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Abstract 
With the advent of the era of artificial intelligence, more and more fields have begun to use artificial 

intelligence technology, especially the medical field. Cancer is one of the biggest problems in the medical field. [1] 
If it can be detected early and treated early, the possibility of cure will be greatly increased. Malignant skin cancer, 
as one of the types of cancer with the highest fatality rate in recent years has problems such as relying on the 
experience of doctors and being unable to be detected and detected in time. Therefore, if artificial intelligence 
technology can be used to help doctors in early detection of skin cancer, or to allow everyone to detect skin lesions 
or spots anytime, anywhere, it will have great practical significance. In this paper we used attention residual 
learning convolutional neural network (ARL-CNN) model [2] to classify skin cancer pictures. 

 
1. Introduction 

Human skin is usually directly exposed to sunlight, and 
the skin is usually the first line of defense against harmful 
substances in the human body, so the skin may be cancerous 
due to various reasons, such as environmental and genetic 
factors. Skin lesion can occur anywhere in the body, and 
early diagnosis can be very helpful in the cure of skin cancer. 
Identification is difficult because of the color, shape, size, 
and hair vessels of the skin lesions. Several methods for 
classification of skin diseases have been proposed, deep 
convolutional neural networks (DCNNs), [3], [4], [5], [6], [7] 
has achieved remarkable results in improving performance. 
In our work, we use Letterboxing to prepare the dataset. And 
we use an attention residual learning convolutional neural 
network (ARL-CNN) model for the skin lesion classification. 

 
2. Dataset and data preparation 

In our work, we used dataset HAM10000. The 
HAM10000 dataset [8] served as the training set for the ISIC 
2018 challenge (Task 3). HAM10000 means “Human 
Against Machine with 10000 training images”. 

The HAM10000 dataset consists of 10015 dermatoscopic 
images of a size of 450 × 600.  

The HAM10000 consists of 7 diagnostic categories as 
follows: Melanoma (MEL), Melanocytic Nevi (NV), Basal 
Cell Carcinoma (BCC), Actinic Keratosis, and Intra-
Epithelial Carcinoma (AKIEC), Benign Keratosis (BKL), 
Dermatofibroma (DF), Vascular lesions (VASC).  
 

 
（Figure 1）. Dataset skin lesions sample [9] 

Melanocytic nevi 6705 
Benign keratosis-like lesions 1145 
Dermatofibroma 1067 
Basal cell carcinoma 514 
Actinic keratoses 327 
Vascular lesions 140 
Dermatofibroma 115 

<Table 1>. Raw dataset image number 

 
As we can see our Dataset is unbalance so we need to do 

some augmentation process to increase number of training 
data. Normally. The augmentation method included: flip, 
horizontal rotation, scale. 

As we can see our Dataset is unbalance so we need to do 
some augmentation process to increase number of training 
data. Normally. The augmentation method included: flip, 
horizontal rotation, scale. Letterboxing is the practice of 
transferring film shot in a widescreen aspect ratio to 
standard-width video formats while preserving the film's 
original aspect ratio. The resulting video graphic image has 
mattes (black bars) above and below it; these mattes are part 
of each frame of the video signal. With letterboxing, we will 
apply a border outside of image after augmentation. This will 
help us to keep the ratio of the image while we still can re-
size image normally. 
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(Figure 2). Letterboxing 

 

 

After this step, we split our data with following: 80-20% 
(80% for training and 20% for testing), 85-15% (85% for 
training and 15% for testing) 
 

 

3. Method 

In this model, instead of adding soft attention into 
Resnet50 network. We prefer to use Attention Residual 
Layer-CNN50 with multiple Attention Residual block and 
use Resnet50 as pretrained model. 

 
(Figure 3). Residual block and ARL block [2] 

 
As we see in the picture, the residual block will stack of 

layers set in such a way that the output of a layer is taken and 
added to another layer deeper in the block. The non-linearity 
is then applied after adding it together with the output of the 
corresponding layer in the main path (they will keep the main 
feature instead of linear feature). However, if we look at the 

ARL block before let the output goes to next layer, they will 
let the non-linearity through Signmol (Relu) function, which 
will raise the main important of non-linearity feature and 
element wise to the next layer. 

As we can see, in the summary of network. Our model has 
23,522,375 parameters. The parameter size is 89.73MB. As 
in model, we have 4 main layers:  

- Convolution layer 
- Batch normalization L2 layer 
- ReLU layer 
- MaxPool layer 
Besides of that, our model structure contains stack of 

attention residual blocks 
 

 
(Figure 4). Image visualization 

 
4. Result 

After training with different split percentage, we can get 
the result as below: 
With split = 20%: 
The highest accuracy: 0.9246 
The auc score: 0.979  
 precision recall fl-score support 
Akiec 0.86 0.60 0.71 30 
Bcc 0.84 0.91 0.88 35 
Bkl 0.80 0.73 0.76 88 
Df 0.88 0.88 0.88 8 
Nv 0.97 0.98 0.97 883 
Vasc 0.89 0.62 0.73 13 
Mel 0.47 0.59 0.52 46 
     
accuracy   0.92 1103 
Macro 
avg 

0.81 0.76 0.78 1103 

Weighted 
avg 

0.92 0.92 0.92 1103 

<Table 3>. Model Summary on 80-20% dataset split 

 
(Figure 5). Validation result on 80-20% dataset split 

 

Melanocytic nevi 6042 
Benign keratosis-like lesions 5450 
dermatofibroma 5395 
Basal cell carcinoma 5280 
Actinic keratoses 5165 
Vascular lesions 4880 
Dermatofibroma 4560 

<Table 2>. Dataset image number after augmentation 
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With split = 15%: 
The highest accuracy: 0.932 
The auc score: 0.99 
 precision recall fl-score support 
Akiec 0.88 0.61 0.72 23 
Bcc 0.86 0.92 0.89 26 
Bkl 0.80 0.68 0.74 66 
Df 1.00 0.83 0.91 6 
Nv 0.96 0.98 0.97 663 
Vasc 0.88 0.70 0.78 10 
Mel 0.53 0.59 0.56 34 
     
accuracy   0.93 828 
Macro 
avg 

0.84 0.76 0.79 828 

Weighted 
avg 

0.93 0.93 0.93 828 

<Table 4>. Model Summary on 85-15% dataset split 

 

 
(Figure 6). Validation result on 85-15 dataset split 

 
5. Conclusion  

In this paper, we used ARL-CNN model for classification 
of skin lesions in skin cancer images, which combines 
residual learning and attention learning mechanism to 
improve the discriminative representation ability of DCNNs. 
We trained our model on the HAM10000 dataset. Our results 
show that the ARL-CNN model can achieve state-of-the-art 
performance in skin lesion classification. Our future work 
includes investigating unsupervised attention learning and 
fine-grained skin lesion classification and using fewer layers 
to improve computational speed. 
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