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A Distant Traffic Sign Detection Algorithm Based on YOLOv8s-REMN

XU Yingzhe, DU Qingzhi’, SHAO Yubin, DUO Lin
(College of Information Engineering and Automation, Kunming University of Science and Technology , Kunming 650500, China)

Abstract: In the field of traffic sign detection, challenges arise due to the small area coverage of distant
traffic signs in the scene and the diverse scales of the signs. To overcome the above challenges, this paper
presents an improved YOLOvS8s-based traffic sign detection algorithm, YOLOv8s-REMN. First, the
method introduces the receptive field attention convolution (RFAConv) into the backbone network to
enhance the receptive field and feature extraction capability of the network. Second, the efficient
attention-guided feature module (EAGFM) module is added to the neck network to optimize multi-scale
feature fusion. Then, the multi-scale detail enhancement fusion (MSDEF ) module is incorporated into the
detection head to increase the small object detection head, improving the detection of small targets.
Finally, the normalized Wasserstein distance (NWD) loss function replaces the CIoU loss function to
optimize the bounding box regression and improve the precision of small object localization. Experimental
results show that YOLOv8s-REMN achieves significant performance improvements on the TT100K
dataset. Compared to the original YOLOv8s, mAP@0.5 increases by 6.6% and mAP@0.5:0.95 increases
by 5.1%. The effectiveness of the algorithm is also validated on the Chinese Traffic Sign Detection
dataset, CCTSDB2021, where YOLOv8s-REMN outperforms YOLOvS8s with a 2.9% increase in mAP@
0.5 and a 2.9% increase in mAP@0.5:0.95.

Highlights:

1. To address the challenge of detecting small traffic signs in the long-range vision, an improved model
YOLOvV8s-REMN is proposed.

2. The backbone RFAConv expands the receptive field, the neck EAGFM optimizes multi-scale fusion,
and the detection head MSDEF enhances the extraction of small target details.

3. The NWD loss is adopted instead of CIoU to solve the problem of gradient disappearance for small
targets and improve the accuracy of box positioning.

4. Double dataset verification shows a significant improvement in accuracy, meeting real-time
requirements, and the comprehensive performance is superior to the mainstream comparison algorithms.
Key words: traffic sign detection; YOLOvSs; receptive field attention convolution (RFAConv); efficient
attention-guided feature module (EAGFM); multi-scale detail enhancement fusion (MSDEF); normalized
Wasserstein distance (NWD) loss
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), Fe 9 Fe 221 B A [6] 28 50 () 38 fi% 32 38 A Fig.6 Network architecture of YOLOv8s-REMN
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Ao T ER S 2 HE AR R 2 ) S R 2w DA fR B AR R S ) B B, TE KA R A R B, I BR T T
P 2 LD BRI A 28 500 o e 26, R RO v 45 A S 451 5 d i o 100 4> (9 32 38 AR & 26 0 L T 2 TR
AW o MR B PR 2 5 0 725 2 S 3N IR I 72 S, R R ST /NF BV E B 0.12 % 19 B AR BEIAN
SE/NPIAR o AR YR S T A A BN B L 84 00 MBI AT B i AR . BT E L IR AL 6 793 5K
B SRR AL A 1 949 Tk R B a4 4 3 996 TR Kl 1 .

2.2 XWERE

FEA S B WAT], Y 2k epoch 3 #4300, 4 &4 ®1 ZTRARBENEGERE
Il 25 J5 1Y (Epoch) B HE YR B = 5 2 N 8, [a) B 3h Table 1 Experimental environment configuration
it (Momentum) [ {5 3% % 24 0.937, fiy A R RS £l fic &
HGA0MR T X640 1R . h T HE— LTI  RERR Windows11
PEBE L SR T BEHLEE I T e (SGD)E AL 2%, 3F: CPU 12th Gen Intel(R) Core(TM) i5-12600KF
W A B2 R B BN 0.000 5, LA I St o A5 Y 3 47 ory GPUNVIDIA RTX 40701 (16 GB)
Wk 0% S 290 4 cpoch s g BT Pytji;’fm
Mosaic K35 1 3% , 5 J5 10 4~ epoch A fd H . 72V - PyCharm
Yt B W2 AR 0.01. WEHMERE  cupA ik s
Fl RS, R ] T 4 5%38 K (Cosine annealing)
R Ok 2y 25 R B o o A Al AR I ke ad e P o ®2 NGxESY
/N, B A T 0, T A B T R AE I 25 )5 Table 2 Key training parameters
S b WSSO e DA o 1 R W T A A8 A R R 28 1% A1
Y25 b i 399 00 B AR 35 lad B B A TR 3 e A 1 ) Epoch 300
AR YR S T SR A B 5 LA L % 1 Batch size 8
IENES £ S N-SUEPY = Optimizer S

Momentum 0.937

2.3 EMIERR Weight decay 0.000 5

& B ¥4 85 )i ¥4 {5 (Mean average precision, Input size 640X 640
mAP) Fl 4% #0 4b HH i %% (Frames per second, FPS) ~ Mosaic augmentation A 290 % i i1, /5 10 % 45 1]
YE N EZPEA R . Ho, mAP T R g A 7 Learning rate 0.01#I4f , Cosine annealing

FI AR R I A 55 v Y B (AR i i 4, T FPS U]
AT A P 5 B 10 250 3, 00 (L oy 9 D 0 s B0 T B2 AP o IR b, g I 248 JEE PP A S TE M RE , IR % B
ARG i % (Precision, P)5 4 813 (Recall, R) M5l B8 45 o R 8 3 11 T 4G 000 45 2R b 16 5 IR )
FIBR 9 1), JHCARD B8 7, 3R s A 00 B8 DA o8 5 9 100 3 U S 3 8 B AR Y BE T o
P:L
TP+ FP
7 1] < 5 7 A B AR R X AR AR AS ) B S A BE T ST A R A RE 5 4 1T A R T A L B )
AIREAR

(14)

TP
R=—
TP + FN
P-R(Precision-recall) I £ T R AG 81 K 5 3 MR Z A B9 FR o Hirp R 8 25 Sz i A5 80 6k 46 ) 2%
SR IE A LB BE T, T A3 1] 2 0] e H X 4 S H bR i 2 T AR . ik ZR T T B B ) T AR R A S
YAE BE (AP, X BT 28501 AP B BCE 45 Fr A5 89 mAP, W& 074 B A5 A I 455 760 P 5 #%) 85 22 48 b o

(15)
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1
AP:J p(r)dr

01 n (16)
mAP:;lZIAP,.

AR ) mAP #8558 8 mAP@0.5 5 mAP@0.5:0.95. mAP@O0.5 35 7€ loU [ {H & A 0.5 (1) 25 14
o B A — 2 B SR R O X G BB T AR B4 SR . T mAP@0.5:0.95 78 H ARG I 45 =
— AT Ay A TP BE PR A AR U, RN AE Z A AN TR ToU B (CBUE S LA 0.5 % 0.95, 2K K 0.05) F fF it
B B AR Y K 0

S 1A I A v A S A B FPS I AR U R B /N O 8, S R I B B AR
— B0, I X S 50 B AT 0 A X L . FPS BT AR SR A B SR AR 7 g B0 B Dy RE A8 Ak B AT it R
— R L, FPS A BUE R, 32 W X T P 7 A9 Ak BERE B i 8 ks AR SE PR BT 7 5 2
BRI FPS 3K H) 30 I, J2 L A 52 i W I A A OG5 0K 1
2.4 HEASLI

R TR BT SR AR R O O VR B SEPRASOR B T — A R SE g . HARSRAE SN (AR Y OLOV8s [0 £5% 25 4
(4 LAl b, UL 1A B A, I BEAT B o R U R SR AR (] 9 2 B0 |, 45 Ik
FR B R RO HEUCBORE | Bl R BOLL R e A 5 A 5 2 B, o S 6 2 SR A A L £E T T 100K £ s
A LIV R A S B U R A 3l AR, S5 R I3 3 BT .

R3 HEMIEER

Table 3 Ablation experimental results

HE A P/% R/% mAP@0.5/% mAP@0.5:0.95/% Z%&/10° FPS GFLOPs
YOLOV8s 84.3 73.8 83.9 65.9 11.14 116.28 28.5
YOLOv8s+RFAConv  88.3 75.5 85.9 67.3 11.19 104.17 29.1
YOLOv8s+EAGFM  84.9 75.0 85.1 66.6 13.33 108.70 32.7
YOLOv8s+MSDEF 889 784 88.6 69.6 11.30 100.00 56.9
YOLOv8s+NWD 87.5 765 86.1 67.3 11.14 103.09 28.5
YOLOv8s-REMN 89.9 81.1 90.5 71.0 13.55 72.99 61.5

RFAConv: 7E YOLOvSs )8 T’ 2% v {d F§ REA Conv B A 35 FUS ARG I 4 B 15 3 B 5 42
Tto RFAConv 5l AT B & 8% A7 5 98 15 HLH L 58 0% MR 4k N 5] RO B bk o) 245 18 2 08k 32 B, DA 44 T A5 72
B AE AR BRRE F7 . PERE 7 L RS AR IR TF 2 88.3% , A M R IR T 2 75.5% , mAP@O.5 2 FF & 85.9%,
mAP@0.5:0.95 &+ % 67.3% . 5 UL A, SRS S 40 RG22 11.19<10°, GFLOPs M 28.5 3 % 29.1, #fk
P FE SR 22 104.17 FPS, WoR 7R BN HEAUN T L BB K BE3R T

EAGFM : 1£ YOLOvS8s (/#3625 th it A EAGFM B 5, 46 I B8 4 BT 32 7 EAGFM Fl H 42 )5
FFAE TR L 5 O A 2 2T SR W i E AR XS AE IR BE ) . I HOK S B CR R TE & 13.33 X 10°,
GFLOPs ¥4 i %8 32.7, 4 $43 B [ %8 108.7 FPS. A THR i A7 B 18 Jm, {H A 0 M AR AR SR $2 7, mAP@
0.535%) 85.1% ,mAP@0.5:0.95 ¥ FF % 66.6 % , 1 JT T X045 B R A s (AT 55 9% 5

MSDEF : ¥ MSDEF fitt& # YOLOv8s 0 Kz il Sk J5 , A 2k 0 A% B2 i & 35l . i a2 RE
FEAE A 5 i RO T R I HUH 3R T TR )2 GORR R 22 0] 0 58 B350, T AR AL T /0N B b 0 G 0 355 28
MSDEF ## 5 fiff 2 50 B 36 2 11.30X10°, GFLOPs 3 I #% £ % 56.9, #fE ## fF F [ 2 100 FPS, {HH
I E 5, mAP@0.5 /& ik 88.6 % ,mAP@0.5:0.9535 69.6 % , & & 44 % U5 76 J2 19 5 kG A AT 55

NWD: 78 YOLOv8s #1 I NWD £ # J5 A #9 CloU 51 k s AUS , B A A RO 2 2 3% . NWD R
FH S5 P A% i B 6 38 7 HE 5 ECSCHE 22 8] 19 W asserstein FE 55, B 4 B b 2] 1) 35 BLAE A, D 32 7 9]
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VA BE o 7 AR R B A A S 80 R GFLOPs AT #2 T, mAP@O.5 $£ 7+ % 86.1% , mAP@0.5:0.95
IREN 67.3%0 AH iy T4 5 T 50 5 A% 1 o, of 2 % 103.09 FPS.

7E YOLOVSs 4l 5] A RFAConv . EAGFM MSDEF 5 NWD # 8 5 , # # #9 YOLOv8s-REMN
RS AE H ks 00 P 8 7 T AT B B T o A RS E A I X R AR SR B AF BRSO — ok 5 A
A EAT R 5T 25 A8 18] 09 B AR 5 P ), S IR B T T A DRSS i B AL . REAConv B4 AT 8 75 kA7
HF LRGSR T E T 0 2% 9 R AR S IRCRE O AR Y B8 A T PROIR AR T OC B X, AT RO . EAGEM
JRUE G — 5 W TR A, A L0 8 1 2000 0 2 B B, 2 SR R TR AR R B BT X A i B B A 1) 5
Wi AR 48/ o MSDEF 5 ) 52 AL 250 5 m 2U5 8 38 ., Hn 1 A By 5 ROEERRAE Rl J7 1 — B 1o 17
FRAE LG RO . NWD 3d o Ak B ARE [0 5 18 53 A — vk 60 55000 42 5 30 50 S AE , 412 vap 4 00 RS 1
e H /N B bi e A B AT B g, AR S8R T2 13.55 X 10°, GFLOPs ¥4 £ £ 61.5, A i F
S MRS B 7E 25 K 15 T b R AE 38 38 T AR AT T SO 46 5 Ak, AR 4 B R A PR R TE 72.99 FPS,
T JE S B ARG ) 75 5K, 9 UE TR R 2 A A B TS DN P R A [ B LA R A SR P S A

B 7 R UL YOLOvV8s-REMN ML F 5 S vk i MR 42 7 . &1 7(a) S B a4 vh I s RS, B
) 22 8 bR R VR R AR B . T 7(b) R YOLOvVSs 5k B R T 25 58 58 1.2 Fn 4 g 1 A vb 19 28 38 A i 35
BRI o L 55 3 R L v 9 A8 A s B AR R ke (L R ARG A R 40, S BRA BREE 50, 181 7(c)
YOLOv8s-REMN 53k (4 K I 45 51, 49 E 8 U0 Hh a2 il AR s o S8R, YOLOv8s-REMN A L v A5 )
Y OLOv8s # #5518t s 19 238 38 b ik o

(b) YOLOVSsH-EE K 25 57
(b) Detection results of the YOLOvSs algorithm

(o) AXBEEBMLER
(c) Detection results of the propsed algorithm

P70 G 45 2R

Fig.7 Presentation of partial detection results
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2.5 HHERLEHEIEXR

R B IE T B 22 RUBE FRAIE fil A 7 75 MSDEF BB 7 4L
P BT 2 R R AE Bl A O IR AR D 4 X S IR
TTI100K $ 4l 45 Lt 4T T R G K . 76 O 35 HAl 52 56 4 14
—HUWRTEE T, LW W T 45 7 78 22 RO R AIE il A 2008 &%
ARSI VERE T AR . ARG T AN RVERE Al A O A
mAP@O.5F5 AR T BRI 45 5

M 2 4 W] %0, B MSDEF £ 5] A YOLOv8s B8 J5 |,
mAP@O.5 & T+ % 88.6 % , L A X b ik RIMEML . 5
Ji it YOLOvVSs B ARUAR L1, $2 T+ 1 4.7 %6 5 M4 TR HiAth 3=
TR RS B B (40 BiIFPN .ODL \RFB) By #6555 |ty F 30 1 B
B PERE LA . X SR 4> R B T MSDEF BB £ £ RO HF
fIF il 5 T A9 A R0 S e
2.6 XTLbELIE

R IR BT B B AR A AR BT 2 T bR A A
PERATHEATS o 22 5 S T[RRI AL 7E T T 100K Bdii4E |,
LI mAP@O.5 5 bR PERE R B, 45 R BT 8 YO-
LOv8s-REMN 8178 A8 A A i vh O - e HA 3
2.7 ZHEE

FE 0N FF AT B B A b I 32 58 s R I B HE 4 CCTS-
DB2021"" b #E47 525 , LS E YOLOvV8s-REMN % 1 76 A~
[ B 4 Az AL BE J1. CCTSDB2021 J& — 4> 1 I 42 1 b
MEEAE RV TR0 L KA B8, 42 7% 3 20 000
K A2 AR A EG, 95 KOE 40 000 /4> 328 bR 5 5241 . 3 26 P 14
Sk [ v Y S PR I 3 s, b R 2 BUR 0 A AR B
1. IR R R 4 e f 5 17 856 5K K% K HobR 145 L, OF
W53 35 4% k45 & (Prohibition signs) & % 45 & (Warning
signs) M5 7% 45 & ( Directional signs) . 45 % 6 2B 45 5, 4
B F YOLOvSs, YOLOv8s-REMN [ mAP@O0.5 4% & T
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x4 FRABFUEBAEFTENER
(mAP@0. 5)
Table 4 Comparison of different feature
fusion methods (mAP@0. 5)

FEL IR mAP@0.5/ %
YOLOvS8s 83.9
YOLOv5s 73.6

YOLOv5s+BiFPN™®! 74.0
YOLOv8s+ODL™ 84.5
YOLOv8s+RFB" 86.0

YOLOv10s 82.4
YOLOv8s+MSDEF 88.6

x5 BEEMEEIE(MAP@O.S)
Table 5 Performance comparison of vari-
ous algorithms (mAP@0. 5)

i mAP@0.5/%
sspv 76.3
SSD+ AlignedMatching™” 84.7
Faster R-CNN™ 69.5
TSP-RCNN™ 81.2
Sparse R-CNN™/ 82.0
Deformable DETR™ 77.1
AIE-YOLO™ 84.8
YOLO-SG™ 75.8
EDN-YOLO!" 79.1
CR-YOLOv8™"" 86.9
YOLOv8s-DDA™ 87.2
YOLO-BS™ 90.1
PR 90.5

2.9%, mAP@0.5: 0.95 £ % T 8.7% . A A 1Y & Hrim M 11.12X10° 8 fin 3 13.54 X 10°, L4 T+ T &
21.77% % B9 FPS M 178.57 [ 5] T 128.21, GFLOPs M 28.4 #4111 & 61.3.

%6 CCTSDB2021HIEEMEIRLER
Table 6 Experimental results on the CCTSDB2021 dataset

] P/% R/% mAP@0.5/%  mAP@0.5:0.95/%  Z¥(#/10° FPS  GFLOPs
YOLOvS8s 88.0 75.4 82.8 50.0 11.12 178.57 28.4
YOLOv8s-REMN  91.1 76.6 85.7 58.7 13.54 128.21 61.3

3 HRIE

ARICHEH T — P 3T YOLOvSs B iE B9 22 38 b5 i 4 I 335 YOLOv8s-REMN, Jf 7 TT100K 1
CCTSDB2021 $¥i 4 kAT 7 9288 8 UF . #3451 A RFAConv . EAGFM .MSDEF #i 5 ) &z NWD i 2
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PRI IZ T IR ST T sl ST /N BRI A BE T, ) I PR R TR A HE B O A G T A
BEJ7 O T B E R T LR R R M T L YOLOvVSs, YOLOvV8s-REMN 7£ Z A4~ Cf 4R i I
BA BRI . Hd , mAP@O.5 1 83.9% 2T+ & 90.5% , #4iE 6.6 % ; mAP@0.5:0.95 M 65.9% i K &
71.0%, #& 7+ 5.1% s K5 0 R th 84.3% - T+ = 89.9% , # 5.6% ; A 101 K M 73.8% 4 = 81.1%, & IF
7.3% o VLA 2 ARG 25 BRI A R AE A R B0 4 b 0 3 IO R AN e R A i — 2D IR T AR S
e Iz o A s o

165 Y17 3 B BRI 1 e, YOLOvV8s-REMN 78 38 3 A 2 A6 AT 45 i £ ML T YO-
LOv5s . CR-YOLOV8 } YOLOv8s %55 1, e g 1 AL 1 58 4 1 o BARTH & , REAConv 3§ 58 T & 57 BF
54 RS B ERBRE 4R 5 T/ B AR AR RS B EAGEM KBS B Ak T R BRAF Rl & 5 W, DT 42 T 46
WA A% 2 M s MSDEF A8 i 4k 17 4115 FRAE 638, (4G D0 245 SR 5O 1 s NW D 468 2% pR B E T H AR AE 11
[l U fiE g, 42 FF T AN H bR ) RE 7RG

Zi LT, YOLOvV8s-REMN 7E %4 B 28 3 72 Gt Hh 1) 3¢ 3 A o K AT 55+ R 80 1 B 4 1% S FHAN M, 7T
N T A B2 gl RS A B AR 2 A G . ARG 2D R A B R S5, DR AR S A 4R
ORI RR SRR IR AL HLED 25— 2D 4R TN B AR R AE T .
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