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In recent years, with the increasing incidence of cancer, regular physical examination is an important way to find cancer. Nuclear
screening is an important method for the diagnosis of gastrointestinal diseases, but it is challenging in the face of small and fuzzy
gastrointestinal images. Different from traditional medical objects, pathological slice images are mostly blurry and tiny, which is
somewhat difficult to detect and segment. The traditional diagnostic method lacks rapid quantitative analysis and has a certain
delay in medical diagnosis, and traditional image processing uses morphological features and pixel distribution to extract
features; it is often difficult to achieve the desired effect on small blurry images. This paper proposes a small, microfuzzy
pathology detection algorithm based on the attention mechanism; the YOLOv5 is improved under small and micro fuzzy
scenarios of the detection of cancer cells in the full field of digital pathology and tests it in the gastric cancer slice dataset. The
network structure is improved, and the ability to learn features on small and micro targets is enhanced according to the law of
feature distribution. Spatial and channel changes in network attention and attention weight distribution. In the deep blur
scenario, the attention mechanism is added to optimize its recognition ability, and the test result shows F1_score is 0.616, and
the mAP is 0.611, which can provide the decision support for clinical judgment.

1. Introduction

According to the 2020 global cancer statistics report, the num-
ber of cancer cases reached 19.2928 million. Gastric cancer is
the fourth leading cause of death among all cancers. Stomach
cancer is the third most common cancer in China, accounting
for 10.5 percent of cancer patients. Therefore, gastric cancer is
an urgent health problem [1].

Pathological image analysis is a common means of disease
diagnosis, mainly through the whole section digital image

(WSI) for pathological image screening, which is considered
by the industry as one of the most effective methods to detect
cancer. Full-section pathological images have the characteris-
tics of high resolution, wide field of view, and so on. One image
can cover thousands of cells. In the process of detection, doc-
tors usually observe and analyze with naked eyes, which is inef-
ficient, and the diagnostic process is subject to subjective
experience constraints, so it cannot be widely applied [2].
How to quickly and professionally realize pathological image
analysis is an important direction in cancer diagnosis.
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There are many ways to detect pathology; the traditional
detection methods include the use of digital image processing
technology to obtain the characteristic texture classification
of cancer cells. Plissiti et al. [3] presented a fully automated
detection method using morphological analysis on PAP
smears for the first time and performed cluster analysis. Basa-
vanhally et al. [4] proposed a method that combines regional
growth and theMarkov random field method to automatically
detect lymphocytes when studying the pathological character-
ization of breast cancer. In 2011, Khurd et al. [5] proposed a
SVM classifier based on texture features for the detection of
prostate tumors. However, this method has certain limitations;
it is difficult to quantitatively analyze, and it cannot be detected
in large area and complex, small, andmicro fuzzy scenes.With
the development of deep learning technology, neural network
algorithms have good detection effects on target recognition,
such as YOLO algorithm [6–9], SSD [10], and RetinaNet
[11]. Among them, the YOLOalgorithm in convolutional neu-
ral network has certain advantages in operation speed and fea-
ture extraction.

To sum up, deep learning algorithms have achieved
remarkable results, but the detection effect at the pathologi-
cal cell level is not good, and there are mainly the following
problems:

(1) In pathological image detection, cells change greatly,
and their morphology will also change with the state
of body fluids, making their distribution uneven and
density uneven. At the same time, the differences
between cells are small, which is difficult for feature
extraction

(2) At the same time, the pathology image will also have
the problem of manual labeling and counting. These
will make the traditional object detection algorithm
cannot be directly applied to WSI’s image detection;
its effect is poor

(3) The proportion of cell pixels is small, the scale is
small, the target is dense, and the detection accuracy
is still at a low level. In addition, the resolution of the

device will also cause different degrees of blur, which
will increase the difficulty of recognition

Aiming at the above problems, this paper realizes the
complete process of case collection and collation, image
analysis, database construction, and WSI dataset formation
to algorithm design improvement and explores the recogni-
tion ability of neural network algorithms in small, micro-
fuzzy pixels.

At the same time, an improved YOLOv5 algorithm with
integrated attention mechanism is proposed to improve the
algorithm’s attention to key areas, so as to achieve the effect
of feature enhancement recognition. Specific contributions
are as follows:

(1) The original data images sampled by the hospital
were selected, and the dataset was made according
to the feature processing and clipping, which has
general significance. The distribution of anchor
frame is changed according to the improved K
-means algorithm

Figure 1: Example of pathological slices of patients with gastric cancer.

Figure 2: Gastric cancer pathology images are subdivided into 8
∗ 8.
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(2) The attention mechanism is introduced on the basis
of YOLOv5 algorithm to improve its ability to learn
small and fuzzy target data distribution. When the
selected CBAM attention mechanism is added to
backbone, the F1 score is increased by 4.2%

(3) In this research, the key to detection accuracy lies in
the learning of scale distribution, and the difference
between width and height of EIoU can be used as a
correction to better replace the original aspect ratio.
In this paper, the IoU basis in the loss function in
the training process is modified, and EIoU is used
as the cost loss function. With the CBAM attention
mechanism, the F1 score showed almost no loss,
but mAP increased by 0.7%

The rest of this paper is organized as follows: Section 2
provides a description of WSI image processing slicing
method and the anchor frame scale clustering selection algo-
rithm. Section 3 mainly presents the base algorithm and its
improvement process and detection results. The calculation
and analysis of detection index and the comparison results
of ablation experiments are given in Section 4. Section 5
gives the conclusion of the research.

2. WSI Dataset Processing and Analysis

Digital pathological section datasets are not common. Com-
pared with traditional section images, digital section image
WSI has the characteristics of easy storage and easy analysis.
Due to the different magnification of the microscope, the
scope and scale of pathological sections obtained under the
microscope are different. The gastric cancer data images
provided by the hospital cannot be used directly. In order
to obtain appropriate research data, the images need to be
refined and sliced, such as the improved K-means algorithm.

2.1. Gastric Cancer Slice Dataset Processing. There are rela-
tively few studies on the detection of gastric cancer cells at
home and abroad. The research data in this paper were

provided by the Fourth Hospital of Wuhan. The dataset con-
tained a total of 147 partial tissue sections, all of which had
backgrounds stained with chemical reagents, and the images
in the dataset contained dense gastric cancer cells. The
nuclei are clearly marked because of the staining. In the
pathological section in Figure 1, an enlarged image of one
of the regions shows gastric cancer cells distributed between
the tissue fluid.

The yellow square coverage area represents the cut sam-
ple, and the green box represents the nuclei to be labeled.
Due to the excessive range of slices, the pixel level is 756 ∗
568 and 2592 ∗ 1944, and the number of cancer cells in a
single sheet is too large to be used for supervised migration
training, so this paper uses OpenCV (a computer vision
library) to split the images in the dataset into 8 ∗ 8; that is,
an image is divided into 64 blocks according to the row
and column, and finally, 653 clear images are selected for
training. The splitting result is shown in Figure 2. Labeling
is clear in this state, and there is no tearing of the nucleus.
Divide the dataset according to 8 : 2. In order to enable neu-
ral networks to fine-tune the location information and
achieve supervised learning, an open source dataset tool,
LabelImg, is used as a labeling tool to label the samples
and obtain the final experimental gastric cancer dataset.
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Figure 3: Anchor box clustering result visualization.

Table 1: Anchor box clustering results.

Serial points Clustering results

1 (26.3, 54.0)

2 (31.2, 33.5)

3 (37.5, 47.0)

4 (38.2, 66.6)

5 (48.7, 36.9)

6 (50.4, 54.8)

7 (51.8, 77.4)

8 (69.8, 75.7)

9 (87.9, 113.12)
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2.2. Analysis of Recognition Characteristics of Small,
Microblurry Images. Under the background of fuzzy small
and micro, the size distribution of the binding boxes in the
dataset is very different. Generally, the design of the anchor
box is divided into 9, corresponding to 9 sizes from small to
large. For the YOLO series algorithm, its detection heads are
divided into 3, which detect the sensing fields of different

scales, and each detection head is divided into three kinds
of anchors, so that the binding box is usually divided into
9 categories.

In this experiment, the K-means algorithm is first used
for clustering, which is divided into 9 categories. First, all
anchor boxes are taken from the dataset as cluster sample
sets, assuming that their center points are composed of w
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and h, and K points are randomly taken out as the center of
the box cluster. The cluster center anchor set at this point
can be represented as

C = c1, c2, c3,⋯, ckf g: ð1Þ

Calculates the distance from all anchor boxes to the cen-
ter of the cluster, assigns the closest distance to the corre-
sponding class in this anchor box, and recalculates the
points in the center of the cluster for each class.

ci =
1

sumij j〠cij, ð2Þ

where the ci is the cluster center of the i category, the sumi
represents all the number of points that are subordinate to
the i cluster, and the cij represents the j anchor box that is
subordinate to the i cluster.

Repeat the above calculations until the cluster center of
the cluster no longer changes, which indicates the end of
the cluster. The final output yields the anchor box required
for this document. The result obtained by the above algo-
rithm processing is shown in Figure 3.

As shown in Figure 3, the 9 colors represent the catego-
ries of anchor boxes. There are a total of 9 anchor centers,
denoted by x. It can be seen that the aggregated anchor
frame will be closer to the length and width distribution of
the real frame of cancer cells.

Since the initial selection of the K-means algorithm is
random, the first step is improved in this paper, using the
IoU distance as the basis for calculation, so that the initial
center point can be selected until the K center point is finally
selected. After 1000 iterations, the cluster anchor box is
shown in Table 1.

3. Pathological Detection Algorithm
and Improvement

After the improvement and upgrade of YOLOv1~v4, the accu-
racy and speed of YOLO algorithm have been improved by
leaps and bounds, and the effect of YOLOv5 target detection
algorithm is better. In view of the excellent performance of
YOLOv5 algorithm in target recognition, the feature extraction
network is constructed on the basis of CSPDarkNet53 network
based on YOLOv5 algorithm, and the attention mechanism is

added to theC3 structure of the backbone to improve the chan-
nel and spatial weight of feature map, and the influence of var-
ious attention mechanisms on the results is compared. Finally,
the improved algorithm is applied to the identification of small
and micro fuzzy gastric cancer cells, and the quantitative anal-
ysis results are obtained.

3.1. YOLOv5 Gastric Cancer Cell Pathology Detection. The
backbone part of the network model consists mainly of
CSPDarkNet53, with inputs through Mosaic data enhance-
ment, MixUP, and the Focus network [12–14]. These algo-
rithms are used to amplify the training capacity of the
dataset to improve the detection effect of the algorithm. In
the backbone network, a new CBS module is used as the
basic convolutional block, which consists of a convolutional
layer, a BN (batch normalization) layer, and a SiLU activa-
tion function. Residual structure Res-unit as a component
of CSP structure, the network is spliced by CSPNet, CBS
module, and several small residual structures. In this exper-
iment, the imported slice image of the stomach cancer case
will be extracted through the trunk network to obtain three
useful feature layers; the input image resize is 640 ∗ 640 size,
after the interval sampling of focus to obtain a feature map
of 320 ∗ 320 ∗ 12, and then through two CBS network blocks
and CSP1_1 layers to obtain 160 ∗ 160 ∗ 128 output and
through CBS and CSP1_2 to obtain a characteristic map1.
Similarly, you can obtain texturemap2 and texturemap3
and complete the trunk feature map extraction, which is
160, 160, and 128; (80, 80, and 256; and 20, 20, and 1024,
respectively [15].

The neck part is the feature fusion layer of the network,
which uses the FPN (feature pyramid network) structure to
sample up and down and stitch the feature map, so as to
realize the feature enhancement extraction of information
at different scales. In the preceding trunk feature extraction
network, three feature maps of different sizes and channels
are output, representing the feature information of three dif-
ferent scale sizes. These effective feature layers will serve as a
stitching basis when building the FPN. First, the channel
adjustment is performed, the feature layer (20, 20, and
1024) is convoluted to obtain F5, and then, the F5 is fused
with the feature layer after upsampling and the feature
map2 to obtain 40, 40, and 512. Similarly, F4 can be
obtained (80, 80, and 256). The feature map obtained in fea-
ture map1 is stitched and then downsampled to complete
the downward feature fusion. The final output results of
three different scale detectors, YOLO-head, are obtained.
The specific network structure is shown in Figure 4, and it
has excellent inference speed and precision.

3.2. Improved Algorithms Incorporating the Attention
Mechanism. Cells in gastric cancer pathological sections
are small and fuzzy samples, and the direct use of traditional
neural networks has poor detection effect, because it cannot
effectively extract the features of small parts. The nuclei of
cancer cells studied in this paper occupy a small image area
and are small targets. The attention mechanism is a process
of weight allocation of target features to strengthen the
attention to local effective features, so as to improve the

Table 2: Optimizing hyperparameter settings.

Hyperparameters Setpoint

Epoch 150

Batch_size 4

Init_learingrate 1e − 2

Weight_decay 5e − 4
Cos_lr Auto

Mosaic_scalar 1

Optimizer SGD
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detection accuracy of gastric cancer nuclei under small and
micro fuzzy background and optimize the effect of the
algorithm.

The attention mechanism enables the weight realloca-
tion of channels through a compression feature map [16].
The CBAM attention mechanism adds spatial weight alloca-
tion to the channel, using a large convolution to encode spa-
tial features and strengthen feature representation [17]. The
cam attention mechanism adopted in this paper has better
calibration effect than other attention mechanisms. It mainly
distributes the weight of small targets in space, as shown in
Figure 5. Its specific implementation process is that the input
is input size (h, w, and c), through the channel pooling
becomes (h, w, and 2), and then through the convolution
of 7 ∗ 7 and BN and sigmoid activation function to obtain
the weight parameter matrix; the weight parameter matrix
and input are multiplied to obtain the channel attention
map, the feature map in the length and width direction of
the global maximum pooling, and then through the multi-
layer perceptron and 1∗ 1 convolution to get 1∗ 1∗ C weight
parameters, and finally through the sigmoid function to
obtain a normalization result. Multiply to weigh the channel
to the original input feature map.

In order to realize the rescale and weight allocation of
the small target features of the main trunk feature extraction,
the C3 structure and the CBAM to C3 residual structure
block is added to form a new CBMAC3 module, and the
improved effect is shown in Figure 6.

3.3. Training Optimization and Loss Function Modification.
The research device is a deep learning computer with an
operating system of Windows 10, a CPU of Intel i7 10700
with a core frequency of 2.9GHz and a running memory
of 16GB. It is equipped with an RTX Quadro 4000 GPU
with 8GB of video memory. A total of three sets of compar-
ative experiments are involved, all of which are carried out
on this configuration, and the parameters are set before the
experiment begins. Depending on the dataset used and the
scenario, the design hyperparameters are shown in Table 2.

In terms of the improvement of the loss function, GIoU
[18] used the overlapping area as a basis to eliminate the loss
zero problem when the boundary intersected with 0, but
then, there was a problem of slow convergence, so later,
researchers proposed DIoU [19] and added a center point
distance on this basis. In this study, considering the differ-
ence of the cancer cell detection frame, the difference in
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Figure 7: Loss function plot of the training process.
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(a) Light-colored batch test results

(b) Dark nuclei test results

Figure 8: Test set test result graph.
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width and height of EIoU [20] can be used as a correction to
better replace the original aspect ratio. Therefore, the train-
ing process modifies GIoU and uses EIoU as the cost loss
function. The EIoU loss consists of three parts: the overlap
loss function LIoU, the center distance loss Ldis, and the
height-width loss function Lasp. Its expression can describe
as

LEIoU = LIoU + Ldis + Lasp = 1 − IoU +
ρ2 b, bgt
� �

c2

+
ρ2 w,wgtð Þ

CW
2 +

ρ2 h, hgt
� �

Ch
2 ,

ð3Þ

where b and bgt represent the center of the prediction box
and the real box, respectively. ρ2 represent the introduced
Euclidean distance, and c represents the minimum closed
region. Similarly, w and h are width and height, respectively.
wgt and hgt are the width and height of the real box, respec-
tively, and CW and Ch represent the width and height of the
minimum add-in box. The visualization results of the loss
function during training are shown in Figure 7.

The loss function calculation consists of two parts: the first
and second rows are represented as a line chart of the loss func-
tion of the training set and the validation set, respectively. It can
be seen that its regression loss gradually decreases and stabi-
lizes after 100 rounds, indicating that the model tends to
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Figure 9: Test indicator result graph. (a) Precision result graph; (b) recall result graph; and (c) mAP@50 result graph.
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converge. The confidence error generally shows a downward
trend, and since only gastric cancer nuclei need to be detected
in this experiment, the classification loss has been at a low level.
In order to verify the real effect of its detection, after the train-
ing is completed, a weight file suitable for the detection of gas-
tric cancer cellsWSI scene is obtained, and the detection results
of some images of the test set using this weight are shown in
Figure 8.

As shown in Figure 8, in order to test the effect in differ-
ent scenarios, the test included the following samples: sam-
ple 21 contained a scene with a darker staining
background, sample 56 contained coarse and shallow stained
objects, samples 126 and 63 had higher resolution, and the
nuclei in the sample were more obvious.

4. Analysis and Comparison of Results

4.1. Analysis of Experimental Results. In order to quantita-
tively analyze the detection results, the commonly used indi-
cators in pathological detection, including precision, recall,
F1 comprehensive index (F1_score), and mean precision
(mAP), are used as evaluation indicators to analyze the accu-
racy of the model. In the process of index calculation, the
relevant concept of confusion matrix is involved, and this
paper uniformly stipulates that TP indicates the allocation
of correct positive samples; TN is assigned the correct nega-
tive sample; FP is a positive sample with an incorrect assign-
ment; and the FN is a negative sample of the misassignment.

The accuracy of this study refers to the ratio of the sam-
ples assigned as positive and determined as gastric cancer
cells to the correctly assigned samples. The expression is

precision =
TP

TP + FP
: ð4Þ

Recall rate refers to the proportion of all positive gastric
cancer cell samples assigned correctly, and in pathology, the
recall rate is more indicative of the quality of its test results.
It can be expressed as

recall =
TP

TP + FN
: ð5Þ

The F1 is a comprehensive index, which is used to neu-
tralize the contradiction between accuracy and recall. Specif-
ically expressed as

F1 =
2 ∗ P ∗ R
P + R

: ð6Þ

mAP represents the average detection accuracy, the most
commonly used composite index in target detection, and in
this study, it is mainly used to compare the effectiveness of
ablation experiments.

mAP =
1
m

〠
m

i=1
APi, ð7Þ

where AP represents the average accuracy of detection for
each class.

According to the formula modeling and by plotting the
correlation curve, it can be seen that the index changes of
the converged attention mechanism proposed in this paper
and the improved model under EIoU are shown in Figure 9.

As can be seen from the values recorded by the algorithm,
the accuracy is up to 0.62, the recall rate is up to 0.656, and the
mAP value is up to 0.611. The change of index F1 is shown in
Figure 10.

4.2. Comparison of Ablation Experiments. Pathological
image detection of gastric cancer is an emerging research
field. The scarcity of samples, difficulty in labeling, small
detection target, and fuzzy scale have become important
factors hindering its development. Therefore, this paper will
demonstrate the effectiveness of the improved algorithm and
make a deeper comparison between the detection results and
the large datasets of other researchers.

In order to more fully compare the accuracy of the
improved algorithm with that of the original algorithm, an
ablation experiment is designed. The experimental results
are shown in Table 3. Improved type 1 represents the addi-
tion of SE mechanism; that is, channel dimension adds
attention mechanism, while improved type 2 adds cam
attention mechanism. Compared with SE, CBAM has more
obvious improvement and better results in average detection
accuracy. Compared with the original algorithm of YOLOv5,
the addition of CBAMC3 module improves the F1 index by
4.2%. Based on this result, after the original CIoU of
YOLOv5 was modified to EIoU, the detection accuracy was
improved again, reaching 0.611 on mAP, and the detection
result mAP increased by 0.7% compared with the improved
type 2 without EIoU.

5. Conclusion

Aiming at the current pathological detection, especially gastric
cancer nuclear detection in small and micro fuzzy scenes, the
accuracy of gastric cancer nuclei is not high, the error is large,
and the model is unstable; a deep learning detection algorithm

Table 3: Comparison of ablation experimental performance.

Model CBAMC3 SEC3 EIoU Precision Recall F1 score mAP@50

YOLOv5 × × × 0.6 0.56 0.579 0.593

Improved model 1 × √ × 0.637 0.592 0.614 0.592

Improved model 2 √ × × 0.639 0.604 0.621 0.604

Improved model 3 √ × √ 0.581 0.656 0.616 0.611
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based on improved YOLOv5 is proposed. The main improve-
ment points of the algorithm are as follows:

(1) The anchor box clustering algorithm was modified.
In the data preprocessing stage, in the process of
anchor box clustering analysis, the initial point
screening is improved to K-means ++ algorithm,
and the random initial K-means clustering algo-
rithm is improved to meet the requirements of the
size and width ratio of anchor boxes under small
and micro fuzzy detection

(2) The attention mechanism is integrated, so that the
network can redistribute the weight, increase the
attention of the network to small and micro target
features, and greatly improve the accuracy of gastric
cancer cell recognition. At the same time, two repre-
sentative attention mechanisms are compared, and
the cam attention mechanism which takes into
account space and weight allocation is preferred

(3) In order to solve the problem that the length and
width difference of small and micro fuzzy recogni-
tion scene is not big, the loss function is improved.
The aspect ratio difference of EIoU was chosen as
an alternative, which made the model evaluation
more suitable for pathological cell section study
and improved the average detection accuracy
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