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FEE O 1R A A G T B ARG I A A IR R A8 A R R, AR SCHR M T — AP BT YOLOVS SUH Y B ARK I 77 k.
51 A GIOU Loss, Al i 5 IOU Joik BN IR E &5 A 8 TR EEEMNE M EHZE K YOLOVS
iy 3 AR ZE TRy 3 B AR HL, IT 45 & Max Pooling Jil 5 % 4 ¥ H2 e 22 A1 A R AF 4% 3 . B 07 & TOU AR 45 1 %2
F R R BT T A A S L 00 T SR TR TAREM B N SRS s A I TR TR OTIR R RO . LIRSS
RFW B GDT-YOLOV3 535 5 54 (9 50 240 b, 018 2 78 7 20 0 J2& 52 2% 38 3 3 55 P BB A 00 75 9 A il s 2R A
SCHTAR B S T 3K e ME A S Gk 92,77 %0 LR IKF 25.3 /s, FEARE B T SURME . DR AMAE R TIORE B L ek Y
GDT-YOLOV3 HEZEN T SSD512. YOLOV2 5 YOLOVS 4,

X & iF.8ibnl; ARAZEM%; YOLOVS3; %F4£ 4 4# M % ; K-means

FE4%EE . TP394.1; TH691.9 SCERFRIRAD : A doi:10.37188/YJYXS20203508.0852

Improved algorithm of GDT-YOLOV3 image target detection
TANG Yue, WU Ge* , PIAO Yan

(School of Electronics and Information Engineering » Changchun University of

Science and Technology ., Changchun 130022, China)

Abstract: In order to solve the problems of low accuracy and slow speed of target detection in video
images, an improved YOLOV3-based object detection method is proposed. By introducing GIOU
Loss, the non-overlapping part problem that the original IOU cannot directly optimize can be solved.
After drawing on the idea of densely connected networks, the three residual blocks in YOLOV3 are
replaced with three dense blocks, and the denseness is combined with Max Pooling to strengthen the
denseness. After transferring the features between the connected blocks, and replacing the IOU and
the original network to detect the connection structure, a new network structure is designed. The
number of parameters is reduced, the feature reuse and fusion are enhanced, and the effect is better
than the original method. The experimental results show that comparing with the original algorithm,
the improved GDT-YOLOV3 algorithm has excellent results in both simple and complex traffic sce-
narios. The average detection accuracy of the algorithm proposed in this paper is up to 92.77%, and
the speed has reached 25.3 {/s, which basically meets the real-time performance. In addition, in terms

of detection accuracy, the improved GDT-YOLOV3 performs better than SSD512, YOLOV2, and
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Tab.3 Comparison of the accuracy of different detection models

R RUHE BE / Y%
LAY FPS
car people motorbike bus truck MAP
SSD512 87.89 85.52 75.22 80.92 78.2 81.55 19.2
YOLOV2 93.65 92.35 79.26 83.78 81.68 86.2 29.3
YOLOV3 95.21 93.15 86.15 86.52 87.31 90.66 28.1
GDT-YOLOV3 96.33 96.98 92.21 89.58 89.72 92.77 25.3

(a) Ji B4

(a) original image

(b)SSD512 M 2%
(b) SSD512 network
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simple traffic situation
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Fig.7 Comparison results of experimental tests in

complex traffic situations

Zeak A5 SSD512 N 45 15 K 45 A Bl
6 2604 AT NIRKEAHOH 7 468 A4, ML B IR KA
12 811 4, AN ILR B RK A ECR 9 864 4, R &
TRBEAECH 11 270 4~ YOLOV2 [P 28 25 45 1% K 4
WAECH 3 282 A AT NIRKEAECH 3 955 4>, Hi g

() J B4

(a) Original image



558 4 =3

B2 B HERY GDT-YOLOV3 H 7 # 4 gk 859

HARFEAEL 10 567 A, AR ERKE D EN 8 358
A REREABCH 9 471 5 YOLOVS M55 4
FMBNECH 2 476 47 NRIRE D40 3 541, H
BIERK AN 7 160 4, AR E R A BN
6 9691 . KRR AE N 6 653 4~ GDT-YOLOV3
W 28156 230 (0 KA 1 897, 4T AR KGN B
2 078 LB R IRKGE A KON 4 027 A~ ARG IRKE
AN 5 378 A R IR AN 5 315 4. SR
I gk Fn] 0, AR SCEE ) GDT-YOLOVS 6 %4 2R
Hhf, 5 SSD512 A L 4 SIAE A0 AT N BB 4 A
PR 5 R0 S 26 0 K6 0 A R 4 R T T 8,44 %
10.46%0,16.99%.8.66 % .11.52% ;5 YOLOV2 #f
FCAE 4 AT N VL B4 A JEYR R AR ZE A R o
B o B T+ T 2.68%.3.63%.6.06%.5.8% .
8.06% ;5 YOLOV3 A FL7E 440 AT N (BN

IR R R R I E R T 1 12%.

2.83%.6.06%.3.06% ,2.4 % , K0 53 B3t e T oK,
2 &£ X Hk:
(1] iM% . RAl, B, 5 ERHA0E

6 % i

AR FK FH K-means B 2 B9 6 H br 4
HE, BL YOLOV3 5k y B i, AR 40 R & %l 4R
(R A 0 R AT T Bk k. A S T — A
e #F B GDT-YOLOV3 M %, 3f 4> %1 %
SSD512, YOLOV2 K YOLOV3 1 gk i )
GDT-YOLOV3 M 28 #4711 2 5 Wik, 55 55 2%
REW, AT WK EE SSD512,
YOLOV2, YOLOV3 M 4 % # & 7T
11.22%.6.57% .2.11% , Al LA X} 22 38 3 5 F
AR SE R B Ar A 5w Bk 3, 32 AR
RUXS T 5 2% (9 52 38 3 st 5 & 1Y iz 3 B bRk
200 SR AN 2 R A 7E R ok 23 0% B3R ] REAE
5T 1

B S AR 7 e [] ] B AR 2 548 % ,2017,11(1) - 134-143.

LIUB Y. CHENG J] R, TANG X Y, et al. Moving vehicles recognition in complex dynamic environment [ ]].
Journal of Frontiers of Com puter Science & Technology s 2017, 11(1): 134-143. (in Chinese)

[2] LIH, FUK, YAN M L, er al. Vehicle detection in remote sensing images using denoizing-based convolutional
neural networks [J]. Remote Sensing Letters, 2017, 8(3): 262-270.

(3] ZFM, sk, ki, F. GRIERTHMUNMEBAARNEALI] #EXF, 2019, 12(4): 853-865.
WU Y F, WANG Y J, SUN H J, er al. LSS-target detection in complex sky backgrounds [J]. Chinese Optics,

2019, 12(4): 853-865. (in Chinese)
(4] &, &9, KAtk F. BIrEREHALA

[J]. # B &%, 2014, 7(3): 365-375.

GAO W, ZHU M, HE B G,et al. Overview of target tracking technology [ J]. Chinese Optics, 2014, 7(3):

365-375.

[5] RKE,EL, T, 5 FE BN T kgl

[J]. PEBAZAWFHK,2020, 25(4):629-654. (in Chinese)

ZHAO Y Q, RAO Y, DONG S P, er al. Survey on deep learning object detection [J]. Journal of Image and

Graphics, 2020, 25(4):629-654. (in Chinese)

(6] FX&.kab. kM. F. ZREMIEEMS O ERGNT] PR B Z2EHF£R.2019, 24(11):1918-1931.
JIANG W T, ZHANG C, ZHANG S C, er al. Multiscale feature map fusion algorithm for target detection [J].
Journal of Image and Graphics, 2019, 24(11):1918-1931. (in Chinese)

[7] & 8&2. B3 ARl ey ViBe 50k gk

. +EB AN

.,2018, 23(12):1813-1828.

YANG D, DAIF. Improved ViBe algorithm for detection of moving objects [J]. Journal of Image and Graphics ,

2018, 23(12):1813-1828. (in Chinese)
(8] Fok ol AT i Zuesr. %

LT E W HAR I E R kS5 25,2019,34(8) :825-833.

DONG X X, HE X H, WU X H, et al. Object detection algorithm based on attention mask fusion [J]. Chinese

Journal of Liquid Crystals and Displays, 2019, 34(8):

825-833. (in Chinese)

(91 B %, & B4 YOLOV3 BRfr AR i s L) ]+ s 2425 & A ,2019,55(20) :128-133.
GE W, SHI Z W. Application of improved YoLLOV3 algorithm in pedestrian identification [ J]. Com puter Engineer-
ing and Applications, 2019, 55(20): 128-133. (in Chinese)



860 T TESRTN 4 35 %

[10] R4, RELEEFIETRES 001N B Arfai[J].4& % 5 27,2018,33(9):793-800.

LIANG H. SONG Y L. QIAN F. et al. Detection of small target in aerial photography based on deep learning
[J]. Chinese Journal of Liquid Crystals and Displays, 2018, 33(9): 793-800. (in Chinese)

(111 F=m ok %, 2R LT YOLOvV3 (1 [ g2 3l big g B AR K[ ]. 4+ AL 42 55 3231 .2019.40(4) : 1139-1144.
LIY P, HOU L Y, WANG C. Moving objects detection in automatic driving based on YOLOv3 [J]. Com puter
Engineering and Design, 2019, 40(4): 1139-1144. (in Chinese)

[12] REDMON J. DIVVALA S, GIRSHICK R. et al. You only look once: unified, real-time object detection [C]//
Proceedings of 2016 IEEE Conference on Computer Vision and Pattern Recognition. Las Vegas: IEEE, 2016:
779-788.

[13] REDMON J, FARHADI A. YOLO9000: better, faster, stronger [C]//Proceedings of 2017 IEEE Conference on
Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017 6517-6525.

[14] DAIJF, LIY, HE K M, et al. R-FCN: object detection via region-based fully convolutional networks [C]//Pro-
ceedings of the 30th International Conference on Neural Information Processing Systems. Barcelona: ACM, 2016
379-387.

[15] HUANG G, LIU Z, VAN DER MAATEN L, ez al. Densely connected convolutional networks [C]//Proceedings
of 2017 TEEE Conference on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017 2261-2269.

[16] HE K M, ZHANG X Y, REN S Q. ez al. Deep residual learning for image recognition [ C]//Proceedings of 2016
IEEE Conference on Computer Vision and Pattern Recognition. Las Vegas: IEEE, 2016. 770-778.

EZ R A -

BE OB (1994 —) . L. kR AR L R XA9T4—) JHLERKEANHE
= +:,2020 4F T K F B T K% 3K 4500+ LRI 2010 TR TR AR

~r L, BTN S A S Sy

M, FENFEEEERNSEE
A B T B BF 5T . E-mail: 651837271
@qq.com

H B B 5%, E-mail: tangyue0103 @
163.com




