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A B S T R A C T   

Melanoma is a type of skin cancer that tends to spread to other parts of the body and can be fatal if not detected 
at an early stage. This paper proposes an automated and non-invasive methodology to assist clinicians to detect 
melanoma. A two-stage framework was suggested in the study. In the first stage, the Resnet 50-based novel 
SRCRN Network was designed, which extracts high-dimensional distinctive features for skin lesion segmentation, 
and uses the advantage of stride regulation effectively. In the framework of SRCRN, pixel maps of different sizes 
were obtained by upsampling and downsampling methods between block layers, and the performance of seg-
mentation was improved by selecting the most appropriate pixel map. In the second stage, the Resnet-50 network 
was used again for melanoma detection. The classification network was operated through a proposed class 
balancing strategy and batch mode experiments to improve performance in the training process. 

The segmentation performance of the proposed SRCRN network was found to be the best among similar 
studies with 95% Acc. In the second stage of melanoma detection experiments, the best classification perfor-
mance was achieved with 93.9% Acc and 97.3% Auc in batch size-32 trials. The proposed melanoma prediction 
model showed a 6.7% improvement in Acc value and a 9.9% improvement in Auc value compared to the study 
which took the top place in the ISBI 2017 competition.   

1. Introduction 

Melanoma, which is a type of skin cancer, has one of the fastest- 
growing incident numbers in the world alongside a significant mortal-
ity rate [7]. Early diagnosis is especially important because melanoma 
can be treated preemptively with early excision of the affected area [5]. 
The development of computer-assisted systems used in the detection of 
cancer increases both the rate of early diagnosis and patient survival 
significantly. However, a subjectivity problem may occur depending on 
the experience of the specialist even after enlarging the lesion image 
between 60 and 100 times with dermoscopic devices [13,12]. Although 
this imaging technique increased the detection rate in the early stage of 
the disease significantly, it is difficult to decrease the False-Positive (FP) 
rate in actual detection, especially because benign/malignant differen-
tiation is very subtle. One of the most critical stages in melanoma 
diagnosis studies is the correct segmentation of skin lesions. The images 
captured often include lesions that are surrounded by healthy skin. The 
proper extraction of the lesion area is important for the evaluation of 
lesion features. The clinical classification of the lesion depends on the 

area, boundary irregularity, shape symmetry, and discolouration. A fully 
automated skin lesion segmentation method is a fundamental require-
ment for these diagnosis systems and Machine Learning (ML)/Deep 
Learning (DL) solutions are suitable for the classification problem [38]. 

1.1. Related work 

In recent years, the use of DL algorithms has had a rising trend to 
help experts improve decision performance in all fields [32,2,28]. When 
compared with the traditional ML/pattern recognition algorithms, the 
main advantage of DL algorithms, for example, the Convolutional 
Neural Network (CNN), is to learn to create high-level features to ach-
ieve the best classification performance in an architectural model [42]. 

The effect of skin lesion segmentation masks on dermatoscopic image 
classification is very significant and sensitive masks can be obtained 
using the SkinUNet and SkinFPN + deep learning frameworks [22]. 
Some previous studies have focused on energy-based active contours 
[17], morphological operations [8], and thresholding techniques [14]. 
Moreover, Local Binary Patterns and k-means clustering frameworks 
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have been constructed for the precise identification of lesions bound-
aries. Different state-of-the-art image segmentation techniques have 
been measured and the difference in performance was then compared 
[27]. In some recent DL studies, the use of dense pooling layers for 
segmentation [26], stochastic weight averaging based on separable- 
Unet [35], and the effective use of a fully convolutional network [9] 
have been tested. To make the CNN model adaptable for specific test 
images, there are innovative studies on medical images such as applying 
image-specific settings to the segmentation process [37], and the use of 
residual networks (ResNets) [41]. ResNets can also be trained to further 
refine the segmentation analysis outputs via the integration of a 
probability-based stepwise solution [6]. In another ensemble study, a 
two-stage automatic skin lesion segmentation framework one of which is 
mask R-CNN and the other one is RetinaNet were created in 4 different 
configurations. With this, a total of 10 distinct segment results have been 
combined using Geodesic or graph methods to obtain the final seg-
mentation result [4]. 

The fact that the number of samples of positive class grade images 
(malignant) is less than negative class images (benign) creates problems 
in the process of training DL models that detect malignancy. Perfor-
mance is affected by unbalanced training datasets; however, it is 
possible to balance the number of benign and malignant samples arti-
ficially to decrease the side effects of the current natural imbalance on 
the datasets [18,11]. There are many practical studies that use the 
Augmentation strategy [40,25] to balance the classes or recommend 
Loss Functions emphasizing the misclassification of the samples from 
both minor and major classes [38,30]. Some studies have performed 
Augmentation on training data for class balance problems with de-
formations guided by expert knowledge on lesions [36]. Data augmen-
tation has been applied in the investigation of the effects of artefacts and 
image quality on the classification of melanoma using state-of-the-art 
networks mainly AlexNet, ResNet50, VGG16, and DenseNet121 [15]. 
To improve the skin lesion classification optimization, GAN based data 
augmentation strategy can be applied to obtain training data that con-
sists of high-quality skin lesion images [29]. Some researchers recently 
have conducted experiments applying an end-to-end deep learning 
framework using large-scale images, where an iterative batch-wise 
learning process has been used for the unbalanced classes [10]. 

Many hyperparameters affect the performance of DL studies in the 
classification of images, one of which is batch size optimization [19]. 
ResNet and DenseNet were used as feature extractors that obtained the 
mid-level feature representations by utilizing distance metric learning 
for the classification process. Then, for each distinct network, batch size 
was further optimized [21]. The use of large batch size in the training 
process causes a permanent disruption in generalization performance, 
which is known as the “generalization gap” [16]. This disruption has 
triggered the need for studies on different techniques to train models. 
Since larger batch sizes increase training time, it may be more reason-
able to use a smaller but sufficient batch with more iterations to train 
deep networks [13,12]. 

1.2. The contribution of the work 

The key contributions are enumerated below: 

i. A novel network model called SRCRN (Stride Regulation Con-
volutional Residual Networks) is proposed that can make pixel- 
by-pixel estimates and can emphasize the sensitivity of the seg-
mentation task when performing prediction maps.  

ii. SRCRN creates many prediction maps that discover alternative 
skin lesions using high-level/low-level features and then com-
bines these prediction maps with an aggregation process with the 
use of deconvolution layers.  

iii. The proposed framework is an automated process to optimize the 
operation and allows for increased focus, even in a situation 
where the number of samples is limited.  

iv. To increase the True-Positive (TP) ratio of the model, which is 
especially emphasized in medical image studies, new samples are 
added to the positive class during the classification process in 
tests by using the SRCRN Model. In this way, the image set is 
balanced by synchronizing the post-segmentation image samples 
of both classes. 

2. Material and methods 

2.1. Image dataset 

The image data employed in this study were downloaded from the 
International Skin Imaging Collaboration ISIC website. The ISBI 2017 
dataset contains a total of 2750 images (517 melanoma and 2233 
benign) consisting of dermoscopic lesions in JPEG format, and include 
2000 training and 750 tests. Training ground truth files that consisted of 
binary images and that matched each training data image were also used 
to evaluate the segmentation results, and for use during the training 
process. 

The images contain two classes of data which have two categories in 
benign and melanoma. Considering the unbalanced structure between 
the classes, new melanoma test images that were provided by ISIC 2018 
were segmented with SRCRN and were then included in the classifica-
tion process. 

2.2. Background on very deep residual networks 

Residual network architecture is a popular way to overcome the 
vanishing gradient problem encountered when training a deep neural 
network. The network consists of a set of residual blocks that have many 
skip connections as shown in the following Fig. 1. 

According to the Fig. 1, f(x) and h(x) are the residual learning and 
model objective functions. The skip connection reduces the effects of 
vanishing gradients by jumping over some layers. Thus, it is targeted to 
transfer the values in past layers to the next layers more strongly by 
adding input to the end of layer 2. 

The importance of network depth, which is one of the defining fea-
tures of DL network models, has been a topic that should be mentioned 
in studies [34]. In this context, it would be meaningful to use a very deep 
network aiming to create more distinctive features to cope with the 
difficult tasks like skin lesion segmentation on the image [23]. 

The Resnet-50, which is one of the most popular state-of-the-art 
designs in SRCRN designs, was preferred here. In this decision, the 
fact that ResNet was much preferred in the field of image processing, and 
its having a very low risk of any loss of data coming from the first layers 

Fig. 1. Residual Block.  
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in layer additions was effective [1,20]. In this technique, extra loop 
connections are supported which helps improve the flow of information 
in the network and reformats the layers explicitly. Thus, this method 
provides a fail-safe way in case the network goes too deep and prevents 
damage to important information. Other than this, some commonly used 
parameters (e.g. batch normalization) can be exploited to deal with the 
problem of disappearing degrades [33]. 

In general use, although the section from the input to the output is 
constructed with a H(x) function that has a nonlinear transformation, 
connection index is mapped with i in ResNet architecture. For residual 
block, the mapping is done with another nonlinear function that is 
defined as: 

Fi(x) = Hi(x) − x (1) 

Also, by performing a jump from input to output, the input value of 
× is summed with the function result of F(x). Then, it is transferred to 
ReLU with Fi(x) = Fi(x)+x the function. For this reason, it is targeted to 
communicate values in previous layers by adding input to the end of 
layer 2. 

A typical residual block consists of Convolutional (Conv), Rectified 
Linear Unit (ReLU), and Batch Normalization (Batch Norm). Residual 
learning is performed with shortcut connections and element-wise ad-
ditions. With the element-wise operations between spatial and temporal 
features, more decisive features are obtained. Residual network archi-
tectures can have depths of 38, 50, 101. 

2.3. Proposed SRCRN for segmentation 

The accurate and effective lesion segmentation is an important step 
in the classification of the lesion in the next stage, affecting the accuracy 
of the results. ResNet supports the downsampling operations to create 
prediction map alternatives that are smaller than the original size of the 
image and also to achieve successful segmentation [39]. In the next 
stage, small-size prediction maps are subjected to the upsampling pro-
cess, and deconvolutional layers are employed to obtain input images 
and equal-size prediction maps [31]. 

2.3.1. Network architecture of SRCRN 

2.3.1.1. Prior layers of ResNet. SRCRN is constructed based on the re-
sidual learning technique that overcomes the degradation problem. 
Another capability of residual learning is to skip connection support, 
which reduces the effects of gradients vanishing by skipping over certain 
layer block outputs. In this way, passing on pixel-level information be-
tween layers is improved. Furthermore, the inputs of the specific layers 
in SRCRN (which are given in Fig. 2) are transformed into dynamic re-
sidual functions. To achieve effective skin lesion segmentation, the 

information from prior layers is also needed so that an image of arbitrary 
size can be converted to a useful input to be further analysed using 
ResNet. After all the layers are analysed, the output will be in terms of an 
equal-sized prediction score mask. Prior layer designs are very impor-
tant for the feature extraction process and the design order is given as 
below.  

• The Input layer, which is the first layer, is set at 128× 128, and input 
is created for the next layer by adding 3 × 3 size with 0 values to the 
edges of the image matrix.  

• The value at the output of the Input Layer is fed to the convolutional 
layer, and a 7 × 7 filter is applied to the image to extract the low and 
high-level features in the image. A feature map is created by applying 
the first filter, and a second feature map is created to detect another 
type of feature by using a second filter. A total of 64 separate filters 
are applied in this way. 

• Batch normalization layer is operated to normalize the matrix com-
ing from the previous layer, and also to improve the performance of 
the model by reducing training time.  

• The activation layer follows Batch normalization. The ReLU function 
is used as an activation function since it is faster than other functions. 
The negative black values in the Feature Map are removed and 
replaced with 0 after the ReLU function is applied.  

• By choosing max-pooling, which is the last layer of the Prior layers, 
the number of parameters and calculations in the network is reduced. 
The filter, which is 3 × 3 in size, and has 2 - pixel strides, is selected. 

2.3.1.2. Residual blocks of SRCRN. After the computation of the prior 
layers, Resnet block architecture operates on the 16 residual blocks. The 
input value of the layers within the blocks is added to the output of the 
respective BatchNormalization layer. Taking advantage of ResNet’s re-
sidual learning strategy, SRCRN can generate effective prediction maps 
of skin lesions using distinctive features. The proposed method differs 
from the original ResNet method in that it can make pixel-by-pixel es-
timates that emphasize the sensitivity of the segmentation task when 
performing prediction maps. In this created framework, layers auto-
matically move to the output via pixel-wise connections one at a time, 
and the segmentation mask associated with the input image is achieved 
at an optimal level in a short time. Considering that the handling and 
processing of each pixel in the training process directly affect the 
sensitivity of segmentation, in this learning technique, each pixel is 
processed independently by the backpropagation of the error on a pixel 
basis. This operation generates raw data for the training set in deep 
networks such as ResNet. This is an automated process to optimize the 
operation, and it allows for increased focus, even in a situation where 
the number of samples is limited. In summary, SRCRN creates many 
prediction maps that discover alternative skin lesions using high-level/ 

Fig. 2. Schematic representation of SRCRN architecture used for segmentation. The first five layers indicate the prior sequence. Layers on which downsampling and 
upsampling operators take place are indicated in the diagram. 
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low-level features and then combines these prediction maps with an 
aggregation process with the use of deconvolution layers. A schematic 
representation of SRCRN architecture is given in Fig. 2. The residual 
block connections and the output layer were added to the diagram 
where the first five layers point back to the previous ones. The progress 
of the changes of dimensions in certain layer sizes such as ResNet input, 
the input of res4b block, res8b block, res14b block, and the output of 
res16b are also shown. 

The processes until the operating of the residual blocks indicate the 
down-sampling stages. The size of each layer of the original images is 
reduced by this process, and thus distinct details are more visible. Spe-
cifically, the network has a downsampling rate of 2, which is applied to 
the input of res4b block, res8b block, res14b block, and output of res16b 
block, respectively. Then, the up-sampling process is initiated. The 
purpose of this process is to restore the minimized image to its original 
size. At this stage, 8–16-32 Pixel Strides are carried out. The SRCRN 
process provides different prediction maps for a stable segmentation. 

The matrix that comes from the last block is presented as an input to 
the convolution layer for a 32-pixel stride. This layer consists of two 4 ×

4 filters, padding is applied. Here, the pixel stride parameter is given as 2 
to enlarge the matrix. Then, the matrix, which is the output of the 13th 
residual block, is drawn and applied as an input to the convolutional 
layer of 2× 1. The output of the convolution layer is combined with the 
output of the previous layer. The next operation is operated to achieve 
16-pixel stride; and for this purpose, the connection is made to the 
convolution layer for upsampling operation. This layer consists of two 
4 × 4 filters, padding is applied, and the pixel stride parameter is given 
as 2 to enlarge the matrix. 

The following operation is the presentation of the matrix, which is 
the output of the 7th block given to the convolutional layer of 2× 1as an 
input The output of the convolution layer is combined with the output of 
the previous layer. The convolutional layer is utilized to upsample 8- 
pixel stride small prediction maps by extracting high-level features. 
This layer consists of a 16 × 16 filter, and padding is applied. Finally, the 
output is set by adding the Activation layer. In this layer, the Sigmoid is 
used as the activation function type. 

2.3.2. Training process of segmentation 
When the network is operated, setting the input shape as 128× 128, 

and the addition of sigmoid function as the activation without using the 
present latest layer of Resnet-50 are among the regulations. 

The Adam was used as the optimization function. The Binary Cross 
Entropy was used as the loss function and batch size is set as 8. 
Normalization is performed by adjusting the dimensions of the original 
images and ground truths truth sizes as 128. The first 100 files are 
separated as validation data. During training steps and validation steps, 
the size of the series in which the names of the files are stored is 
determined by the batch size. Here, the purpose is to automize how 
many images to read at each step. The training process is operated with 
several steps of 300 iterations. 

2.4. Proposed ResNet classification architecture 

As in the segmentation process, the Resnet-50 model has been 
revised without changing the layered architecture but only following the 
output layer classification sample. When the Resnet-50 Model is oper-
ated, the average pooling parameter is chosen. The weight values are not 
updated during the training process, and the pre-trained weight values 
are used. The input dimension is set at 128× 128. 

The Stochastic gradient descent (SGD) method is used as the learning 
strategy, the learning rate parameter is set to 0.01 and the momentum is 
given as 0.9. Nesterov’s Accelerated Gradient, which is one of the main 
momentum-based techniques, is chosen. The decay value is optimized as 
0.0005. 

The Image Augmentation technique that is preferred to artificially 
expand the size of a dataset is used in the training process. As an 
alternative to the Augmentation technique, the number of benign and 
melanoma images that are segmented with randomly selected samples 
from the Original Image Set of Melanoma 2018 with the SRCRN 
Network is balanced. The Auc, Acc, Sen evaluation metrics are used to 
compare the results by operating 100-epoch training processes in 
different batch sizes. 

3. Experimental results 

3.1. Experiments and comparisons of segmentation networks 

A series of experiments were conducted during the training phase to 
show the importance of the proposed SRCRN Model. Three prediction 
map types were created with the help of the jumps in the layers of the 
recommended SRCRN for the experiments. While the first one used only 
32-pixel step estimates, the second combined 32-pixel step estimates 
and 16-pixel step estimates to obtain a 16-pixel step estimate. In the 
third, 32, 16 and 8-pixel step estimates were combined. With these 
jumps, the matrix that was the output of the 7th Block was taken and was 
placed to the convolutional layer 2 × 1 as an input. The output matrix of 
this layer was added to the output matrix of the previous layer, and then, 
an 8-pixel stride was carried out. This layer has consisted of one 16 × 16 
filter and padding was applied. The training, validation, and test pro-
cesses of the prediction map, which we scaled the Feature Integration 
Process with an 8-pixel stride, were operated. The efficiency of the 
segmentation process performed by SRCRN for 8-pixel stride during the 
validation process was measured with ground truths. The loss change 
during this process is given graphically in Fig. 4 with three metrics; 
Accuracy (Acc), Jaccard Index (JA) and Dice Coefficient (DI). 

When the graphics are evaluated, it can be argued that SRCRN tends 
to be more averaged, and the results which were obtained were close to 
the ground truths with satisfactory progress. The overlapping masks and 
ground truths obtained with SRCRN on the original images are given in 
Fig. 5. Skin lesion segmentations were grouped in three separate lines in 
the sample images in terms of proximity to ground truths. Some major 

Fig. 3. The progress of change in certain layer sizes in the process up to the skin lesion mask segmentation process. In this diagram, we used the same image located 
in Fig. 2. 
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missegmentations can still be seen in the results. The images with the 
highest rate of missegmentation are given in the last line. In these de-
viation cases, most of them are seen to have been caused by samples with 
low contrast, irregular shapes and artefacts around the lesion. It was 
observed in the recommended SRCRN method that the Region of Interest 
(ROI) was not ignored even if there were deviation cases, which might 
lead to argument that the recommended SRCRN method was the most 
sensitive to environmental artefacts. 

According to the comparative metric evaluations of the proposed 
SRCRN method given in Table 1, it was seen in the average measurement 

that ACC, Dice, Jaccard performed better compared to the nearest FrCN 
method. However, the amount of errors may be due to the omission of 
some detailed local features of the prediction maps. The main reasons of 
these errors is hypothesized to be the downsampling/upsampling pro-
cesses. The performance decrease of a sample in a pixel-based training 
process in a single framework might be due to its heavy focus on high- 
level features, which causes ignorance of low-level features in large 
stride processes. Despite this, lesion borders still appear to be detected 
with good consistency. 

Fig. 4. Evolution of DI, JA, Acc, Loss progress on validation data with the comparisons of ground truths during the validation stage.  

Fig. 5. Example of segmentation results of SRCRN; (a) the image samples where the results of ground truth and the proposed method overlap the most, (b) the image 
samples where the results of our method shows deviation, (c) the images with the highest missegmentation rate. 
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3.2. Experiments and comparisons of classification network 

In a melanoma prediction study, which included medical image data 
like ISBI 2017, the probability of a positive test (melanoma) is more 
important when the fact that the patient has the disease in practice (TP) 
is considered. To improve the TP prediction performance, the number of 
positive samples in the sampling must be balanced. Depending on the 
distribution of the dataset, the samples of the melanoma class were 
increased with Augmentation Strategy, and a balanced structure was 
obtained. This process describes the oversampling experiments with 
image geometry, colour and lesion axis distortion, and random mixture 
of these three. In all experiments, another alternative sampling was 
formed to encourage a better generalization of the weights in the 
training process with minimal loss in the validation process. To increase 
the diversity of the melanoma, 366 images from ISBI 2018 that were 
segmented with SRCRN network instead of augmentation were added to 
the melanoma class, and a balanced sampling was achieved of 1:1 rate. 
The classification performance of the images was also analyzed in this 
way. The ACC values of these two methods that were used in training 
processes are given in Table 2. 

It was observed that the SRCRN method contributed a rate of + 0.076 
in performance for all batch sizes with the melanoma images added to 
the sampling during the training process. The validation performance 
measurements of the classification network are given in Fig. 6. 

The training process was performed for different batch sizes, and are 
presented comparatively in the graphics. For a realistic prediction of the 
generalization error of the proposed method, the examples that the 
network never encountered were employed during the training or vali-
dation (in other words, for any parameter selection or model 
adjustment). 

The batch sizes were evaluated at 4, 8, 16, 32, 64 in order to see the 
effect of the batch size on the classification performance. For all batch 
sizes, optimum performance measurement values were obtained in 100 
iteration times. Relatively, larger batch sizes extended the training time 
[13,12]. Still, the performance of the network can be determined with 
the optimum number of iterations with relatively smaller batch size. 
Larger batch sizes, with the same number of iterations attempts, can 
yield a significant increase in performance. According to our results, it 
seems more reasonable to use a batch with the parameter that best suits 
by gradually enlarging it with the optimum number of iterations to train 
the deep networks. As seen in Table 3, the accuracy rate of Record-Titans 
[24] ranked 1st in ISBI 2017 Competition with a rate of 87.2%. 

The batch size values increased respectively in the trials, and the 
batch size-32 trial reached the best level with 93.9% Acc and 97.3% Auc. 
Compared to Menegola and Tavares [24] who ranked the 1st in ISBI 
2017 Competition for the accuracy results, our experiments achieved 
6.7% Acc and 9.9% Auc improvements. 

4. Discussion 

Although the extraordinary success of deep CNN networks can be 
observed in medical image analysis tasks in recent years, differences 
between automatic evaluations of computers can still be experienced. 
The thing that encourages researchers in recent studies in computer 
imaging is that CNNs are highly suitable for using both network width 
and depth [8,37] to improve their performance. The effect of the po-
tential of network depth of CNNs is measured in complex medical image 
analysis tasks [34]. 

One of the obstacles to performance elevation in the process of 
implementing a very deep networks is insufficient training data. Another 
problem is that the sample classes in the training dataset are not 
balanced. Unbalanced distribution is a very common problem especially 
in medical image recognition that needs to be evaluated during the 
training process. In this study, we focused on two-stage segmentation 
and classification processes that were based on regularization processes 
in training with an aim to improve automatic melanoma recognition 
performance in dermoscopic images. The ongoing stages were shared in 
detail in the study, and general definitions that could be easily applied 
for similar medical image analysis tasks were also included. 

The Resnet-50 network, which is used as a basis in architectures, was 
supported with regularization for segmentation and trained from the 
beginning, and pre-trained weight values were used for classification 
and only the last layer settings were determined. It was also ensured in 
the classification that the training samples were segmented and partic-
ipated in malignant images that were added from ISBI 2018 through the 
SRCRN Network. In this way, the classes were intended to participate in 
the training process in a balanced way and to increase the TP value. It 
was noted that the training trials that were done in this way were more 
advantageous than the classical augmentation process. Also, the training 
process trials were performed for different batch sizes in the classifica-
tion. A total of 32 batches were identified as the most suitable choice for 
the dataset in the classification process. In addition, although satisfac-
tory results were achieved for both two-stage frameworks with the use of 
proposed architectures, there may still be some missegmentations, as 
shown in Fig. 3. Our gain was that the ROI region was in the segmen-
tation limits even in the most unsuccessful case for segmentation. 

5. Conclusion 

In this study, the Resnet-50 network, which is used as a basis in ar-
chitectures, was supported with regularization for segmentation and 
trained from the beginning, and pre-trained weight values were used for 
classification determining only the last layer settings. CNNs can create 
features with precise extraction, thus improving the performance of both 
segmentation and classification tasks. Especially the status of state-of- 
the-art networks that are suitable for regularization, whose perfor-
mances were proven, can make big differences even with small addi-
tions. In this study, two different uses of the Resnet-50 Network were 
suggested for the segmentation and classification as two stages. In the 
first stage, a network is recommended for skin lesion segmentation in 
dermoscopic images; and the importance of supporting the classification 
process with different trials was emphasized in the second stage. 

In both steps, ISBI 2017 dataset based on the flow of outputs of stage 
one was used as the input to the second stage; and both steps were 
compared with previous studies, and the efficiencies of networks were 
shown. Our study confirms that very deep networks with a residual 
training strategy can be used to solve complex medical image analysis 
problems with some modifications, even with insufficient training data. 
This study is also important in that it emphasizes that it is important to 
increase the TP value in mixed image analysis problems, such as mela-
noma recognition. 

Table 1 
Segmentation performance comparison of the proposed method with previous 
studies on the ISBI 2017 dataset.  

Methods ACC Dice J. Index 

First: Yading Yuan (CDNN Model)  0.934  0.849  0.765 
Second: Matt Berseth (U-Net)  0.932  0.847  0.762 
U-Net [3]  0.901  0.763  0.616 
SegNet [1]  0.918  0.821  0.696 
FrCN [24]  0.940  0.870  0.771 
Proposed SRCRN Method  0.950  0.912  0.845  

Table 2 
Results of Oversampling Trials on Training Stage.  

Augmentation  0.919 
ISBI 2018 melanoma participants by SRCRN  0.995  
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Jale Bektaş: Project administration, Conceptualization, Methodol-
ogy, Formal analysis, Methodology, Writing - original draft, Software, 
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