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Detection of Pneumonia Lesions in X-Ray Images Based on
Multi-Scale Convolutional Neural Networks
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Abstract Pneumonia detection has important research significance in medical image processing. For the problem
that the current classical detection algorithms has low accuracy in detecting pneumonia lesions. This paper presents
an algorithm for detecting pneumonia lesions in X-ray images based on multi-scale convolutional neural networks.
The feature channel attention module is added to the basic feature extraction network to highlight the channel
containing useful information in the feature map, and to suppress the feature channel without lesion information or
containing a large amount of useless information to form a high-quality feature map. Then through statistical
analysis, a series of candidate frames with different aspect ratios and scaling scales are designed using clustering
algorithm to be suitable for pneumonia lesion detection. In this paper, the singleemodel and multi-model detection
experiments are performed on chest X-ray datasets containing pneumonia lesions. The detection accuracy is 82.52 %
in the case of single model and 89.08% in the case of multi-model fusion. Through comparison experiments and
results analysis, the proposed algorithm is superior to other detection algorithms in pneumonia lesion detection and
is suitable for pneumonia lesion detection in X-ray images.
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convolutional neutral network
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Fig. 1 Block of squeeze and excitation
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Table 2 Statistics of data set information

Data set Image Size Instance
Training 10260 224X 224 16242
Validation 530 224X 224 868

Testing 617 224X 224 1000
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Fig. 7 Chest X-ray image gray histogram. (a) Original image; (b) after using CLAHE method
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Table 3 Performance comparison of different detection

Faster

networks in the pneumonia detection

AP /% AP /% Speed /

Network Backbone
@0.25  @0.5 s

HOG+SVM _ 49.33 31.11  0.1123
SSD VGG16 73.88 36.42  0.0312
YOLOv3 DarkNet 74.30 38.64 0.0238
Faster R-=CNN  ResNet-50 79.12 45.91  0.0588
Faster RRCNN ResNet-101 78.41 43.10  0.0833
RetinaNet ResNet-50 78.73 48.87  0.0526
RetinaNet ResNet-101 80.89 46.54  0.0769
SE-RetinaNet SE-ResNet-50 82.52 49.96 0.0588
SE-RetinaNet SE-ResNet-101  81.51 48.88  0.1000
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Table 4 Performance comparison of different combined

models in the pneumonia detection

AP /% AP /%

Network_1 Network_2 Speed /s
@0.25  @0.5
RetinaNet50 RetinaNet101  88.20 57.21 0.1295
SE- SE-
87.16 54.50  0.1588
RetinaNet50 RetinaNet101
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Retina SE-
89.08 57.64 0.1769
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