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Abstract
In this paper, the binary classiϐication of skin images has been performed using deep learning technique. i.e the skin disease recognition has been 

performed using deep learning technique. Here, the binary classiϐication of skin images namely melanocytic nevi and normal skin images has been classiϐied 
using resnet50 deep learning network. Normal skin images have been considered in TRUE class. Melanocytic nevi skin images have been considered in 
FALSE class. Traditional method such as biopsy involves lot of computational procedures and consumes a lot of time which is tedious process. Therefore, 
deep learning-based skin disease recognition has been proposed here. The dataset for melanocytic nevi and normal skin images have been prepared for 
9792 images. This dataset is passed through all ϐive deep residual network models to obtain the results. The results such as error/accuracy curves, error 
matrix, false-positive-rate (FPR) vs. true-positive-rate (TPR) curve are shown for the conϐirmation of the work. The results obtained from the ResNet50 
model were compared with other deep residual network models i.e ResNet18, ResNet34, ResNet101, and ResNet152 models.
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Introduction

A melanocytic nevus is a non-cancerous accumulation 
of melanocytes, the pigment-producing cells found in the 
skin, hair follicles, and the uveal tract of the eye. Normally, 
melanocytes are spread individually among keratinocytes, 
resting on the basement membrane. However, in melanocytic 
nevi, these cells appear in higher concentrations, either as 
single units or clustered together in groups of three or more 
[1]. These moles are generally benign; however, having a large 
number of them can elevate the risk of developing melanoma, 
a form of skin cancer that originates in melanocytes 
[2]. Melanocytic lesions frequently appear in routine surgical 
pathology. While most cases can be accurately diagnosed 
using established morphological criteria, a subset remains 
challenging to classify. These ambiguous cases can cause 
concern for patients, clinicians, and pathologists, as missing 
a melanoma diagnosis can have severe consequences [3]. 
A. Jibhakate, et al. [4] conducted a study which presented a 
deep learning-based system for skin lesion classiϐication 
using a combination of Convolutional Neural Network (CNN) 
and transfer learning techniques. Q. Sun, et al. [5] introduced 
a deep learning-based approach for the classiϐication 
of melanocytic nevi based on depth of nevus cell nests: 

junctional, compound, and intradermal nevi by incorporating 
physiological and channel encoded depth information from 
dermoscopic images. The proposed model combines CNN 
with transformer architectures, achieving high classiϐication 
accuracy that surpasses both traditional models and 
dermatologists. Esteva A, et al. [6] used a deep learning neural 
network model in classifying skin cancer. Utilizing 129,450 
clinical images of 2,032 diseases, the GoogleNet Inception v3 
model was trained via transfer learning, achieving over 91% 
AUC in distinguishing malignant melanomas from benign 
nevi, outperforming dermatologists in both true-positive-
rate (TPR) and false-positive-rate (FPR). The model, tested on 
biopsy proven datasets and validated with cross-validation 
strategies, generalizes well across various image modalities 
like smartphone and dermoscopic images without extensive 
preprocessing or handcrafted features. 

Kassem MA, et al. [7] did a comprehensive review 
of various machine learning and deep learning models 
applied to skin lesion classiϐication, with a particular focus 
on melanocytic nevi. It examines common methodologies, 
challenges, and potential future directions in automating 
skin lesion diagnosis. By combining visual examination 
with dermatoscopy images, the review highlights that these 
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approaches achieved an absolute accuracy of 75% - 84% for 
melanoma detection. The study offers an in-depth analysis of 
the strengths and limitations of deep learning in dermatology, 
providing valuable insights into the advancements required 
for effective clinical implementation. Ling-Fang Li, et al. [8] 
reviewed 45 studies conducted between 2016 and 2020 on 
the application of deep learning for diagnosing skin diseases 
[9-21]. 

In this paper, the binary classiϐication of skin lesion images 
has been performed using various deep residual network 
models. i.e ResNet50, ResNet18, ResNet34, ResNet101, 
and ResNet152 models. The major difference between the 
proposed work and the previous works [4-6] is that the binary 
classiϐication of skin lesion images has been performed using 
all ϐive deep residual network models with better results 
in accuracy, false-positive-rate (FPR) vs. true-positive-rate 
(TPR) curve and other performance metrics such as positive 
predictive value (PPV), true-positive-rate, and f1-score 
[22,23]. The major advantage of this proposed work compared 
to other works is that the skin image classiϐication has been 
performed using ResNet50 model and then compared with 
other deep residual network models. The dataset has been 
prepared for 9792 images and was trained through all ϐive 
deep residual network models to produce the results. 

Methodology

The binary classiϐication of skin images has been 
performed using all ϐive deep residual neural network models. 
i.e ResNet50, ResNet18, ResNet34, ResNet101, and ResNet152 
models. All the ϐive deep residual network [9,24] models takes 
the input as normal skin and melanocytic nevi skin images of 
size 224 × 224. All ϐive deep residual network models consists 
of several convolutional, pooling, batch normalization layers 
in the feature extraction stage and classiϐication layer is made 
up of dense and output layers [23]. The convolutional layer 
performs convolution operation between the skin image and 
the kernel to produce the feature map [23]. This feature map 
was given to the pooling layer [23]. Max-Pooling2D technique 
was employed in the pooling layer [23]. Batch normalization 
layer was used in all ϐive deep residual network models to 
avoid over ϐitting problem [23]. The convolutional and dense 
layers incorporate rectiϐied linear unit (ReLU) activation 
function [23]. The equation for the ReLU activation function 
is shown in (1) [23]. 

  0
( )

0  0
x for x

RwLU x
for x

 
   

                  (1)

Resnet50 model consists of four convolutional layers each 
of which is made up of different number of residual blocks 
[23]. The ϐirst convolutional layer is made up of three residual 
blocks. The second, third, and fourth convolutional layers are 
made up of four, six, and three residual blocks. Each residual 
block is made up of different number of kernels and kernel size 

is also different. The residual block includes skip connection 
which helps to avoid vanishing gradient problem. ResNet18 
model consists of four convolutional layers each of which is 
made up of two residual blocks [23]. The ϐirst, second, third, 
and fourth convolutional layers is made up of two residual 
blocks. ResNet34 model consists of four convolutional layers 
each of which is made up of different number of residual blocks 
[23]. The ϐirst convolutional layer is made up of three residual 
blocks. The second, third, and fourth convolutional layers are 
made up of four, six, and three residual blocks. ResNet101 
model consists of four convolutional layers each of which is 
made up of different number of residual blocks [23]. The ϐirst 
convolutional layer is made up of three residual blocks. The 
second, third, and fourth convolutional layers are made up 
of four, twenty-three, and three residual blocks. ResNet152 
model consists of four convolutional layers each of which is 
made up of different number of residual blocks [23]. The ϐirst 
convolutional layer is made up of three residual blocks. The 
second, third, and fourth convolutional layers are made up of 
eight, thirty-six, and three residual blocks. The output of the 
last or fourth convolutional layer is passed through the dense 
layer that converts the 2-D data into 1-D form [23]. This dense 
layer output was passed through the ϐinal output layer. The 
output layer selects single neuron and consists of sigmoid 
activation function to produce the ϐinal result [23]. All ϐive 
deep residual network models consist of single neuron along 
with sigmoid activation function to produce the result. 

Dataset preparation

We used publicly available dermatological datasets 
sourced from credible repositories such as the dataset by 
Ismail Hossain (2015) from Kaggle and Mendeley for training 
and evaluation. The dataset comprises high-resolution images 
of skin lesions, categorized into two groups: melanocytic nevi 
and normal skin. The normal skin images have been considered 
in TRUE class and melanocytic nevi skin images has been 
considered in FALSE class. Each image was preprocessed to a 
consistent resolution of 224 × 224 pixels for the training of the 
all ϐive deep residual network models i.e ResNet18, ResNet34, 
ResNet50, ResNet101, and ResNet152 models. i.e all ϐive deep 
residual network models takes the input of size 224 × 224 for 
the training. The four sample skin images from the Kaggle and 
Mendeley datasets are shown in Figure 1. 

From kaggle repository, melanocytic nevi skin images have 
been obtained and from the mendeley repository, normal skin 
images have been used. The dataset consists of 9792 images 

(a) (b) (c) (d)

Figure 1: Preprocessed Skin Images including normal skin and melanocytic nevi skin 
images. (a) Melanocytic nevi (b) melanocytic nevi (c) normal skin (d) normal skin.
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in total which consists of both normal skin and melanocytic 
nevi skin images. The dataset has been separated into three 
sub sets namely training, validation, and test subsets. The 
training subset consists of 6249 (64%) images whereas 
validation subset consists of 1761 (18%) images and ϐinally 
test subset consists of 1782 (18%) images [23]. All ϐive deep 
residual network models i.e ResNet18, ResNet34, ResNet50, 
ResNet101, and ResNet152 models was trained using Adam 
optimizer with a learning rate of 0.0001 [23]. The binary cross 
entropy was used as a loss function for the binary classiϐication 
task of skin lesion images. All ϐive deep residual network 
models were implemented in a tensor ϐlow environment using 
python programming. 

Result analysis and discussion

A. ResNet50 

The ResNet50 model was trained on a mini subset of 32 
images from training/validation sets in single epoch. Each 
epoch was iterated over 195/55 steps for both sets till the 
images are completed [23].

From Figure 2(a), it can be said that the training accuracy 
and validation accuracy is increasing initially and then 
approaches around 1.00 i.e 100% at 50 epochs [23]. Therefore, 

ResNet50 model is correctly converging. Similarly, from 
Figure 2(b), it can be said that the margin between training 
error and validation error is also very small [23]. 

The ResNet50 model was tested on 1782 images from the 
test subset. From Figure 3, it can be said that the 586 images are 
recognized as normal skin and 1196 images are recognized as 
melanocytic nevi skin. Further it can be said that, 1195 images 
which are actually melanocytic nevi skin has been predicted as 
melanocytic nevi skin, 1 image which is actually melanocytic 
nevi has been predicted as normal skin, 0 images which are 
actually normal skin has been predicted as melanocytic nevi 
skin, and 586 images which are actually normal skin has been 
predicted as normal skin. The performance metrics namely 
positive predictive value (PPV), true-positive-rate (TPR), and 
f1-score are calculated for both normal skin and melanocytic 
nevi skin classes respectively [22,23]. The overall accuracy is 
deϐined as ratio of true predictions to sum of all predictions 
[22]. The metric PPV is deϐined as ratio of label TP to the 
sum of labels TP and FP respectively [22]. The metric TPR 
is deϐined as ratio of label TP to the sum of labels TP and FN 
respectively [22]. The metric f1-score is deϐined as harmonic 
mean of PPV and TPR metrics [22]. 

From Table 1, it can be said that the ResNet50 model has 
an overall accuracy of 1.00 i.e 100%. The ResNet50 model 
has unity values of PPV and TPR for both normal skin and 
melanocytic nevi skin classes respectively [22]. The metric 
macro average is calculated by taking average of normal skin 
and melanocytic nevi skin for PPV, TPR, and f1-score metrics 
respectively [22]. The metric weighted average is calculated 
by taking the ratio of metrics macro average and micro 
average for the metrics PPV, TPR, and f1-score respectively 
[23]. Since there are zero false negatives and only single false 
positive, the ResNet50 model achieves unity values of PPV, 

(a)

(b)

Figure 2: Loss and accuracy curves from ResNet50 model (a) accuracy (b) loss.

Figure 3: Confusion matrix from ResNet50 model.

Table 1: Classiϐication report for the ResNet50 model.

label Positive predictive 
value (PPV) 

True-positive-rate 
(TPR)

f1-
score support

Not 1 (Melanocytic 
nevi) 1.00 1.00 1.00 1196

1 (normal skin) 1.00 1.00 1.00 586
accuracy 1.00 1782

macro avg 1.00 1.00 1.00 1782
weighted avg 1.00 1.00 1.00 1782
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TPR, and f1-score labels for both normal skin and melanocytic 
nevi skin classes respectively [22]. Since the ResNet50 model 
has unity values of PPV, TPR, and f1-score for both normal 
skin and melanocytic nevi skin classes, the ResNet50 model 
achieves unity values of macro average and weighted average 
for PPV, TPR, and f1-score metrics respectively [22,23]. 

The FPR-TPR characteristic is used to indicate the 
performance of the binary classiϐier to distinguish between 
normal skin and melanocytic nevi skin classes [22]. The Area 
under the Curve (AUC) metric is used as one of the measures 
in the FPR-TPR characteristic indicating the classiϐication 
performance between two classes.

From Figure 4, it can be said that the ResNet50 model has 
an AUC value of 1.00 i.e 100% indicating excellent binary 
classiϐication performance for skin image classiϐication task 
[23]. 

B. ResNet18 

The ResNet18 model was trained on a mini subset of 32 
images from training/validation sets in single epoch. Each 
epoch was iterated over 195/55 steps for both sets till the 
images are completed [23].

From Figure 5(b), it can be said that the training accuracy 
and validation accuracy is ϐluctuating throughout 50 epochs 
[23]. After the completion of the training, the training 
accuracy is 1.00 i.e 100% and the validation accuracy is 0.97 
i.e 97%. The margin between training accuracy and validation 
accuracy is small. Therefore, ResNet18 model is correctly 
converging. Similarly, from Figure 5(a), it can be said that the 
margin between training error and validation error is also 
small [23].

The ResNet18 model was tested on 1782 images from 
the test subset. From Figure 6, it can be said that the 586 

images are recognized as normal skin and 1196 images are 
recognized as melanocytic nevi skin. Further it can be said 
that, 1180 images which are actually melanocytic nevi skin 
has been predicted as melanocytic nevi skin, 16 images which 
is actually melanocytic nevi has been predicted as normal skin, 
15 images which are actually normal skin has been predicted 
as melanocytic nevi skin, and 571 images which are actually 
normal skin has been predicted as normal skin.

From Table 2, it can be said that the ResNet18 model has 
an overall accuracy of 0.98 i.e 98%. The ResNet18 model has 

(a)

(b)

Figure 5: Loss and accuracy curves from ResNet18 model (a) loss (b) accuracy

Figure 4: ROC curve from ResNet50 model

Figure 6: Confusion matrix from ResNet18 model.
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same values of PPV, TPR, and f1-score labels for both normal 
skin and melanocytic nevi skin classes respectively [22]. The 
ResNet18 model has PPV of 0.99, TPR of 0.99, and f1-score 
of 0.99 for the class melanocytic nevi skin. The ResNet18 
model has PPV of 0.97, TPR of 0.97, and f1-score of 0.97 
for the class normal skin. The metrics macro and weighted 
averages results in the same values of PPV, TPR, and f1-score 
labels respectively. The metrics macro and weighted averages 
results in the values of 0.98, 0.98, and 0.98 for PPV, TPR, and 
f1-score labels respectively. 

From Figure 7, it can be said that the ResNet18 model has 
an AUC value of 1.00 i.e 100% indicating excellent binary 
classiϐication performance for skin image classiϐication task 
[23]. 

C. ResNet34 

The ResNet34 model was trained on a mini subset of 32 
images from training/validation sets in single epoch. Each 
epoch was iterated over 195/55 steps for both sets till the 
images are completed [23].

From Figure 8(b), it can be said that the training accuracy 
and validation accuracy is ϐluctuating throughout 50 epochs 
[23]. After the completion of the training, the training 
accuracy is 1.00 i.e 100% and the validation accuracy is 0.95 
i.e 95%. The margin between training accuracy and validation 
accuracy is small. Therefore, ResNet34 model is correctly 
converging. Similarly, from Figure 8(a), it can be said that the 
margin between training error and validation error is also 
small [23].

The ResNet34 model was tested on 1782 images from the 
test subset. From Figure 9, it can be said that the 586 images 
are recognized as normal skin and 1196 images are recognized 
as melanocytic nevi skin. Further it can be said that, 1192 
images which are actually melanocytic nevi skin has been 
predicted as melanocytic nevi skin, 4 images which is actually 
melanocytic nevi skin has been predicted as normal skin, 69 
images which are actually normal skin has been predicted 
as melanocytic nevi skin, and 517 images which are actually 
normal skin has been predicted as normal skin.

From Table 3, it can be said that the ResNet34 model has 
an overall accuracy of 0.96 i.e 96%. The ResNet34 model has 
higher PPV and lower TPR for the class normal skin and lower 

Table 2: Classiϐication report for the ResNet18 model.

label Positive predictive 
value (PPV) 

True-positive-rate 
(TPR)

f1-
score support

Not 1 (Melanocytic nevi) 0.99 0.99 0.99 1196
1 (normal skin) 0.97 0.97 0.97 586

accuracy 0.98 1782
macro avg 0.98 0.98 0.98 1782

weighted avg 0.98 0.98 0.98 1782

Figure 7: ROC curve from ResNet18 model

(a)

(b)

Figure 8: Loss and accuracy curves from ResNet34 model (a) loss (b) accuracy

Table 3: Classiϐication report for the ResNet34 model.

label Positive predictive 
value (PPV) 

True-positive-rate 
(TPR)

f1-
score support

Not 1 (Melanocytic nevi) 0.95 1.00 0.97 1196
1 (normal skin) 0.99 0.88 0.93 586

accuracy 0.96 1782
macro avg 0.97 0.94 0.95 1782

weighted avg 0.96 0.96 0.96 1782
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PPV and higher TPR for the class melanocytic nevi skin [22]. 
The ResNet34 model has PPV of 0.95, TPR of 1.00, and f1-score 
of 0.97 for the class melanocytic nevi skin. The ResNet34 model 
has a PPV of 0.99, TPR of 0.88, and f1-score of 0.93 for the 
class normal skin. The metrics macro and weighted averages 
results in the values of 0.97 and 0.96 for PPV, 0.94 and 0.96 for 
TPR, 0.95 and 0.96 for f1-score labels respectively. 

From Figure 10, it can be said that the ResNet34 model 
has an AUC value of 1.00 i.e 100% indicating excellent binary 
classiϐication performance for skin image classiϐication task 
[23]. 

D. ResNet101 

The ResNet101 model was trained on a mini subset of 32 
images from training/validation sets in single epoch. Each 
epoch was iterated over 195/55 steps for both sets till the 
images are completed [23].

From Figure 11(b), it can be said that the training accuracy 
and validation accuracy is ϐluctuating throughout 50 epochs 
[23]. After the completion of the training, the training accuracy 
is 0.95 i.e 95% and the validation accuracy is 0.80 i.e 80%. The 
margin between training accuracy and validation accuracy is 
more. Therefore, ResNet101 model is overϐitting. Similarly, 
from Figure 11(a), it can be said that the margin between 
training error and validation error is also large [23].

The ResNet101 model was tested on 1782 images from 
the test subset. From Figure 12, it can be said that the 586 
images are recognized as normal skin and 1196 images are 
recognized as melanocytic nevi skin. Further it can be said 
that, 1189 images which are actually melanocytic nevi skin 
has been predicted as melanocytic nevi skin, 7 images which 
is actually melanocytic nevi skin has been predicted as normal 
skin, 303 images which are actually normal skin has been 

Figure 9: Confusion matrix from ResNet34 model.

Figure 10: ROC curve from ResNet34 model

(a)

(b)

Figure 11: Loss and accuracy curves from ResNet101 model (a) loss (b) accuracy
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predicted as melanocytic nevi skin, and 283 images which are 
actually normal skin has been predicted as normal skin. 

From Table 4, it can be said that the ResNet101 model has 
an overall accuracy of 0.83 i.e 83%. The ResNet101 model 
has higher PPV and lower TPR for the class normal skin and 
lower PPV and higher TPR for the class melanocytic nevi skin 
[22]. The ResNet101 model has PPV of 0.80, TPR of 0.99, 
and f1-score of 0.88 for the class melanocytic nevi skin. The 
ResNet101 model has a PPV of 0.98, TPR of 0.48, and f1-score 
of 0.65 for the class normal skin. The metrics macro and 
weighted averages results in the values of 0.89 and 0.86 for 
PPV, 0.74 and 0.83 for TPR, 0.77 and 0.81 for f1-score labels 
respectively. 

From Figure 13, it can be said that the ResNet101 model 
has an AUC value of 1.00 i.e 100% indicating excellent binary 
classiϐication performance for skin image classiϐication task 
[23]. 

E. ResNet152

The ResNet152 model was trained on a mini subset of 32 
images from training/validation sets in single epoch. Each 
epoch was iterated over 195/55 steps for both sets till the 
images are completed [23].

From Figure 14(b), it can be said that the training accuracy 
and validation accuracy is ϐluctuating throughout 50 epochs 
[23]. After the completion of the training, the training accuracy 
is 0.95 i.e 95% and the validation accuracy is 0.80 i.e 80%. The 
margin between training accuracy and validation accuracy is 
more. Therefore, ResNet152 model is overϐitting. Similarly, 
from Figure 14(a), it can be said that the margin between 
training error and validation error is also large [23].

The ResNet152 model was tested on 1782 images from 
the test subset. From Figure 15, it can be said that the 586 

Figure 12: Confusion matrix from ResNet101 model.

Table 4: Classiϐication report for the ResNet101 model.

label Positive predictive 
value (PPV) 

True-positive-rate 
(TPR)

f1-
score support

Not 1 (Melanocytic nevi) 0.80 0.99 0.88 1196

1 (normal skin) 0.98 0.48 0.65 586
accuracy 0.83 1782

macro avg 0.89 0.74 0.77 1782
weighted avg 0.86 0.83 0.81 1782

Figure 13: ROC curve from ResNet101 model

(a)

(b)

Figure 14: Loss and accuracy curves from ResNet152 model (a) loss (b) accuracy
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images are recognized as normal skin and 1196 images are 
recognized as melanocytic nevi skin. Further it can be said 
that, 1196 images which are actually melanocytic nevi skin 
has been predicted as melanocytic nevi skin, 0 images which 
is actually melanocytic nevi skin has been predicted as normal 
skin, 394 images which are actually normal skin has been 
predicted as melanocytic nevi skin, and 192 images which are 
actually normal skin has been predicted as normal skin.

From Table 5, it can be said that the resnet152 model has 
an overall accuracy of 0.78 i.e 78%. The resnet152 model 
has higher PPV and lower TPR for the class normal skin and 
lower PPV and higher TPR for the class melanocytic nevi skin 
[22]. The ResNet152 model has PPV of 0.75, TPR of 1.00, 
and f1-score of 0.86 for the class melanocytic nevi skin. The 
ResNet152 model has a PPV of 1.00, TPR of 0.33, and f1-score 
of 0.49 for the class normal skin. The metrics macro and 
weighted averages results in the values of 0.88 and 0.83 for 
PPV, 0.66 and 0.78 for TPR, 0.68 and 0.74 for f1-score labels 
respectively. 

From Figure 16, it can be said that the ResNet152 model 
has an AUC value of 1.00 i.e 100% indicating excellent binary 
classiϐication performance for skin image classiϐication task 
[23]. 

Conclusion

In this paper, the binary classiϐication of skin images namely 
melanocytic nevi and normal skin images has been classiϐied 
using deep learning network. The normal skin images have 
been considered for TRUE class while melanocytic nevi skin 
images has been considered for FALSE class. The dataset for 
melanocytic nevi and normal skin images consists of 9792 
images. This dataset was passed through the all ϐive deep 
learning network models i.e ResNet50, ResNet18, ResNet34, 
ResNet101, and ResNet152 models to perform skin image 
classiϐication and produce the results [23]. The results such 
as error/accuracy curves, error matrix, false-positive-rate 
(FPR) vs. true-positive-rate (TPR) characteristic are shown 
for the conϐirmation of the work [23]. From the error curve 
of the ResNet50 model, it can be said that the training/
validation error is less [23]. Therefore, the ResNet50 model 
is converging. From accuracy curve of the ResNet50 model, 
the training accuracy and validation accuracy is also higher 
[23]. The error matrix obtained from the ResNet50 model 
tells that there is higher number of images for melanocytic 
nevi skin compared to normal skin. The overall accuracy 
obtained from the ResNet50 model is 1.00 i.e 100% [23]. 
From FPR-TPR characteristic, it can be said that the ResNet50 
is having AUC value of 1.00 i.e 100% [23]. From the error 
curve of the ResNet18 model, it can be said that the training/
validation error is less [23]. Therefore, the ResNet18 model 
is converging. From accuracy curve of the ResNet18 model, 
the training accuracy and validation accuracy is also higher 
[23]. The error matrix obtained from the ResNet18 model 
tells that there is higher number of images for melanocytic 
nevi skin compared to normal skin. The overall accuracy 
obtained from the ResNet18 model is 0.98 i.e 98% [23]. From 
FPR-TPR characteristic, it can be said that the ResNet18 
is having AUC value of 1.00 i.e 100% [23]. From the error 

Figure 15: Confusion matrix from ResNet152 model.

Table 5: Classiϐication report for the ResNet152 model.

label Positive predictive 
value (PPV) 

True-positive-rate 
(TPR)

f1-
score support

Not 1 (Melanocytic nevi) 0.75 1.00 0.86 1196

1 (normal skin) 1.00 0.33 0.49 586

accuracy 0.78 1782

macro avg 0.88 0.66 0.68 1782

weighted avg 0.83 0.78 0.74 1782

Figure 16: ROC curve from ResNet152 model
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curve of the ResNet34 model, it can be said that the training/
validation error is less [23]. Therefore, the ResNet34 model 
is converging. From accuracy curve of the ResNet34 model, 
the training accuracy and validation accuracy is also higher 
[23]. The error matrix obtained from the ResNet34 model tells 
that there is higher number of images for melanocytic nevi 
skin compared to normal skin. The overall accuracy obtained 
from the ResNet34 model is 0.96 i.e 96% [23]. From FPR-
TPR characteristic, it can be said that the ResNet34 is having 
AUC value of 1.00 i.e 100% [23]. From the error curve of the 
ResNet101 model, it can be said that the training/validation 
error is higher [23]. Therefore, the ResNet101 model is not 
converging. From accuracy curve of the ResNet101 model, the 
training accuracy and validation accuracy is also higher [23]. 
The error matrix obtained from the ResNet101 model tells 
that there is higher number of images for melanocytic nevi 
skin compared to normal skin. The overall accuracy obtained 
from the ResNet101 model is 0.83 i.e 83% [23]. From FPR-
TPR characteristic, it can be said that the ResNet101 is having 
AUC value of 1.00 i.e 100% [23]. From the error curve of the 
ResNet152 model, it can be said that the training/validation 
error is higher [23]. Therefore, the ResNet152 model is not 
converging. From accuracy curve of the ResNet152 model, the 
training accuracy and validation accuracy is also higher [23]. 
The error matrix obtained from the ResNet152 model tells 
that there is higher number of images for melanocytic nevi 
skin compared to normal skin. The overall accuracy obtained 
from the ResNet152 model is 0.78 i.e 78% [23]. From FPR-
TPR characteristic, it can be said that the ResNet152 is having 
AUC value of 1.00 i.e 100% [23]. From all ϐive deep residual 
network models, the ResNet152 model has lower accuracy 
compared to the remaining four deep residual network 
models. Further, it can be inferred that all ϐive deep residual 
network models has overall very good AUC for the skin 
image classiϐication task. Therefore, it can concluded that 
the all ϐive deep residual network models has good binary 
classiϐication performance for normal skin images compared 
to melanocytic nevi skin images. Even though the confusion 
matrix has higher number of images for melanocytic nevi 
skin compared to normal skin, the AUC value is higher for all 
ϐive deep residual network models i.e ResNet50, ResNet18, 
ResNet34, ResNet101, and ResNet152 models for normal skin 
images compared to melanocytic nevi skin images. Therefore, 
it can be said that the deep residual network models has good 
binary classiϐication performance for skin image classiϐication 
task. In this manner, the binary classiϐication of skin images 
i.e skin image recognition has been performed using deep 
learning technique. 
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