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Improved YOLOvV3 Algorithm and Its Application in Military Target Detection

YU Bowen, LU Ming
(School of Automation, Nanjing University of Science and Technology, Nanjing 210094, Jiangsu, China)

Abstract. Military target detection in a complex environment is the basis and key to improving battlefield
situation generation and analysis capability. For the military target detection tasks, the detection
performance of traditional detection algorithms in complex environment is low. A military target detection
algorithm based on improved YOLOv3 algorithm is proposed to automatically detect the military targets in
complex environment through deep learning. A military target image dataset is constructed to provide a
testing environment for various target detection algorithms. The detection accuracy and speed of
deformable target are improved by introducing the deformable convolutional improved ResNet50-D
residual network as feature extraction network. In the stage of feature fusion, a dual-attention mechanism
and feature reconstruction module are introduced to enhance the characterization ability of target features,
suppress the interference, and improve the detection accuracy. The loss function of target detector is
redesigned by using DIOU Loss functions and Focal Loss to funther improve the detection accuracy of
military targets. The experimental results show that the improved YOLOv3 algorithm improves the average

detection accuracy by 2.98% and the detection speed by 8.6 frames/s compared with the original
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YOLOvV3 algorithm. The improved YOLOv3 algorithm has better detection performance and can provide

effective auxiliary technical support for battlefield situation generation and analysis.
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Fig.1 Examples of partial images of dataset
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Fig.2 Distribution chart of various target scales in the dataset
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Fig.3 Comparison chart of main target scale distribution
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Fig.4 Framework of YOLOv3-DAR target detection algorithm
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Fig. 6 Process of adaptive feature fusion
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Fig.7 Process of detection feature reconstruction
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Tab.3 Recognition effects of YOLOv3 and YOLOv3-DAR

algorithms

5= YOLOvV3-DAR® 3

3
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—

%4 YOLOv3-DAR Al 4 5030 25 R
Tab.4 Experimental results of YOLOv3-DAR model

decomposition

R FPS/
TR Bt S mAP/% :
('Fﬁi's' )
A DarkNe53 YOLOv3 75.35 26.1
B ResNet50-d + DCN YOLOv3 75.57 37.8
C FER B+ R S AL 77.10 35.5
D FER G+ FFAE A 77.56 34.7
8 D + DIOU $ 46 pRi %% +
E ] 77.85 34.7
Focal 517 pRi%K
F A F + 22 ROBE I 25 78.33 34.7

W 4 Fros B8 A IR IR YOLOV3 FEA 46
B 5] A ResNet50-d + DCN 4 1iF $12 HU W) 4% %)
YOLOv3 #8154 C D E F 7352 7EA 8 B 1y 5k
it b33 3G OB AL RRIE S AT G S
(A PR 22 ROBE DI S, T TR0 25 etk S i i
— Ui,

FEFY A—AEE R B A ] AT E A28 4 B I ) Res-
Net50-d 5% 22 R 25 46 YOLOv3 #5811 DarkNetS3

WZ8AE AR AR S B 2% . ResNet50-d 1 9 £% 2 4
ANFARE T DarkNet53 /NYTRZ | 7E ResNet50-d [
Ferl L5 AT I AR B A, 8 5 TR AR Y X A
HARARIEE | HAREE RS I8 A8 K RO AR AR
AL IEEE Ty, {8 A5 A DA 8 5L A PR A A ) R R A
T R K B, S 45 SR SR WY, A X T R R
YOLOv3 5 7 A A6 I 25 5 mAP #2551 0. 22% , FPS
PR T 1L 7 Wi/, AR = T R PR RE

R B RY C FERRAE RS B BE B A RGE B
FIE AL, 38 1 A LR 2 R AE 2 ] A B RS i
FRBEAY AT LT 0 G 747 B, it d R S8 B RRAE, [l
Jo7 AT e R 2R 6 AG I 25 SR i sg i, s T H bR
R IARAE A RAERE J1, 15 mAP M 75. 57% 42 = )
77. 10% 5 RF W5 ATE R LHI AT LA R
WG RE

REFY C— B D RRAE K 242 5 R )
FRIERL G 7 — R & B PURHIE Z B i 15 B A% 38
AN [ 2 A G 0 45 i 22 i) AT LA b 7 | A 3
58, M6 75 28] R ARG DR R AF LA T 1) Rk RE
4 mAP M 77. 10% #2555 77. 56 %

B DA E . 25 BB 2 YOLOV3 A5 (1) 43
I BRBOR B = IS TR P RS M A8 et 2 R B X
XF Ui 2 7= A 5 ) TG AN 2 B AR 2 52 i ) 445 1) 4
PERFE], A SCHEE 5] A DIOU 12k BR%L Focal 512k
PR BT B0 PR, i — 2D 4 5 1 A T ASE A Y
FE A A4y 2R T, FE K DU HE 0 3 19 i R g A
DIOU-NMS fiif5 8| () 25 ST 21 AR, A 45 21
mAP M 77. 56% & 5] 77. 85% .,

R B F L AR 10 B ACBEHL I B —Fh
RUEE #4725 25, 46 22 ROE I 254 YOLOV3-
DAR U 45 1Y mAP $2 55 T 0. 48% , ixX A 7] LAffi
RG] D) 265 P65 o 1 e, 1 S T ) 8% 1T L A BEAS
A o BER 0 B R EA

[, 8 T 32 B n B AR B T X a) 1k
EEE WAL i[Ok B IR e =RP 0 W N & Yl e
FE R | L Faster RCNN 3055 R-FCN 5 fiAC
SCER AT T L Sy, JH v % B 1 X A A ] £ Ry
TEPEEUM 4 Kl 25 Rk 5 PR

FE S AR 2 S RT LU Y SR T R
A FEURT DA A58 o A 7Ry A KRG 2 T ) B ol P
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Tab.5 Impact of improvement strategies on mAP
; . FHE  mAP/  FPS/
LioAUIIKERES FFIEERIR M, .
Rl % (Wi-s)
ResNet50-d X 74.32 5.1
Faster RCNN ResNet50-d + DCN % 75.41 4.4

ResNet50-d + DCN V' 77.86 3.6

ResNet50-d x  74.87  12.6
R-FCN ResNet50-d +DCN x  76.21 1.2
ResNet50-d + DCN V' 78.11 9.3
ResNet50-d x 74.18  38.6
ENS R RS
ResNet50-d +DCN x  75.57  37.8
(5r¥E 544 x 544)

ResNet50-d + DCN V' 77.85  34.7

e x FORAAT FHFHERL A P4,V (R R A 44

3.3 PASCAL VOC ##E&E R

B T IEA SR R B 4R e T SR A iR TE
RS PASCAL VOC 2007 2012 | k4T T A
XTLCSESS TR I, Fr A Bk 258 Tensor-
flow2. O S LAl @AY | AN EA BRI 25 100 4~
Epochs, 7EIZRid 8 H R FSCHR [ 21 ] 9 IIZR5Fm
HEETE PASCAL VOC2007 MK AE | 46 i 45
= 6 fins,

#% 6 7 PASCAL VOC 2007 Il i% % E#y 4R
Tab.6 Experimental results of PASCAL VOC 2007 dataset

s e e mAP/  FPS/
INETE BASPER  RHERIR L )

% (Wi-s™h)
YOLO 448 x 448 66.40  20.0

YOLOv2 544 x 544 DarkNet19 78. 62 40.0

Faster RCNN ResNet101 + FPN  81. 37 4.3
R-FCN ResNet101 + DCN  82. 54 8.0

YOLOv3 544 x 544 Darknet53 79. 56 26.7
YOLOv3-DAR 416 x416 ResNet50-d + DCN 82. 58 43.5

YOLOv3-DAR 544 x 544 ResNet50-d + DCN 83.32 35.6

IR 6 (SIS e AT LU AR SO 2 8 1 55
PR IPE BE AR A T HAAR IR AR, Mk A 3
ol 544 x 544 BF, YOLOv3-DAR ¥ 4H X T Jit
YOLOv3 B 7%, mAP 2% T 3.76% , FPS &/ T
8.9, KK FE FHH BE A — s B9, 4 YOLOV3-
DAR ,YOLOv3 B3k A% A 53 B4 310 416 x 416
544 x 544 B}, YOLOv3-DAR B 3% A% F L YOLOv3
B mAP #2157 3.02% ,FPS 33 T 43.5, Al LIE
i YOLOv3-DAR B iE X F YOLOv3 Bk HA W
R T IRYERE . 27 FUT IR o] DIGIE AR SO 4

A9 YOLOv3-DAR #6545 Y ELAT 45 4 A 4G 4 BE
4 it

AR SCNSE M 5% 37 A5 A A BURR AT 1) DG [ 4
FHHEARMIRS S E N &, B X 2 iR PR T 4
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o DU DI 25 B0 40 4, B — R L TS B 4 W 4%
YOLOv3-DAR Y425 Hpntaill Jr ik, 152|DITF £ %
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