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1+ | Split-conv 64 1x1 304304
Resblock 304x304
Concat_conv 64 1x1 304>304
Downsample conv 128 3x3 152x152
5 | Split-conv 64 11 152x152
Resblock 152x152
Concat_conv 128 1x1 152x152
Downsample conv 256 3x3 76x76
8§ Split-conv 128 1x1 76x76
Resblock 76x76
Concat_conv 256 1x1 76%76
Downsample_conv 512 3x3 38%38
g« | Split-conv 256 1x1 38x38
Resblock 38x38
Concat_conv 512 11 38x38
Downsample_conv 1024 3x3 19x19
4R Split-conv 512 1x1 19%19
Resblock 19x19
Concat_conv 1024 1x1 19<19
(a) CSPDarknet53 network structure (b) Bounding box prediction
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Fig.3 Focus slice sampling principle
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Fig.5 Spatial pyramid pooling structure
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Fig.6 Multi-scale feature aggregation module based on spatial pyramid pooling
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Pooling) %} H 5 DX I Y 7 AIE 45 2 HEAT 1 53, 388 T8 U 3 0 LA X AN [v) RUBE R AIE 181 22 18] B8 RH S PR AT A, Ry 4
A 388 38 T A () B A 2R B0 A AT N B9 SCRRIE o HSE AN

M. (F)=o(MLP(AvgPool( F))+ MLP(MaxPool(F)))=a(W,(W,(F.,))+ W, (W,(F.))) (8)
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(a) Input image (b) Saliency coefficient (c) Saliency map of original (d) Saliency map of output (e) Edge saliency map
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Fig.8 Comparison of saliency distribution
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Table 1 Experimental environment configuration parameters

Configuration Version parameters
GPU Nvidia GeForce GTX 1080T1i
CPU Intel(R) Core(TM) i7-8700K 3.70GHz @2.90GHzX 6 CPUs
Operating system Microsoft Windows 10
Deep learning framework Pytorch 1.2.0 CUDA 10.0
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Table 2 Comparison of detection results of different strategies

K-means SPP CBAM Focus AP/ % Precision/ % Recall/ % F1l
NG 87.46 91.79 77.09 0.84
N N 91.48 87.43 85.87 0.87
N N 94.77 92.72 87.88 0.90
N N 94.21 89.69 91.88 0.91
NG N N NG 95.37 94.25 92.99 0.94
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Fig.9 Comparison of scale distribution in test results
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(f) CFAHAM detection results

B0 AL A AR ] 45 R At b
Fig. 10 Comparison of visualization detection results
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Fig. 12 Performance curve of the CFAHAM algorithm
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Table 3 Comparative experimental results of different detection algorithms

Network AP Precision Recall F1 Time/s
SSD 74.16% 76.21% 66.30% 0.71 0.028 2
Faster- RCNN 83.26% 73.75% 85.65% 0.79 0.0751
YOLOV3 84.25% 81.56% 81.65% 0.82 0.049 8
YOLOv4 87.46 % 91.79% 77.09% 0.84 0.031 3
Ours 95.37% 94.25% 92.99% 0.94 0.035 2
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(b) Detection results after adding noise
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Fig. 13 Detection experiment under noise condition
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Table 4 Comparative experimental results of different detection algorithms after adding noise

Network AP Precision Recall F1
SSD 67.59% 68.53% 61.51% 0.65
Faster-RCNN 80.03% 68.58% 83.76% 0.75
YOLOv4 85.56% 78.91% 76.97% 0.78
Ours 94.52% 91.70% 89.77% 0.91
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Fig. 14  Detection results under occlusion conditions
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Infrared Pedestrian Detection Based on Cross—scale Feature
Aggregation and Hierarchical Attention Mapping

HAO Shuai', GAO Shan', MA Xu', AN Beiyi', HE Tian', WEN Hu*, WANG Feng’
(1 College of Electrical and Control Engineering, Xi'an University of Science and Technology, Xi'an 710054, China)
(2 College of Safety Science and Engineering, Xi'an University of Science and Technology, Xi'an 710054, China)
(3 College of Physics and Electrical Engineering, Weinan Normal University, Weinan, Shaanxi 714000, China)

Abstract: The detection system based on infrared thermal imaging has been extensively used in pedestrian
detection because of its strong anti—interference ability, long detection distance and less affected by light
and climate change. However, due to its unique thermal radiation imaging, infrared images usually have
the defects of unclear texture features and low spatial resolution. At the same time, infrared pedestrian
features are easy to be submerged by the bright background, which makes the detection algorithm difficult
to locate the object region accurately. In addition, the multi-scale characteristics and mutual occlusion of
pedestrian objects also pose a serious challenge to the performance of the detection algorithm. Therefore,
aiming at the problem that traditional pedestrian detection algorithms are difficult to detect accurately owing
to multi-scale, partial occlusion and environmental interference in infrared pedestrian images, an infrared
pedestrian detection algorithm based on cross—scale feature aggregation and hierarchical attention mapping
is proposed. Firstly, the CSPdarknet53 structure is utilized as the backbone feature extraction network. On
this basis, to reduce the loss of small-scale object feature information during the down—sampling process in
the backbone network, the focus module is introduced and added at the input to replace the first residual
layer. Using slice segmentation sampling, the spatial dimension information in the original image is
extracted to the channel dimension to realize lossless down—-sampling. Secondly, to improve the multi-scale
feature aggregation ability of the detection network and improve detection accuracy of the network, a cross—
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scale feature aggregation module is constructed to integrate the global features and multi—scale local
features output by different residual layers of the backbone network. Then, aiming at the problem that
infrared images are vulnerable to the effects of self-imaging mechanism and complex background and
cannot effectively express pedestrian object features, a hierarchical attention mapping module is constructed
by embedding visual attention mechanism into multi-layer feature transfer branches of feature pyramid. In
the constructed detection network, the attention mechanisms based on the location, appearance and
semantic features of pedestrian objects are established respectively. It establishes semantic and localization
associations with spatial and channel dimensions and adaptively adjusts weight coefficients of regions of
interest at different scales. The detector can quickly focus on pedestrian objects in the feature extraction
process and effectively improve pedestrian detection performance in a complex environment. The ablation
experiment proves that the proposed cross—scale feature aggregation module can effectively fuse the
features of different scales and improve the pedestrian object detection performance in multi-scale and
partially occlusion regions. The constructed hierarchical attention mapping module can enhance the salience
of pedestrian objects in the complex background and solve the missed and false detection caused by the lack
of feature expressive ability of pedestrian objects in the complex environment. Finally, in order to verify the
effectiveness of the proposed algorithm, three infrared pedestrian detection datasets were selected from the
OTCBVS common benchmark database for testing. The selected test set covers a variety of complex
detection environments, including multi-scale pedestrian objects, highlighted pseudo-objects, fuzzy
scenes, etc. The selected experimental scene covers the real pedestrian detection scene well, which can
well demonstrate the detection effect of the algorithm in the real scene. In order to verify the advantages of
the proposed algorithm, four mainstream object detection algorithms are selected and compared with the
proposed algorithm from subjective evaluation and objective evaluation indexes respectively. Experimental
results demonstrate that the proposed algorithm has obvious advantages over the contrast algorithm in both
subjective and objective evaluation. A large number of experimental results also show that the algorithm
can achieve accurate detection of infrared multi—scale pedestrians in a complex environment, with an
average accuracy of 95.37% and recall rate of 92.99%.

Key words: Infrared pedestrian detection; Multi-scale; Focus module; Spatial pyramid; Attention
mechanism
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