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H 3 N BRAE 4 7 3 W 4% (feature pyramid networks,
FPN), 51 A Bk BR % 422 F0 1 38 N AR G R, 3 o
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3.4.1 CCTSDB % ¥ % i o2 52 i
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15 RO A e A Y B I 4% b, I R SR 2 1
Ro ATLLVE W, BAEEHUMA K 2 iy, mAP 4 L
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Table 1 Ablation experiments of CCTSDB dataset

YOLOvVS5-s FSM SEIOU mAP/%
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Table 2 Detection results of different scale targets on

CCTSDB dataset
AP/% AR/%
Bk
AN = L7 SN S L TN = b T N = b T RIS LN S 71

YOLOvS-s 385 67.4 83.5 475 74.4 89.5

AEE 419 68.4 84.9 49.5 75.0 89.3

[ 7 % YOLOVS-s 53 AR SCB I (8 4G 255 S
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Fig. 7 Comparision of detection results on CCTSDB dataset
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Fig. 8 Detection results of different algorithms on CCTSDB dataset
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Table 3 Comparison of different algorithm parameters

Bk mAP/% E e ?ﬁﬁ“%%

Faster R-CNN" 82.28 28.4x10° 29
Efficientdet™™ 91.18 6.5x10° 34
YOLOv4-tiny™ 81.64 5.9x10° 271
YOLOV7-tiny"”! 86.95 6.0x10° 140
YOLOV8-n 91.36 3.0x10° 146
YOLOx-tiny™ 88.45 5.0x10° 103
YOLOx-s"" 91.46 8.9x10° 96
YOLO-FR"® 82.66 6.5x10° 94
YOLOVS5-s 90.50 7.1x10° 118
AL 93.04 8.8x10° 113

3 LR A, (RS IR EE 2> 54T 11.4% . 6.09% .
1.68% BYPLF . NS H 1Y A BE 3 B, AR SCERVE AR
R YOLOVS-s 53k LR AU U 75 YOLOx
8.7 | Faster R-CNN #.1% | Efficientdet 5. 1% AH L i}
10 A6 I B RE 55 ORS B L #, 5 YOLOv4-tiny 5% |
YOLOV7-tiny 8 ¥ . YOLOvS5-s 5 1 A Hb Bsf (1) 4 &
.

A LB 1 £ BE A BT, X S B AR T AT Ak
FEFE . WAF DI R | By XS 2R
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Efficientdet 5 % A Efficientnet & 3= T W 4% . BiFPN
R RHAE Rl G AR 4, 5 FLAY FPN AH LL, BiFPN 944
BN 4%, AMGEE S ARHEJZ 1T 2 0CRFER
HEZSHRAE, T HAERRE RS 3 % BiFPN #E47 8
BRAE

X} Efficientdet 55 1 Fll A< SC 55 7% 1) memory Fl1
MemR+MemW #4715, Z5 R a1 5€ 4 fros . Hr,
memory & 17 i 4 I BT 7 2 0 N AE RN, R
M A5 A0 ] A&k 3 A A S R0 R, WUR NAEAS
R 5 BN B AT N AT S, BRI N A7 3 48 i ]
AE 23 R T A R B0, S OB R Ak RN R
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TR, SRR RE

R4 AFHEXSHEIL

Table 4 Comparison of memory-related parameters

ik memory/MB (MemR+MemW )/MB
Efficientdet™™” 673.26 1320.00
ARSCE P 333.75 558.43

MR 4T LIEH, M T A SCR W, Efficientdet

VL BB S5 R B 5 2%, R B T 2 N AE,
R, BRI S B0 AR /DN, (RS I R 32 AT <5 52 5%
Wil o T AR SCH 48 FSML, EFM Bl it /N H b 6 0
fig, [ IF 764 B Y B Conv 5 BN JZAHENS, 754K
SRS BE S BRI T A5 ) e ER R,
Z A5 3 T ARG 0P, Al Rl =5 T I 2% 04 1o ]
i Hl
3.5 S2TLD #iE&ER MR
3.5.1 S2TLD #k 3 %& ih ik = i

F£ S2TLD 4 4 1 50 JiF A SCH 1k X 28 38 AT 1
R S, YN ZRat Nk 5 fron o W2 itk A e i
AFN M 28, K BER W42 T, Je 3R 5] 86.79%, AH L
JE 28 P2 5 T 3.62%.

&5 S2TLD ¥iE&E LHYERSCLE
Table 5 Ablation experiments on S2TLD dataset

YOLOVS5-s FSM EFM SEIOU mAP/%
v 83.17
\ 83.35
\ \ \ 86.37
v N 86.79

2 6 H10U=0.5:0.951 B {H 4514 F B s ek wiy
J5 AR R BE H bR 09808 X e, 7T LLE BN B AR
AP F1 AR 43T T 4% F13.1%,

6 S2TLD HiEE EAEREBIFENER

Table 6 Detection results of different scale targets on
S2TLD dataset

AP/% AR/%
ANHBR THRR RERE BERE TEA KA
YOLOvS-s 304 532 767 426 638 781

Bk

AFY: 344 54.4 76.3 457 64.6 81.2

P9 &7 T B8 1k O IS X A8 AT 1 G A%
Weo ATLAFE Y, BE R R 26 460 3 72 vh 0N H AR 20 98
FAL, B2 AR EAE B, AR SO G b sE
PR RRAE L AR B TF SCOfF B BRI L R FH A AL
R fill B SR W A1 T, A RORE o R ARG, B T TR
SR HAESE 3ATARAE WA Sk — Ak 55/ |
B B REAE A5 ., XA 0 00 5 2 B i, 5 B0AR SO0
PR E AR T A
3.5.2 S2TLD #( 4% & R ) P 45 2F kb 52 B

W A SCH B E S2TLD 0¥ % |5 YOLOv4-
tiny, YOLOV8-n 5545 1t [ 28 47 XF Ll , 43 B 45 28 5]
T e A 1 G 00 R ) R Ak A R DU RICR Gn & 10
B o
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Fig. 9 Comparision of detection results on S2TLD dataset
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Fig. 10 Detection results of different algorithms on

S2TLD dataset
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527%. 3.86%. 5.77%. mAP ik | 82.34%, $£ F} T
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Table 7 Detection results on TLD dataset before and after

algorithm improvement

AP/%
Bk mAP/%
a 23 # x

YOLOVS5-s 87.56 80.21 74.71 69.55 78.01

A 89.98 85.48 78.57 75.32 82.34

4.33%, il BORA T &R

16 TLD $di 42 1% el min J5 AS ) RUBE H AR
R SR AT X . ANk 8 TR, #£ 10U=0.5:0.95
W EE ST, ATLLE , B K HAR 11 AP,
AR WA REAR, BAE/NH bR AP FI AR 4348 1
2.2% M 1.5%, TEH % H bR - AP #l AR 73 52T+ 1
2.6% M 1% 7% &3 38 AT B LU/ HArfs 22, H
AR mAP A BAE T, K, TS REAR L 1l v 2 A

%8 TLD ¥iRE TR E BN R

Table 8 Detection results of different scale targets on

TLD dataset

AP/% AR/%
ANHER THRR KBRS BERE TEA KA
YOLOvS-s 293 500 623 429 65 723

NG

AICEW 315 52.6 58.5 44.4 63.5 65.3

P11 7R 1 AR SCER 0 AR A I ARCR X b, T LA
A 2, ARSI ST I B K RBCARET T, #RfE
SRS AR G ARG I S8R, A7 2080 s G 175 o
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Fig. 11 Comparision of detection results on TLD dataset
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B o

i ¢ 9 W] %1, 7 PASCAL VOC %4 4 114 20 4~
FH, ARSCRRAE AT A 5 EAE 15 2800

RGPS BRI, BURTE CHLAE S AN 251 1 5 R
FIEAEAE — Lo/ 2E R, (AR DL, X e 8 )
AR /N, mAP 2T T 2.01%, UERA T A SCH Y
R B

F9 EABUARIE PASCAL VOC HIEE LA LR
Table 9 Detection results on PASCAL VOC dataset before and after algorithm improvement

AP/%
AL BIT%E 5 i i B RE Vi line 4
YOLOVS5-s 9231 87.58 85.12 70.27 68.97 92.96 91.26 84.16 67.57 85.74
AR 91.95 90.13 92.32 74.15 69.61 95.42 91.02 86.89 69.72 89.46
AP/%
Pk . o o mAP/%
R o] 5 EEFE A B Ed Wk K LR LR
YOLOVS5-s 60.81 82.28 92.67 83.67 92.60 59.70 87.68 75.89 86.50 89.42 81.84
AR 62.11 85.22 95.06 85.08 92.52 63.05 90.84 75.80 88.02 88.75 83.85

3.8 FEUEERERZ R YOLOVT-tiny

Ry it 25 B AR SCHE M A el e A A A A
HAE P, o FSM. EFM 48 Hu ik vk 2 21 YOLOV7-
tiny B9 H . 15, £ YOLOV7-tiny ) = T’ 4% Al
J5L PANet il & 0 4% 22 [8], 42 FSM M 3= 1 R 4% 5 %
JZG I RFAEJZ, X5 AH 4B R )2 2E 47 4 7 Ab 78 )5 15 2
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CCTSDB ##a 4 AR W% 10 iR .
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PRSP . 2R 11 45 AN [R) RO H A ke DU 445 SR )

£ 10 YOLOv7-tiny M4&;HRkSEI8
Table 10 Ablation experiment of YOLOv7-tiny network

AP/%

vk mAP/%
2k EiETN sk

YOLOV7-tiny 88.41 88.00 8445 86.95
+FSM 90.42 89.09  90.28 89.93
+EFM 89.80 89.07  86.66 88.51
+ SEIOU 88.64 88.88 85.07 87.53
+FSM+ EFM 91.77  90.18 90.37 90.77
+FSM+EFM+SEIOU ~ 90.80  90.62 91.38 90.93

R 11 MEBOAFIETEIRE BN R
Table 11 Detection results of different scale targets before

and after network improvement

AP/% AR/%
NERR PERR KRB NERR B ERR KEAR
YOLOV7-tiny 349 671 833 444 748 897

+FSM+EFM+SEIOU  41.0  67.6  82.1 49.6 748 885
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Small target detection algorithm for traffic scenes based on
improved YOLOvV5-s
WANG Kun', FENG Kangwei

(College of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China)

Abstract: A traffic scene tiny target detection method based on enhanced YOLOvS5-s was presented to address
the issue that the properties of small targets in traffic scenes, such as traffic signs and traffic lights, are not readily
apparent. Firstly, a feature supplement module (FSM) was designed to supplement the features of the adjacent deep
detection layers by further obtaining the shallow details, which effectively improved the detection effect of small
targets, and avoided feature redundancy by matrix operation between adjacent layers. Second, in order to reduce
feature conflict and improve the effectiveness of the pyramid feature fusion, an effective fusion module (EFM) was
created to handle the horizontal shallow feature and the upsampled feature, respectively. Then, the super enhanced
intersection over union (SEIOU) loss calculation method was proposed to improve the regression effect and detection
accuracy by adding the distance measurement between the main diagonal of the ground truth box and the prediction
box. Finally, experiments were carried out on CCTSDB, S2TLD, the Traffic lights dataset and the PASCAL VOC
dataset. According to the results, the proposed algorithm’s accuracy has increased by 2.54%, 3.62%, 4.33%, and
2.01%, respectively, and its detection speed has reached 113 frames per second, making it appropriate for detecting
jobs in real-world traffic situations.

Keywords: YOLOvVS5-s algorithm; small target detection; feature supplement; feature fusion; loss function
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