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YOLOV3 FUSION PRUNING BASED ON REMOTE SENSING IMAGE
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Abstract In order to enable the YOLOv3 algorithm to perform real-time target detection on remote sensing
equipment, model compression is a common solution. According to the characteristics of the loss of accuracy after the
model is compressed, this paper added the attention mechanism algorithm to the model and trained the model. On this
basis, we proposed a channel pruning method based on the fusion of the convolutional layer and the BatchNormal layer.
Channel pruning was performed on YOLOv3, and we obtained the compressed YOLOvV3 target detection model. After
fine-tuning the pruned model, the accuracy of the model was restored. The experimental results show that the method of
pruning after fusion in this paper reduces the size of the YOLOv3 model by 94.93% and increases the detection speed by
150.6% with only 0. 6% mAP loss. The experiment proves that the model can be applied to real-time performance
remote sensing image target detection with higher and higher detection accuracy, and suitable for remote sensing

equipment with small storage space.
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YOLOv4 245.8 6.97x10"  0.898 71
YOLOv4-tiny 29.60 7.21x10° 0.850 233
YOLOW-RIS-CBAMP 1, ge 3 35 %100 0.876 208

(A30)

LA ER 4 S5 R AT S Y ZRAN R B R AR
PRUE 18 JB% B4 T 75 MERf 32 5 SCET PRIk I A 2R B R
$&T : YOLOv3 | YOLOv4 Ji AR TR 28808 K it
AR, AR mAP 85 {H FPS KA, SEAAS BB 12 128
TR RGP 1 R s, AR SCHR HH 9 YOLOV3-Resnet18-
CBAMP #E7UAH Lb T J5 A5 U 7 45 J7 A5 2 AT B R
. 5 YOLOv3-SPP , YOLOv3-tiny , YOLOv4-tiny 58 YOLO
RINM B PRI L, YOLOV3-SPP 7545 2 & FPS
ERKALT YOLOV3-Resnet18-CBAMP, 4k YOLOv3-
Resnet18-CBAMP #:3# & FPS [, YOLOv3-tiny , YOLOv3-
SPP i, {H2 YOLOv3-Resnet18-CBAMP FEFEHI{AFH |14
SR YOLO R4 i B RN, LA KA E mAP
. YOLOv3-tiny & 0. 043, [t YOLOv4-tiny & 0. 026,
ASCHR T YOLOV3 Bk 7 58, TERCRURE B R

UE T AR e bl 2 R SRR AR S I Y A A, O
AP RS A 0 A R O D R T SRR
RSO | 52 PR R A, O ELRB B T X0 0 B2 5
R SR e 1) R SR A I v

1 TR R R 2 O iR A, iR A B iR
JIRAXF /N T ELAF S (AN AR i e Y
YOLOv3-Resnet18-CBAM i1 25 R #4555 A8l 1F 23 2 X 75
KA 9 FrRs , A SCEROHE R e 5 P SR i, DA
I SR P 3 i A 4 |

P9 U RO A SCHURA I
3 & &

FURT, BECFAT AN BT HE D, i TR 3 7 ~) BEAS T 22 i A
FRVE N TSR, 1B IR Y K R SR BE 2 2T AN
Wiitk2b . ik YOLOV3 Y, b HAE 2 Backbone,
AR SCAERNIGE T 4 455 R0 I A0 BE LR AT 4R 1, S8 A
TSI BB, SRS BETEAS B i St F 48w, JF ok
Frfle Conv 1 BatchNormal JZ2 )5 #E47 B AL, 12 FFREK
FA IR IEEAE A UCAS-AOD | EAT S8 UE R, A 3C
P2 H A9 YOLOv3-Resnet1 8-CBAMP H Frfs M AR Y | 5 4k
TERZHERE FALT YOLOV3 Ji A58 A1, {H J2 7 45 M K
JE 15 SRR T AT SR I 25 BE 5 RV ZE A INORG i B
F YOLOv3-tiny 5 YOLOv4-tiny, {H /& YOLOvV3-tiny 5
YOLOv4-tiny Jeii FRERY, B 454y b 54300 UCAS-
AOD %5 45 4 39 A5 J5 14 B i BB FE 45 0 | 22 57 K,
YOLOv3-Resnet18-CBAMP 7£ 7 5315 |5 T YOLOv3-
tiny, Z5 PR A0 YOLOVA -tiny , S807E 4 B B |- A
SOX B B AN W U b R R, AR
SCHFETE R LR S AR R B A5 1A 3 228 S 4 5k
JER ORI, 20 Z Wy s SRR, A BE S
YOLOv3-Resnet18 A 13 & I ALHIBEY, fELLE Y
WEFE AT LARI FH B 19 YOLOVS 5 ik i — Ak
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