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Abstract To improve the detection speed of the YOLOv3-CS algorithm for remote sensing image target detection, an
adaptive sparse factor adjustment algorithm based on the y parameter of the Batch Normalization (BN) layer is proposed.
YOLOv3-CS was pruned to obtain YOLOv3-CSP using y as the basis for determining the channel importance. The
experimental results show that the proposed pruning method reduces the model size by 95.92% , while increasing the
detection speed by 173% , when the mean Average Precision (mAP) loss of YOLOv3-CS is 0.22%. The YOLOv3-CSP

can be applied to certain occasions requiring high detection accuracy and real-time performance.
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Darknet-53 without FC layer

Type Filters Size  Output

Convolutional 32 3x3  416x416

Convolutional 64  3x32 208x208

Convolutional 32 1x1
1x| Convolutional 64 3x3

Convolutional 256 3x3/2 52x52
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Convolutional 128  3x32 104x104
Convolutional 64 1x1

4x| Convolutional 128 3x3 I:

Residual 104x104

Residual 52x52

Convolutional 512 3x32  26x26
Convolutional 256 1x1
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Fig. 1 Structure diagram of YOLOvV3-CS
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Fig. 2 Schematic diagram of channel pruning
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Algorithm 1 Adaptive adjustment of sparsity factor: A

set:the group number of parameter y is K, the sparsity factor
is A, the number of iterations is epochs
Begin
While epoch << epochs do
While £ << K do
11 80% of a parameter in Group K is 0O
The sparsity factor of this group is
A,=AX0.01
End
End
End
End
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Fig. 7 Change curve of mAP and sparse rendering after constant y sparse training. (a) 2= 0.001; (b) A= 0.005; (¢) A= 0.007
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Fig. 9 Change curve of model mAP after channel pruning
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Table 1 Channel pruning results
Name Size /MB  Number of parameters /MB  GFLOPS mAP@0.5 F1 FPS
YOLOv3-CS 215.5 51.2 65.6 0.903 0.899 78
YOLOV3-CS (sparse train) 215.5 51.2 65.6 0. 906 0.876 78
YOLOV3-CS-CP (pruning rate) 10.8 2.68 14 0. 896 0.873 147

YOLOvV3-CS-CP (fine-tuned after layer pruned) 10. 8

2.68 14 0.902 0.875 147
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Fig. 12 Comparison of channel numbers before and after channel pruning. (a) Channel number comparison of backbone before and

after channel pruning; (b) channel number comparison before and after channel pruning besides backbone
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Table. 2 Layer pruning results
Name Size /MB  Number of parameters /MB  GFLOPS mAP@0.5  Fl1 FPS
YOLOv3-CS-LP (layer pruned) 115.7 28.91 40.7 0.649 0.575 108

YOLOv3-CS-LP (fine-tuned after layer pruned) — 115.7

28.91 40.7 0.902 0.855 108
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Dt 38 38 Y R R A e 2 B A 3, R Y Se i B kL P2
FAL Y 7 X YOLOvV3-CS BEATIR & 37 K, IR & 5 A%
5 3] 1) BY B BB 45 44 1 YOLOV3-CSP, 7E1R & B k%
o, B I BT R R O 85%, 2 35 A B B Residual
block ™%t A 14, 3 3 W H & T Fr #8289 &L 7 3 L SCilik
[25] A SCRik [ 24189 B 7 2 %F YOLOv3-CS ) 5 A% 2%
o IWERPATLIE W, BT 89 A %% YOLOv3-CS

5 A% S5 45 B B9 YOLOv3-CSP A5 5 5 2R 5 A fif Y A5 75
A, mAP#2: 0.22% , F1 Z 5088 hm 1. 119, i 45 754
K/ANBEAR T 95.92% , Z 80 FEA% 94. 51% , GFLOPS
MR T 82.32% , FPS # /i1 173% . YOLOv3-CSP 7
R /N AR RDRS BE A1 FPS 3448 T SCHk [ 25 ] F0 STk
(24 BY BT A B AL . 1 T YOLOV3-CS 7
YOLOv3 i Al 38 17 P> 104 X 104 ¢ 4iE X 1 79
Residual block, 17 i 8 57 &% % 8% % 6 £ )2 09 18 18 57

B2 R BUZ (3 38 By A A BT AT 5 A

3 RS SR [ 25 R SCHR [ 24 199 87 % YOLOV3-CS By B A o 52
Table 3 Comparison of proposed pruning method, literature [25], and literature [24] pruning methods on YOLOv3-CS

Name Size /MB  Number of parameters /MB ~ GFLOPS mAP@O0. 5 F1l FPS

YOLOv3-CS 215.5 51.23 65.6 0.903 0.899 78
YOLOV3-CS (70% pruning rate)"*” 12.7 2.97 8.7 0.896 0.875 111
YOLOvV3-CS (90% pruning rate) " 28.3 6.67 8.2 0.899 0. 885 122
YOLOv3-CSP 8.8 2.18 11.6 0.901 0. 889 213

F A PR T P B 9T A 5 vk (Il T8 9T AR O 8504, BRI YOLOV3 B A 45 2R . Nl I
Residual block B &% 14) \SCHR[ 25 ] F1 3CHk [ 24 ] H1 T B2 B AS 5 vk A B A R TR AN 8 S TR RN A T R

F4 TR BAETT B SCHR[ 25 ] R SCHR [ 24 ]8T BT5 240 YOLOV3 (9 39 A% L 4%
Table 4 Comparison of proposed pruning method, literature [25], and literature [24] pruning methods on YOLOv3

Name Size /MB  Number of parameters /MB ~ GFLOPS  mAP@O0. 5 F1 FPS

YOLOV3 246.5 61.63 65.7 0.848 0.825 85

YOLOV3 (70% pruning rate)"™” 14.5 3.58 8.8 0. 834 0.789 121
YOLOV3 (90% pruning rate)"" 31.2 8.01 8.3 0.842 0.819 141
YOLOV3 (our) 10.1 2.62 11.6 0. 846 0.824 224
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B WS FPS, #8968 F SCiik[ 25 1 RSCik[ 24 17 2 85 B 15
P BLIY . AE mAP K 0. 24% WIS BT, BT 48 87 KL
J7 AT LI YOLOv3 By AR B K /N SE B 95. 90 %6 JR 4
HFPSH#&E T 169.51%.

FO T~ B YOLOR BRI K. 5
* M % & 1k backbone (MobileNetV 3 il GhostNet*")
1 YOLOv3 L K& SlimYOLOv3-SPP3-90"' A It ,
YOLOvV3-CSP AN A K/ BERURS B I8 2 FPS,
FRAT AR F, PR mT DUAE 38 22 A 0 37 55 b AdE
5 YOLOv3-tiny il YOLOv4-tiny 41 [, YOLOv3-CSP

i) FPS B 4R % L, H & mAP b YOLOv4-tiny /&
3.68% , B B K /N b YOLOv3-tiny 1% 73.57% ; T
GFLOPS [t YOLOv3-tiny & — ¢ I, § %%
YOLOv3-CSP # FPS ik T YOLOv3-tiny, 5 YOLO-
fastest #H b, B SR 455 A0 /N f FPS % A fE 85, (0 &
YOLOv3-CSP B mAP & 31. 15% ; 5 YOLO-fastest-x1
A, YOLOvV3-CSP Ay A6 i 3 B2 &5 4. 41% , mAP &
25.14% ., ¥z ,YOLOv3-CSP 7 FPS 145 i K B I
R T G S, RT LA TR ORS B R FPS ok
e,

#5 RE LB IR
Table 5 Lightweight model comparison

Name Size /MB  Number of parameters /MB GFLOPS mAP@O0. 5 F1l FPS
MobileNet-YOLOv3 95.6 23.82 14.5 0. 867 0.836 116
GhostNet-YOLOv3 94. 2 23.51 14.1 0.861 0.828 133

SlimYOLOv3-SPP3-90"" 32.4 8.02 9.97 0.892 0.871 133
YOLOv3-tiny 33.3 8.67 5.5 0.843 0.858 322
YOLOv4-tiny 24.4 6.07 13.2 0. 869 0.861 243
YOLO-fastest 1.4 0.29 0.8 0. 687 0. 660 313

YOLO-fastest-xl 3.6 0.84 2.3 0.720 0. 637 204
YOLOv3-CSP 8.8 2.18 11.6 0.901 0. 889 213
4 . and Machine Intelligence, 2015, 37(9): 1904-1916.
6 % [« [3] Girshick R. Fast R-CNN[C]/2015 IEEE International
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