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Abstract: Pedestrian detection in complex environments presents a critical technical challenge for autonomous driving systems. This
paper proposes a pedestrian target detection method based on multimodal feature fusion of infrared and visible light images. First, to
address the challenge of cross-modal feature fusion, we propose an infrared-visible image fusion algorithm ( DIVIF) based on a multi-
source diffusion model. The algorithm incorporates a reversible feature decoupling module (IGCM) to capture target information
distributions across modalities and extract large-scale structural features, along with a lightweight local capture module ( LLCM) to
enhance detail fidelity through attention-driven dynamic interaction. A global-local iterative optimization mechanism is introduced to
achieve effective feature transfer and deep fusion. Second, for low-illumination scenarios, we propose an improved YOLOv8n detection
network with lightweight architecture and attention mechanisms. The model integrates MobileNetV4 and GSConv into the backbone and
neck networks for efficiency, while incorporating EMA attention to strengthen key feature extraction and MPDIoU loss to optimize
convergence. Furthermore, a complete pedestrian detection system implementation is designed for practical applications. Experimental

results demonstrate that the proposed method effectively fuses multimodal features, achieving precise detection in low-light and occluded
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scenarios. Compared to mainstream detection networks, our algorithm outperforms in all evaluation metrics.

Keywords : pedestrian detection; image fusion; diffusion model; infrared and visible; YOLOvS
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Fig. 1  Architecture diagram for object detection implementation
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Fig.5 YOLOv8n framework with MobileNetV4 backbone
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ARSI T YOLOvSn #3 M 4% . %A Bt X 17 A
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Fig. 6 YOLOv8n framework with GSConv-

Enhanced neck network
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it Sigmoid REUAE BUH — AL | Sh A A 5 SR AIE
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s=F _(z,W)=0(g(z,W))=
o (W,ReLU(W,z)) (35)
Kb W R W, 3 BIF0oR 2R Z ] F I S8R, Z
FRGI AR S o & Sigmoid G PREL, i
HEAEREIE[ 0,1 ] 2[4,

SE B BURh 7= A= 1Y) 388 JE A 5 iy A CRRE 2 58 I
AR, fhr A HE S RRAE X, 35 SC 55 BT I U4,
i F AR TR ARG ) TR R R

Xﬂ =F, .(u,u)=s Xu, (36)
s s, om0 18 WA B w, Rom oK 2 540 19 4y
fiEE

(2) CBAM E = I HL# P & U & ) B
3 (convolutional block attention module, CBAM ) Hi i if 11
&SI ( channel attention module, CAM ) A1 %5 [A] 1 & /1
#iHe (spatial attention module, SAM) ZH i%,, CAM i i &
B4R fE BRI AAT: 55 HH OC 14 P AE 380 18 e 107, SAM A
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M, =0 (MLP(avgpool(F)) + MLP(maxpool(F)) )=
o (W, (W, (F,)) + W (W,(F,.))) (37)
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DB S, M, KR
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e TR iR 1)) (38)
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T, 5,8 3 DIT B SR BURE . 5> 1x1
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Fig. 8 EMA attention mechanism diagram
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Fig.9 YOLOv8n framework with
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4.1 BEABMEEEHEIR

1) SR BRI

R T UESEAR T 2 A R, etk =Xl A vk 4 LS
KoK fE LLVIP ' R MSRS ™ St 4 LRI, AR5 A5
ST Python 4R 1A F , KR H PyTorch IR 2% > HiE
AT A M R 5145, JF & FREE% A PyCharm
YERBERIT & T H, 7E#5 %% NVIDIA GeForce RTX 3060
GPU MRS e, HAESHRENR 1 Fis,

x1 MKNESEHLE

Table 1 Neural network training configuration

2) £LAh-AT WL B 4R AR SCHE T LLVIP Fl MSRS £
BEABIRAEDATIE . LLVIP 415 16 836 X ™5 Bt fE 1)
ATOC S LA, 3B AR/ R 5 B R
S PER RS 2 X SRR R 3 400 B 7 5
BT 925, MSRS MdladE 8 1 444 X HCHER B (e
KB ) R G T 1 R EOR $_ T LA R O A Ak
HRYIE B HARARTE . PN BRI 25 R R SRS
R FT AR AL T 42 i E LAl

3) GG T b

AR 6 F e MAshRER A PEN RS B B, M
{5 B i BOREER ORI AR 55 2 £ B2 o RS —

BRI PR YE . FRifEZE (standard deviation, SD) Sz B
BYRCRLIE AT A GO LU RE S5 R B I R L
(visual information fidelity, VIF ) &4k J5 If PN 25 B9 14 B4 72
BE VAR BRE B R S BR JE (average gradient,
AG) fli L2077 =F B AN 230 B W R, LA S IR i OE
A% ;{5 B8 (information entropy , EN) PEA% 1415 B & ;
1A B il A PEBE ( gradient-based fusion performance,
Qabf) FRAR TR EIR 1Y 1235 PR IR 7R il 295 8 b i £ B
J& 3 23 [A] 451 % ( spatial frequency,SF) F TR 1E EHLAE %S 0]
B fE BTG ERFRE . R 2 4R ETR AR R AR A4
P74 AT SRR

4) I il S BT

BT 7 HBORE AL ep S ) R 26 P IGCM
LLCM BEHe7E MSRS $dfi 56 BT s, g 3 Ak
BEAS VUL VU2, VU3, T # LA U-Net 4544 73 5] 25 46
IGCM \LLCM BiH 25405k 2 fis .

SLER AR W], DIVIF 76 7 A 8 br 34 W 2508 T X
PO TS AR 1) 2 7 20 15 1 B NS5 A K 2 7 TR R BSR4
XA i TH TS R B A R0 D> T AE B LA RY
TESR BB O Z B8 E BAA Ui, 2 5 7 Mk sk,

A 4 Bk i 7 B AR BAES TR b BT EA ik, BT TH
Wl 3 % 1x107 (v
PEseTrik Adam Sy 0 T 395 4 Jo) A Jo) 360 06 AL e e BB AR 34, AR 0T
Eiin o 2 FEXF T AR AR AR AR S DIVIF B9 T R4S SR, i 10
R s B AT EHESE AT RFAE, S GHERFICAT A IR, 5%
o o 0] DIVIF A BRI (5 T 7 AKHE , S 4 7
s 210 AN, Wi T HA R RS
K2 ERERSIBEENLL
Table 2 Quantitative ablation study on module components
LA AR SD VIF AG EN Qabf SF
VUl U-Net .LLCM 43.846 1 0.860 3 3.648 3 5.5135 0.483 6 7.460 2
vu2 IGCM ,U-Net 39.690 0 0.867 5 3.812 6 6.145 8 0.525 3 8.498 9
VU3 U-Net ,U-Net 34,8652 0.846 9 3.548 2 5.054 6 0.417 3 6. 164 2
DIVIF IGCM \LLCM 63.247 7 0.908 5 4.088 0 7.128 2 0.682 0 12.509 3
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Fig. 10 Ablation study comparison diagram
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SERLE TR T T AT L SE S, SRR R
ARG, DL LLVIP Bl e ], 25 SRR, A SO
ETE BRI T RIR M AL G AT X5 5 B R 8
A A SCRERERS W M O B AR 301 S MR P AT AR
B R e R U A RS PR R RIS R B
SR PG REGEE LW PR A AL RE T S5 SR AnTA 11 R

(2) & &b

7E MSRS Fl LLVIP ¥#la 5 it 2Rk 2 i

(c) DenseFuse (d) FusionGAN

() DIVIF

(g) DATFuse

B 11 NFEERE LLVIP $R4E b 553

Fig. 11

Rl 4, 3 3 A4 S5 Ra e b 2 R0k R i R f X
PR, s s BT R W1, DIVIF 76T A 46 br T34 3 B fe
DG, FCAE PR ARy O B A3 A 2 T T A 3 %

&3 7 MSRS #iF& EREEXTLL
Table 3 Quantitative comparison on the MSRS dataset

PR SD VIF AG EN Qabf SF

DenseFuse
21.7205 0.7528 1.8673 5.5104 0.4256 5.690 2
(2019)
FusionGAN
(2019)

RFN-Nest
21.5507 0.5892 1.2489 5.3721 0.2305 4.3658
(2021)

17.160 8 0.401 7 1.2236 5.2673 0.1295 3.8557

SwinFusion

32.9205 0.9423 2.6908 5.897 6 0.5924 8.8107
(2022)

DATFuse
27.1205 0.861 3 2.6304 5.8156 0.5289 8.8457
(2023)

DIVIF  63.2477 0.9085 4.088 7.1282 0.682 12.509 3

Performance of different methods on the LLVIP dataset

R4 ELLVIP HiEE LM EEXT
Table 4 Quantitative comparison on the LLVIP dataset

(ER7R: B SD VIF AG EN Qabf SF

DenseFuse

34.2105 0.7523 2.7358 6.8604 0.5012 9.2507
(2019)

FusionGAN
(2019) 24.8053 0.4628 1.9326 6.3207 0.268 4 6.905 2

RFN-Nest
34.6305 0.6821 2.1436 6.8759 0.3284 6.3057
(2021)

SwinFusion

44.9056 0.8187 3.9302 7.1423 0.6354 13.610 8
(2022)

DATFuse
39.8657 0.8236 3.0502 7.068 3 0.497 8 12.350 2
(2023)

DIVIF  52.746 5 0.8331 4.8352 7.5577 0.723 8 16.845 4

7E LLVIP Fil MSRS #4445 [ X DIVIF #4171 % E,
SEEGEE R DIVIF 762 R FE s iPAG v 3300+ 5
ML R R AR BRI s A5 B SRR, B R
T4 T I S A AT NI 3



5 6 3]

BT Z VY HURHIERL S B0AT N B ARSI A5 59 -

4.2 BHERERVNEEFELR
1) LSRR E
SEEEREEIC E AR - 2R A Python3. 8 +Pytorchl. 9. 0+
Cudall. I #5# /%% (fifl] RTX 3060 GPU R 5%, K15/ 9t
R 640x640, YIS EUNE 5 PR,
®5 MKINESH

Table 5 Network training parameters

28 Hain
Ll S 0.01
HUE I ZR KL 0.000 5
etk AdamW

Batch Size 16
Epoch 200

SEBG B T OLLVIP s & b iy B R IT,
Labellmg T H. % £ 98 58 98 47 N TAR I, A5 13 2800
people , I 1R 8 = 2 14 L A7 45 48 4 R 43 S VI 254 Fn
UEER , DISCHaml il 25 5 P RETTA

2) K BRI HE b

AR 4 T 145 bn 5 G PEAl E AR R I 85 20 44
BE : K5 B 9 {H ( mean average precision, mAP ) 1E K%
O 98 bR, S R R UKORE IR R A S 8
it (parameters ) FRAE P24 52 B | 145252 Wi A B0 o
B 7 i R B (floating point operations , FLOPs ) ffif 1
TSR JUE BALIEFTROR B AMIWUEL (FPS) DA 5
Ip e, Sz e S s 2 F AN M 5 ~F- 285 BE (average precision,
AP ) 38 2R B 258 - ] 4 gty 28 T B e 5288 31 A 0 1 B
i ngE| (inference time ) L A B b s =T
PRI OCEER . X BEFRAR MORGRE 5038 S 1 55 4
JE AT AL B ALVERE

3) WM& Ab a5 R o i

(1) T Mg 4 R b

T MobileNetV4 it & YOLOv8n F + M 45, 7£
LLVIP Bfi gk LiEAT 4 WPk RESR AR b, FLAR AL 45 2R
W 6 Bz .

o6 TTRERELER
Table 6 Lightweight backbone network results

i mAP/%  Parameters/ (x10°)  GFLOPs FPS
YOLOv8n 93.6 3.05 8.0 121
YOLOv8n+MobileNetV4 ~ 93.5 2.10 5.6 155

%6 P, kS BAEILE Parameters Fl GFLOPs 2J[%
1% 30% (1) [R18F , FPS 42 7+ 28% , T mAP {14 0. 1%, %
ARFERG RS B 12k B R T BRI bR
N FHER AL T AR A D

(2) S0 Do 245 e B A 285 SR o B

W TR R 285 Hh (1) C2f B 25 A GSConv BR 4 i, C2f -

GSC B HEATLR TERE ST 2R AN 7 BT

xR7T MEANERSUER
Table 7 Lightweight neck network results

A mAP/% Parameters/(x10°) GFLOPs FPS
YOLOv8n 93.6 3.05 8.0 121
YOLOv8n+C2{-GSC ~ 94.0 2.82 7.5 129

F 7 MR mAP 271 0. 4% | R FRIR S50
Al GFLOPs,FPS M 121 27+ % 129, 53R %Ak
FEAT ARG 55 A 5P T 1 2 50 3 G 0 355053 [
AR T 25 e PG AR 2

4) BN B MU 25 SR o

7£ YOLOv8n 143145 i, SE .CBAM Fl EMA ##4
AR S5 NER 8 iR,

*x8 AMFEHNMHLER

Table 8 Attention-enhanced results

HRT mAP/% Parameters/(x10°) GFLOPs  FPS
YOLOv8n 93.6 3.05 8.0 121
YOLOv8n+SE 93.8 3.07 8.2 115
YOLOv8n+CBAM  94.1 3.08 8.5 110
YOLOv8n+EMA  94.6 3.04 8.3 104

&8 R EMA 2 ML 4 A A A RS JEE I
TP, H mAP AT SE F1 CBAM 13 2 S HL #4351
2T T 0. 8% 1 0. 5% , FEBIFIGCRIE R I, H BB iz
SITEBEE T e, S5 E FTR A EMA 5
HOARCERARTE TR RS B2, [ i O 1 8E 280 1) H 5a 4
RS T MRS A R AT

5) bR BR B B A M

X} YOLOv8n HEZE () CloU i1 7 HE [m] U5 45t 2k #5 5 oy
MPDIoU 1 k PR A TR A5, 5 26 9 Fim

R9 HHAMKIIBER

Table 9 Enhanced loss function results

iR mAP/% Parameters/ (x10°)  GFLOPs  FPS
YOLOv8n 93.6 3.05 8.0 121
YOLOv8n+MPDIoU ~ 94.2 3.05 8.0 120

29 FERFES R T R B R AR AN AR
BTG SR, mAP [HH T+ T 0.6%, X — 45 REIE T
MPDIoU 7E HFnAs AT 55 b i A &bk Rl 7 HAE & 4
Yt R FHAE U A R b RE

6) X LS H 43 M

AR GEVAL T 5 1) YOLOvSn 4%, I 52
SR AR AS IR B FE AT XS HE L L YOLO FR 51 40 3 i) 2
W Bk ] 2 FI S T Faster R-CNN F8 8L B RS M AE 282 | %5
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Table 10 Comparative analysis of object

detection networks

Parameters/

el Precision/% mAP/% FPS
(x10%)
FasterR-CNN 90. 8 92.4 43.52 8
YOLOv5n 89.2 91.0 2.87 113
YOLOv7-tiny 88. 1 90.2 4.20 105
YOLOv8n 92.5 93.6 3.05 121
YOLOv8n-MGEL ~ 94.6 95.3 1.75 142

SE G 75 B B | Faster R-CNN AE S — o BEAG: T 28
mAP 5, (0S50 38 BA SO 9 25 4% YOLOvVSn
YOLOv7n 25 5 BB vA 4 HLAR 3, (A 45 T 48 hr ¥ KT
YOLOv8n; 7 3C #2 1} A9 MGEL ok #F 5 1, mAP ik %
95. 3% , 5 HEAt YOLOV8n $27F 1. 7%, Al AL SE50 iR,
WA 12 113 fis 2R S G OEIE T IARAREL
SPERE, B0UE T HAELL - AT DGR A SR A T AT Y
ZRA LI TECRUEA DURS B (%) TR B, S T 3 e Ak 1) I
It

() JREGHL & B

(a) Initial fusion output

(b) YOLOVSnK %%
(b) YOLOvS8n detection performance

(¢) YOLOvSn-MGELK TR
(¢) Detection performance of YOLOv8n-MGEL

B12 ROLIAE T RIS XS 1

Fig. 12 Low-illumination detection benchmark
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(b) YOLOV8n detection performance

(¢) YOLOv8n-MGELA R
(¢) YOLOv8n-MGEL detection performance
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Fig. 13 High-illumination detection benchmark
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5 ETON-ATEm S EGITARNRES
£S5 MA

AT HESAT ARG B A SRR, AR & T
FETFLAh-0] WOGRE A EUSAT AR R 455, 4 BRI Rl &
SR TR A 0 A 7 ST R A T A B ) A A T 4
5.1 RELIEEZRMH I Ki%it

ARSI KT —FhETF20hh 50 WOCERUG RS 14T A
il R 4E, R B A I 2 =X L I R | A o, S
TR SRS HE R R T, 245 6 22 0063 il 1 R B -G UK
RGESCRAOGCIE S F AL Pk 21 (2 M/%) 55 ) Sy
TERLA, S35 T A AR R A4, B £ 38
S T R S AR P R ARAE IR R T 4 [ 3
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Fig. 14  Scenario testing results demonstration
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