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Tiny YOLOv3 Target Detection Algorithm Based on Region Activation Strategy
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Abstract Aiming at the problem of low detection accuracy of Tiny YOLOv3 model,a method to introduce segmentation informa-
tion into deep convolutional neural network structure is proposed. During the model training,the real position information of the
target is added to the network layer,and these target areas are manually activated. The size of the excitation gradually decreases
as the training proceeds until it drops to zero. The test results show that on the VOC2007 data set,the average accuracy of the
improved Tiny YOLOv3 model is increased to 58. 9% .and the detection speed is consistent with the original model to meet the

needs of real-time detection.
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Table 1 Single layer activation effect
Method(A=2) Stage mAP/ %

Tiny YOLOv3(512) — 57.1
Tiny YOLOv3+(512) Stage 6 42.1
Tiny YOLOv3+(512) Stage 8 40.0
Tiny YOLOv3+(512) Stage 12 19.5
Tiny YOLOv3+(512) Stage 18 57.4
Tiny YOLOv3+(512) Stage 19 57.1
Tiny YOLOv3+(512) Stage 20 57.2
Tiny YOLOv3+(512) Stage 21 57.5
Tiny YOLOv3=+(512) Stage 22 57.2
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Table 2 Multi-layer activation effect

Inference Speed per

Case Stage(A=2) mAP/ % .
image /ms
1 T AE 57.1 5.8
2 Stage 21 57.5 5.7
3 Stage 18+21 57.6 5.8
4 Stage 18+20+21 57.5 5.8
5 Stage 18+20+21+22 57.8 5.7
6 Stage 18+19+20+21+22 57.7 5.7
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Table 3 Comparison of Tiny YOLOv3

Stage Tiny Yolov3 Improved Tiny YOLOV3

1 Conv Conv
2 Maxpool Maxpool
3 Conv Conv
4 Maxpool Maxpool
5 Conv Conv
6 Maxpool Maxpool
7 Conv Conv
8 Maxpool Maxpool
9 Conv Conv
10 Maxpool Maxpool
11 Conv Conv
12 Maxpool Maxpool
13 Conv Conv
14 Conv Conv
15 Conv Conv
16 Conv Conv
17 Detection Detection
18 Route Route
19 Conv Activation
20 Upsample Conv
21 Route Upsample
22 Conv Activation
23 Conv Route
24 Detection Activation
25 — Conv
26 — Activation
27 — Conv
28 — Detection
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Table 4 A parameter setting
mAP/ %
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Table 5 Effects of different learning strategies

Strategy(A=3) mAP/ %
D) 58.0
2) 57.3
3) 57.9
4) 57.2
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Table 6 Channel compression method improvement

WM R4k mAP/ %
sk P 58.0
1x1 %4 58.9
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