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Abstract. Pneumonia is a kind of disease caused by bacteria, viruses and other
pathogens, which can seriously endanger human health, and has strong infectivity.
Timely and accurate detection of pneumonia symptoms can not onlymake patients
receive timely treatment, but also prevent the disease from spreading to others.
This paper proposes an improved object detection algorithm YOLOv3-P which
was based on YOLOv3. Using the idea of Path Aggregation Network (PANet)
for reference, after feature fusion, the location information is enhanced through
a bottom-up path, which makes full use of the feature information of each layer.
And the better backbone network CSPDarkNet53 was used to replace DarkNet53
of YOLOv3, to better extract features from the pneumonia images. Experiments
on the lung X-ray image data set provided by the North American Society of
Radiology show that the average precision of the algorithm reaches 50.43%,which
was improved compared with the YOLOv3 algorithm, and has good performance
compared with other common object detection algorithms. YOLOv3-P can help
doctors judge the location of pneumonia tissue faster and more accurately.

Keywords: Object detection · Pneumonia · Deep learning · YOLOv3

1 Introduction

Pneumonia is a respiratory disease caused by bacteria, viruses and other pathogens. It
can lead to fever, cough, headache and other symptoms, and has a strong infectious.
The number of people infected with pneumonia was increasing every year in the world.
Pneumonia is a serious threat to human health. The diagnosis of pneumonia based on
X-ray images is one of the most important methods for the diagnosis of pneumonia.
But because the X-ray image is a black-and-white image, it is difficult for doctors to
distinguish the diseased part from the normal part due to the lack of important information
such as color and texture.

In recent years, machine learning has developed rapidly, and it has a wide range of
applications in the field of computer vision [1–3]. In 2012, AlexNet [4] was proposed
by Krizhevsky. AlexNet won the championship in the Imagenet image classification
competition of the year. Convolutional neural network can learn deep feature information

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2022
Published by Springer Nature Switzerland AG 2022. All Rights Reserved
S. Wang et al. (Eds.): IoTCare 2021, LNICST 415, pp. 313–320, 2022.
https://doi.org/10.1007/978-3-030-94182-6_22

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-94182-6_22&domain=pdf
https://doi.org/10.1007/978-3-030-94182-6_22


314 H. Liu et al.

from images, and it can be applied to object detection fields to improve the detection
effect of the algorithm. R. Girshick et al. Proposed the first object detection algorithm
R-CNN [5] based on convolutional neural network in 2014.

R. Joseph. proposed YOLOv1 [6] object detection algorithm in 2016. The detection
accuracy of R-CNN series algorithm is very high, but its detection speed is slow. In order
to solve the problem of real-time detection in object detection tasks, YOLOv1 was born.
YOLOv1 algorithm directly inputs the image into the network and directly regresses the
size and position of the target. However, compared with the two-stage object detection
algorithm, its positioning accuracy is lower, especially for the very close targets and
small-scale targets.

In 2017, R. Joseph improved based on YOLOv1 and proposed YOLOv2 [7] object
detection algorithm. YOLOv2 absorbs the idea of Faster R-CNN algorithm and also
adopts the method of the prior box. It uses the clustering method of K-means [8] to
obtain the width and height of the prior box, to find a more suitable prior box.

In 2018, R. Joseph made some improvements on the basis of YOLOv2 and proposed
YOLOv3 algorithm [9]. YOLOv3 uses three different proportions of feature maps to get
the prediction box, which improves the detection effect of small targets, and proposes
DarkNet53 feature extraction network.

With the development of the neural network, it is possible to use deep learning
to detect and classify medical images. Setio [10] used multiple Convolutional Neural
Networks (CNN) to identify pulmonary nodules, and fused the final results, and achieved
good results. In reference [11], the de-noising self-coding method is used to extract the
depth features of pulmonary nodules for classification, and its performance in fine-
grained classification is better than that of traditional morphological and texture bottom
feature learning methods.

In view of the current pneumonia detection algorithm prone to misdiagnosis and
missed diagnosis, this paper improves the YOLOv3 detector, greatly improves its per-
formance, reduces the phenomenon of misdiagnosis and missed diagnosis, so as to help
doctors diagnose pneumonia faster and more accurately. X-ray images lack color and
texture information, and it is difficult to distinguish the diseased part from the normal
part. To solve this problem, this paper uses the idea of PANet [12] for reference, and fur-
ther improves the Feature Pyramid Networks (FPN) [13] structure of YOLOv3. After the
feature fusion of FPN, the positioning information is enhanced through the bottom-up
path, making full use of the feature information of each layer. And use better backbone
network CSPDarkNet53 [14] to replace the backbone network DarkNet53 of YOLOv3,
so as to better extract features from the image.

The experimental results on the lung X-ray image data set provided by the Radiolog-
ical Society of North America show that the detection accuracy of YOLOv3-P is greatly
improved compared with the original algorithm YOLOv3, and it has better performance
than several other commonly used target detection algorithms, which can help doctors
judge the location of pneumonia tissue faster and more accurately.
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2 Related Work

2.1 Two Stage Detectors

The first two stage detector based on deep learning is R-CNN,which uses CNN to extract
features from images, but the network is complex and the training speed is slow. SPP-Net
[15] can input images of any size, only need to do a convolution feature extraction to
get the feature image, but it cannot achieve end-to-end detection. Fast R-CNN [16] uses
RPN to generate suggestion boxes, which greatly speeds up the generation of suggestion
boxes. Compared with other algorithms mentioned above, the speed of the algorithm is
fast, but it has not achieved real-time detection yet.

2.2 Single Stage Detectors

Different from two stage detectors, single stage detectors do not need to generate sugges-
tion boxes, only need to directly regress the type and location of the target, thus greatly
speeding up the detection speed. YOLOv1 divides the input image into grids, and each
grid cell is responsible for detecting the falling objects. SSD [14] significantly increases
the detection effect by detecting targets of different sizes on feature maps of different
scales.

Fig. 1. Network structure of YOLOv3.

2.3 YOLOv3

YOLOv3 is an improved version of YOLOv2, and its backbone network is DarkNet53.
YOLOv3 uses the idea of FPN for reference and fuses the feature images of the same
size in the up-sampling stage. YOLOv3 network outputs three different scale feature
maps, which are 13 × 13, 26 × 26, 52 × 52. Different size feature maps are used to
detect different size objects. Figure 1 shows the network structure of YOLOv3.
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3 Our Approach

In this paper, through the improvement of YOLOv3, YOLOv3-P is proposed. The algo-
rithm first extracts features through the CSPDarkNet53 backbone network, and then
obtains three feature maps with different scales through the PAN. Finally, each fea-
ture map is classified and regressed to get the final result. The network structure of the
YOLOv3-P algorithm is shown in Fig. 2.

Fig. 2. Network structure of YOLOv3-P.

The training process of YOLOv3-P includes three stages: feature extraction, target
location and loss calculation. The main network used in feature extraction is CSPDark-
Net53 network. Object location is divided into two steps: classification and location
regression. The loss calculation includes classification loss and location loss. After the
lung images are input into the YOLOv3-P network, three feature maps F1, F2 and F3
with different sizes are output through the backbone network. Among them, F1 is 52
× 52, F2 is 26 × 26, F3 is 13 × 13. F3 gets P3 through 1 × 1 convolution reduction
channel, P3 is up sampled to get a feature map of size 26 × 26 and fused with F2 to get
P2, P2 is up sampled to get a feature map of size 52 × 52 and fused with F1 to get P1.
After obtaining different sizes of feature maps P1, P2 and P3 through FPN, P1 passes
through 1× 1 convolution reduction channel to obtain feature map C1 with size of 52×
52, C1 is down sampled to obtain feature map with size of 26× 26, which is fused with
P2 to obtain C2, C2 is down sampled to obtain feature map with size of 13× 13, which is
fused with P3 to obtain C3. At the same time, after each feature fusion, the fused feature
image will be convoluted by 3 without changing the size and channel. After obtaining
different size feature maps C1, C2 and C3, different size targets are predicted on each
feature map.

3.1 PANet

The PANet was proposed in reference [17], which shortens the information path between
low-level and high-level features through a bottom-up path. The specific method is, after
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extracting the image features through the backbone network, first through the top-down
path, the high-level features are fused by up-sampling and low-level features, and then
through the bottom-up path, the whole feature layer is enhanced by using more accurate
positioning information of low-level features, to get a better feature map for subsequent
classification and regression.

3.2 CSPDarkNet53

CSPDarkNet53 is a backbone network based on DarkNet53, the backbone network
of YOLOv3, and learning from the experience of CSPNet [18]. CSPNet solves the
problem that network reasoning needs a lot of computation from the perspective of
network architecture. Replacing DarkNet53 with CSPDarkNet53 can enhance CNN’s
learning ability, make the network lightweight while maintaining accuracy, and reduce
the amount of computation and memory costs.

4 Experiments

4.1 Dataset

The experimental data set comes from the X-ray images of the lung provided by the
Radiological Society of North America, including 4000 Gy-scale images with the size
of 1024 pixels× 1024 pixels, 75% of which are used for training and the rest for testing.
The input size of the network is 416 pixels × 416 pixels, and the gray image into RGB
(Red, Green, Blue) image.

4.2 Training Details

In the experiment, the pre training model of DarkNet53 and CSPDarkNet53 on COCO
data set is used as the feature extraction network, and Adam [19] is used to optimize the
model. The experimental environment is: the deep learning framework is pytorch1.2 +
cuda10.0, the GTX Tian x graphics card with 12 GB video memory, and the operating
system is Ubuntu 18.04.

4.3 Metrics

In order to select the appropriate algorithm, this paper uses the average precision (AP) as
the evaluation index. P-R curve is based on the two variables of precision (P) and recall
(R). AP is obtained by calculating the area under P-R curve. And the Intersection over
Union (IoU) is 0.5. The evaluation index of detection speed is frame per second (FPS).

4.4 Ablation Study

In order to verify the influence of different improved methods on the algorithm, this
paper sets up three groups of experiments, which are: 1) YOLOv3; 2) YOLOv3+ PAN;
3) YOLOv3 + CSPDarkNet53 + PAN. The experimental results are shown in Table 1.
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Table 1. Influence of different improvement methods on the performance of YOLOv3.

Method AP/% FPS

YOLOv3 44.21 40.96

YOLOv3 + PAN 46.47 39.12

YOLOv3 + PAN + CSPDarkNet53 50.43 34.12

As can be seen from Table 1, after replacing FPN in YOLOv3 with PAN, the AP of
the algorithm is improved by 2.26%. On this basis, after replacing DarkNet53 with CSP-
DarkNet53, the AP can continue to improve by 3.96%. This shows that the improvement
of this algorithm to YOLOv3 can improve the AP of the algorithm.

4.5 Compared with Other Detectors

In order to verify the detection performance of YOLOv3-P, this paper compares
YOLOv3-P with other object detection algorithms, and the experimental results are
shown in Table 2.

Table 2. Performance comparison of different algorithms.

Method AP/% FPS

SSD 41.78 70.35

Faster R-CNN 46.12 9.47

YOLOv3 44.21 40.96

YOLOv3-P 50.43 34.12

As can be seen from Table 2, in the lung X-ray image data set, the AP of our
algorithm YOLOv3-P is higher than other algorithms. The AP of SSD is lower than that
of YOLOv3, and the AP of Faster R-CNN is higher than that of YOLOv3. The AP of
YOLOv3-P is 8.65% and 4.31% higher than SSD and Faster R-CNN, respectively.

4.6 Detection Effect of Different Algorithms

Figure 3 shows the detection effect of different algorithms on four groups of pneumonia
images, inwhich the blue box represents the real coordinate box, the green box represents
the detection box, and the red box represents the detection error box.

As can be seen from Fig. 3, SSD algorithm has poor detection effect, large posi-
tioning error, and false detection and missing detection problems. The reason is that
SSD algorithm does not fuse feature maps of different sizes, and positive and negative
samples are unbalanced in the training process. The detection effect of YOLOv3 is better
than that of SSD, because YOLOv3 algorithm combines different scale feature maps and
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makes better use of the information of pneumonia image. Faster R-CNN algorithm uses
region proposal network (RPN) to generate suggestion box, which makes the detection
effect better and the problems of missed detection and false detection less. YOLOv3-P
has the least false detection and missing detection problems, and the positioning accu-
racy is higher, because this algorithm replaces FPN with PAN, to make better use of the
information of different sizes of feature maps. At the same time, it uses a more excel-
lent backbone network CSPDarkNet53, so that the network can extract better feature
information.

Fig. 3. Detection effect of different algorithms. Blue box: real coordinate box; Green box: detec-
tion box; Red box: detection error box. (a) SSD; (b) Faster R-CNN; (c) YOLOv3;(d) YOLOv3-P
(Color figure online)

5 Conclusions

In view of the lack of color and texture information in the X-ray of the diseased part
of pneumonia, the feature is not obvious and so on, this paper proposes the YOLOv3-P
algorithm based on the improvement of the YOLOv3 algorithm. The algorithm uses a
better feature extraction network CSPDarkNet53 to extract features better, and uses pan
structure to make better use of feature information. The experimental results show that
YOLOv3-P improves the detection accuracy significantly compared with the original
algorithm, and has good performance compared with other classical target detection
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algorithms. YOLOv3-P can help doctors judge the location of pneumonia tissue faster
and more accurately.
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