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Abstract: In order to improve the target detection ability of CenterNet Ancor-free target detection network, an improved CenterNet target
detection network based on attention feature fusion and multi-scale feature extraction network was proposed. Firstly, in order to improve
the expression ability of the network for multi-scale targets, an adaptive multi-scale feature extraction network was designed. The feature
map is resampled by cavity convolution to obtain multi-scale feature information, and the fusion was carried out on the spatial dimension.
Secondly, in order to better integrate semantic and scale inconsistent features, a feature fusion module based on channel local attention
was proposed. the fusion weight between shallow features and deep features was adaptively learned, and the key feature information of
different perceptual domains was retained. Finally, the algorithm was verified on VOC 2007 test set. The experimental results showed
that the detection accuracy of the final algorithm reaches 80. 94% , which was 3. 82% higher than the baseline algorithm CenterNet, and
effectively improves the final performance of the Ancor-free target detection algorithm.
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Fig. 2 Adaptive multi-scale feature extraction network ( AMSF)
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Fig.3 Conventional feature fusion method
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Table 1 Training and test data statistics of VOC 2007
and VOC 2012 in target detection mission

Trainval Test
Dataset
Images Objects Images Objects
VOC2007 5011 12 608 4952 12 032
VOC2012 11 540 27 450 0 0
Total 16 551 40 058 4952 12 032
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Table 2 Experimental parameter setting

B Ik R PER e
0~50 8 0.001 0.94
50~ 100 4 0. 000 1 0.94
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RAE VOC 2007 _LA3FIAY mAP 45
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Table 3 mAP comparison of different
algorithms on VOC 2007

RN Backbone mAP/% FPS
Faster R-CNN!%! ResNet-101 76. 4 2.4
SsD300[2¢) VGG-16 74.3 46
CenterNet ResNet-50 77. 1 111
CenterNet!”! ResNet-101 78.7 30
CenterNet”! DLA34 80.7 33
YOLO!?") Darknet 63.4 45
YOLOv2!?! DarNet53 78.6 40
FCOS®! ResNet-50 78.7 -
SCHk[29] ResNet-50 75.9 -
SCHK[30] VGG-16 78.9 59
Ours ResNet-50 80.9 88
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Table 4 Comparison of results of

multi-scale feature method

ik PSP ASPP! %] AMSF

mAP/ % 79. 06 79. 14 79. 56
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Table 5 Comparison of Feature Fusion Methods

WiRS Add CLAFF
mAP/% 78. 85 77.89 79.76
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Table 6 Comparison of ablation experiments
on PASCAL VOC2007 dataset

Jr ik AMSF CLAFF mAP/ %
CenterNet X X 77.12
Experiment 1 Vv x 79. 56
Experiment 2 x V 79. 84
Experiment 3 vV vV 80. 94
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Fig. 6 Test results on VOC datasets
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Table 7 Average precision comparison of 20 target classes

Category CenterNet  Experiment 1 Experiment 2 Experiment 3
Aeroplane 84. 60 89.52 89.02 90. 22
Bicycle 85.69 86.91 88.28 87.78
bird 76. 83 77. 14 78.79 79. 96
boat 66. 86 72.02 71.15 73. 64
bottle 59.98 60. 87 62.74 62. 66
bus 85.35 89.24 87.39 87. 14
car 87.99 89.54 89.50 90. 09
cat 88.27 89.98 89.31 88.96
chair 62.08 61.25 61.97 63. 04
cow 81.49 81.56 86. 44 88.92
diningtable 67.90 71.26 70. 65 71.09
dog 80. 62 84. 06 84.23 85.24
horse 87.01 90. 39 89. 60 90. 43
motorbike 86.77 88.51 86.91 88.41
person 84.11 84.74 84. 81 84. 66
pottedplant 39. 14 44.29 48.48 53.48
sheep 78. 89 84.70 84.17 82.96
sofa 75.95 78.20 71.75 80. 06
train 84.04 87.06 84.51 87.65
tvmonitor 78.78 80. 04 81. 00 82. 46
mAP/ % 77.12 79. 56 79. 84 80. 94
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