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DTI-YOLO: Improved YOLOvV10s Traffic Sign Detection Model
LIU Meichen, LI Jie, CHEN Tingwei"
Faculty of Information, Liaoning University, Shenyang 110036, China

Abstract: To address the issues in traffic sign detection where distant small object features are easily weakened and diffi-
cult to distinguish from complex backgrounds, this paper proposes an improved YOLOv10s-based model named DTI-
YOLO. Firstly, the PSA module is replaced with the dilated convolution and dilated attention fusion module (DDFM),
designed with local and global feature extraction branches that focus on local details and global semantics, respectively,
helping to suppress background noise and enhancing the model’ s ability to separate small object features from complex
scenes. Secondly, a two detection layer-based cross-scale feature fusion network (TDL-CCFN) is constructed, which inte-
grates the cross-scale fusion structure and the two detection layer mechanism tailored for small objects, improving feature
fusion between deep and shallow layers, enhancing small object feature retention, and reducing model parameters. Finally,
the InnerMPDIoU loss function replaces the CloU loss, combining an adjustable scale factor with a vertex-based geomet-
ric distance metric to enhance the model’ s sensitivity to the position and perspective changes of small objects, thereby
improving bounding box regression performance and generalization capability. Experimental results demonstrate that,
compared to YOLOV10s, the proposed DTI-YOLO achieves excellent detection performance and improves mAP50 by 5.5
and 4.8 percentage points on the TT100K and CCTSDB datasets respectively, reaching 90.9% and 86.6%, while the num-
ber of parameters is reduced by approximately 33.3%, to 5.4x10°, achieving significant model lightweighting.

Key words: traffic sign detection; DTI-YOLO; complex background; small object features; multi-scale characteristics
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Pytorch2.0.1. {5145 NVIDIA A10 24 GB GPU
K Intel Xeon (Ice Lake) Platinum 8369B CPU, fii {
CUDAI11.8 %F GPU #F47 bt , Bk 5250 2500 B 5k 1
PR

#1 ERSERCR
Table 1 Experimental parameter configuration
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3.3 SRR R bR

ARSI R %8 (precision, P) .73 1] % (Recall,
R) F¥ K EY){E (mean average precision, mAP) fE#Y
2% (params) LR G FMEHTIEL (frames per second,
FPS)MWE M PEM 48l PEAG RY  BE P R

R AR i, AT P R A R I . 7 el R ey, A
T R . AP ARG R-E I R i & F By AR,
T AR AE A W] BIE T B # P . mAP50 f&7E IoU
BI{EL M 0.5 B B A 25 01] AP )7 20 34 {H ; mAPS0-
95 J:AE ToU BIE 4 0.5 31 0.95 i F K5 B ¥ 4H , mAP
ol v AR BRI AE 2 2500 b BRI A8 R R e . A5 P
AR TR
TP

P=Tp Fp (24)
__ TP
R=TpirN (25)
1
AP= [ P(R)R (26)
mAP=">"AP,, /N (27)
=0

HHp TP (true positives) : B2 TE B A 0 S 04 1E A AR %K
. FP(false positives) : BLZRUEE RGN H A0 IEAEAK &
(1465 ). FN(false negatives) : BT AR BER I H 0 1F A
KR (W) o N R S EL
3.4 FEAE Ry R 50T bl S 85 5 B

DTI-YOLO #5745 i 5| N CCFM F1 A& )2 454,
Wit TDL-CCFN FRE Rl & %% . ok T 5iiE TDL-CCFN
HRFALE Flh 25 DX 25 A RGN 2% SR, 7E TT100K 2 £ b 5 24 i
FE R PIZE BIFPN™ | Slim-neck™ #f7 % L 328 . T
PRAIE SEI6 ) — 55 5 45, X3 F BiFPN Al Slim-neck £
HEJ5 00 29030 A 4% 245 4 5 TDL-CCEN AH ] (9 46 3k 4%
¥, 4> 1ic >k TDL-BiFPN Fll TDL-Slim-neck , 521 4% 5
2R, SEAEAIA L, TDL-BiFPN 3@ 2h 25
ASCHA i) il 5 553 b5 AN [l )2 RN AR , A% FRARFATE
B 25 E S, BRI T 3.6 0 5 (ARG TR 42
F559108 0.1 4 B 45 25 ; TDL-Slim-neck F4) 73 0] 245 F-
LSANE G 2, BN BAARREE RN ANEEURE , RS 1 2800 2
TFE. 1 TDL-CCFN X RS i R A G [l R A o, Hod
B RETF 4.9 EH 53 05, 0T UL 51N CCFM 45 #) Jo #H Y
o A A bR RE ARSI B A R v AT . S0 E 2 R
b2 AT B2 5 1 TDL-BiFPN #H H , TDL-CCFN i)
mAP50 Fl mAP50-95 73 l$2F 3.1 3.0 N A 43 4L, HHIEIE
H TDL-CCFN A& FHE A P4 RE B A T3
3.5 Mk rREOT eS8 By

TE TT100K % ¥ 4 I, & —fifi H CloU ., Inner-IoU ,
MPIoU Fil InnerMPDIoU i 4% b8 £ 4 7 U 5 , 46 0 435 SR
mFE3IR. 5 CloUEL, H g H Inner-IoU A1 MPIoU
TERE TR AP RS BE A BRI, BARTEG MR

A22 FFAERLPY P25 b g

Table 2 Feature fusion network comparison experiment

BT . %

SLEy P R mAP50  mAP50-95
YOLOVLOs 86.0  76.4 85.4 66.9
TDL-BiFPN 86.1  80.0 87.4 68.6
TDL-Slim-neck ~ 84.7  77.9 85.5 66.1
TDL-CCFN 873  84.9 90.5 71.6

I Inner-IoU R 0.3 N E 43 &5, {H MPIoU fRIF sk b T
X3, Bl R 11N E S A, B, uEE
Inner-IoU Fll MPIoU X%} CloU AN R ¥ 2 4k,

3 BURRECT R

Table 3 Loss function comparison experiment

HA %

MR PREL P R mAP50 mAP50-95
CloU 86.0 764 85.4 66.9
InnerloU 86.8 76.1 85.7 67.0
MPIoU 86.2 775 85.8 67.7
InnerMPDIoU  87.7  76.5 86.2 68.1

i & 7 <&l LUE A R4 40 F InnerMPD-
ToU Wi SJGH B B PR, SR 245U AR . ZE N4 (0~
50%¢) , InnerMPDIoU 545 T B B2 5 K , SRHHHE i
BT Ab 2 SR [ )9, YR 25, S B R B R il
R P SR TG PERE . 7E 300481}, InnerMPD-
ToU BB 2R AT CloU At 355 bR 5, E— 25 3
HE 7 HARARR , B A B TR LA B ARE , 32
K

@
n
1

CloU MPDIoU
InnerMPDIoU

Inner-loU

0 50 100 150 200 250 300
PlET e
Pl 7 50 AR b il £

Fig.7 Loss value comparison curve
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JEHE R E TSR A (O AR T, AR R4
ANE L EA TR, P e AN ZE B A AR R A DR AR
FOFN LB AR iR A AR IO R I 255 . R TR R
AR, R T SIS SO ] Ao s ) X 33k
1T TICRARHE,

K 8 fr 7, 51\ InnerMPDIoU FY AR FE A WL ()
R TSR BENE PRIFEC ORI AR, B T R
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AEIEE M ARES T, BT InnerMPDIoU X /s H bR B
) 7 B RO | 50 I B B B G 31 T p130 Al pn
bra&, M SE RS RS A B T IR G . FEIR 8 (b) H , JE
REAEFINT pl40 il p b 2 ARSI 475 W S ARG T e g 45t
KRG AR, 5 E PR T i A PRy i —
WIE T InnerMPDIoU B4

(a)¥ge—

(b))
Bl 8 it B ORI 5 S ) L

Fig.8 Comparison of loss function detection effects

3.6 T RhSCE:

A7 BHIE DDFM FFIESR U  TDL-CCFN $F-1E Rk
& B 45 Fll InnerMPDIoU 4 2 b £7 %F YOLOV10s 5 B4
TP B A 1 T ROR L AR SCHE TT100K % 4iE 4E b X DTI-
YOLO RS BEAT I b 3L . R VUCK Bk st g5 iid h
A B.C, 25 R MR 4R, R 4 w5, 18
FFRIBRHESE B B , A J7 i BB S a G
i DDFM J& , 7E (R FF2ECE A IE LT, T e
5y TR R R T IS BT, INai 1 AR} Ry bR
FEEARTS RO FEIR RS T R A0 ol R EA B 42 T,
ST 2.8 F 2 AN E 43 a5, A KA B TR0 Y A2 il b
BRST A /INHE LN A B e b 43 5 H ok Thi s
BRSO . B J7 ik BTHRRIE Ak 9 4% TDL-
CCFN Ji7 , ¥5 2904 AE 28 H 45 1 160% 160 7N H A il
JEZ R T /N R B BRRFIE Y PR 5 B8 D R R 2 R
A AV 3 N, BH S B AR A AR I TR AR A 1, 43 [l R
T 8.8 1N E 43 4, mAPS0 Fll mAP50-95 7 2 5.1,
4.7 A4 E 4y A TR A% T 4 T v O RS ) S A2 58 bR
. A, TR R CCFM 45419 51 N LL R R A 20
20 Fl1 40 x40 £ 2 ) BB AT S 02 L 8.1 < 10° f 2
5.4x10°, FEAK 33.3% , iR B AT . C iR
H InnerMPDIoU #11 4< pf % B2 32 CloU, 7EXE 112K . 3 [n]
R mAPS50 fl mAP50-95 75 AL R A H IR . L
AU, A A B C J7 iR R TR RS I 1 RE X A
AEFRENSE, %A 5B EHARKE, BT )5
FRIESE S 22 ROBERFAE Ab A 0 i , AR 8 A 2 SR
— IR TE AT M H B, mAPS0 Fl mAPS50-95 127

03021 E D M. BEH A B.CEMRAHG RS
DTI-YOLO BLHY , Hy SEI0 44 vl i, 5 ALl AUAH LG 4
W% 7 0l Z  mAPS50 Fl mAP50-95 43 H|$2 7+ 4.7.8.2.
SSHISIAE A L5 LR IE3ATHER PR
T, BRI TR AL H ARRHE R 4 3 5 4 2 RE
AR 5 R TS 0L . PRI, DTI-YOLO 5
F T FH TR RS B R e i A S bR R R A 55, )
B SEIL TSR SR B VT, 8 TR s A 0 A By i
WaEHRE .
#4 DTI-YOLOBEMIAE TT100K | 1) 3t i 53 45

Table 4 Ablation experiment of DTI-YOLO model on TT100K

Sy A B C Params/10° P/% R/% mAP50/% mAP50-95/%

1 — — — 8.1 86.0 760 854 66.9
2V 8.1 88.8 78.0  86.2 67.3
3 VvV 5.4 87.3 848 905 71.6
4 VvV 8.1 87.7 765 862 68.1
5 VvV Vv 5.4 87.7 848  90.8 71.8
6 V.V V 5.4 89.4 849 909 72.0

3.7 ALY
T B UEAR LR Hh i i AR DTI-YOLO 728
PRAESKLIAT 55 i B9 e A1 L 78 TT100K Kt 5 E I
T I R BRI B E AR A R A TS S
R IR S A PR SEbRAE A G b, 5 BRI 2 R
LUE SR
#5  HBUAETTI00K krhPERE 928

Table 5 Performance comparison experiments of each
model on TT100K

i) P/% R/% mAP50/% Params/10° FPS
Cascade-RCNN ~ —  — 65.6 69.30 30.8
SDD - = 63.7 26.30 48.9
YOLOv8s™! 83.0 76.4 84.2 11.10 126.1
YOLOV9s?! 83.4 744 83.4 7.20 97.6
YOLOvI10n 78.6  69.0 75.1 2.70 135.7
YOLOV10s 86.0 76.4 85.4 8.10 101.7
YOLO11s 853 789 85.5 9.40 1113
YOLOv12s*" 87.6  76.1 85.6 9.20 98.0
RT-DETR-R34 827 759 85.9 30.30 69.0
SCHK8] 89.1 835 87.6 17.30 —
BH-RT-DETR®™ —  — 87.8 18.20 —
SCHR[10] - = 88.1 10.90 —
SCR[11] 70.0  67.9 71.8 1.90 294.0
YOLO-SG - = 75.8 4.00 131.6
HR[29] — — 90.5 7.62 39.4
DTI-YOLO 89.4 849 90.9 5.40 1153

M BE BT S0, IR B AR R Cascade-RCNN Flf%
S5 Ry B AR RS SDD FE R IR B J7 T A IH A, —
FPS 41/, H Cascade-RCNN 24 & & , LU 2 =
LE B E R . YOLOV8S™ , YOLOv9Is®, YOLOv10s.
YOLO11s il YOLOvV12s*"d@ it 25 i tiAk , St T8
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Ko MRS BE 5 EE  {H 5 DTI-YOLO tH I , ZEBL IG5 24k,
TR AR AFAE U R T 25 ) . SCHR[10] AR S 114
T B RG KS B L {H K% & FPS 484K, YOLOvV10n., 3ZHk
[11]F1 YOLO-SG"™ i#F — W 4 A A , ¥ S 40 = 4 il 7E
4x10°LLF, HE AR FPS . Hob, SCrk[11]8Y
FPSEZIRE] [ 294.0, ZHZEWFFRE 1.9x10°, {HiX3
MERI mAPSO{ A 75% 2245, K mAP50 1% 90.9%
) DTI-YOLO X5 & %3755 T 1 /N H bR 23S i@ AR & 5
HA A, BENS (R IEAZ I () 42 T PR RDFEDR M . RT-DETR-
R34 . 3 #k [8] Fll BH-RT-DETR™ f) mAP50 f 1% ik F|
85% LI L AEHE T —E SR . mARSCHR[8]H BH-
RT-DETR 4S84 % 18x10° /245 , {845k DTI- YOLO
SR 3G A A . SCHR[29ER RS B | B —E
477, mAP50 155 90.5% , #3L DTI-YOLO, {H H;: FPS H
H39.4, AR ME LU R SEPR TR R . ARSI
DTI-YOLO £ £ A AT d8bs L # M itk . DTI-YOLO
1) mAP50 ik £ 90.9% , #H % T YOLOv10s $#& F+ 5.5 4

B o R R A B R R R T 3.4 R 8.5 AN E 4 o
IAh , DTI-YOLO () #5248 FE 45 & 5.4%10°, 5
YOLOV10s A H B4 33.3% . [d]H, DTI-YOLO f4 4k #
IR 115.3FPS, REALAE LRI S RE EE RO B T SEB S
PRSI, SZI&ERH , DTI-YOLO il i 4% 8 2% % R EERAE

A 2R R B B A I KT B e TE PR AR
SRR [ AR T R R A S N /NE AR
Tk ) R, AHAS T B AR, LA A . A2
SR SEET M 3 A2 R S E T , A R R A Tl bR
SRR ISR (T e B 5 S ARSI AR

YOLOv10s £ F1 DTI-YOLO BLAIAE TT100K %4
£ | 10 F 2R B 24 (8 i 26 H 2 1 9 B R, Hod
(a) iy mAPS0 B 26X} b, Il (b) 4 mAP50-95 B £ %F L
W5 £0,th 22 A TR LA YOLOV 0s, #5 £a, ih Ze AR e i ik
HEARIDTI-YOLO. i th Zei)Asfb e $uT 5, b & I 2k
B IE BRI TR . RS0 )
P o fh 26 ar 2 2P EIE @M 2 5 , W DTI-YOLO 4
P EAT AR ARSI RE
[ 10 J R 1 AR S0 IS HE TT 100K 04 55 i)

RS> KGR RN . M5 YOLOV10s #5789 () by %5 vprm]
VI i, DTI-YOLO 5 B4 75 A5 I 24 S b 2 B0 H uH 2 A
e FEEFIRNSER T, H Tﬁ'ﬁ%‘%}‘iﬂﬂm@ﬂ?% ,
P ORI T Y RE HE ARSI S H bRbR 2R . AR
DTI-YOLO HA S8 % 7t #F &5 /s B AR A0 @ 7 1 o, H&r o
TE RGNS B . 28 3 B bh P R T A0l A Ok
SEMEE I 5t , PR S Ben is FI AR bRgs £, 154 43
B HARbRE S MEEE A . YOLOV10s 5 76 56 () ik
FERRRATIN A po 2 AR , 1 DTI-YOLO 78 245 &%
TR BRSO A TS O, FF HLAEREI pI30 ZbRE
B R A B EAS E . TESE =Sk Ig sed  40
15 471 B % A= 2}, DTI-YOLO f8 1% 55 1 Hb 3 b £ Fi5 A
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Fig9 Comparison of mAP before and after model improvement
b, FFER AR S A IR BE L oF pl140 2RI bR A 1A )
fREELEIRE] 170.93. AEZCRAHLIE A DTI-YOLOAR
RIRERE AT OV B AT SRR i 7 T SRR Pk, v T
TP SSEAREHFAESS B, Bl S A e R I PR RE .
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(b)DTI-YOLO
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Fig.10 Comparison of detection effects on TT100K
before and after model improvement

3.8 iZfbPEces

R BTG RASMARTE SV ) T, S B
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PR RAE LG . — A R 35 0 3 il bR A I A 2 7
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6 BERYGHGT R A CCTSDB kit fiExt ke
Table 6 Performance comparison on CCTSDB before and

after model improvement

S J7E Params/10° P/% R/% mAP50/%  mAP50-95/%
YOLOv10s 8.0 89.6 74.4 81.8 53.3
DTI-YOLO 5.4 89.8 80.2 86.6 58.3

R 7R T BRI S %4878 (mandatory ) \E
(warning) Fl1 2% 1 (prohibitory) 3 54 i #4858 %}
I, 5 YOLOv10s ALt , DTI-YOLO RE B v i Hiu ks )
H mandatory Fll prohibitory 3 AR & , mAP50 43l $2 T+
5.1 F16.4 A 43 5 ; mAP50-95 43 HIERFH 5.4 F1 734N H
43 RS IR AN ] R A

Sh Y o EOU b AR K B R R A8 T Y
R, AT Ak 4T . B 11 B A TER R VB R
FIRA AT T, 745 YOLOVI 0s BRI DTI-
YOLO AFI ARSI SR o h A5 A I8 SR e vl 5, it
TR I A PR ELA o RS SR

TEZRIITH 52 YRS IR 1500 28 18 bRk B4 185 B
JE A%, YOLOV10s B R I00RS B2 AS v, JF tH B 17 iR G
prohibitory ZAIFREMBLS . 7EH RKIFEH, KEFA

TR 0TS 2 0 R 2 sl 55 A8 3 bR R i 0 L
FUBT DLEE  IRAFFAESE BB . {H DTI-YOLO REfg i
FRAEAS B A HOROR BT S e D e s . 1
K| warning 28 IARE RS, DTI-YOLO 9815 43 B0 ke

B YOLOvVI0s#2710.35, 7EREHE Y, S =
TR RS R bR AR AN L 2 YOLOV10s 3k LA
[X. 3 2 il b s 5 ] BI85, B8 RS HE prohibitory 2 51)
Fri&, BBURA PSR , 1 DTI-YOLO 1/ BE 4 1t 3 (5 54
FEor I 2T AR A0 VTHRHAE , SRS U A5 R .
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R T g R /N B BREFIEASBA S B DL 5 R
53 5 BRI FE AR ) &8, 2R SC6 YOLOV10s RS i
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SRR o0k H bR, B0 AR RIS IGEE Y . FERE
TEFR A B, #3 T TDL-CCEN R AE Rl & 4% , SR H 4%
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T 3R T T 2 REEFRRIE R 28 B AN B ARFFE R PR 5 | 9]
B T IU ARS8, % InnertMPDIoU 14 bR %28
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Table 7 Comparison of detection effects of three types of signs before and after model improvement g f37 .0,

T mandatory warning prohibitory
SEEG T
P R mAP50 mAP50-95 P R mAP50 mAP50-95 P R mAP50 mAP50-95
YOLOv10s 87.7 66.9 73.0 49.7 89.2 84.6 88.1 54.6 91.8 71.8 84.4 55.5
DTI-YOLO 87.0 70.2 78.1 55.1 87.5 877 90.7 57.4 93.6 82.7 90.8 62.8
g SS Y13

(a)YOLOvV10s

(b)DTI-YOLO
P11 BRI Sl )5 A CCTSDB b ity % xt e

Fig.11

Comparison of detection effects on CCTSDB before and after model improvement
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