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Abstract

To improve the detection accuracy of vehicles and pedestrians under low-light conditions, this paper
proposes a low-light vehicle and pedestrian detection algorithm that balances detection accuracy
and computational efficiency by integrating image enhancement with an improved YOLO11 model.
First, HVI-CIDNet is employed to enhance the original low-light images, effectively restoring illumina-
tion and structural information. Subsequently, two improvements are introduced based on YOLO11n.
A global edge information propagation module is incorporated into the backbone network to ex-
tract edge features and effectively integrate them into the backbone feature representation. In ad-
dition, the detection head structure is redesigned and PConv is introduced, enabling a reduction in
model parameters while maintaining detection performance. Furthermore, the EMASlideLoss loss
function is adopted to assign differentiated weights to targets of varying difficulty, alleviating the
issue of sample distribution imbalance in low-light traffic scenarios. Experimental results demon-
strate that, compared with YOLO11n without image enhancement, the proposed method achieves
improvements of 2.89%, 3.03%, and 2.83% in precision, recall, and mAP50, respectively, while only
slightly increasing the number of model parameters and maintaining computational complexity com-
parable to the original YOLO11n. Among several selected lightweight object detection algorithms,
the proposed method achieves the highest mAP50, fully validating its superiority in low-light envi-
ronments and providing a valuable reference for vehicle and pedestrian detection in low-light traf-
fic scenarios.
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Figure 1. HVI-CIDNet low-light image enhancement network
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Figure 2. Improved YOLO11 overall architecture diagram
B 2. 2# YOLO11 ZE{RZeE

2.2.1. 2F/LGIEREIRRR

BB A I st BAR RS/ 8085 295 AT HL B H A S B8 S, A &
it YOLO #41 HArtarill 5k /b F 2R UL A5 BRI, 23] Da 5 N[16]01)8 %, FAIFE YOLOI1
HTREHF SN T 2 RIA%E B AL i#EE D (Global Edge Information Transfer, GEIT) iU 2 (5 S fl & & H
(Edge Information Fusion, EIF), #£5#J4n1/4 3 fiis.

GEIT fH M ZRFAE SR U M B A5 M VE R IA A5 B, IF A2 RO 204638 2 & P 45 AR
B, SCBLEs REERAERNGE, AT IS SR H bR i SRANAR T S5 M R Re 7). T s e, AwFFiIf
REHEMNRIGER T IRIAZAE R, T2 TH T MERERE R, R A TR E R e > v 5
BIF R A RO e IR A R RO S I, RN ORBE 4 H0IL % 5 8E B . GEIT SRH] Sobel B T
SR ERHE AT A G RE, BRI B A1) @F7R, @K -5 3 5 7 A0 R S Rl

DOI: 10.12677/jsta.2026.142030 302 FRIRA AR 5 R H


https://doi.org/10.12677/jsta.2026.142030

R, A

EERPLGRFAL I BEJE XA Rk B AT = R KA DA DR B DX sk 5 R AL R A4 3 IR 0 P KA (1 22 R
FERGAFALF A, FFAEFT 1 x 1 B0 & REERHMESATEIER 57, BT R ek &4t

-1 0 1 -1 2 -1
Silter, =\ -2 0 2|, filter,={ 0 0 0 €))
-1 0 1 I 2 1
Sobel,,,, = \/(ﬁlterx X input)2 + (ﬁltery X input)2 2

F R (1 22 RO ZARAAE T 4153 50l 5 B 2% E 5 2 3] 4 A C3K2 B (4 i EIF B sealmt &,
it P25 B FIE A T4 P3L P4 PS JZ24i H o BIF fEHLE Jafe @i 4t B B ek B & RE I 4R 1E,
FHE 1 x 1 BRI GAE 5 RIS TRLESEEE SR G, BERRM 3 < 3 BAY 95 J5) 4 (0 405
FRMAE Sy, BARIA 1= 1 BRI . il iR R, WRLGE A2 RIETTEANET
W%, TR TR0 H AR R . A5 5 TR G /I K g

[ Sobel_x ] [ Sobel_y ] .

3 < SobelConv
SobelConv

S

[ MaxPool ]—)[ Conv1x1 }—r-)
[ MaxPool ]——)[ Conv1x1 }-—,—)
[ MaxPool ]—)[ Conv1x1 ]—,—)

GEIT

- © -
x X X
- [ -
> > >
c c c
o =3 o
o o o

EIF

Figure 3. Global edge information transfer module and edge information fusion module
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Figure 4. Structure diagram of YOLO11 detector head and improved YOLO11 detector head
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Figure 5. Before and after low-light image enhancement using HVI-CIDNet
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Table 1. Results of ablation experiments with different improvements

% 1. FEIMEAERM SRR

Fg BT P 2 ok ol 3k st P/% R/% mAP50/% Params/M GFLOPs/G
1 x x 57.01 4572 48.95 2.58 6.3
2 \ x 6337 4578 50.33 2.94 7.6
3 X V 61.01 4530 48.61 2.32 5.0
4 Y Y 63.15  46.39 50.45 2.68 6.3
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Figure 6. Comparison of backbone network feature map visualization before and after improvement
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Table 2. Comparison of experimental results of different lightweight algorithms

% 2. FRIREBRHE AL SRAR

g BEAATR P/% R/% mAP50/% Params/M GFLOPs/G
1 YOLOV5n 57.46  44.48 47.93 2.18 5.8
2 YOLOVSn 57.99 4555 48.96 2.68 6.8
3 YOLOlIn 57.01 4572 48.95 2.58 6.3
4 YOLOI1n w/o HVI-CIDNet 6026  43.36 47.62 2.58 6.3
5 Ours 63.15  46.39 50.45 2.68 6.3
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DOI: 10.12677/jsta.2026.142030 306 FRIRA AR 5 R H


https://doi.org/10.12677/jsta.2026.142030

R, A

THEE ZFEERINZE 6.8 GFLOPs, YOLO1 1n 7E ££4F 2.58M S HU& [ [AI I, $4 1155 5 4% FE % I 7F 6.3GFLOPs,
H mAPso ik F 48.95%, TERTIIKE S5 THE B 2 M HUS 7 S 4F (P4, DRl S AR SC ) R AR 2

HEEXFEE YOLOl1n 5 YOLO11n w/o HVI-CIDNet 7] DL HL, #i N\ EIG 5 = B{Gsmab 78 2 S 5
[FIZF0 mAPso R N %, ULBTERIRMOLIR St BRI SREEE A ASGE MR, AT HE TR AR
TR REAR IR RE . SR G RE, AR A7 VETE Frig 5 S O M SR B T B (19 mAPso, % YOLO1 1n
FEm 1.50 NE A, BEIANEGONAR ST EEE 55 YOLO11n w/o HVI-CIDNet #HELIR & 2.83 N E
s FINTHFE S S YOLOL In AHIE, BGUF 1 B4 H 5 VA AE R RS 5 S5 1T AR 2 AR & 35

3.5. WMESRATAN S

DR B 0 B PP ASE BT S SR RS B 7 s R ISR, AR A B R IR 37 5
HEAT R 25 R TS b, Gl 7 B . B A FIDH SRR, B 4128 YOLO1 In J5 RS 84 (sl 45 41
C FA 5] N MGG 38 50 5 (1 2502 YOLO11 #5884 45

s 1 (AUBUC)Z M % BT RO SO AN ZEAT RL G sz, B4R m] WAERLK, B B1 Al L YOLOL11 B
BEAS I 380350 7 224, (EURS DU AEE 250 it B /T B Sy, RS A (0 Ak 9 2 DX 3Py 1 200 HE IR ASE s T
C1 e A2 B R DA I B 52 2250, 3R PR BT D7 TR AE IR RE I BE 25 A R4 T 1 XM R B 55 R 1iE
HARIRBIEE 1. W5t 2 (A2/B2/C2)NIRTTIE M AL 5, M T 4. ™ = B e
I, JRRREEALLE B2 fontp i1y B AL T BI5E I R4 AR I s T C2 rh & MG 3 5 Ja i N S BE AR 2
PETt,  CSOIEAR R A 08 Ao U 3 S AR R AR B S 1, U BH I SR SR AT B TR e A AE S 1S R A
B RIS BE o X T35 3 (A3/B3/C)MIEAT N HbRig s, AT NIl FRUZEEVN B 2, 8T 85
FRIEH A%, B3 H5EAR YOLO11 EARREME AN FFE 7 2240, (R AT AT N R AR UsAS, [ B B 24 2 S
DS PR 10 C3 Hh SO BN ST T AT N R0R 5, G 32TH T P A n A i B A5 %, i —
2537 B RG0SR BB 32w IS 2R TE AR ) 52 2037 55 T 0P AT N S S 2 1 A 22595 B b O Rn I 8 S5 R e

Figure 7. Visualization of detection results
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