusing on the classification of 

benign and malignant nodules from CT scan images. The 

proposed system consists of two main components 

namely, the extraction of relevant patches from CT 

images and the subsequent application of a CNN to 

classify these patches, aiming to assist in the diagnosis of 

pulmonary nodules. Utilizing CT images for lung 

carcinoma detection, the proposed approach 

demonstrated promising results, achieving an overall 

accuracy of 96% with a batch size of 256. However, it is 

important to acknowledge that the performance of the 

model, particularly in the identification of malignant 

nodules, is constrained by the limited size of the available 

training dataset. This limitation underscores the need for 

access to larger and more diverse datasets to enhance the 

model’s diagnostic capabilities.  

The adaptability of the deep learning architectures 

used in this study suggests the possibility of extending 

this approach to the detection and diagnosis of other lung 

diseases, provided that sufficient training data is 
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available. By expanding the scope and scale of the 

training datasets, future work can explore the full 

potential of deep learning techniques in improving 

diagnostic processes for a wider range of pulmonary 

conditions. Another promising avenue is the exploration 

of more advanced deep learning architectures and 

techniques, such as Generative Adversarial Networks 

(GANs) for data augmentation, or few-shot learning 

approaches, which could offer new ways to overcome the 

challenges of limited training data. 
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Abstract. While it has been identified that photobiomodulation (PBM) 
improves hyperglycaemic impaired cutaneous wound healing, there is 
insufficient knowledge about the cellular mechanism involved. During the 
normal wound healing process, apoptosis is fundamental for the elimination 
of inflammatory cells and scar formation. Under diabetic conditions there is 
increased apoptosis, making the wound susceptible to infection and delayed 
healing due to a persistent inflammatory state. This study examined the 
assumption that PBM at 660 nm modifies apoptosis regulators Bcl-2 and 
caspase 3 in diabetic wounded cell models in vitro. WS1 skin fibroblasts were 
modelled into normal (N), wounded (W), and diabetic wounded (DW), and 
were irradiated at a wavelength of 660 nm and a fluence of 5 J/cm². Non-
irradiated cells (0 J/cm²) were employed as controls. Following 48 h of 
incubation, cells were evaluated for morphology, percentage migration rate, 
wound closure, viability (trypan blue and MTT), and apoptosis (Caspase 3/7, 
Bcl-2, and Annexin V/PI). PBM at 660 nm significantly increased cell 
migration, wound closure and viability, and reduced apoptosis in DW cells. 
PBM at 660 nm and 5 J/cm2 increases cell viability and in vitro diabetic wound 
healing through the reduction of apoptosis by diminishing caspase activity and 
increasing the release of Bcl-2. © 2024 Journal of Biomedical Photonics & 
Engineering. 

Keywords: fibroblasts; photobiomodulation; wound; apoptosis; Bcl-2; caspase; 
diabetes mellitus; laser therapy. 
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1 Introduction 

The wound healing process requires the combination of 

complicated molecular and cellular events that take place 

in succeeding phases of inflammation, formation of 

granulation tissue, and remodelling. In the first phase, 

inflammatory cells including neutrophils infiltrate the 

wound to eliminate debris and avoid infection [1]. The 

inflammatory phase is followed by the formation of 

granulation tissue, and is characterised by fibroblast and 

endothelial cell proliferation. Regulated by inflammatory 

factors, fibroblast cells migrate to the fibrin clot, 

proliferate and facilitate angiogenesis and the 

construction of granulation tissue. The presence of 

fibroblast cells supports migration of other cells involved 

in the healing process by producing matrix 

metalloproteinases (MMPs) and extracellular matrix 

(ECM) proteins. Towards the beginning of the 

remodelling phase, fibroblast cells, stimulated by C-X-C 

Motif Chemokine Ligand 8 (CXCL8) and transforming 

growth factor-β (TGF-β), differentiate into 

myofibroblasts, critical cells involved in the remodelling 

phase [2, 3]. This phase mainly involves structural 

adjustment of the deposited collagen and development of 

the stretchy and tensile strength of the wound. Thus, 

fibroblast cell viability, proliferation, and migration is 
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critical in a standard cutaneous wound healing 

process [1]. 

In diabetes mellitus (DM), advanced glycation end 

products (AGEs) trigger apoptosis due to the increased 

presence of reactive oxygen species (ROS). AGEs are 

formed as a consequence of glucose-protein 

concentration, which when increased affect wound 

healing and remodelling [4, 5]. Cellular caspases are a 

frequently activated death protease, catalysing the 

precise cleavage of several key intracellular 

proteins [6, 7]. The mitochondrial or intrinsic pathway 

for apoptosis is triggered by a diversity of inducements 

including hypoxia and oxidative stress, resulting in 

mitochondrial outer membrane permeabilisation and 

discharge of apoptogenic cytochrome c into the 

cytoplasm to form an apoptosomal complex which 

activates the effector caspases -3 and -7 to induce 

apoptosis [8]. On the other extreme, B cell lymphoma 2 

(Bcl-2), the most distinctive anti-apoptotic protein, 

obstructs apoptosis by creating a heterodimer with BAX 

(Bcl-2-like protein 4), thereby controlling the 

concentration and antioxidant effect of ionized calcium, 

and the activities of caspase-3 and -7 [9]. 

DM is a systemic condition resulting from insulin 

deficiency or loss of responsiveness in its target tissue, 

resulting in hyperglycaemia [5]. It impairs the wound 

healing process including defects in the inflammatory 

response, and raised fibroblast cell apoptosis. Literature 

shows that the mechanism of diminished diabetic wound 

healing is related to increased apoptosis and reduced 

viability of fibroblast cells [10, 11]. According to the 

2021 International Diabetes Federation (IDF) Diabetes 

Atlas [12], approximately 540 million adults aged 

between 20 and 79 years are living with DM, and this 

number is expected to rise to approximately 645 million 

before 2030 and 784 million before 2045. Patients with 

DM have a 25% lifetime risk for developing a chronic 

diabetic wound of the foot, and approximately between 

14% and 24% of these patients may require a major or 

minor non-traumatic limb amputation, mostly due to 

acute gangrene [13]. 

There are several treatment methods for diabetic 

wounds with each method having its own efficacy short 

falls. Photobiomodulation (PBM) is a new treatment 

method used for the treatment of diabetic wounds, and its 

benefits have been demonstrated to be significant in 

reducing acute pain, amendment of tissue scars, and 

improving cellular proliferation and generation of viable 

cells [14, 15]. Mitochondria are the basic site for the 

primary effects of PBM, leading to raised production of 

adenosine triphosphate (ATP), alteration of ROS, and 

stimulation of transcription factors, leading to raised 

fibroblast cell proliferation, viability, and migration [16]. 

In the mitochondria, photons are absorbed by 

components of the respiratory chain, mainly complex IV 

or cytochrome c oxidase (COX), which moves electrons 

to form molecular oxygen [17]. 

PBM therapy is known to regulate healing activities 

in diabetic wounds. However, the mechanism by which 

these activities are affected is not completely understood. 

This investigation examined the assumption that 660 nm 

PBM reduces apoptosis by increasing the release of 

Bcl-2 and reducing caspase activity in diabetic wounded 

fibroblast cells in vitro to gain new insights into 

mechanisms by which PBM induces wound healing in 

DM. 

2 Materials and Methods  

American Type Culture Collection WS1 human skin 

fibroblast cells (ATCC®, CRL-1502™) were cultured 

using standard culture procedures. Three models were 

used, namely normal (N), wounded (W), and diabetic 

wounded (DW). An in vitro diabetic cell model was 

realised by uninterruptedly cultivating WS1 cells in 

minimum essential medium eagle (MEM) with a basal 

glucose concentration of 5.6 mM, to which an extra 

17 mM D-glucose was added, giving a final glucose 

concentration of 22.6 mM, thus mimicking a 

hyperglycaemic condition [18]. Cells (6 × 105) were 

seeded in 3.4 cm diameter tissue culture plates and 

incubated for 24 h at 37 °C in 5% CO2 for attachment, 

after which a wounded cell model was created using the 

central scratch assay performed on a confluent 

monolayer and incubated for 30 min pre-irradiation. A 

central scratch assay creates a cell free zone bordered by 

cells on both sides of the “wound” [19]. After 30 min 

incubation, cell culture plates, with the lids off, were 

subjected to laser light from above in the dark and 

incubated for 48 h before detachment using 300 µL of 

TrypLE™ Select (Life Technologies, Gibco, 12563-

029). All cell models were analysed for cell morphology, 

and the percentage migration rate and wound closure in 

wounded cell models (W and DW) using an inverted light 

microscope and the analySIS getIT software. All cell 

models were assessed for viability using the Trypan blue 

and 3-(4,5 -d imethyl thiazol -2 -yl) -2 ,5 -diphenyl  

tetrazolium bromide (MTT) assays, and apoptosis using 

the Caspase-Glo® 3/7 assay for caspase activity, enzyme 

linked immunosorbent assay (ELISA) for the release of 

Bcl-2, and Annexin V/PI–fluorescein isothiocyanate 

(FITC) and propidium iodide (PI) to categorise 

membrane phosphatidyl serine in apoptotic cells and 

membrane damage in necrotic cells. Table 1 displays the 

laser parameters utilised in this study. Non-irradiated 

cells were used as controls. All experiments were 

analysed in duplicate, and were repeated three times 

(n = 3).  

2.1 Cell Morphology and the Percentage 

Migration Rate 

In this study, the percentage migration rate and wound 

closure were analysed by measuring the distance between 

the borders of the “wound” at 3 specific points marked 

on the culture dishes and using the graduated locator 

marks on the mechanical stage for easy return to the area 

for observation. The results were calculated as the 

percentage migration rate per point using the 

following Eq.:  
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(At0h – Attime)/At0h × 100, 

where At0h is the distance between the borders of the 

“wound” at 0 h, and Attime is the distance between the 

borders of the “wound” at 48 h [20–22]. The average 

rate of the points was used to get the average percentage 

of the 3 repeats (n = 3). 

Table 1 Laser parameters. 

Light source Diode laser 

Wavelength (nm) 660 

Emission Continuous wave 

Power output (mW) 101 

Power density (mW/cm
2
) 11 

Spot size (cm
2
) 9.1 

Energy density (J/cm
2
) 5 

Irradiation time 7 min 35 s 

Energy (J) 46 

2.2 Cell Viability 

2.2.1 Trypan Blue 

To establish the number of viable and healthy cells 

present in each cell model, the Trypan blue (Sigma-

Aldrich, T8154) exclusion assay was used. Cells were 

detached using TrypLE™ Select, suspended in 1 mL pre-

warmed Hank’s balanced salt solution (HBSS; Sigma-

Aldrich, 55037c), and 10 µL of the suspension was mixed 

to an equal volume (10 µL) of 0.4% Trypan blue stain. The 

mixture was gradually mixed and left to incubate for 

approximately 3 min, after which 10 µL of the mixture was 

loaded into the Invitrogen Countess® II FL disposable 

counting slide chambers and loaded into the Invitrogen 

Countess® II FL automated bench-top cell counter for 

analysis. 

2.2.2 The 3-(4,5-dimethylthiazol-2-yl)-2,5-

Diphenyl Tetrazolium Bromide (MTT) 

Assay 

The MTT colorimetric assay (Roche, 11465007001) was 

used to confirm cell viability. In this assay, tetrazolium 

salts are cleaved to formazan by the succinate-tetrazolium 

reductase system belonging to the respiratory chain of the 

mitochondria, and is only functional in metabolically 

undamaged viable cells. Cells (5 × 104) were resuspended 

in 100 μL media/well of a 96-well tissue culture plate and 

incubated for 4 h at 37°C in 5% CO2 for attachment, after 

which, 10 μL MTT reagent was added and incubated at 

37 °C in 5% CO2 for 4 h. Following this, a 100 μL of the 

solubilisation buffer was added, and the plate was 

incubated overnight at 37°C in 5% CO2. The plate was then 

read using the VICTOR Nivo® Multimode Plate Reader 

(PerkinElmer) at 570 nm. 

2.3 Apoptosis 

2.3.1 The Caspase-Glo® 3/7 Assay 

The Caspase-Glo® 3/7 assay (Promega, AnaTech, G8090) 

is centred on measuring standardised luminescent activity 

of the members of the cysteine aspartic acid-specific 

protease (caspase) family, caspase-3 and -7, that play an 

essential effector role in cell apoptosis. In this assay, 

addition of the Caspase-Glo 3/7® reagent causes cell lysis, 

with subsequent caspase cleavage of a tetra peptide 

sequence DEVD substrate, and the production of 

luminescence. Approximately 2 × 104 cells were 

suspended in a total volume of 100 μL media/well of a 

white-walled 96-well plate and incubated for 4 h at 37 °C 

in 5% CO2 for attachment. After incubation, 100 µL of 

Caspase-Glo® 3/7 reagent was added, and using an orbital 

shaker, the contents were gently mixed at 300–500 rpm for 

30 s and incubated at room temperature for 1 h. The 

luminescence of each sample was read in the VICTOR 

Nivo® Multimode Plate Reader (PerkinElmer). The 

emitted luminescence is proportional to the extent of 

caspase-3 and -7 activity in the cells.  

2.3.2 The Enzyme-Linked Immunosorbent 

Assay (ELISA)  

The sandwich ELISA was used to quantitatively evaluate 

the concentration of the released Bcl-2 (Human Bcl-2 

ELISA Kit, Abcam, ab202411) in culture media according 

to the manufactures’ guidelines. Culture media was 

collected 48 h post-irradiation, frozen, and stored for 

further analysis. All three repeats were run together on the 

same plate. Briefly, 100 μL of standard or sample was 

dispensed in duplicate to a 96-well plate coated with 

immobilised human Bcl-2 capture antibody. Wells were 

washed 4× with wash buffer (Bio-Rad, PW40 microplate 

washer), followed by the addition of 100 μL of 

biotinylated anti-human Bcl-2 antibody. Unbound 

biotinylated antibody was washed and 100 μL of HRP-

conjugated streptavidin added. After another washing step, 

100 μL of 3,3′,5,5′-Tetramethylbenzidine (TMB) substrate 

solution was added, and incubated at room temperature in 

the dark on a shaker (moderate shaking) for 30 min. The 

reaction was stopped through the addition of 50 μL stop 

solution, and absorbance measured at 450 nm by means of 

the VICTOR Nivo® Multimode Plate Reader 

(PerkinElmer). The developed colour was relative to the 

concentration of the bound Bcl-2. 

2.3.3 The Annexin V/PI–Fluorescein 

Isothiocyanate (FITC) and Propidium 

Iodide (PI) Assay 

The Annexin V/PI–fluorescein isothiocyanate (FITC) and 

propidium iodide (PI) (BD Biosciences, 556547, The 

Scientific Group, South Africa) flow cytometry assay is 

mostly used to categorise membrane phosphatidyl serine 

in apoptotic cells and destruction of the membrane in 

necrotic cells. The assay was performed on the BD 

Accuri™ C6 flow cytometer matching the manufacturers’ 
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instructions. In brief, following treatment and incubation, 

cells from all models were detached using TrypLE™ 

Select and washed 3× in HBSS. Cells were resuspended in 

1× binding buffer at a concentration of 106 cells/mL. A 

100 µL of the cell suspension was stained with 5 µL each 

of the Annexin V–FITC and PI reagents for 10 min in the 

dark at room temperature. Flow cytometric analysis at a 

rate of 400 events per second with a limit of 350 μL was 

performed within 1 h. Annexin V–FITC was detected as 

green fluorescence, and PI as red. 

2.4 Statistical Analysis 

SigmaPlot version 14 (Systat Software, Inc.) was used for 

statistical analysis, and the statistical difference between 

groups was distinguished by using the Student’s t-test. The 

one way analysis of variance (ANOVA) followed by 

Dunnett’s test was used to compare the differences 

between the cell models. A statistically significant 

difference between two groups determined using a p-value 

does not show the true magnitude of the difference which 

can only be determined using an effect size. To quantify 

the effect size between unirradiated and irradiated groups, 

Cohen’s d was employed. Results are shown as standard 

error of the mean (SEM) and statistical significance is 

shown in the graphs as *p < 0.05, **p < 0.01 and 
***p < 0.001. 

3 Results 

3.1 Cell Morphology and Migration Rate 

There was no cellular morphological difference in both 

irradiated and non-irradiated normal and diabetic 

wounded cell models 48 h following irradiation. The 

cells appeared aligned, mostly in parallel, slender, and 

stretching outwards, with protrusions, proliferating and 

spreading to form a single stratum of cells (Fig. 1). 

This study assessed the distance between the borders 

of the “wound” (Fig. 2) which were used to calculate the 

percentage migration rate. A significant percentage 

migration rate was observed in irradiated 

W and DW cells with large effect sizes (Cohen’s d of 

3.027 and 2.375, respectively) as compared to their 

unirradiated controls (Table 2). When compared to 

unirradiated (0 J/cm2) W cells, a significant 

decline in the percentage migration rate was 

noted in unirradiated (0 J/cm2) DW cell models 

(p < 0.01).However, irradiated (5 J/cm2) DW cells 

displayed no difference in the percentage migration rate 

as compared to irradiated (0 J/cm2) W cells (p = 0.842), 

and as shown in Fig. 2, there was partial and complete 

wound closure observed in irradiated (5 J/cm2) W and 

DW cell models, respectively, 48 h after irradiation. 

3.2 Cell Viability 

Cellular viability represents the percentage of 

viable/live cells of the culture. The Trypan blue 

exclusion and MTT assays were used to assess for cell 

viability in all models. Using the Trypan blue exclusion 

assay (Fig. 3), a significant increase in cellular viability 

was observed in irradiated (5 J/cm2) W and DW cells 

with large effect sizes (Cohen’s d of 3.377 and 4.859, 

respectively). Using one-way ANOVA, there was a 

significant decline in percentage cell viability in 

unirradiated (0 J/cm2) W cells (p < 0.05) and DW cells 

(p < 0.001) when compared to unirradiated (0 J/cm2) 

N cells. When cells were irradiated, this difference was 

no longer evident in irradiated (5 J/cm2)  

W cells as compared to unirradiated (0 J/cm2) N cells. 

 

 

 

Fig. 1 Representative micrographs showing cellular morphology observed in (a) normal (N), (b) wounded (W), and (c) 

diabetic wounded (DW) WS1 human skin fibroblast cells. Wounded cell models were created using the central scratch assay 

performed on a confluent monolayer, and is highlighted by a white line. Magnification ×200. 



S.W. Jere and N.N. Houreld: Photobiomodulation at 660 nm Modifies Apoptosis... doi: 10.18287/JBPE24.10.010306 

J of Biomedical Photonics & Eng 10(1) 2024   10 Mar 2024 © J-BPE 010306-5 

 

Fig. 2 Cell migration observed at 0 h and 48 h (n = 3) in both irradiated (5 J/cm2) and unirradiated (0 J/cm2) wounded (W) 

and diabetic wounded (DW) cells. In the micrographs, the “wound” and the remaining gaps of the wound are shown by a 

white line or black arrows. Magnification ×200. 

Table 2 The percentage migration rate in wounded (W) and diabetic wounded (DW) cells was calculated using the formula 

(At0h – Attime)/At0h × 100. An elevated percentage at which the “wound” closed was noted in irradiated (5 J/cm2) W and 

DW cells at 48 h (n = 3). The p-value (SEM) shows the significant probability as compared to respective unirradiated 

(0 J/cm2) controls (SEM). 

 

Model 
Unirradiated 

(0 J/cm2) 

Irradiated 

(5 J/cm2) 
p-value 

W 82.3 ± 1% 99.9 ± 0.1% p < 0.05 

DW 61.0 ± 0.6% 100.0 ± 0.0% p < 0.01 

 

However, a significant decrease was still evident in 

irradiated (5 J/cm2) DW cells (p < 0.05) when compared 

to unirradiated (0 J/cm2) N cells. A significant decrease 

in cell viability was noted when unirradiated (0 J/cm2) 

DW cell models were compared to unirradiated W cells 

(p < 0.01), as is expected. This decrease was still evident 

after irradiation (p < 0.05). 

The MTT assay revealed a significant reduction in 

viability, with a large effect size (Cohen’s d of 6.496) in 

irradiated (5 J/cm2) N cells, and a significant increase in 

irradiated (5 J/cm2) W and DW cells with large effect 

sizes (Cohen’s d of 7.167194 and 4.147085, respectively) 

(Fig. 3). Using one-way ANOVA, a significant decline in 

cell viability was observed in unirradiated (0 J/cm2) W 

and DW cells when compared to unirradiated (0 J/cm2) N 

cells (p < 0.001). There was no significant difference 

observed in cell viability when unirradiated (0 J/cm2) 

DW cell models were compared to unirradiated W cells. 

However, a significant increase in cell viability was 

noted in irradiated (5 J/cm2) DW cells (p < 0.01) when 

compared to irradiated (5 J/cm2) W cells.  

3.3 Apoptosis 

Apoptosis normally occurs during embryonic 

development and is important for maintaining tissue 

homeostasis. Unwanted compromised cells activate an 

intracellular death program characterised by the cells 

morphologic changes including loss of plasma 

membrane symmetry, condensed cytoplasm and nucleus, 

and cleavage of deoxyribonucleic acid (DNA). In wound 

healing apoptosis is critical for the removal of the 

inflammatory response cells, and later for scar 

construction [23]. Abnormal and uncontrolled cellular 

apoptosis may hinder the wound healing process leading 

to the development of wound chronicity. Here, cellular 

apoptosis was assessed using the Caspase-Glo® 3/7 

assay, and ELISA for the cellular release/excretion of 

Bcl-2, a cellular protein that controls apoptosis. 
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Fig. 3 Cellular viability as measured by the Trypan blue exclusion and MTT assays in unirradiated (0 J/cm2) and irradiated 

(5 J/cm2) normal (N), wounded (W) and diabetic wounded (DW) cell models 48 h after irradiation. Significant probability 

is indicated as *p < 0.05, **p < 0.01 and ***p < 0.001 (± SEM).  

 
Fig. 4 Cellular apoptosis as measured by the Caspase-Glo® 3/7 assay that measures caspase-3 and -7 activity, and the 

release/excretion of Bcl-2 (ELISA) in normal (N), wounded (W), and diabetic wounded (DW) cells at 48 h after irradiation 

at 660 nm with 5 J/cm2. Significant probability related to control cells is shown as *p ≤ 0.05 and **p ≤ 0.01 (± SEM). 

This study further tracked cellular apoptosis using 

Annexin V/PI assay, a method that is widely used to 

determine stages of apoptotic cell death. The assay 

assesses cells that are viable/live, those that are 

undergoing early apoptosis, and finally those that are 

undergoing late stage of apoptosis or are dead 

(necrotic) [24]. 

3.3.1 Caspase-3 and -7 Activity 

Using the Caspase-Glo® 3/7 assay, a significant increase 

in caspase-3 and -7 activity was observed in irradiated 

N cells with a large effect size (Cohen’s d of 4.755). 

However, irradiated W and DW cells displayed a 

significant decrease with large effect sizes (Cohen’s d of 

6.743 and 1.641, respectively) (Fig. 4). When W and DW 

cell models were compared to unirradiated (0 J/cm2) N 

cells using one-way ANOVA, a significant increase in 

cell caspase-3 and -7 activity was seen in unirradiated 

(0 J/cm2) W and DW cells (p < 0.05). This difference 

compared to unirradiated (0 J/cm2) N cells was no longer 

evident when W and DW cells were irradiated. There was 

no difference between unirradiated (0 J/cm2) and 

irradiated (5 J/cm2) W and DW cells, respectively. 

3.3.2 Release of Bcl-2 

Determining for the release of Bcl-2 into cell culture 

media using ELISA revealed a significant reduction in 

Bcl-2 in irradiated (5 J/cm2) N cells with a medium effect 

size (Cohen’s d of 0.587), and a significant increase in 

irradiated (5 J/cm2) DW cells with a large effect size 

(Cohen’s d of 3.462) (Fig. 4). A significant reduction in 

the release of Bcl-2 was revealed in both unirradiated 

(0 J/cm2) and irradiated (5 J/cm2) DW cells (p < 0.001) 

compared to unirradiated (0 J/cm2) N cells. This 

difference was not observed in unirradiated 

(0 J/cm2) and irradiated W cells compared to unirradiated 

(0 J/cm2) N cells. When compared to unirradiated 

(0 J/cm2) and irradiated (5 J/cm2) W cells, a significant 

decrease was observed in unirradiated (0 J/cm2) and 

irradiated (5 J/cm2) DW cells (p < 0.001), respectively.  
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Table 3 Variations in live cells, early apoptosis, late apoptosis, and necrotic cells at 48 h (n = 3) using Annexin 

V/PI–fluorescein isothiocyanate (FITC) and propidium iodide (PI) flow cytometry assay in normal (N) wounded (W) and 

diabetic wounded (DW). Significant probability is shown as *p ≤ 0.05, **p ≤ 0.01 and ***p ≤ 0.001 (SEM). 

Model Live cells Early apoptosis Late apoptosis Necrotic cells 

 0 J/cm2 5 J/cm2 0 J/cm2 5 J/cm2 0 J/cm2 5 J/cm2 0 J/cm2 5 J/cm2 

N 80.0 ± 2.0 82.0 ± 2.0 4.0 ± 0.7 3.0 ± 0.8 13.0 ± 5.0 14.0 ± 1.0 3.0 ± 1.0 1.0 ± 1.0 

W 85.0 ± 3.0 85.0 ± 2.0 5.0 ± 0.7 2.0 ± 1.2* 9.0 ± 1.2 17.0 ± 1.2** 2.0 ± 0.5 1.0 ± 0.2 

DW 72.0 ± 2.0 83.0 ± 2.0*** 9.0 ± 2.0 3.0 ± 1.0** 9.0 ± 0.6 6.0 ± 1.0*** 10.0 ± 1.0 6.0 ± 1.0* 

 

The Annexin V/PI assay (Table 3) revealed a 

significant decrease in the population of early apoptotic 

cells with a large effect size (Cohen’s d of 1.897), and a 

significant increase in late apoptotic cells with a large 

effect size (Cohen’s d of 3.578) in irradiated W cells 

when compared to their unirradiated control cells. 

Irradiated DW cells showed a significant increase in live 

(viable cells) with a large effect size (Cohen’s d of 

3.667), and a significant decrease in late apoptotic and 

necrotic cells with a large effect size (Cohen’s d of 3.667 

and 2.530, respectively) when compared to their control 

cells. When compared to the unirradiated (0 J/cm2) N cell 

model using one-way ANOVA, a significant increase in 

cells going through early apoptosis and necrosis was 

noted in unirradiated (0 J/cm2) DW cells (p < 0.01), along 

with a significant decrease in live cells (p < 0.01). There 

was a significantly increased number of necrotic cells 

noted in irradiated (5 J/cm2) DW cells (p < 0.05) when 

compared to unstressed, unirradiated (0 J/cm2) N cells. 

When compared to both unirradiated (0 J/cm2) W cells, 

unirradiated (0 J/cm2) DW cells showed a significant 

decrease in live cells (p < 0.001). No difference was 

observed in irradiated (5 J/cm2) DW cells. A significant 

decrease in late apoptosis was noted in unirradiated 

(5 J/cm2) DW cells when compared to irradiated 

(5 J/cm2) W cells (p < 0.01). A significant decrease in 

late apoptosis was noted in irradiated (5 J/cm2) DW cells 

(p < 0.001) when compared to irradiated (5 J/cm2) W 

cells. No difference was observed in unirradiated 

(5 J/cm2) DW cells (p < 0.001) when compared to 

unirradiated (5 J/cm2) W cells. There was a significant 

increase in necrotic cells in both unirradiated (0 J/cm2) 

and irradiated (5 J/cm2) DW cells when compared to both 

unirradiated (0 J/cm2) and irradiated (5 J/cm2) W cells 

(p < 0.001), respectively. 

4 Discussion 

All complications related to DM, including chronic 

wounds, increase economic burden to the affected 

persons as well as society [25, 26]. In DM, the normal 

wound healing process is disrupted, causing tissue 

damage, and abnormal apoptotic ability [27]. 

Hyperglycaemia and the systemic build-up of AGEs 

affect fibroblast cell migration, proliferation, viability, 

secretion of growth factors, and construction of 

granulation tissue. Fibroblasts from diabetic patients 

suffer mitochondrial impairments and become 

susceptible to apoptosis [28, 29]. PBM has shown to have 

therapeutic effects on diabetic wounds, and when used as 

an adjunctive therapy along with standard treatment 

methods, it improves diabetic wound healing [30, 31]. 

For instance, when Layegh et al. [32], used PBM at a 

wavelength of 660 nm and a fluence of 3 J/cm2, they 

noted a significant decrease in the diabetic wound area 

and an increase in the formation of granulation tissue. 

Nevertheless, the mechanism of PBM in diabetic wound 

healing is not completely clarified. This study used PBM 

at 660 nm and a fluence of 5 J/cm2 to understand its 

molecular and cellular effect on diabetic wounded 

fibroblast cells 48 h after irradiation. 

Under a light microscope, fibroblast cells appear 

spindle shaped or radiating star like patterned cells with 

a centrally round or oval nucleus [33]. According to 

Loots et al. [34], fibroblast cells from diabetic foot ulcers 

appear to be large and broadly spread under light 

microscopy. Chellini et al. [35], observed that near 

infrared (NIR) and violet-blue light irradiated fibroblast 

cells presented with a polygonal outline and a higher 

surface area when compared to red light irradiated 

fibroblast cells which seemed extended or stretched and 

spindle-shaped. The present study noticed no cellular 

morphological difference in both irradiated and non-

irradiated normal and diabetic cell models following 

irradiation. Gradually, cells began spreading out and 

changed their direction of growth, and started moving 

into the central scratch in an attempt to ‘close the wound’. 

Fibroblast cells are a key in the production of ECM, 

and remodelling and tightening of the healing 

wound [36]. Mostly, wound healing is delayed or may not 

get restored at all when the granulation tissue 

construction process is dysfunctional [37]. Fibroblast cell 

migration towards the wound milieu is critical during the 

proliferative stage of wound healing. In DM, cellular 

migration has been shown to be delayed [38]. The present 

study demonstrates that PBM at 660 nm and a fluence of 

5 J/cm2 accelerates the wound repairing processes via the 

stimulation of fibroblast migration and viability. The 

study observed a significant increase with a large effect 

size in cellular viability, migration towards the centre of 

the “wound”, and wound closure in irradiated wounded 

and diabetic wounded cell models. Xuan et al. [39], 

suggested that the hyperglycaemic mediated suspension 

of cell migration is related to the inhibition of basic 

fibroblast growth factor (bFGF) signalling, specifically 

because of c-Jun N-terminal kinases (JNKs) suppression. 
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In another study, Lerman et al. [40], observed that 

diabetic fibroblasts show impairments in cellular 

migration, growth factor production, and their reaction to 

hypoxia in vitro. This study demonstrated decreased cell 

migration and viability in unirradiated DW cells when 

compared to unirradiated W cells, indicating the effect of 

high glucose concentration in the culture media. 

However, after irradiation this effect was no longer 

evident, suggesting the positive effect of PBM on 

diabetic cells and the effect of high glucose concentration 

in the culture media.  

Besides reducing cell migration, viability, 

proliferation, and synthesis of collagen, in vitro 

experiments have shown that hyperglycaemia increases 

apoptosis in different cell types [41]. In typical wound 

healing, apoptosis is necessary for eradicating 

inflammatory cells and scar construction without 

inflammation and tissue damage [30], and involves 

different cellular morphological features and signalling 

pathways with the instigation of caspases, and 

subsequent reduction in viability [42]. PBM at a 

wavelength ranging between 600 and 1200 nm has been 

reported to reduce apoptosis in different tissues, and 

when Davies et al. [43], investigated the influence of 

660 nm PBM on cell apoptosis, they observed a 

significantly high fraction of apoptotic cells in the control 

group as compared to irradiated group. In addition, 

Rajendran et al. [44], noted that PBM at a wavelength of 

660 nm reversed high oxidative stress in diabetic and 

diabetic wounded fibroblast cells as represented by 

decreased FOXO1 levels, and suggested that PBM 

advanced diabetic wound healing by reducing oxidative 

stress via the inhibition of FOXO1 signalling. Tam et 

al. [45], suggested that PBM at a lower energy reduces 

apoptosis but promotes it at a higher energy. Nonetheless, 

the existing understanding regarding the effect of PBM 

on cellular apoptosis and diabetic wound healing is 

elusive. To determine the protective impact of PBM at 

660 nm and 5 J/cm2 against apoptosis in diabetic wound 

healing, this study used Caspase-Glo® 3/7 assay, ELISA 

and Annexin V/PI assay to compare cellular caspase 

activity, secretion of Bcl-2, the percentage of live cells, 

and those that were undergoing early and late apoptosis, 

as well as necrotic cells in both unirradiated and 

irradiated cell models. This study noted a significant 

decrease with a large effect size in the activity of pro-

apoptotic caspase-3 and -7, and a significant increase 

with a large effect size in anti-apoptotic Bcl-2 protein in 

DW cells exposed to PBM at 660 nm. This study noted 

an increase in the percentage of cells undergoing early 

apoptosis in unirradiated DW cells as compared to 

unirradiated W cells, signifying the effect of high sugar 

concentration in the culture media. As compared to 

unirradiated N cells, there was a considerable rise in early 

apoptosis and necrotic cells, as well as a decrease in 

viable cells and late apoptosis in unirradiated W and DW 

cells. However, when these cells were irradiated, they 

responded positively with a large effect size, as compared 

to their unirradiated control cells, suggesting a positive 

therapeutic effect of PBM. In another study, 

Cheng et al. [46], suggested that PBM improves cell 

proliferation and reduces tumour necrosis factor alpha 

(TNF-α)/cycloheximide-facilitated cell death. 

Maldaner et al. [47], also suggested that PBM augmented 

the proliferative and protective effect of hydrogen 

peroxide (H2O2) induced senescence in fibroblast cells. 

These observations indicate that the therapeutic effects 

observed were due to PBM, and this study has further 

demonstrated that PBM used at a wavelength of 660 nm 

and a fluence of 5 J/cm2 influence cell viability, 

migration, and wound healing specifically through 

modulation of the cellular pro- and anti-apoptotic 

proteins in diabetic wounded cells in vitro.  

5 Conclusion 

This study has demonstrated that reduced wound healing 

in diabetic wounded cells in vitro is caused by reduced 

cell viability and migration, and increased cell apoptosis. 

However, PBM effectively regulated these defects, and 

restored the normal functioning of DW cells in vitro, 

indicating that PBM in the visible red range speed up 

diabetic wound healing. Although the present study 

demonstrated these molecular effects of PBM in 

hastening wound healing, there is a need for further 

studies to gain more understanding on its effect at a 

molecular, cellular and tissue level. This study has 

exhibited that PBM could indeed influence the rebuilding 

and restoration of diabetic wounds, and within this 

context, it could be used as an adjunct treatment method 

to stimulate wound healing processes in vivo.  
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Abstract. The paper is devoted to the identification of skin tumors and 
interpretation of their component composition based on multidimensional 
analysis of Raman scattering spectral data and dermoscopic images. The 
dataset contains 65 samples of malignant melanomas, 107 seborrheic 
keratoses, and 166 nevi. The multivariate curve resolution alternating least 
squares analysis was performed for the Raman spectra to extract spectral 
profiles of main skin components and their composition. The obtained 
biochemical profiles of skin neoplasms were analyzed by the gradient boosting 
method. Dermoscopic image analysis was performed using a convolutional 
neural network with modified Visual Geometry Group 16-layer model 
architecture. Joint analysis of component and spatial features was carried out 
using logistic regression of the predicted values of a model based on Raman 
spectra and a model based on image analysis. As a result, a binary model for 
the classification of malignant melanoma and pigmented benign neoplasms 
was constructed, showing an area under the receiver operating characteristic 
of 0.94 (0.90−0.98) with 95% confidence interval. Combining spatial and 
Raman spectra derived component features makes it possible to increase the 
efficiency of diagnosing skin cancer. © 2024 Journal of Biomedical Photonics 
& Engineering. 
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1 Introduction 

Skin neoplasms are one of the most commonly diagnosed 

forms of cancer [1]. However, visual diagnosis of skin 

tumors significantly depends on the qualifications and 

professional experience of the physician, and its accuracy 

varies from 40 to 80% due to the presence of many 

different nosologies of skin tumors that have similar 

distinctive features [2]. The gold standard in oncology is 

histological examination, but it requires sampling and is 

not applicable for initial examination or mass monitoring. 

Therefore, the urgent task is to develop tools and 

information processing methods that allow the doctor to 

diagnose skin tumors in a timely and accurate manner. 

In recent years, optical methods have been 

increasingly used to investigate biological tissues and 

fluids [3−6]. Raman spectroscopy (RS) methods have the 

greatest sensitivity to changes in the chemical 

composition of neoplasms compared to healthy skin due 

to the recording the intensities of vibrational-rotational 

vibrations of the functional groups of molecules of 

nucleic acids, proteins, lipids, and hydrocarbons [7−9]. It 
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has been shown that discriminant analysis of RS samples 

using projection to latent structures (PLS-DA) provides a 

statistically reliable result [10]. Principal component 

analysis was successfully used to obtain differences in 

spectral data [11, 12]. Optical diagnostics of skin cancer 

has been further developed through the use of 

classification algorithms based on neural networks, 

demonstrating high sensitivity and specificity in real 

time. It was shown that the use of convolutional neural 

networks (CNN) for analyzing RS spectra allows one to 

achieve an accuracy in determining the type of skin 

tumor comparable to the diagnostic accuracy of qualified 

dermatologists [13, 14]. However, in most studies this 

approach is presented in the form of a “black box”, 

focusing exclusively on the classification problem, and 

the classification criteria very often remain unknown, 

which does not allow them to be physically interpreted.  

Recently, the method of multidimensional curve 

resolution (MCR) has found effective application in 

biology and medicine to determine the concentration of 

mixture components from spectra [15−17]. The 

application of the MCR method has been studied for the 

analysis of the RS spectra of mixtures of proteinogenic 

amino acids [18], the effect of noise on RS spectra 

resolution [19], and the possibility of diagnosing skin 

diseases [20]. It was shown [20] that each RS spectrum 

may be represented with accuracy 95% by concentration 

profile of eight groups of spectral components: elastin 

and nature moisturizing factor (1386, 1518, 1174, and 

1230 cm−1), keratin, collagen and elastin (1248, 1450, 

1656 cm−1), water (1642 cm−1), proteins, lipids and 

nuclear acid (1248, 1271, 1301, 1318 cm−1), proteins, 

lipids, nature moisturizing factor and melanin (1144, 

1275, 1750, 1355, 1386, 1559, 1694 cm−1), proteins and 

water (1450, 1642 cm−1) and the contribution of the 

optical system. The relative component composition of 

skin neoplasms reconstructed using MCR analysis of 

Raman spectra can be physically interpreted and contains 

sufficient information for the classification of 

neoplasms [20]. However, the area under the receiver 

operating characteristic (ROC AUC) values do not 

exceed 0.70 for the discriminant analysis by PLS-DA.  

It is known that the increase of the efficiency of tumor 

recognition can be achieved by implementation of 

multimodal diagnostic methods [21] that combine 

several qualitatively different groups of features. Since 

RS uses spectral and component profiles as characteristic 

distinguishing features, it is most natural to supplement 

them with spatial properties that characterize the 

heterogeneity of tumor growth and can be obtained from 

the analysis of dermatoscopic images. Machine learning 

algorithms demonstrate good performance in analyzing 

dermatoscopic images when working with several 

hundred features [22, 23], but classification accuracy 

indicators decrease with an increase in the number of 

features. To overcome the described shortcomings, deep 

learning methods are used [24−26], which require a huge 

amount of data. It is difficult to generate such a volume 

of data, so it is interesting to use methods for increasing 

and retraining the classifier when adding new data. 

Therefore, the aim of this research is to develop a 

method for identifying skin tumors and interpreting their 

component composition based on multidimensional 

analysis of RS data and dermoscopic images. 

2 Materials and Methods 

2.1 Experimental Data 

All Raman spectra and dermoscopic images of skin 

lesions were obtained using the experimental system (see 

Fig. 1), which combines portable RS unit and 

multispectral digital dermatoscope. 

 
Fig. 1. Experimental system for recording Raman spectra of skin and dermoscopic images. (a) portable RS unit for 

in vivo studies of human skin (1 – laser module, 2 – Raman probe, 3 – spectrometer, 4 – personal computer, 5 – excitation 

fiber, 6 – collecting fiber, L1, L2, L3 – lenses, BPF – bandpass filter, DM – dichroic mirror, M – mirror, LPF – longpass 

filter) [27]. (b) Multispectral digital dermatoscope (7 – backlight, 8 – lens, 9 – camera, 10 – microcontroller, 

UV – ultraviolet LED).  
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Fig. 2 Convolutional neural network architecture. 

The RS unit allows recording of Raman spectra in 

the near-infrared region when excited by 785 nm 

radiation. The multispectral digital dermatoscope with 

a Basler acA1920-25uc camera (RGB color system, 

resolution ~ 13 μm/pixel) [28] provides image 

recording in polarized visible light (1920 × 1080, 

48 bits, 96 dpi, .tiff). 

All measurements of in vivo RS spectra were carried 

out with a spectral resolution of 0.2 nm in the range 

from 800 to 1000 nm at a signal accumulation time of 

60 s. The optical detector was located above the tissue 

sample at a distance of 7−8 mm. The diameter of the 

probe radiation beam on the skin was approximately 

3 mm. The laser power density on the skin did not 

exceed 1.56 W/cm2. Preprocessing of RS spectra 

included cutting in the range of 860−920 nm, which 

corresponds to 1114−1874 cm−1, smoothing with a 

Savitzky-Golay filter and baseline removal in order to 

eliminate autofluorescence. Registration of 

dermoscopic images was carried out in polarized 

illumination mode. 

The study protocols were approved by the ethics 

committee of Samara State Medical University 

(protocol No. 132 of May 29, 2013). An excisional 

biopsy was taken for each of the lesions, the diagnosis 

was established using histological analysis. The dataset 

contains 65 samples of malignant melanomas (MM), 

107 seborrheic keratoses (SK), and 166 nevi (NE). The 

dermoscopic image set contains 65 MM, 166 NE, and 

107 SK. Electronic recourse HAM10K (224 × 224, 

24 bits, 96 dpi, .jpeg) with 1113 MM, 6705 NE, and 

1099 SK images [29] was used for preliminary training 

of the neural network. 

2.2 Analysis of Raman Spectra by 

Multivariate Curve Resolution Method 

The alternating least squares (ALS) of MCR-ALS GUI 

2.0 method [30] was used for reconstruction of 

concentrations and spectral profiles of skin 

components. The application of the MCR method for 

in vivo RS spectral analysis allows us to reflect the 

contribution of the most significant skin components.  

As a classification method, we used the gradient 

boosting algorithm, namely, Light Gradient Boosting 

Machine (LightGBM) framework. It is an ensemble 

algorithm based on decision tree models that are 

sequentially added to the ensemble to correct errors 

made by previous models [31].  

The proposed approach makes it possible to extract 

important diagnostic information from spectral data that 

is understandable to the doctor, namely the relative 

concentrations of the components in the sample. 

2.3 Convolutional Neural Network 

For the analysis of spatial data, we used a CNN based on 

a modified Visual Geometry Group 16-layer model 

(VGG16) architecture (see Fig. 2). We used the Python 

library Keras to build the CNN architecture. The neural 

network receives dermoscopic images with dimensions 

of 224 × 224 pixels as input. The classifier consists of 

five alternating blocks of Conv2D and MaxPooling2D 

layers (with ReLU activation function) and fully 

connected Dense layers as an output. The Conv2D CNN 

layer performs the convolution operation using a 3 × 3 

sliding window method. It slides along the feature map 

and extracts a three-dimensional feature template with a 

certain shape (window height, window width, entry 

depth) at each possible position. MaxPooling2D layers 

are used for decrease the resolution of the feature map, 

which reduces the number of trainable parameters. The 

operating principle of MaxPooling2D is based on 

selecting the maximum value from the extracted window 

of the input feature map. In this paper, the window size 

was 2 × 2, which makes it possible to reduce the 

resolution by half. At the output, the total number of 

training parameters was 1,097,345. The sigmoid was 

used as the activation function at the output layer, the 

optimizer was Adam. 

The data was divided into training, validation, and 

test sets in a ratio of 8:1:1. It is important to mention that 

the dermoscopic images dataset may contain arbitrary 

number of different types of neoplasms, therefore, when 

forming the training, validation, and test sets, the classes 

were balanced as follows. The set of the smaller class 

included all available samples, and the set of the larger 

class was formed randomly from the available samples of 

this class. Taking into account the random nature of the 

sampling, the construction of classification models was 

carried out at least 10 times, and the results was 

calculated by averaging the model metrics over the 

number of experiments performed. Thus, at each stage of 

constructing a classification model for MM and benign 

pigmented neoplasms, 65 MM, 26 SK, and 39 NE were 

used, randomly taken from the data set obtained by the 

multispectral digital dermatoscope. Since the classes in 

HAM10K dataset are also unbalanced, the number of 

images of the smaller class (MM) was increased using 

various geometric transformations, such as rotation by a 

random angle, shifts, zooming, etc. 

The stability of the resulting models was checked by 

10-fold cross-validation. This cross-validation was 

carried out using the following algorithm: 10% of the 

objects in the set were excluded from it and became the 

test set. The model was rebuilt based on the remaining 

part of the data. Then the excluded part of the objects was 

returned, random 10% of objects that have not yet been 

in the test set were again selected as a new test set, and 

the model was rebuilt again. The cycle was repeated 

10 times, and the final performance of the model was 

calculated as the average of the ten test results obtained. 

Cross-validation allows one to determine the optimal 

parameters of the class separation model to avoid 

overfitting. 
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The learning process was based on the concept of 

transfer learning: the network was trained on HAM10K 

data, then the network was additionally trained on the 

second set of data obtained by multispectral digital 

dermatoscope presented in Fig. 1. Additional training 

was carried out in conditions where the four upper layers 

are frozen. Freezing the layers is necessary in order to 

preserve the common features previously identified by 

the classifier and the resulting weights. 

The use of two data sets is due to the small number of 

images in the data set obtained by multispectral digital 

dermatoscope and to the difference in the characteristics 

of the dermoscopic equipment. Training on HAM10K is 

not enough for the CNN to be able to work with other 

data, it is necessary to additionally train the network on 

images recorded by a multispectral digital dermatoscope.  

The optimal number of epochs was determined 

experimentally based on the analysis of accuracy graphs 

for the training and validation sets. Accuracy was 

calculated as the proportion of correct responses of the 

neural network. To analyze what the trained CNN pays 

attention to when forming a forecast, attention maps were 

built using the Python library Tensorflow. The areas 

where CNN pays more or less attention to when forming 

a diagnosis are highlighted in yellow or blue, 

respectively. 

2.4 Multidimensional Analysis by 

Logistic Regression 

In this research, we attempted a joint analysis of the 

spectral component features identified by the MCR 

method and spatial features extracted by a CNN from 

dermoscopic images. It was proposed to combine 

classification models at the very last stage where the 

model receives predicted values for each observation. 

Thus, we used logistic regression of the predicted values 

of both models for multidimentional analysis of 

neoplasms based on their RS derived component 

compositions and spatial properties of dermoscopic 

images. ROC AUC was chosen as a scalar characteristic 

for comparing several models. ROC AUC confidence 

intervals (CI) were calculated for a probability level of at 

least 95%. 

3 Results and Discussion 

3.1 Analysis of Raman spectra by 

Gradient Boosting Method 

Information about the relative component composition of 

each neoplasm was used as features for recognizing RS 

spectra. In order to overcome the low accuracy of PLS-

DA method for analyzing of MCR resolved RS spectra 

reported in Ref. [20], it was proposed to use ensemble 

algorithm LightGBM. As a result of the selection of the 

LightGBM hyperparameters, the maximum number of 

leaves was set to 30, and the maximum number of trees 

did not exceed 100. The stability of the resulting models 

was checked by 10-fold cross-validation. A binary model 

for classifying MM versus benign pigmented neoplasms 

(SK+NE) was constructed (RS model). The ROC curve 

is shown in Fig. 3 (blue line). Model quality metrics are 

presented in Table 1. The model shows the accuracy, 

sensitivity, and specificity of 0.78, 0.77, and 0.80, 

respectively, and the ROC AUC of 0.82 (0.76−0.89, 

95% CI), which is significantly higher compared to the 

value of 0.69 (0.63−0.76, 95% CI) received by PLS-DA 

method [10, 20].  

Automation of the process of recognizing MM while 

maintaining the possibility of physical interpretation of 

the obtained data on the relative composition of the skin 

area makes the algorithm a candidate for widespread use 

in decision control systems. However, despite the 

superiority of the LightGBM model over the results of 

previous studies, the ROC AUC values do not exceed 

0.90. To increase the efficiency of tumor recognition, it 

is necessary to expand the spectral classification features 

by implemention of qualitatively new characteristics, 

which leads us to the analysis of dermoscopic images. 

 

 
Fig. 3 ROC curves of RS model (blue line), spatial CNN 

model (green line), and multidimensional model (red 

line). ROC AUC confidence intervals are calculated for 

a probability level of at least 95%. 

3.2 Analysis of Dermoscopic Images by 

the Convolutional Neural Network 

Using transfer learning approach described above, a 

CNN classifier for MM versus benign pigmented 

neoplasms (SK+NE) was constructed (spatial CNN 

model). As it can be seen from evaluating learning 

process accuracy graph for preliminary CNN training 

on HAM10K dataset the model is trained smoothly 

(Fig. 4a), the number of correctly classified images 

increases. From attention maps for test images (Fig. 5a), 

it is noticeable that the neural network trained on the 

HAM10K dataset pays attention to the tumor boundary, 

focusing on the size and shape 

of the object in the decision-making process. 
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Fig. 4 Accuracy graphs: (a) for the model trained on the HAM10K set, (b) for the model additionally trained on the second 

data set registered by the experimental system. 

Table 1 Quality metrics for the binary classification model of MM and SK+NE. 

Models 
RS spectra 

(MCR+LightGBM) 

Dermoscopic images 

(CNN) 

Multidimensional 

analysis  

(threshold 0.5) 

Multidimensional 

analysis  

(threshold 0.67) 

ROC AUC 0.82 (0.76−0.89, 95% CI) 0.87 (0.82−0.93, 95% CI) 0.94 (0.90−0.98, 95% CI) 

Accuracy 0.78 0.85 0.84 0.87 

Sensitivity 0.77 0.85 0.83 0.74 

Specificity 0.80 0.85 0.85 1.00 

 

At the next stage, for images recorded using the 

experimental system, there is a general trend toward 

increasing accuracy (Fig. 4b), but the model behaves 

somewhat unstable, which may be due to the small 

amount of data used for additional training. As for 

attention maps (Fig. 5b), the model begins to pay 

attention to the neoplasm itself, assessing not only its 

shape and size, but also its relief. Taking into account 

textural features, the neural network analyzes the 

heterogeneity of tumor growth.  

The ROC curve is shown in Fig. 3 (green line). Model 

quality metrics are presented in Table 1. The use of a 

CNN in combination with transfer learning and the use 

of an additional dataset for preliminary training of the 

CNN allows us to obtain a stable classification model that 

demonstrates an accuracy of 85%. The model shows 

sensitivity and specificity of 0.85, and 0.85, respectively, 

and the ROC AUC of 0.87 (0.82−0.93, 95% CI), which 

is slightly higher compared to the value of 0.82 

(0.76−0.89, 95% CI), obtained by the analysis of RS 

spectra derived component compositions using the 

LightGBM method.  

3.3 Multidimensional Analysis of Raman 

Spectra and Dermoscopic Images of 

Neoplasms 

As a result of logistic regression of the predicted values 

of two independent components composition and spatial 

CNN models, a joint binary model for classifying MM 

versus benign pigmented neoplasms (SK+NE) was 

constructed (multidimentional model). The stability of 

the resulting combined multidimentional model was 

tested by 10-fold cross-validation. The ROC curve is 

shown in Fig. 3 (red line). Model quality metrics are 

presented in Table 1.  
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Fig. 5 Attention maps for images from the test set: 

(a) for the model trained on the HAM10K set, 

(b) for the model additionally trained on the second set 

registered by the experimental system (yellow – more 

attention, blue – less attention). The axes indicate pixels. 

Analyzing the presented metrics, one can note the 

good ability of the classification model using 

multidimensional analysis to distinguish between MM 

and SK+NE. The model shows the accuracy, sensitivity, 

and specificity of 0.84, 0.83, and 0.85, respectively. The 

quality metrics calculated for the 0.5 threshold are 

slightly inferior to the results provided by the CNN 

model. However, these metrics depend on the chosen 

classification threshold. For a commonly used 

classification threshold at 0.67 (two-thirds of the 

maximum possible value), an accuracy of 0.87 and a 

specificity of 1.00 can be achieved. The obtained result 

suggests the possibility of the effective use of the 

described multidimensional method for diagnosing 

neoplasms in clinical practice in population screening 

programs, since for the classification case under 

consideration, the model will not miss any MM, 

accurately identifies as MM all samples that are really 

MM. Of course, in this case part of the samples (not more 

than 25%) will be identified as MM by the model, 

although in fact they are benign pigmented neoplasms. 

However, all these cases can be resolved with an in-depth 

study, which is always carried out when diagnosing MM. 

The ROC AUC of the multidimensional model is 0.94 

(0.90−0.98, 95% CI), which surpasses the ROC AUC of 

the RS and spatial CNN models, where the ROC AUC was 

0.82 (0.76−0.89, 95% CI) and 0.87 (0.78−0.95, 95% CI), 

respectively. This means that, in general, the ability of 

multidimensional model to distinguish between MM and 

benign pigmented neoplasms is better than that of models 

based on component analysis by LightGBM method or 

CNN analysis of dermoscopic images. The latter is 

explained by the possibility of a multidimensional model 

to use spatial classification features when prediction by 

spectral features fails, and vice versa. 

 

 

Fig. 6 Scatter diagram of predicted values of designed RS, spatial CNN, and multidimensional models of RS spectra and 

images: (a) three-dimensional space of the predicted values of all models, (b) projection on prediction plane of RS and 

spatial CNN models. 
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This can be easily demonstrated from the analysis of 

Fig. 6, where the studied neoplasms are shown in the 

three-dimensional space of the predicted values of the 

constructed RS, spatial CNN, and multidimensional 

models. Each marker in Fig. 6a is one of the neoplasms 

with the coordinates of the predicted values for the 

models, and its color indicates the true diagnosis of the 

sample obtained as a result of histological examination: 

yellow – MM, blue – SK or NE. The predicted values of 

the models range from 0 to 1, where 0 means MM, and 1 

means benign pigmented neoplasms (SK+NE). If the 

predicted value is less than the threshold value (in this 

case 0.5), it means that the model classifies the sample as 

MM; if it exceeds the threshold value, it is classified as 

SK+NE. The projection of tumor markers onto the 

prediction plane of the RS and spatial CNN models is 

shown in Fig. 6b. Here, the outlines of the markers 

indicate the correctness of determining the diagnosis 

using a multidimensional model. Samples that were 

correctly recognized by multidimensional model are 

circled in green, samples that were incorrectly recognized 

are circled in red. 

As one can see, only a small part of the borderline 

cases is subject to incorrect classification (when 

independent RS and spatial CNN models make different 

decisions, that is, when one model shows a predicted 

value above the classification threshold, and the other 

model shows a lower one). These cases are shown in 

Fig. 6b in the graphs in quadrants 2 and 4. Thus, the 

multidimensional method allows us to resolve 

controversial cases when spectral (component 

compositions) features indicate one diagnosis, and spatial 

features indicate another, and draw a conclusion about 

the correct diagnosis. 

When comparing the results obtained with other 

studies, it is worth noting a clear advantage. Thus, in a 

study [2], the average sensitivity and specificity of 

58 dermatologists for the classification of 100 skin 

lesions was 86.6% (±9.3%) and 71.3% (±11.2%), 

respectively. This corresponds to a mean ROC AUC of 

0.79 (±0.06). Moreover, the average values of sensitivity, 

specificity and ROC AUC for the expert group 

are 89% (±9.2%), 74.5% (±12.6%) and 0.82 (±0.06), 

respectively [2]. Thus, the combined classification model 

can help ordinary dermatologists to identify skin lesions 

on average more effectively. 

4 Conclusion 

The results obtained support the feasibility of 

multidimensional analysis of multimodal optical skin 

data, namely RS spectra and dermoscopic images. 

Combining spatial features of dermoscopic images and 

the component features identified by the MCR method 

allows us to preserve the advantages of the physical 

interpretability of the results of MCR analysis and at the 

same time allows us to include in the analysis the entire 

volume of spectral information and textural features of 

tumors visible on the images. 

Due to the complex complementarity of the 

distinguished spatial, spectral, and component features, 

the method is characterized by high stability and 

accuracy with ROC AUC equal to 0.94 (0.90−0.98, 

0.95 CI) for the binary classification of MM and benign 

pigmented neoplasms, which the quality of determining 

the type of neoplasm is higher when using only spatial 

features or only spectral and component features by 7% 

and 12%, respectively. 

The developed methods, models, and algorithms of 

multidimensional analysis make it possible to recognize 

the type of neoplasm and increase the efficiency of 

diagnosing skin cancer to a level comparable to or 

exceeding the efficiency of diagnosing neoplasms by 

general practitioners and medical specialists by 

combining spatial, spectral, and component signs. 
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Abstract. The purpose of this study was to measure blood levels in quail meat 
with a cellphone camera using a spectrophotometer as a standard. Samples 
were obtained from 9 pieces of quail meat cut by hanging, 9 pieces of quail 
meat cut without hanging, 9 pieces of quail carcass dead for 4 h, and 9 pieces 
of quail carcass dead for 8 h. The relative concentration of blood in the meat of 
the quail carcass with or without hanging measured on 430 nm with 
spectrophotometer after 4 h and 8 h were 0.0149%, 0.0165%, 0.0173%, and 
0.0177%, respectively. Since the absorption coefficient of the main blood 
absorber namely hemoglobin differs significantly in the violet and red spectral 
regions, the time dependence of the absorption intensity obtained by 
spectrophotometer was compared with a similar dependence of the blue 
channel of a smartphone, measured using ImageJ. It has been shown that 
measurements by the smartphone have a similar tendency as the 
measurements of the spectrophotometer, and they can be used as indicators 
of blood concentration threshold in quail meat, and, as a consequence, 
determine the duration of this procedure. © 2024 Journal of Biomedical 
Photonics & Engineering. 
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1 Introduction 

Quail are livestock that produce meat and eggs as a 

source of animal protein [1]. The perfect bleeding 

process can be seen by looking at the hemoglobin 

parameters in the carcass. Hemoglobin levels can be 

determined using the spectrophotometer method. 

The UV-Vis spectrophotometry method has the 

advantage that the results obtained are quantitative so that 

the results can be more accurate [2]. The 

spectrophotometric method uses monochromatic light to 

observe changes in the clarity of the blood-Ethylen 

Diamine Tetra Acetic Acid (blood-EDTA) boundary at 

one point, namely the top part, which is recorded in the 

form of absorbance values. Light absorbance values that 

gradually change indicate changes in the concentration in 

blood plasma [3]. The light absorbance spectrum stores 

cellular interaction information that describes the 

erythrocyte aggregation process. The absorbance 

spectrum can be analyzed using the Principal Component 

Analysis (PCA) method, which is a calculation used for 

data analysis in multidimensional data sets, especially in 

the field of graphics. PCA reduces information without 

having to eliminate the main information by finding 

eigenvalues and eigenvectors to obtain covariance and 

correlation values between dimensions in data [4]. The 

spectrophotometer uses serum or plasma as an object of 

registration, so it is not influenced by blood cells like in 

whole blood samples [5]. The use of a spectrophotometer 

requires preparation of serum samples, so it requires 

more blood and the process takes a long time. 

There is an alternative method to determine the color 

intensity in a solution, namely the digital imaging method 

using a camera [6]. The camera measures 

electromagnetic radiation from colored zones via the 

camera sensor [7]. Digital imaging methods with cameras 

are capable of detecting objects, and role of camera 

sensors is to capture the color of an object and convert 
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visual data into digital data, which can be processed [8]. 

The algorithm of the camera processes information to 

produce output values red (R’), green (G’), and blue (B’) 

from the actual red (R), green (G), and blue (B) values 

[7]. The color resulting from the malachite green test then 

are captured by the camera and visualized. The resulting 

camera image is then processed using an image 

processor, namely ImageJ [9]. This research is expected 

to be able to show the potential of cameras to measure 

blood concentration in quail meat based on calorimetry 

carried out with a spectrophotometer as the standard. 

2 Materials and Methods 

Equipment and sample preparation were carried out at the 

Physiology Laboratory, Department of Anatomy, 

Physiology, and Pharmacology, School of Veterinary 

Medicine and Biomedical, Bogor Agricultural 

University. Quail meat samples were obtained from the 

Observation Laboratory of the Department of Anatomy, 

Physiology, and Pharmacology, School of Veterinary 

Medicine and Biomedical Medicine, Bogor Agricultural 

University. 

This study used a completely randomized design with 

factors of quail slaughtered by hanging, not hanging, and 

quail carcasses which were kept for 4 h and 8 h. The 

number of quail was calculated using the Federer formula 

(t−1) (n−1) ≥ 15 We used 36 quails: 9 slaughtered by 

hanging process, 9 slaughtered without hanging process, 

9 carcasses that were kept for 4 h, and 9 carcasses that 

were kept for 8 h. 

The difference in the treatment of the carcasses that 

were kept for 4 h and 8 h before measuring blood 

concentrations, was based on the lag time required 

between slaughtering and selling poultry in the market 

which usually takes 4 to 8 h. 

Before examination of the sample, a standard curve is 

made as a reference for the results. The standard curve 

was prepared from FeCl3 in distilled water, then diluted 

again in HCl. 

Quails that were slaughtered by hanging and not 

hanging were taken from the thigh, then cut into small 

pieces and soaked in distilled water for 30 min. The 

extract was centrifuged at 3000 rpm for 10 min, then the 

precipitate and liquid were separated. Quail carcasses 

were kept for 4 h and 8 h, then subjected to the same 

treatment as quails that were slaughtered by hanging or 

not hanging. The extract used is from the liquid part. 

The meat extract was reacted with malachite green 

and H2O2 then homogenized using a vortex and left for 

20 min so that the reaction took place perfectly. After 

20 min KMnO4 was added to stop the reaction and then 

it was homogenized again using a vortex. 

The results were registered with a spectrophotometer 

after adding KMnO4. Scanning is also performed using a 

digital camera in the microplate. Digital camera 

calibration begins with extracting feature points in the 

video, then tracing them throughout the video. The 

movement of these points is then minimized using the 

objective function and changing the camera parameters, 

and in this way, a set of calibrated parameters is 

obtained [9]. The sample to which KMnO4 had been 

added was mesured using a spectrophotometer, then the 

sample was transferred to a microplate using a 

micropipette at 0.2 mL/well. The microplate was placed 

on the scanner and closed using a mobile camera Scanjet 

XPA. Image scanning using a scanner is carried out from 

under the microplate. The microplate when using a 

mobile camera is placed on top of the mobile camera 

Scanjet XPA and then covered with a wooden box. 

Taking images using a mobile camera is done from above 

the microplate. Images that have been scanned with a 

scanner are saved in Tagged Image File Format (TIFF) 

format and images taken by mobile cameras are saved in 

Joint Photographic Experts Group (JPEG) format.  

The images were processed using image processing 

software ImageJ obtained from the plate wells. ImageJ 

represents the color component in pixels and converts it 

to numbers in the RGB color component. The intensity 

of the color obtained is translated into absorbance by the 

Lambert-Beer law. Next, the absorbance value is entered 

into the equation of the standard curve obtained so that 

the concentration of blood in the meat is known. 

The UV-VIS Spectrophotometer calibration 

procedure refers to the procedures of the 2020 National 

Directorate of Thermoelectric and Chemical 

Measurement Units. The calibration procedure consists 

of 3 stages, namely initial inspection, equipment 

preparation, and calibration. The initial inspection stage 

begins with carrying out a visual inspection, checking the 

stray radiant energy (SRE) value using an SRE filter in 

the 200 nm to 450 nm area, measuring baseline flatness 

and noise from the instrument, as well as monitoring and 

recording the environmental temperature around the 

spectrophotometer. The equipment preparation stage is 

carried out by cleaning the standard filters used either 

using an air blower or with a lint-free cloth (microfiber). 

The calibration stage begins with turning on the 

instrument for 30−60 min, setting the wavelength 

scanning range from 240 nm to 650 nm, setting the slit 

size, paying attention to the wavelength scanning 

distance (interval/step), and repeating the measurement 

9 times. 

Using ImageJ for particle analysis requires the 

definition of the part of the image which is an 

object/particle and the part of the image which is the 

background. It is referred to as image segmentation. This 

can be done using Image > Adjust > Threshold. By 

setting the Threshold level, you can adjust the brightness 

level of the image for the definition of objects/particles 

and their background. After the Threshold adjustment is 

made, the measurement of the size/area of the intended 

particle can be carried out by the particle analysis feature 

in ImageJ. Particle analysis in ImageJ can be done by 

clicking Analyze > Set Measurements to determine what 

output you want in particle analysis. Then particle 

analysis is done by clicking Analyze > Analyze Particles. 

Data were analyzed quantitatively using Microsoft 

Excel 2010 to obtain concentration. The results of the 

concentrations were analyzed statistically by comparing 

blood concentrations in meat slaughtered by hanging, not 
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hanging, carcass meat which was kept for 4 h and 8 h 

using a spectrophotometer and a camera, then analyzed 

using the descriptive one-way ANOVA (analysis of 

variance)) method. 

3 Results and Discussion 

3.1 Quail Blood Concentration Measurement 

with a Spectrophotometer 

Measurement of the concentration of quail blood samples 

was carried out using a spectrophotometer. The standard 

spectrophotometer calibration curve is obtained by 

measuring the absorbance of a standard solution at a 

wavelength of 430 nm. Based on the measurement results 

of the standard spectrophotometer solution, the standard 

spectrophotometer calibration curve is obtained as shown 

in Fig. 1. 

 
Fig. 1 Spectrophotometer standard calibration curve at an 

absorbance wavelength of 430 nm. 

The standard curve shows the relationship between 

the concentration of the solution (x-axis) and the 

absorbance of the solution (y-axis). The regression line 

equation serves to determine the mathematical model 

used to predict one variable from another. While the 

correlation coefficient shows the relationship between 

concentration and absorbance. Based on the calibration 

curve above, the regression line equation is 

y = 47.285x − 0.0248 with a correlation coefficient of 

0.9913. This shows that there is a positive correlation 

between concentration and absorbance. The 

concentration increases, the absorbance value also 

increases [10]. The correlation value is considered good 

if it is more than 80% (R2 ≥ 0.80) [11]. The largest R2 

value is 1, and the smallest is −1, so that it can be written 

as −1 ≤ R2 ≤ 1. For R = 1, it is called a perfect positive 

relationship and the direct linear relationship is very high. 

3.2 Image Processing Program for Measuring 

Quail Blood Concentration with a 

Smartphone Camera Using ImageJ 

Mobile phone cameras can capture color, which in 

principle is a derivative of the colorimetric analysis 

method. Images taken using a cellphone camera are 

saved in the JPEG format, which is an image with subtle 

color changes [6]. The results of taking images with the 

camera can be seen in Fig. 2. 

 
Fig. 2 Camera results from the microplate. 

The compiled image processing program can 

determine the image parameters of objects analyzed 

through color images, namely the RGB color index. The 

RGB color index is analyzed using the help of ImageJ 

software and collected using Microsoft Office Excel 

2013 to obtain the distribution of three indices. The 

ImageJ program automatically calculate, and the 

resulting data may be selected through the Regions of 

Interests (ROI) manager. The ROI manager contains a 

list of analyzes and the ROI manager function can help 

in selecting the quality of the calculated results. The 

standard camera calibration curve is described in Fig. 3. 

The cellphone camera calibration curve (see Fig. 2) 

has different tilt angles for R, G, B. Of course, 

hemoglobin has a different absorption coefficient at 

different wavelengths, but it remains constant. Therefore, 

the calibration lines R, G, B can be different, but the 

angle of inclination must be the same. The fact that the 

angles are different means that the measurement scheme 

and spectral device characteristics have a great influence 

on the results. 

 

Fig. 3 Cellphone camera calibration curve. 

Based on the calibration curve above, it was shown 

that the RGB channel produces different regression value 

equations and correlation coefficients. The correlation 

coefficients of each RGB channel are 

y = 104.02x + 0.0084, y = 94.624x + 0.0561, and 
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y = 36.037x − 0.009 with correlation coefficients 

R2 = 0.9927, R2 = 0.9882, and R2 = 0.9736, respectively. 

This shows that there is a positive correlation between 

concentration and absorbance. The curve that has the 

steepest slope indicates that the curve is most sensitive to 

changes in concentration. Based on the calibration curve 

(see Fig. 3), the red curve was chosen for further 

calculations because of the larger correlation coefficient 

with better linearity which is reflected in the steeper 

shape of the curve. This is because when the sample 

solution is exposed to light, the camera will capture more 

light reflected by the red complement so that the 

absorbed color has the highest value. Sample solution 

and sample concentration have a linear relationship with 

absorbance. Absorbance is directly proportional to the 

concentration according to the application of the Beer-

Lambert law in absorbance measurements. 

3.3 Comparison of Quail Blood Concentration 

Measurements Using Spectrophotometers 

and Mobile Cameras 

In this study, colorimetric measurements using 

spectrophotometry and image processing using cellphone 

cameras have the same measurement principle, namely 

measuring the wavelengths reflected by the sample. 

However, in the process of measuring these two tools 

have differences. The color value obtained from the 

capture of the wavelength by the spectrophotometer is the 

wavelength reflected by one surface area. Meanwhile, the 

color value obtained with the help of ImageJ is the color 

value captured by a digital camera from the reflection of 

the wavelength by the cellphone camera from a small 

portion of the surface area. A comparison of blood 

concentration in the carcass and non-carcass quail meat 

can be seen in Table 1. 

The results obtained using the spectrophotometer 

show a significant difference (p < 0.05) between the 

slaughtered quail meat group and the carcass quail meat 

group. The value of blood concentration in carcass meat 

was greater than in the group of slaughtered quails 

hanging and slaughtered not hanging. The carcass sample 

smells bad, so the sample has produced H2S [12]. The 

myoglobin content of the carcass samples was more than 

that of the quail samples which were slaughtered by 

hanging or not, so the concentration numbers were lower 

than those of the live samples. This is caused by several 

factors which are the disadvantages of digital imaging. 

First, the lighting system consists of lighting coming 

from the scanner which affects the intensity of the light 

produced. If the resulting color is weaker or stronger, it 

will affect the subtracting number for calculating the 

difference in absorbance in the quail meat solution. The 

absorption value in the solution obtained for carcass and 

non-carcass quail meat depends not only on blood 

concentrations, but also on other products. The turbidity 

of the solution increased over time, indicating an increase 

in other components in the solution. In this case, the 

results shown in Table 1 are not only interpreted as 

changes due to changes in blood concentration, but as 

changes due to an increase in the amount of other 

impurities. Indirectly this is evidenced by the presence of 

smell. 

Blood concentration and absorbance are the ratios of 

the intensity of the absorbed light to the intensity of the 

incident light. This absorbance value depends on the 

levels of substances contained in a sample, the more 

molecules absorb light at a certain wavelength so that the 

absorbance value is greater, or in other words, the 

absorbance is directly proportional to the concentration 

of the substance contained in a sample. The graph of the 

relationship between the absorbance values obtained 

using the spectrophotometer and using a cellphone 

camera is presented in Fig. 4. 

 

Fig. 4 The relationship between the absorbance value of 

the spectrophotometer and digital image processing. 

Table 1 Concentration of blood in quail meat (%). 

Treatment Spectrophotometer Mobile Camera 

Slaughter hanged 0.0149 ± 0.00108a 0.0022 ± 0.00007a 

Slaughter is not hung 0.0165 ± 0.00078b 0.0051 ± 0.00064b 

Carcass 4 h 0.0173 ± 0.00135c 0.0062 ± 0.00065c 

Carcass 8 h 0.0177 ± 0.00183c 0.0067 ± 0.00043d 

Note: Different superscript letters (a, b, c, d) in the same column indicate a significant difference. 
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From the graph on Fig. 4, the regression equation 

y = 0.3938x − 0.0284 is obtained with a correlation 

coefficient value of 0.9815. The absorbance value of 

solution obtained using the standard spectrophotometer 

with the measurement results of digital image processing 

has a high positive correlation with the absorbance value 

of a digital camera with a correlation value of more than 

0.9. This shows a very strong relationship. This 

regression value can explain the changes in the value of 

the variable y (actual lab value). The absorption of 

hemoglobin in the violet region of the spectrum (430 nm) 

differs significantly (by two orders of magnitude) from 

the absorption in the red region. Therefore, it will be 

correct to compare the dependencies obtained from the 

spectrophotometer (430 nm) with the smartphone 

calibration curve in the blue channel. As can be seen from 

the comparison in Figs. 2 and 3, they differ significantly. 

4 Conclusions 

Measurements using smartphone are indicative, namely, 

they allow one to determine the duration for a certain 

threshold of relative blood concentration in the meat of 

suspended quails. 
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Abstract. Upconversion nanoparticles (UCNPs) are promising alternatives to 
traditional fluorescent labels for cell imaging that have outstanding potential 
in biological and clinical applications. As we previously established, the co-
incubation of synthesized in-house [NaYF4:Yb3+, Er3+] UCNPs uncoated and 
coated by SiO2 shell with the cell lines resulted in particles’ uptake. Because of 
the tendency to particle internalization by cells, the assessment of the 
biocompatibility of UCNPs intended for biomedical applications and their 
ability to induce desirable biological effects under the appropriate wavelength 
irradiation is an important step in UCNPs development. The present work is 
focused on the assessment of [NaYF4:Yb3+, Er3+] UCNPs’ phototoxicity and 
changes in human lung-derived embryonic fibroblast (FLEH-104) and human 
laryngeal epidermoid carcinoma (Hep-2) cell lines’ morphology in response to 
the influence of UCNPs. © 2024 Journal of Biomedical Photonics & 
Engineering. 
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1 Introduction 

Cancer is the leading cause of mortality worldwide and a 

significant factor hindering life expectancy growth. 

According to the World Health Organization statistics 

from 2019, cancer ranks as the primary or secondary 

contributor to mortality under the age of 70 in 112 out of 

183 countries [1, 2]. Therefore, the development of new 

methods for cancer diagnostics and therapy at early 

stages and the amendment of currently existing ones are 

top priorities for modern medicine. 

Currently, conventional surgery remains one of the 

most commonly used approaches for tumor removal. 

However, tumor surgery is accompanied by a substantial 

risk of malignant cells remaining in the surgery site, 

which can later result in the disease recurrence [3]. 

Radiotherapy and chemotherapy are also commonly used 

approaches, however, the resistance of some tumors to 

these types of therapy can also result in the treatment 

failure or even disease relapsing [4, 5]. Besides, 

conventional approaches to cancer therapy possess 

multiple undesirable side effects including off-target 

mailto:irina-yanina@list.ru
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toxicity of chemotherapeutic agents affecting healthy 

organs, tissues, and cells. Targeted therapy, which 

aims to affect only tumor cells, represents an 

alternative direction in the development of anticancer 

remedies [6−10]. The application of monoclonal 

antibodies targeting tumor-specific antigens [11], and 

oligonucleotide aptamers targeting different tumor-

specific structures including gens [12, 13] are illustrative 

examples of this therapy realm. 

The early-stage cancer diagnostics is crucial for 

therapy success and facilitates the chances of long-term 

patient survival. The usage of optical methods for cancer 

diagnostics deserves close attention. For the last two 

decades, label-free optical methods have been capturing 

the interest of researchers [14−16]. Differences in 

fluorescence level of endogenous fluorophores and 

morphology of normal and malignant cells are pillars of 

label-free approaches. Whereas exogenous fluorophores’ 

usage for cancer cell labeling is a more conventional 

approach and, currently, is widely used in clinic [17−19]. 

The selective labeling of cancer-specific structures 

within malignant cells or on their surface by 

fluorophores, conjugated with molecules providing 

cancer-targeting, is the grounds of this 

technique [8−9, 20, 21].  
The successful experience of selective fluorescent 

labeling application in clinic encourages researchers to 

search for new natural fluorophores and develop new 

synthetic fluorophores and nanostructures possessing 

fluorescent properties [22−28].  

Many types of luminophores are currently used in 

bioimaging (e.g. quantum dots, fluorescent proteins, 

organic dyes, dye-doped silica nanoparticles, metallic 

nanoparticles). However, the use of organic probes for 

luminescence imaging of living organisms has some 

limitations. Excitation of traditional bio-labels usually 

requires UV or VIS light, which results in low signal-to-

noise ratio due to high biological autofluorescence, low 

light penetration depth and possible cell photodamage. 

Therefore, it is desirable to use fluorescent bio-labels that 

can be excited by near-infrared light. Compared with 

organic dyes and semiconductor quantum dots, 

upconversion nanoparticles have attractive chemical and 

optical properties, such as low toxicity, sharp emission 

bandwidths, large anti-Stokes shifts and high resistance 

to photobleaching and photoblinking. NIR light can non-

invasively penetrate deep into living organisms because 

the excitation wavelength is within the optical 

transparency window of tissues (700−1000 nm).  

From the viewpoint of the elaboration of exogenous 

fluorescence labels, nanomaterials have attracted great 

interest due to their unique physical and chemical 

properties. So, fluorescent semiconductor quantum dots 

possess larger photon action areas than organic 

fluorophores (>1,000 GM compared to 1,300 GM for 

organic fluorophores) (1 GM = 10−50 cm4s photon−1) [29]. 

However, quantum dots mostly comprise heavy metals 

characterized by substantial toxicity [30] which 

significantly obstruct their introduction to clinical 

practice. Gold nanoparticles also have a large photon 

action area (greater than 2000 GM for gold nanorods), 

however, in contrast to quantum dots, they are 

biocompatible, which is crucial for their biomedical 

applications [27, 31]. The other promising class of 

nanoscale luminophores is rare-earth-doped 

upconversion nanoparticles (UCNPs) capable of 

converting longer wavelength near-infrared radiation 

into visible one via a nonlinear optical process [32]. The 

unique NIR-induced photoluminescence properties of 

UCNPs benefit bioimaging through the image contrast 

improvement via avoiding tissue autofluorescence, and 

through the increased labels’ photostability, ensuring 

prolonged imaging even at the single nanoparticle 

level [16−21]. These make UCNPs attractive for 

application in biological sensing, biomedical imaging, 

and disease theranostics [33−38]. 

Thus, UCNPs are promising alternatives to traditional 

fluorescent biolabels for cell imaging and have 

outstanding potential in biological and clinical 

applications such as photodynamic therapy (PDT). In this 

therapy, reactive oxygen species (ROS) are used as a 

lethal factor. In the traditional case of PDT, a 

photosensitizer is activated by visible light to generate 

ROS; as described above, this type of light has limitations 

in tissue penetration. Materials with upconverting 

properties could be used to activate the photosensitizer 

directly in the tumor environment. UCNPs excited by 

NIR light transfer the absorbed energy to photosensitizer 

molecules and cause the generation of ROS. The most 

efficient host material for 980 nm upconversion is the 

hexagonal phase NaYF4, often doped with rare earth ions. 

Mostly UCNPs are hydrophobic and their surface 

modification can provide the improvement of particles’ 

dispersibility in the aqueous biological media. Charged 

or polar moieties such as amphiphilic (co)polymers, 

lipids and silica are therefore attached to the particle 

surface. The silica coating imparts many useful 

properties to the nanoparticles, including the capability 

for their additional functionalization and 

biocompatibility [44]. The implementation of a silica 

shell is based on its unique properties, including high 

thermal and chemical stability, optical transparency, and 

easy control of the coating shell. In addition, the 

biocompatibility of the SiO2 shell and its further 

fictionalization with versatile organic and inorganic 

compounds are crucial for its biological applications as 

well as for enabling nanoparticle dispersion in polar and 

non-polar environments. By coating the NaYF4:Yb,Tm 

NCs with a uniform SiO2, the hydrophobic UCNs 

become water dispersible [45]. 

The surface modification of the nanoparticles by 

silica results in an increase in photoluminescence 

intensity of about 9% compared to the uncoated sample 

of NaYF4:(Yb3+, Er3+) phosphor. This increase in 

photoluminescence intensity can be explained by the 

suppression of non-radiative recombination of electron-

hole pairs via surface defects [46]. 

Furthermore, the use of SiO2 for the external coating 

of lanthanide-doped UCNPs is attractive because silica is 

known to be relatively harmless when used in biological 
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systems. The nanomaterials are relatively non-toxic even 

at relatively high concentrations (50 mg/ml) for 48 h 

incubation in HeLa cells [47]. Also, the dependence of 

UNPs’ cytotoxicity on their coating type was 

comprehensively considered previously in Ref [48]. 

Previously, we have demonstrated the possibility of 

Hep-2 cells labeling with uncoated and coated with SiO2 

shell [NaYF4:Yb3+, Er3+] UCNPs in vitro and estimated 

their phototoxicity [49]. SiO2-coated nanoparticles were 

found more toxic under NIR irradiation than uncoated 

ones and capable of inducing cell apoptosis (pycnosis 

stage). Also, we found a decrease in the number of cells 

containing autophagosomes, which can probably point to 

the blocking of resistance in tumor cells. Uncoated 

UCNPs did not substantially decrease Hep-2 cells’ 

viability, however, the same effect of autophagy 

blockage as for covered nanoparticles was found. 

Therefore, our preliminary data point to the prospective 

of the elaborated SiO2-coated UCNPs for application in 

cancer therapy. 

Here, we compared the photoсytotoxic effect of 

[NaYF4:Yb3+, Er3+] UCNPs on human lung-derived 

embryonic fibroblast (FLEH-104) and human laryngeal 

epidermoid carcinoma (Hep-2) cell lines under the NIR 

irradiation. Also, we assessed the effect of both types of 

nanoparticles in the presence of NIR irradiation on the 

morphology of normal and cancer cell lines. 

2 Experimental Section  

2.1 UCNPs Synthesis and Characterization 

Uncoated and coated with SiO2 shell [NaYF4:Yb3+, Er3+] 

(fluoride matrix doped with ytterbium and erbium ions) 

UCNPs were synthesized by a hydrothermal method as it 

was described previously in Ref. [50]. The final UCNP 

concentration was 10 mg/mL. UCNP images (Fig. 1(a)) 

obtained using the field-emission scanning electron 

microscope (SEM)MIRA 2 LMU(TESCAN, Czech) 

were used for particles morphology and size assessment. 

The average size of UCNPs was measured using ImageJ 

software.  

 

 

  

Fig. 1 (a) SEM image of the uncoated [NaYF4:Yb3+, Er3+] UCNPs, (b) size distribution of uncoated UCNPs, 

(c) SEM image of the coated [NaYF4:Yb3+, Er3+] UCNPs, (d) size distribution of coated UCNP. 
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Fig. 2 (a) Scheme of the experimental setup and (b) photos of the setup with the 96 well plate under NIR light exposure. 

2.2 Cell Cultures  

Hep-2 and FLEH-104 cell lines were provided by the 

Department of Cell Engineering, Education and Research 

Institute of Nanostructures and Biosystems, Saratov State 

University, Russia. All cell lines were plated separately 

in tissue culture flasks and grown in Dulbecco’s 

Modified Eagle Medium (DMEM) supplemented with 

1% penicillin-streptomycin antibiotic antifungal cocktail, 

2 mM of L-glutamine, and 10% fetal bovine serum 

(FBS), in the humidified atmosphere of 5% CO2 in air at 

37 °C. The media were replaced every three days. Cell 

cultures with 75–85% confluence were harvested using 

0.25% trypsin and counted using a Countess automated 

cell counter (Thermo Fisher Scientific, USA). 

2.3 Experimental Procedures 

The scheme and photo of the experimental setup used for 

cells exposure are presented in Fig. 2(a, b). The cells 

were plated in a 96-well plate with a transparent bottom 

at 104 cells per well density and incubated overnight. 

After the incubation, uncoated and coated UCNPs were 

added to cells at a concentration of 10 mg/mL and 

incubated for 24 h. Then, each well except the control 

ones was irradiated by the 980 nm light source 

(0.5 W/cm2 power density). The cell culture media was 

replaced by Dulbecco’s Phosphate Buffered Saline 

(DPBS) for the duration of the light exposure. The 980 

nm diode laser (laser’s power: 108 mW) (LSR980NL-

1000, Lasever, China) equipped with 600 µm optic fiber 

was used for UCNP excitation. The exposure time varied 

in the range from 5 to 45 min. IR imager IRISYS 4010 

(InfraRed Integrated System Ltd, UK) located at a 

distance of 30 cm from the sample was used for non-

contact measurement of the samples’ surface 

temperature. The temperature of the cages did not 

increase during the experiment. Finally, cell viability was 

evaluated using resazurin-based Alamar Blue cell 

viability reagent. For this dye was added to each well at 

a concentration of 10% v/v and incubated for 4 h. The 

fluorescence intensity (Ex/Em: 560/590 nm) of the 

reduced form of dye (resorufin) was measured using the 

Synergy H1 multimode reader (BioTekInstruments, Inc., 

USA). 

Acridine orange dye was used for the cell 

morphology assessment. Cells were stained by 400 nM 

final concentration dye solution for 10 min, then triply 

washed with PBS and investigated using the inverted IX 

73 fluorescent microscope (Olympus America Inc., 

USA). 

3 Results and Discussion  

Synthesized [NaYF4:Yb3+, Er3+] UCNPs possessed 

hexagonal-like shape with the average size 205 ± 10 nm 

(Fig. 1(a)). The size distribution of synthesized UCNPs 

is presented in Fig. 1(b). The synthesized particles are 

characterized by a narrow size distribution, indicating 

their monodispersity. UCNPs coated with a layer of SiO2 

(Fig. 1(c)) have a wider size distribution due to the 

heterogeneity of the shell thickness. The size of the 

coated UCNPs is 262 ± 21 nm. 

Cells exposure with NIR light was performed using 

the setup depicted in Fig. 2(a, b). The laser beam size was 

adjusted to cover only a single well of the 96-well plate 

to prevent the overexposure of cells in the adjacent wells 

by direct laser light. It enabled us to control the exposure 

time for all experimental groups. The guidance of the 

NIR laser spot on the well center was performed using 

the laser beam visualizer fixed under the bottom of the 

transparent 96-well plate. 

The assessment of the metabolic activity of model 

cell lines after their 24 h co-incubation with elaborated 

uncoated/coated UCNPs without NIR exposure did not 

reveal a statistically significant decrease in cell viability. 
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The irradiation of cells after the period of co-incubation 

with all types of particles, in turn, negatively affected the 

cell viability (Fig. 3). So, an increase in the irradiation 

duration resulted in the mitigation of cell viability. Also, 

we found that the susceptibility of the Hep-2 cell line to 

the uncoated/coated UCNPs action under the NIR 

exposure was lower than for FLEH-104. The probable 

reason for this is the difference in cell line morphology. 

Fibroblasts are characterized by larger surface area if 

compared with epidermoid carcinoma cells. Therefore, 

the probability of malignant cell interaction with added 

uncoated/coated UCNPs is lower if compared with such 

for fibroblasts, which may be a reason for lower particle 

internalization efficiency. The laser irradiation dose 

obtained for 5 min did not induce a decrease in cells' 

metabolic activity for both cell lines, while the cells' 

irradiation for 10 min caused a statistically significant 

decrease in their viability.  

Fig. 4 shows images of Hep-2 and FLEH-104 cell 

cultures after different types of exposure under 

fluorescence microscopy, where living cells were stained 

with acridine orange. Autophagy and apoptosis are 

observed in some cases. 

In control samples of Hep-2, cells form contacts and 

connections. The cells are round or polygonal. They vary 

widely in size. The nucleus is rounded. Nucleoli are 

present. Mitotic figures are present. There are no signs of 

apoptosis and individual autophagosomes are seen in the 

cytoplasm (Fig. 4(a)). When uncoated with SiO2 shell 

UCNPs are added to the cells, a decrease in cell density 

is observed. However, the cells remain in contact. 

 

 
Fig. 3 The viability of Hep-2 and FLEH-104 cell lines 

after 24 h of incubation with uncoated/coated UCNPs at 

10 mg/mL particle concentration, depending on the 

particles’ type and the exposure time (5 and 10 min). 

 

 
Fig. 4 Fluorescent images of Hep-2 cells stained with acridine orange: (a) control − cells incubated in the absence of 

uncoated with SiO2 shell UCNPs, (b−d) cells incubated with uncoated UCNPs for 24 h and exposed by NIR-irradiation 

for (b) 5 min, (c) 15 min, and (d) 45 min. Cells containing autophagosomes are marked by the blue arrows; apoptotic cells 

are indicated by red arrows. 
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Fig. 5 Fluorescent images of FLEH-104 cells stained with acridine orange: (a) control − cells incubated in the absence of 

uncoated with SiO2 shell UCNPs, (b−d) cells incubated with uncoated UCNPs for 24 h and exposed by NIR-irradiation 

for (b) 5 min, (c) 15 min, and (d) 45 min. Cells containing autophagosomes are marked by the blue arrows; apoptotic cells 

are indicated by red arrows. 

A single pycnosis of the nuclei is observed. Apoptotic 

bodies are also detected. And in some cells there are 

single microautophages. The cell density is greatly 

reduced when irradiated for 5 min. Cells are more 

scattered. All nuclei are pyknotic and condensed. Many 

lysosomes appear, but autophagosomes are absent. 

However, despite the pronounced pycnosis, there are 

figures of mitosis, activation of proliferative activity, 

which explains the higher survival rate of this culture 

according to the previous test at 5 minutes of irradiation 

(Fig. 4(b)). After 15 min of irradiation, the cells 

maintained their contacts. Individual pycnosis and 

microautophagosomes, mitotic figures are present 

(Fig. 4(c)). At 30 min irradiation, pycnosis was observed 

with disappearance of cell cytoplasm, which is a 

morphological sign of the initial stage of apoptosis. At 

45 min of irradiation, the cell density is greatly reduced. 

Cells are more elongated. Nuclei are hyperchromic and 

condensed. Many lysosomes and individual 

microautophagosomes appear. Nuclear pycnosis with 

disappearance of cytoplasm and apoptotic bodies were 

observed (Fig. 4(d)). After 60 min of irradiation, the cell 

density is reduced. Cells are more elongated. The nuclei 

are small, hyperchromic and condensed. Pycnosis of 

nuclei was registered - a sign of apoptosis. There are no 

autophagosomes in the cells. 

In the control FLEH-104 cells, the cells form multiple 

contacts and connections, are sharply elongated, the 

nucleus is not expressed, the nucleoli are present. There 

are no signs of apoptosis and autophagy (Fig. 5(a)). 

When uncoated with SiO2 shell UCNPs are added to the 

cells, a decrease in cellular activity is observed, but the 

cells retain contacts, a single pycnosis, increased 

granularity in the cells, and microautophages are 

observed. The viability of the fibroblasts was not affected 

by uncoated UCNPs. The data obtained are consistent 

with the results of the authors who showed that the use of 

particles in concentrations of 62.5−125 μg/mL does not 

lead to a violation of fibroblast viability [51]. After 

irradiation for 5 min, the cellular activity is greatly 

reduced, the cells are more elongated, the nuclei are 

hyperchromic, condensed, many lysosomes appear, there 

is cellular debris (remnants of destroyed cells). 

Morphological signs of autophagosomes (appearance of 

vacuoles surrounded by lysosomes) are present in cell 

cultures. Pycnosis of nuclei was registered − possibly 

apoptosis (Fig. 5(b)). At 15 min of irradiation, the cell 

activity of the culture is reduced, but the cells maintain 

contacts, there is a single pycnosis and microautophages, 

and the granularity in the cells is increased (Fig. 5(c)). 

After 30 min of irradiation, pycnosis predominates and 

signs of apoptosis are possible. At 45 min irradiation, 

cellular activity is greatly reduced, cells are more 

elongated, nuclei are hyperchromic and condensed, many 

lysosomes appear, cellular debris and autophagosomes 

are present. Pycnosis of nuclei was registered - signs of 

apoptosis are possible (Fig. 5(d)). After 60 min of 

irradiation, the activity of the cells is greatly reduced, the 
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cells are more elongated, the nuclei are hyperchromic and 

condensed, there are many lysosomes and 

autophagosomes, and there is cellular debris. Pycnosis of 

nuclei was registered − signs of apoptosis are possible. 

4 Conclusion  

UCNPs have been approved as a promising material for 

cancer diagnostics and treatment. Here we demonstrated 

the capability of [NaYF4:Yb3+, Er3+] UCNPs to induce 

cell death through apoptosis under the NIR irradiation. 

The irradiation of cells, preliminary co-incubated with 

elaborated UCNPs (10 mg/mL) for 24 h, by 980 nm laser 

(power density: 0.5 W/cm2) for 10 min was found 

sufficient to significantly decrease the viability of both 

model cell lines. The phototoxic effect of UCNPs on the 

fibroblast cell line was more pronounced than on the 

epidermoid carcinoma cells, possibly due to differences 

in particle internalization efficiency by these cell lines.  

It has been shown the photoсytotoxic and 

morphological comparison of FLEH-104 and Hep-2 cell 

lines responses to influence of uncoated and coated by 

SiO2 shell UCNPs. 

Cell viability is assessed for cytotoxic effects of 

UCNPs at light exposure (to demonstrate the direct 

phototoxic effects). 

The addition of UCNPs has a negative effect on 

FLEH-104. This result may be due to the fact that 

fibroblasts have a different morphology (they are larger 

and elongated) than Hep-2, as a consequence their cell 

surface area is larger and when particles are added, they 

capture a greater amount. This means that after 5 min no 

toxic effect is observed, but after 10 min the fibroblasts 

begin to die (this number of UCNPs and the duration of 

exposure are sufficient to heat the cell and cause its 

death). 

Morphological signs of autophagy (appearance of 

vacuoles surrounded by lysosomes) and apoptosis 

(pronounced pycnosis of the nucleus) are observed in 

some cases during irradiation of Hep-2 and FLEH-104 

cells. 

The results confirm the high activity of luminescent-

uncoated UCNPs against Hep-2 cancer cells and show 

potential for theranostics, i.e. imaging and controlled 

thermal effects on pathological cells. The particles 

exhibited cytotoxic, cytostatic properties. By activating 

the photodynamic reaction in tumor cells, apoptosis is 

induced and tumor cell resistance is prevented by 

extending the irradiation time to 60 min by blocking 

autophagy. At the same time, maximum laser irradiation 

of FLEH-104 culture treated with luminescent coating 

UCNPs induces not only apoptosis but also autophagy, 

indicating that normal cells are less sensitive to the action 

of the particles. This makes these types of nanoparticles 

the most promising to study in experimental oncology. 

Thus, UCNPs are a promising alternative to conventional 

fluorescent labels for cell imaging and have great 

potential in biological and clinical applications. 
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Marder, D. Mccord-Maughon, J. W. Perry, H. RöCkel, M. Rumi, G. Subramaniam, W. W. Webb, X.-L. Wu, and C. 

Xu, “Design of organic molecules with large two-photon absorption cross sections,” Science 281(5383), 1653−1656 

(1998).  

24. D. R. Larson, W. R. Zipfel, R. M. Williams, S. W. Clark, M. P. Bruchez, F. W. Wise, and W. W. Webb, “Water-

soluble quantum dots for multiphoton fluorescence imaging in vivo,” Science 300(5624), 1434−1436 (2003). 

25. R. A. Farrer, F. L. Butterfield, V. W. Chen, and J. T. Fourkas, “Highly efficient multiphoton-absorption-induced 

luminescence from gold nanoparticles,” Nano Letters 5(6), 1139−1142 (2005).  

26. C. Sönnichsen, A. P. Alivisatos, “Gold nanorods as novel nonbleaching plasmon-based orientation sensors for 

polarized single-particle microscopy,” Nano Letters 5(2), 301−304 (2005).  

27. H. Wang, T. B. Huff, D. A. Zweifel, W. He, P. S. Low, A. Wei, and J. X. Cheng, “In vitro and in vivo two-photon 

luminescence imaging of single gold nanorods,” Proceedings of the National Academy of Sciences 102(44), 

15752−15756 (2005).  

28. D. Yelin, D. Oron, S. Thiberge, E. Moses, and Y. Silberberg, “Multiphoton plasmon-resonance microscopy,” Optics 

Express 11(12), 1385−1391 (2003). 

29. W. R. Zipfel, R. M. Williams, and W. W. Webb, “Nonlinear magic: multiphoton microscopy in the biosciences,” 

Nature Biotechnology 21(11), 1369−1377 (2003).  

30. B. Gidwani, V. Sahu, S. S. Shukla, R. Pandey, V. Joshi, V. K. Jain, and A. Vyas, “Quantum dots: Prospectives, 

toxicity, advances and applications,” Journal of Drug Delivery Science and Technology 61, 102308 (2021). 

31. M. J. Abrams, B. A. Murrer, “Metal compounds in therapy and diagnosis,” Science 261(5122), 725−730 (1993).  

32. Q. Fan, X. Cui, H. Guo, Y. Xu, G. Zhang, and B. Peng, “Application of rare earth-doped nanoparticles in biological 

imaging and tumor treatment,” Journal of Biomaterials Applications 35(2), 237−263 (2020).  

33. N. Zhou, J. Ni, and R. He, “Advances of Upconversion Nanoparticles for Molecular Imaging,” Nano Biomedicine & 

Engineering 5(3), 131 (2013). 

34. S. A. Hilderbrand, F. Shao, C. Salthouse, U. Mahmood, and R. Weissleder, “Upconverting luminescent 

nanomaterials: application to in vivo bioimaging,” Chemical Communications (28), 4188−4190 (2009).  

35. S. Andersson-Engels, H. Liu, C. T. Xu, P. Svenmarker, A. Gisselsson, P. Kjellman, L. Andersson, R. in’t Zandt, F. 

Olsson, and S. Fredriksson, “In vivo luminescence imaging and tomography using upconverting nanoparticles as 

contrast agents,” In 2012 Asia Communications and Photonics Conference (ACP), AS3E.2 (2012). 

https://doi.org/10.1016/j.pharmthera.2009.10.002
https://doi.org/10.1016/j.pharmthera.2009.10.002
https://www.ingentaconnect.com/content/ben/cddt/2015/00000012/00000001/art00003
https://doi.org/10.3390/molecules23040830
https://doi.org/10.3390/molecules23040830
https://doi.org/10.1038/mtna.2014.32
https://doi.org/10.1038/mtna.2014.32
https://doi.org/10.1158/0008-5472.CAN-04-3031
https://doi.org/10.1158/0008-5472.CAN-04-3031
https://doi.org/10.3390/diagnostics12122896
https://doi.org/10.3390/diagnostics12122896
https://doi.org/10.1109/JSTQE.2021.3054578
https://doi.org/10.1109/JSTQE.2021.3054578
https://doi.org/10.1016/S1470-2045(19)30317-1
https://doi.org/10.1016/S1470-2045(19)30317-1
https://doi.org/10.3390/cancers9120174
https://doi.org/10.3390/cancers9120174
https://doi.org/10.1039/C6CS00908E
https://doi.org/10.1039/C6CS00908E
https://doi.org/10.18287/JBPE20.06.010303
https://doi.org/10.18287/JBPE20.06.010303
https://doi.org/10.18287/JBPE17.03.040306
https://doi.org/10.18287/JBPE17.03.040306
https://doi.org/10.18287/JBPE22.08.020304
https://doi.org/10.18287/JBPE22.08.020304
https://doi.org/10.18287/JBPE22.08.020304
https://doi.org/10.1126/science.281.5383.1653
https://doi.org/10.1126/science.1083780
https://doi.org/10.1126/science.1083780
https://doi.org/10.1021/nl050687r
https://doi.org/10.1021/nl050687r
https://doi.org/10.1021/nl048089k
https://doi.org/10.1021/nl048089k
https://doi.org/10.1073/pnas.050489210
https://doi.org/10.1073/pnas.050489210
https://doi.org/10.1364/OE.11.001385
https://doi.org/10.1038/nbt899
https://doi.org/10.1016/j.jddst.2020.102308
https://doi.org/10.1016/j.jddst.2020.102308
https://doi.org/10.1126/science.8102010
https://doi.org/10.1177/0885328220924540
https://doi.org/10.1177/0885328220924540
https://doi.org/10.5101/nbe.v5i3
https://doi.org/10.1039/B905927J
https://doi.org/10.1039/B905927J
https://doi.org/10.1364/ACP.2012.AS3E.2
https://doi.org/10.1364/ACP.2012.AS3E.2


I.Yu. Yanina et al.: The Assessment of Photo-Induced Toxicity of... doi: 10.18287/JBPE24.10.010309 

J of Biomedical Photonics & Eng 10(1) 2024   31 Mar 2024 © J-BPE 010309-9 

36. M. A. Syroeshkin, F. Kuriakose, E. A. Saverina, V. A. Timofeeva, M. P. Egorov, and I. V. Alabugin, “Upconversion 

of Reductants,” Angewandte Chemie International Edition 58(17), 5532−5550 (2019).  

37. S. Han, R. Deng, X. Xie, and X. Liu, “Enhancing luminescence in lanthanide-doped upconversion nanoparticles,” 

Angewandte Chemie International Edition 53(44), 11702−11715 (2014).  

38. P. P. Nampi, A. Vakurov, L. E. Mackenzie, N. S. Scrutton, P. A. Millner, G. Jose, and S. Saha, “Selective cellular 

imaging with lanthanide-based upconversion nanoparticles,” Journal of Biophotonics 12, e201800256 (2019). 

39. H. Li, Q. Chen, J. Zhao, and K. Urmila, “Fabricating upconversion fluorescent nanoparticles modified substrate for 

dynamical control of cancer cells and pathogenic bacteria,” Journal of Biophotonics 10(8), 1034−1042 (2017). 

40. A. K. S. Braz, D. S. Moura, A. S. L. Gomes, T. Y. Ohulchanskyy, G. Chen, M. Liu, J. Damasco, R. E. de Araujo, 

and P. N. Prasad, “TiO2 -coated fluoride nanoparticles for dental multimodal optical imaging,” Journal of 

Biophotonics 11(4), e201700029 (2018). 

41. Y. Yang, T. Zhang, and D. Xing, “Single 808 nm near-infrared-triggered multifunctional upconverting 

phototheranostic nanocomposite for imaging-guided high-efficiency treatment of tumors,” Journal of Biophotonics 

14 (9), e202100134 (2021). 

42. Y. Hu, J. F. Honek, B. C. Wilson, and Q-B. Lu, “Design, synthesis and photocytotoxicity of upconversion 

nanoparticles: Potential applications for near-infrared photodynamic and photothermal therapy,” Journal of 

Biophotonics 12, e201900129 (2019). 

43. R. Liang, M. Wei, D. G. Evans, and X. Duan, “Inorganic nanomaterials for bioimaging, targeted drug delivery and 

therapeutics,” Chemical Communications 50(91), 14071 (2014). 

44. U. Kostiv, M. Šlouf, H. Macková, A. Zhigunov, H. Engstová, K. Smolková, P. Ježek, and D. Horák, “Silica-coated 

upconversion lanthanide nanoparticles: The influence of crystal design on morphology, structure and optical 

properties,” Beilstein Journal of Nanotechnology 6, 2290−2299 (2015).  

45. M. Tou, Z. Luo, S. Bai, F. Liu, Q. Chai, S. Li, and Z. Li, “Sequentially coating upconversion NaYF4:Yb,Tm 

nanocrystals with SiO2 and ZnO layers for NIR-driven photocatalytic and antibacterial applications,” Materials 

Science and Engineering: C 70, 1141−1148 (2017).  

46. T. Jang, M. J. Kim, and S. H. Sohn, “Silica nanoparticle coating of NaYF4:(Yb3+, Er3+) upconversion phosphor,” 

Journal of Nanomaterials 2022, 8961362 (2022). 

47. P. Kowalik, D. Elbaum, J. Mikulski, et al., “Upconversion fluorescence imaging of HeLa cells using ROS-generating 

SiO2-coated lanthanide-doped NaYF4nanoconstructs,” RSC Advances 7(48), 30262−30273 (2017).  

48. R. A. Verkhovskii, R. A. Anisimov, M. V. Lomova, D. K. Tuchina, E. N. Lazareva, A. A. Doronkina, A. M. 

Mylnikov, N. A. Navolokin, V. I. Kochubey, and I. Yu. Yanina, “Cytotoxicity of various types of coated 

upconversion nanoparticles. Overview,” Izvestiya of Saratov University. Physics 22(4), 357–373 (2022). [in 

Russian].  

49. I. Yu. Yanina, E. A. Sagaidachnaya, I. V. Vidyasheva, N. A. Navolokin, V. I. Kochubey, and V. V. Tuchin, 

“Phototoxicity and luminescence of the upconversion nanoparticles embedded in the cells,” Proceedings of SPIE 

10877, 108770Y (2019). 

50. E. A. Sagaidachnaya, J. G. Konyukhova, N. I. Kazadaeva, A. A. Doronkina, I. Yu. Yanina, A. A. Skaptsov, A. B. 

Pravdin, and V. I. Kochubey, “Effect of hydrothermal synthesis conditions on up-conversion luminescence intensity 

of β-NaYF4 : Er3+, Yb3+ particles,” Quantum Electronics 50(2), 109–113 (2020).  

51. A. E. Guller, A. N. Generalova, E. V. Petersen, A. V. Nechaev, I. A. Trusova, N. N. Landyshev, A. Nadort, E. A. 

Grebenik, S. M. Deyev, A. B. Shekhter, and A. V. Zvyagin, “Cytotoxicity and non-specific cellular uptake of bare 

and surface-modified upconversion nanoparticles in human skin cells,” Nano Research 8, 1546−1562 (2015). 

 

 

https://doi.org/10.1002/anie.201807247
https://doi.org/10.1002/anie.201807247
https://doi.org/10.1002/anie.201403408
https://doi.org/10.1002/jbio.201800256
https://doi.org/10.1002/jbio.201800256
https://doi.org/10.1002/jbio.201600129
https://doi.org/10.1002/jbio.201600129
https://doi.org/10.1002/jbio.201700029
https://doi.org/10.1002/jbio.202100134
https://doi.org/10.1002/jbio.202100134
https://doi.org/10.1002/jbio.201900129
https://doi.org/10.1002/jbio.201900129
https://doi.org/10.1039/C4CC03118K
https://doi.org/10.1039/C4CC03118K
https://doi.org/10.3762/bjnano.6.235
https://doi.org/10.3762/bjnano.6.235
https://doi.org/10.3762/bjnano.6.235
https://doi.org/10.1016/j.msec.2016.03.038
https://doi.org/10.1016/j.msec.2016.03.038
https://doi.org/10.1155/2022/8961362
https://doi.org/10.1039/C6RA25383K
https://doi.org/10.1039/C6RA25383K
https://doi.org/10.18500/1817-3020-2022-22-4-357-373
https://doi.org/10.18500/1817-3020-2022-22-4-357-373
https://doi.org/10.1117/12.2506974
https://doi.org/10.1070/QEL17205
https://doi.org/10.1070/QEL17205
https://doi.org/10.1007/s12274-014-0641-6
https://doi.org/10.1007/s12274-014-0641-6

