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Abstract— Malignant transformation of gastric ulcer can
result in gastric cancer, hence an accurate gastric ulcer clas-
sification method is of vital importance. Despite marvelous
progress has been achieved in recent years, there are still
many challenges in diagnosis of gastric ulcer. In this paper, we
propose a mechanism to mimic gastroenterologist’s behaviours
based on deep learning techniques, by integrating the segmented
malignancy suspicious masks with gastroscopic images for
gastric ulcer classification, which instructs the model to focus
on the area where symptoms occur for gastric ulcer diagnosis.
Specifically, a U-Net-type deep neural network is built to
segment the suspicious pathological regions from gastroscopic
images, then the segmented regions are treated as an attention
channel of gastroscopic images for the gastric ulcer classification
by a ResNet-type deep neural network. Experiments on a real
gastroscopic dataset with 900+ patient cases demonstrate that
our proposed approach achieves much better performance for
gastric ulcer diagnosis, compared with standard method with
only gastroscopic images.

I. INTRODUCTION

Although gastric ulcer is a common disease, malignant
gastric ulcer can lead to gastric cancer, which is one of the
top five frequently diagnosed cancers in the world [1], [2].
At present, gastroscope is the most effective and direct way
to detect malignant gastric ulcers. Therefore, it is of great
significance to classify benign and malignant gastric ulcers
accurately based on gastroscopic images.

Generally, gastroenterologists usually diagnose gastro-
scopic images based on personal experience without any
auxiliary tools. However, the digestive endoscopy center has
a large number of gastroscopic data every day, gastroenterol-
ogists’ workload is very heavy. Moreover, the endoscopic
imaging of early gastric cancer and ulcerative advanced
gastric cancer can easily be confused with benign gastric
ulcers, which may cause missed diagnosis or diagnostic
errors. Thus, an automatic way is highly desirable for gastric
ulcer diagnosis.

In recent years, artificial intelligence related technologies
have been widely used in the biomedical field [3], [4], [5],
[6], [7], [8], [9]. Among them, medical image analysis meth-
ods based on deep learning have also shown superior perfor-
mance and better robustness [10], [11]. Great progress has
also been made in the analysis and processing of gastroscopic
images by deep learning. Coimbra et al.[12] performed a
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good classification of bleeding, polyps and ulcers in the gas-
trointestinal tracts by extracting the color, texture and shape
features of images. Pan et al.[13] used a probabilistic neural
network to detect the bleeding areas on these endoscopic
images. Georgakopoulos et al.[14] proposed a novel weakly-
supervised learning method based on CNN architecture to
realize the detection of inflammatory gastrointestinal lesions
in wireless capsule endoscopic videos. Whereas, accurate
diagnosis of gastric ulcer based on gastroscopic images still
remains a challenge.

Since gastroscopic images usually have problems such
as low imaging resolution and trouble in pathological areas
recognition, we adopt an attention mechanism [15] to enable
the neural network to learn the main features of gastroscopic
images more effectively. We first train a deep neural network
based on U-Net [16] to segment the malignancy suspicious
regions within the gastroscopic images, then integrate the
segmented masks into the gastroscopic images for gastric
ulcer classification by using a deep neural network based
on ResNet [17]. Compared with the standard method using
only gastroscopic images, our proposed approach achieves
much better accuracy on a real gastroscopic dataset with
900+ patient cases.

II. RELATED WORK
A. Classification of Gastric Ulcers

At present, the classification methods of benign and ma-
lignant gastric ulcer mainly rely on analysis of the mor-
phological characteristics of gastroscopic images, or take
part of gastric ulcer tissue for slicing, and finally confirm
whether it is malignant gastric ulcer through pathological
methods [18]. Malignant gastric ulcers are generally irregular
in shape and redden on the mucosa surface under gastro-
scope, usually accompanied by erosion, bleeding and other
pathological features [18] . However, due to the complex
and changeable situation between benign gastric ulcer lesions
and malignant gastric ulcer lesions, as well as cancer and
precancerous lesions, there is no precise diagnostic standard
now. Therefore, in the vast majority of cases, the diagnosis
of malignant gastric ulcer is a subjective judgment relative
to the characteristics of normal gastroscopic images. A more
systematic and accurate computer-aided diagnosis is required
to improve the accuracy of the classification of benign and
malignant gastric ulcers under gastroscope.

B. Researches of Gastric Ulcers

With the widespread application of deep learning in the
medical field [3], [4], [19], there are many methods have been
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Fig. 1.

proposed for the diagnosis of malignant gastric ulcer. Huang
et al.[20] trained and classified gastric ulcer images based
on the RseNet50 of the Fastai framework and the VGG16
[21] model based on the Keras framework, and used binary
classification model to show great ability in finding gastric
ulcer lesions and distinguishing benign and malignant ulcers.
Similarly, Sun et al.[22] utilized VGGnet, ResNet V2 [23]
and R-FCN [24] to classify benign and malignant gastric
ulcers on esophagogastroduodenoscopy images respectively.
By changing the fully connected layer of the network, it
is directly connected to two output nodes corresponding
to the benign and malignant type labels, they all showed
performance comparable to the endoscopic diagnosis made
by doctors. Wang et al.[24] migrated the collected gastro-
scopic images to the trained VGG16 and ResNet34 networks
through transfer learning, which showed a superb accuracy
of gastric cancer image recognition.
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Fig. 2. Our segmentation model — U-Net with multi-scale

III. METHODOLOGY

In this section, we first show the overall diagram of the
proposed approach, then discuss the segmentation network
and classification network respectively.

A. Overall Flowchart
The overall flowchart of our work is shown in Figure 1,
which consists of the following main steps:

1) Guided by gastroenterologist, we first label the suspi-
cious pathological regions in the gastroscopic images.
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The overall flowchart of our proposed approach

The labeled regions are served as the ground truth for
the deep segmentation model.

2) We then train a variant of U-Net to perform the
segmentation on gastroscopic images. Through seg-
mentation, we obtain masks containing malignancy
suspicious regions, which are served as the attention
channel for the classification model.

3) We finally propose a special classification model-
ResNet with an attention channel as input. The addition
of this attention channel allows ResNet to pay more
attention to the feature learning of pathological regions
in gastroscopic images.

B. Segmentation—-U-Net

The U-Net proposed by Ronneberger et al.[16] was origi-
nally aiming to solve the problems of medical image segmen-
tation. Medical image segmentation often faces the issues
of 1) small amount of samples and 2) samples from multi-
modal. While U-Net combines low-resolution and high-
resolution information, it performs well in medical image
segmentation. The structure of U-Net includes two parts:
contracting path and expanding path. Among them, the con-
tracting path is used for feature extraction to obtain context
information, and the expanding path adopts up-sampling to
obtain accurate positioning. The specific U-Net structure
is shown in the Figure 2. The left half (contracting path)
consists of four 3 x 3 convolution kernels (no padding convo-
lution), each followed by a ReLU function for activation and
a 2x 2 max pooling operation for down-sampling. In the right
half (expanding path), each step includes a up-sampling layer
for the feature map up-sampling. In this study, we propose
a modified U-Net architecture with multi-scale loss function
[25] to perform suspicious pathological areas segmentation
from gastroscopic images. The final output loss of U-Net is
a combination of different individual loss resolutions which
tend to extract more meaningful features by minimizing the
loss at each individual resolution scale.

C. Classification—ResNet

Recently, Convolutional Neural Networks (CNN) [26]
have achieved great success in the field of medical imag-
ing [3], [4], [27], especially the classification of medical
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images [28], [10], [29]. Among them, Deep Residual Net-
work (ResNet) is created to solve convolution neural network
gradient disappearance and degradation problems with the
increase of depth and won the first place in the classification
task of ImageNet [30] competition in 2015. ResNet have
been successfully applied on classification problems in com-
puter vision. The main contribution of ResNet is to propose
the concept of residual block. The emergence of residual
network allows neural network to be greatly deepened to
achieve high accuracy. In our study, we employ ResNet50
network, containing 50 layers, to learn more complicated fea-
ture representations from gastroscopic images. The network
structure is shown in Figure 3. We additionally concatenate
an attention channel-output of U-Net segmentation to the
input layer of the model. In other words, the input of
our gastric ulcer classification task for training and testing
includes not only raw gastroscopic images, but also seman-
tic segmentation images of suspicious pathological regions
obtained by U-Net segmentation model. As a result, the
input of the proposed ResNet changes from traditional "RGB
3-channels” to "RGB+mask 4-channels” to improve model
learning efficiency and classification accuracy.

IV. EXPERIMENTS
A. Dataset

The endoscopic images data used in this paper comes
from the Digestive Endoscopy Center of Jiading District
Central Hospital Affiliated Shanghai University of Medicine
& Health Sciences. All endoscopic images contained in this
dataset are collected by experienced gastroenterologist. The
dataset consists of 954 gastroscopic pictures, including 586
benign gastric ulcer pictures, 368 malignant gastric ulcer
pictures. Two image samples (one is benign, the other is
malignant) from the dataset are shown in Figure 4.

Benign Gastric Ulcer

Malignant Gastric Ulcer

Fig. 4. The suspicious regions (green boxes): under normal circumstances,
the pathological areas of benign gastric ulcer are small, while those of
malignant gastric ulcer are large and accompanied by erosion and bleeding.

The resolution size of these images is 512 x 512, the
bit depth of picture pixels is 24, the horizontal resolution
and vertical resolution are 96dpi, and the image format
is stored as JPG. The classification of gastric ulcer in
each gastroscopic image has been marked by the attending
gastroenterologist in the Department of Gastroenterology.

Specially, we processed each image - using LabelMe to label
suspicious pathological regions of gastric ulcers.

B. Experimental Settings

In this study, we use the pytorch environment built by
GPU to conduct experiments. Each image in the dataset has
a uniform size of 512 x 512. We divide the dataset into a
training set and a testing set, i.e., 801 images for training,
and the remaining 153 for testing. Considering the small
quantity of images in the dataset, we perform extensive data
augmentation in both segmentation and classification models.

1) Segmentation Results: The segmentation results by
the proposed multi-scale U-Net model on the gastroscopic
images are promising. Most of the segmented masks match
the ground truth well. Figure 5 shows the segmentation
results of two selected images by the U-Net segmentation
model. We can see that our segmented masks (middle) are
close to the ground truth (right). That indicates that the pro-
posed segmentation model successfully find the suspicious
pathological regions of gastric ulcers.

Ground Truth

Original Images

U-Net Segmentation Results
Fig. 5. The segmented masks (middle) obtained by U-Net are close to
ground truth (right)

2) Classification Results: Through the classification re-
sults of the model, we can get the following four types of
indicators:

TP: True Positive; the number of malignant gastric ulcer
images that are correctly classified;

FP: False Positive; the number of malignant gastric ulcer
images that are incorrectly classified;

TN: True Negative; the number benign gastric ulcer im-
ages that are correctly classified;

FN: False Negative; the number of benign gastric ulcer
images that are incorrectly classified.

Through the above four classification indicators, we pro-
pose three model evaluation metrics: Sensitivity, Specificity
and Accuracy as follows:

Sensitivity = TP/(TP + FN), (1)
Specificity = TN/(TN + FP), (2)
Accuracy = (TP +TN)/(TP+ FN+TN + FP). (3)

The higher values of accuracy, sensitivity, and specificity, the
better performance of the classification model.



TABLE I
PERFORMANCE COMPARISONS BETWEEN OUR PROPOSED APPROACH
WITH MASK ATTENTION AND STANDARD APPROACH.

Methods Sensitivity | Specificity | Accuracy
our proposed method 74.6 87.9 82.6
standard ResNet 475 85.7 69.8

To show the effectiveness of adding an attention channel
to input on the classification performance, we compare the
performance of two different ResNet models: our proposed
method with attention channel and standard ResNet without
attention channel. Both models are trained from scratch
under the same setting. The comparison results of the two
models on the test set are shown in Table 1. From the table,
we can see that the overall classification performance of
the model is commendably improved by adding attention
channel. Especially, the sensitivity value of our proposed ap-
proach is much higher than that of standard approach, which
indicates that the classification accuracy of malignant gastric
ulcer has been significantly improved. Nevertheless, by virtue
of our insufficient amount of gastroscopic images, there is
still room for improvement in classification performance.

V. CONCLUSION

We propose a novel ResNet-based gastroscopic classifica-
tion model with an attention channel, which guides the model
to focus on the suspicious pathological region in gastroscopic
images. By integrating the mask segmented from U-Net
segmentation model, ResNet takes "RGB+mask 4-channels”
input to improve model efficiency and classification accuracy.
Experiments show that our proposed method has superior
performance in terms of classification accuracy of benign
and malignant gastric ulcer.
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