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Vehicle detection algorithm based on improved YOLOV3

CHEN Wen—yu1’2’3’4, ZHAO Huai-ci*?°1, LIUPeng—fei172’3, FANG Jian'?3, SUN Hui'?3*4

(1. Key Laboratory of Opto-Electronic Information Processing, Chinese Academy of Sciences, Shenyang 110016, China;
2. Shenyang Institute of Automation, Chinese Academy of Sciences, Shenyang 110016, China; 3. Institutes for Robotics
and Intelligent Manufacturing, Chinese Academy of Sciences, Shenyang 110169, China; 4. University of Chinese
Academy of Sciences, Beijing 100049, China)

Abstract: Aiming at the problems of vehicle detection in the traffic scene such as a large number of small targets and
severe target occlusion, a single-stage target detection algorithm based on the improved YOLOV3 is proposed. Since
the small target only contains fewer pixels and features are not obvious, this algorithm builds a Soft-SPP structure based
on the idea of spatial pyramid pooling, which integrates multiple receptive fields and adopts soft-pooling operation to
retain details to the maximum extent and avoids information loss. The coordinate attention mechanism is introduced
to capture the remote dependence with accurate location information. and adjust the weight assigned to each channel
feature to make the network better learn important information. A loss function KIoU Loss based on key points and
aspect ratio is proposed as the boundary box loss function, which makes the boundary box regression more accurate. The
experimental results show that the mAP of the improved algorithm on the autopilot KITTI data set is 94.69 %, which is
4.13 % higher than that of the original YOLOV3 algorithm, and the detection speed is only reduced by 3.16 framees™*,
which significantly improves the detection accuracy while maintaining the detection speed.

Keywords: vehicle detection; deep learning; YOLOV3; coordinate attention; soft-SPP; KloU Loss
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#3 TEERNEESE R T
Jiik mAP /% ®=H /% FPS/(frame-s~ ') T /(frame-s~ 1)
Sk [22] 90.08 0.52 76.04 5331
ik [23] 93.06 1.25 28 —32.62
SCHR [24] 93.61 2.22 45.48 —6.42
ours 94.69 4.13 46.38 —3.16

N T BB AR SRR A RO, X AR SO
R BT A FH ) 3 A 2R O0E ELAS FE B R 0.5 IR L T 43
Sl L 2R A0 4 [ 2R, 5 BB ORTE SR 4 . 4l
AR S E AN YOLOV3 535 1 P-R X L il 28 4n &1 7 Fr
/8. AT AR, S AR ST e, 3 A 2 iR AE A 2 03 il

P T 2.12%. 741 % 2.86 %, A [A1 5 43 5 &

0.78 %~ 5.01 %+ 1.09 %, % B Soft-SPP 5 L R % 7 ¢
KFEFE AR AN RT3 TR AT R, 320 T 4
FER=F 8 R, AT H Al R [8] I, CA Module
RERSA e LA R B B BT R AR R, A BT
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o0 2 B YA E A7 AR T AN3E %, JC LA AE H AR AR
FRIRG 0 S A R0 G e, A SOk AR 32 A (] 4 2k
BRI £ KIoU Loss FI1EHI T, 0 44 RE% B8 RS #E 3 #8 4=
BRI B bR, AU T A BRI 7 RVAR
AR

R4 TRIEZERHEME EERIFEE

DS RE, Ferp /s H AR FR 0 PN T 32X 323 K I H

P,

*®5 EKITTIHRES LAY HRSE

o mAP FPS AP
s (%) (frame-s™ ") (%)
YOLOV3 90.56 49.54 52.36
+KITTI anchors 91.35 49.48 —
+Soft-SPP 92.29 48.32 -
+CA Module 93.42 47.36 —
+KIoU Loss 94.69 46.38 73.12

A it APo.5/% ARg 5%
YOLOV3 92.59 96.32
Car
ours 94.71 97.10
Van YOLOV3 86.10 91.61
ours 93.51 96.62
Truck YOLOV3 92.99 96.01
ours 95.85 97.10
1.0
0.8}
5
‘A 06 I
k)
S 047
~
02} — YoLOv3
ours
0

0 0.2 0.4 0.6 0.8 1.0
Recall
(a) CarZ&P-R ik
1.0 —

0.8F
0.6

Precision

0.4}

02 — YoLov3
ours

0 . . . .
0 02 04 06 08 1.0

Recall
(b) VanZEP-R £k

1.0
0.8F
0.6

Precision

0.4}

0.2 — YoLov3
ours

0 . . . .
0 02 04 06 08 1.0

Recall
(c) Truck Z&P-R ik

7 AEIZEHHIP-R L

A SCHRE H B 2R A R D AR S A 4 A e, A
56 F F AT 0, i A KITTT A5 42 3547 3 fh S 56, 76
YOLOvV3 53 (1) F ity =338 38 38 hin AN [) 1) 5ot g vk, 52
IS 4E AR SR, N T 3G IE A SCEEEN /N B bri
WA 5, TR FH coco PEAN FE A% B APgman 3 11E7E 8
E40.5 ~ 0.95 (1) X [A] A A SCRERT /IS B AR 1 2k

i 3% 5 A) 40, 4 K -means A= Al P g 308 A4 58 G
i KITTLEE 46 19 H b RSTFRAR, 22 R % YOLOV3
FOEHATATAT BN B B RS BEHR T T 0.79 %, £
HEJLF AL, Soft-SPP A HLE T 2 R Hit ik 44 =)
TRHIE S 2 RRHEEAT 1A G 1K T R ) Ik
ZH . NHBRA S S MG R E D, BT S
BEZ JF A G ERE R, RN TCIER I Hh 2 5]
FHOGHRAE, R /N B b5 25 5 B I . Soft-SPP L
Jit K F 1) SoftPool 1144 452 1 I o 17 A5 28 % 48 15 ¢ A1
(4 ELRE 77, 15 N 28 SRECTE 22 /18 H bR BIRHAEAS 2, 12
/N BARFR I ZE. CA Moduel ANMY FRER T i 1% [6]
GR,IEE R T TR B AR B, X FhER L
1) 6 4R A P 5 7K ST R 2 L 1) 43 ) R AT G R RS
IR, XA AR FR TT DASRAR — A7 ) B K AR
2, R 575 — AN 05 1) B A B A 2 A3 DLOR B, IR B R i
VIR 2 A7 AE 41 DA SR B8 o) Lk AT 58 A FIAS:
D). DA 79 TS £ T AR R 0z B N H bR A
KRR, 25 5 R IR A e ML K H brth s
S A ST, AR Bk — 2D B . i Rk e g ]
DA HH, DA 9 00 0 A58 ) 2680 P55 0 Sl $2 T T 0.94 %
AT 1.13 %, {5 575 — J5 i 3 T SoftPool itk J5 2 43 Heith
L EEAERI CA Module H AN — 4EHRFE 4 5 i F2 48
TSI, ARSI S A 42 47.36 frame-s 1. 7E[A]
I3 S HES 48 B KIoU Loss, 7843 % & 3] 7 HHE 5
FLAEAE A I L K e LA A o B B8, A 6% T8 4 M AR
12 FEAE (A7 B A5 5., A5 15 DX 28 1) TN K A 2 BT 11
Fehih FARTE T 1.27 %. H 2 BT B AR A O
£ RIR RKPG P 9 R 10 FAE (1K 5 L, A 1S FE I A T3
Jon, A 35 B 75 T FPS R % 1 0.98 frame -s— 1. Z¢ L
A, K UL BT Sk AT Rl JE mAP A 94.69 %, A
EE IR AR YR T T 4.13 %, APgman N 73.12 %, FH EL B
BRI TE T 20.76 %, 2R BHLE /N H Aw A U 7 T £ 48
K. TR, K38 A T F% 3.16 frame- s~ 1A TF & H
P G 0 SEZ P2 1 R

Kl 8 Jig 7~ 1 AN [R) SRL3E B &5 St b, AR AT 2k
BER)YOLOV3 BUEAFE TR, RAE. H SR 4
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(O RENEEY SRR Sal=q

f

ours

i1

K0,
bl

YOLOvV3 Faster RCNN

(b) Y H AR IS KX L
8 HMHERAIMAUIIEL

IEFIRANIE R 7S =Y 8% O o PO 1N Gy B i BU
YOLOv3 HE AT 2 J7 T i ook, A 280k 1 ik
L IE B T S BAS I SR
4 & W

KRICHET YOLOV3 kg T — Pt x Z 4k
WAT: 55 1 S0 S92, A0 P et s 16 5005 /e 06 72 Aol
TR FEAR NS B0 N SR TR DA B Bkt T
Soft-SPP 44 14, ¥ % H1 3 52 B fib A, K F B AL #AE
SN RN R RIS AL =0 S N S S | AN LY v 36 58
JINL, D9 18 TE I RFE 23 B AS (7] B ACE DL g i
HEE B A I 600 A R 2 —FoEr i 5%
H AR AE (1) DB A e A B8 bE Y 35 2K iR £ KToU  Loss,
A5 E FRAE AL LA B VS T e, A AR B A R
KITTI 48 42 5 /&, 18 18 K-means 5 vk X £ 2 1)
AR HE JEAT ZR 40 Hr, BB A8 BORST BE & 3 1) i ik
HE. AR AR SCEIEA A A A2, Ja B UK AE DR UE RS B2 1Y)
Bty b5 g AR E A 4 DLIE— 2D S TR B, B AR
TR K/,

S 3k (References)

[1] LiH, FuK, Yan M L, et al. Vehicle detection in remote
sensing images using denoizing-based convolutional
neural networks[J]. Remote Sensing Letters, 2017, 8(3):
262-270.

[2] Ren S Q, He K M, Girshick R, et al. Faster R-CNN:

(3]

(6]

(8]

Towards real-time object detection with region proposal
networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(6): 1137-1149.

Luo J Q, Fang H S, Shao F M, et al. Multi-scale
traffic vehicle detection based on faster R-CNN with
NAS optimization and feature enrichment[J]. Defence
Technology, 2021, 17(4): 1542-1554.

Nguyen H. Improving faster R-CNN framework for
fast vehicle detection[J]. Mathematical Problems in
Engineering, 2019, 2019: 1-11.

Zhou T, Li Z, Zhang C. Enhance the recognition ability
to Occlusions and small objects with robust faster
R-CNN[J]. International Journal of Machine Learning
and Cybernetics, 2019, 10(11): 3155-3166.
L7577, RAGHE. o0 YOLOV3 4 5 38 il s % H A
o (1] THEHL RS R, 2020, 56(8): 20-25.
(Kong F F, Song B B. Improved YOLOV3 panoramic
traffic monitoring target detection[J]. Computer
Engineering and Applications, 2020, 56(8): 20-25.)
FARM, SO, FRK, & 2T o YOLOV3 (1914
IR JTE D] ok 506 T2 dk R, 2021, 58(16):
240-247.

(Wang Y S, Jia W J, Wang C F, et al. Vehicle recognition
method based on improved YOLOV3 algorithm[J]. Laser
& Optoelectronics Progress, 2021, 58(16): 240-247.)
RULRF, 200, B 5, 55, HT Bt SSD I #rm i
T8 B R R 7 v (0], AR IR S TR 4R, 2021, 40(1):
114-117.

(Song S Q, Li X, Zhu X F, et al. Urban Road
vehicle detection method by aerial photography based



% 44

R E 5 A F st YOLOV3 89 & 4m4e ) 5 % 1159

(9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

on improved SSD[J]. Transducer and Microsystem
Technologies, 2021, 40(1): 114-117.)

Redmon J, Farhadi A. YOLOv3: An incremental
improvement[J/OL]. 2018, arXiv: 1804.02767.

Hou Q B, Zhou D Q, Feng J S. Coordinate attention
for efficient mobile network design[C]. IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Nashville, 2021: 13708-13717.

A%, R B 7R, B0 YOLOV3 [ 28 45 5 i i I 5 45
SARBIHE R[] tFENL L5 M, 2020, 56(22):
173-184.

(Gu G, Xu X D. Real-time vehicle detection and
information recognition technology based on YOLOV3
improved algorithm[J]. Computer Engineering and
Applications, 2020, 56(22): 173-184.)

AR 7K BH, BEFA NI, @4 GIoU Al Focal loss ] YOLOV3
H b e I 509 (7], 1 SHL AR 5 B AT, 2020, 56(24):
214-222.

(Zou C M, Xue R G. Improved YOLOV3 object detection
algorithm: Combining GloU and focal loss[J]. Computer
Engineering and Applications, 2020, 56(24): 214-222.)
FERFET YOLO Byt H Arta il 5E 0T 72 [D]. o8
TLH K, 2020.

(Wang L. Research on improved object detection based
on YOLO[D]. Wuxi: Jiangnan University, 2020.)
RKE e, A, R, 55 BhG SPP ANt FPN 1)
YOLOV3 A2 br AW [1]. THEHL TR 5 N, 2021,
57(7): 164-170.

(Liu Z Y, Yuan L, Zhu M C, et al. YOLOV3 Traffic sign
Detection based on SPP and Improved FPN[J]. Computer
Engineering and Applications, 2021, 57(7): 164-170.)
Stergiou A, Poppe R, Kalliatakis G. Refining
activation downsampling with SoftPool[C]. IEEE/CVF
International Conference on Computer Vision. Montreal,
2022: 10337-10346.

BB, WREE, B E B, % AT ResNet34 D it
YOLOV3 #H A AT NGO 553 [1]. 42 1 15 k3, 2022,
37(7): 1713-1720.

(Qian HM, Chen W, Ma Y L, et al. Pedestrian detection
based on developed YOLOv3 with ResNet34 D[J].
Control and Decision, 2022, 37(7): 1713-1720.)

Yu J H, Jiang Y N, Wang Z Y, et al. UnitBox: An
advanced object detection network[C]. Proceedings of

the 24th ACM International Conference on Multimedia.
Amsterdam, 2016: 516-520.

[18] Geiger A, Lenz P, Urtasun R. Are we ready for
autonomous driving? The KITTI vision benchmark
suite[C]. IEEE Conference on Computer Vision and
Pattern Recognition. Providence, 2012: 3354-3361.

[19] Girshick R. Fast R-CNN[C]. IEEE International
Conference on Computer Vision. Santiago, 2016:
1440-1448.

[20] Liu W, Anguelov D, Erhan D, et al. SSD: Single shot
multibox detector[J/OL]. 2015, arXiv: 1512.02325.

[21] Redmon J, Divvala S, Girshick R, et al. You only
look once: Unified, real-time object detection[C]. IEEE
Conference on Computer Vision and Pattern Recognition.
Las Vegas, 2016: 779-788.

[22] L&A, {777, 25T Ok B YOLOv3 3 % 22 4 S ) K
. FENL TR S M, 2020, 56(11): 26-32.

(Du J H, He N. Real-time road vehicles detection based
on improved YOLOvV3[J]. Computer Engineering and
Applications, 2020, 56(11): 26-32.)

(23] Z=PLUK, 1RFE BN, W8, BT YOLOV3 i i S i
ZEARIN T VL [T]. WO 5k T2, 2020, 57(10):
332-338.

(Li H B, Xu C Y, Hu C C. Improved real-time
vehicle detection method based on YOLOV3[J]. Laser &
Optoelectronics Progress, 2020, 57(10): 332-338.)

[24] FKE DL, i, 25K, 2T ol YOLOV3 fhpRid 4 ik
W7 ). HENL LS R, 2019, 55(2): 12-20.
(Zhang F K, Yang F, Li C. Fast vehicle detection method
based on improved YOLOvV3[J]. Computer Engineering
and Applications, 2019, 55(2): 12-20.)

fEE RN

MR SCE (1997-), 2o, fitAe, M H ARl m a5,
E-mail: chenwenyu@sia.cn;

AR (1974—), T, BEFC 08, 12RO, AR5
RN A5 B 57 EH ARSI, E-mail: hczhao@sia.cn;

HUME K (1988—), 53, BIBTFC 5, 11, SRR AL H S
B 14475 L2 5T, E-mail: liupengfei@sia.cn;

G532 (1992—), 5, BIERGTFE 04, 18 4, SR BRI AN Ot
5 B50 HBARSER A, E-mail: fangjian@sia.cn;

PR (1998—), B, 4, NFH B s, =4E s s
i} ¢, E-mail: sunhui@sia.cn.



