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CORM-YOLO: Pedestrian detection algorithm in low-light
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Abstract: Sprinkler trucks frequently operate during nighttime or early morning hours, when ambient
illumination is extremely low. Under such conditions, traditional object detection algorithms often perform
poorly, leading to frequent pedestrian missed detections or false positives, which in turn may result in
unintended spraying or even safety hazards such as collisions. This performance degradation is primarily due
to the insufficient brightness, blurred object edges, and weakened color and texture information in low-light

images, which hinder effective feature extraction by detection models. Additionally, increased noise levels

%5 H 87 : 2025-05-20; & 1T B #§ : 2025-07-17.
EE T WA RHUT I (No.[ 20231585 No.2023DJC082)

Supported by Department of Science and Technology Project of Hubei Province (No.[ 2023]58; No.2023DJC082)
{5 Bk & N, E-mail : zhangfengie@whut.edu.cn



1370 W5 Bos 55 40 %

further compromise the accuracy of model inference. To address these challenges, this paper proposes a
lightweight and improved detection algorithm, CORM-YOLO, based on YOLOv8n. The algorithm
introduces CPA-Enhancer as a feature extraction network to enhance semantic and texture representation
in low-light images; OREPA is employed to optimize convolution modules in the backbone, reducing
computational complexity and parameter count; RepHead replaces the traditional detection head to improve
robustness and accuracy for small object detection; and MGDLoss is introduced as a knowledge distillation
mechanism to enable the lightweight model to learn discriminative features from a teacher model, thus
enhancing overall performance. Experimental results show that CORM-YOLO achieves an mAP@50 of
0. 845, 3. 6% improvement over YOLOv8n, and an mAP@50: 95 of 0. 504, with 1. 8% gain, while maintaining
real-time inference speed suitable for onboard deployment. The proposed method demonstrates strong

applicability in ensuring safe operation of sprinkler trucks under low-light conditions and holds promising

potential for broader applications in smart city and intelligent transportation systems.

Key words: low-light pedestrian detection; deep learning; YOLOvVS8; re-parameterization; knowledge
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Fig.7 Model performance with different weight coefficients
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Tab. 1 Ablation experiments
Experiments CPA-Enhancer RepHead OREPA  78{#  Precision Recall mAP@50 mAP@50:95 GFLOPs
1 0.830 0.753 0. 809 0.486 8.2
2 N/ 0.832 0.758 0.826 0.495 21
3 NG NG 0. 846 0.759 0.835 0.497 21.2
4 NG NG NG 0.851 0.769 0.833 0.496 18
5 NG NG NG NG 0.852 0.771 0. 845 0. 504 18
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Tab.2 Comparative experiments

Models MAP@50 FPS
YOLOvS8n 0. 809 59.8
YOLOVSs 0.826 46. 2

Faster R-CNN 0.802 16.4
PE-YOLOv3 0.832 45.9
YOLOvVI10 0.828 56. 4
SSD 0.772 61.5

DETR 0.785 51.4
YOLOvI12 0.832 57.3
YOLOv11 0.826 56. 2
YOLOV5 0.803 53.7

Ours 0.845 49.6
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Fig.9 Detection results 1 of YOLOv8n
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Fig. 11 Detection results 2 of YOLOv8n
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Fig. 12 Detection results 2 of the proposed algorithm

M 1112 955 1k B 7 xF LAl LA Y,
TR ASE TR S Al A T S o R R AT N T ek i IS
1 455 Y 8 4% HE B RN AT N H AR . 2R 25K B Y
Xif bt SR e B TR AL A AR R AT N B R AR K SR
Ll 45 AT ARG A Im) A T e S A AR A A
S N O W L = I3 N B S S | R B
o b3 P2 R R L 43 BT, BT LSS IE CORM-
YOLO 52 % 75 3 [ 1% B8 37 50 F HoA B3R 32
L RE 7 5 38 W

i 2 X 55 3 AL ER X B A A T AL FEAT N
WM R, BT AR P 18 B O
DL H bR T B GH 2 55 5 Z 1% L , YOLOv8n
R T BB AT AR IS . M2 T,

5  CORM-Y OLO #5258 42 47 250 1R 51 3 26 [
MESRAT T AT N E AR A6 I A 545 3] 1 2 2 Tt
Seuy gk LB CORM-YOLO BRIE % 44T A3
S R B UG S B R DU M R L RE IR AEAT A E S
DX 3R 322 FE S RO AR i R 500 B8 g Oy T LA
EMH AR T RAFBIANZ fLRE T .

55 4 ER X L BT SR | G A5 T A A
BT NPT AT N BRI B, T 0 J5 A
Y B ) s A T R O . A R R,
CORM-YOLO BRI AE 1 K 1E 8 6 A T 1 fg
PRFRAR A BRI PR ] , i — 2P B0k T AR S iz
TRRES . A AAEGRT L, 2 — 2 50 0E T 2
HERST AU A A2 30 55 AT A AT 55 vh i e $E 7t.



59 1 T R, %F:CORM-YOLO AR I8 B PR5E T 22 18 47 A K 45 1k 1379
MGDLoss HITHZZ 18 1 45 & i — 23T+ TR ALY
5 % 7%

A% SR N AR BROEE AT AR DU R] R, R
YOLOvSn £ i T CORM-YOLO #& # | i i
CPA-Enhancer % %% 3 5 {[X % % 10 52 & 5% 1
B R OREPA B U il e 5 T 76 R AR T
Bk R A PR ARG B, B S B A I Sk RepHead Fl

& % X #:

REIAERA P FIRCR . SEBR 45 R % ,CORM-YOLO
A YOLOvSn 7 NightOwls {5 647 A i 4 1
BT B ERI MAP@S0 2 5 % 0. 845, FPS ik
F]49. 6, £ LA AL HTE K . CORM-YOLO
BN R /MY R 10. 33M, 18 FH T R A 36 58 21 ik A X
WA BB IEWIK A 388 A U geiliK
TR R RE R B ARl 4 22 4 )

[2]

[3]

[4]

[8]

[9]

[10]

B4 R, ¥ ok JETEGHE YOLOVSs BOEAEY R HARK ISR [T]. #f i R 5 FH (T F4R),2024,58(12) :
2438-2446.
LV JM, ZHANG F, LUO Y B. Improved YOLOvV5s based target detection algorithm for tobacco stem material [ J].
Journal of Zhejiang University ( Engineering Science), 2024, 58(12) : 2438-2446. (in Chinese)

FEE FRA. ETUH YOLOVS I FOLIAT AL [T]. @4 X 5 540 ( 8 KA iR),2025,44(3) : 29-36.
LI B B, FU C Y. Low light pedestrian detection algorithm based on improved YOLOvVS [J]. Jowrnal of Xihua
University ( Natural Science Edition) , 2025, 44(3): 29-36. (in Chinese)

FER ATHRF, RAEE, S . ETFREML YOLOVSS-GD M ARIFIE T B &R B MBI A [T]. Rk bR 5 R,
2024,55(8) :291-300.
LUOZC, HE C T, CHEN D J, et al. Passion fruit rapid detection model based on lightweight YOLO v8s-GD [J].
Transactions of the Chinese Society for Agricultural Machinery, 2024, 55(8) : 291-300. (in Chinese)

R I, . ARG R T A S BRI, o 5L A 5 #4F,2025,42(1) :102-107, 188.
SONG J K, SUN Y, LI Y P. Pedestrian detection in self-driving cars in complex lighting scenes [J]. Computer
Applications and Software, 2025, 42(1) : 102-107, 188. (in Chinese)
FR . FET YOLOVT MR RIAT AR 8 (D], 5 - s # R LK%, 2023,
ZHENG Y W. Research on night pedestrian detection algorithm based on YOLOv7 [D]. Chengdu: Chengdu
University of Technology, 2023. (in Chinese)

2L, 2L, A4, F . YOLOvA-ting FZE A AT AR SER A 5T (], & Rdr e K5 4R (A KA Fm0) , 2023,
35(5):908-915.
LIU HW, WANG H X, ZHOU K, ez a/. Research on nighttime pedestrian detection algorithm for YOLOv4-tiny
network [J]. Journal of Chongqing University of Posts and Telecommunications (Natural Science Edition) , 2023,
35(5): 908-915. (in Chinese)
HAP R, AE, 24 F . W Mask R-CNNSAAEOLE B 5 AT ARWATTE[T]. £RE T RF FR(OH KA
#),2021,35(7) :154-160.
LAT K C, ZHAO J, WANG C, et al. Improved Mask R-CNN algorithm for pedestrian detection in low-light road
conditions [J]. Jowrnal of Chongging University of Technology ( Natural Science), 2021, 35(7): 154-160. (in Chinese)
R, F v, RRE . RIAZ SRR AR T AR NS (T]. BB R B 4R, 2023,28(9) : 2693-2705.
GONG A, LI Z H, LIANG C H. NSPDet: real-time nearby-aware pedestrian detection algorithm for multi-scene
surveillance at night [J]. Journal of Image and Graphics, 2023, 28(9): 2693-2705. (in Chinese)
7R AR R R, F L RTYE YOLOVS MIOET AR INHIL[T/OL]. # SAu 242 5 A4 5 ,2024:1-11[2025-
02-27]. http://kns. cnki. net/kcms/detail/43. 1258. TP. 20240908. 1720. 002. html.
XUGP,XUHY, ZHU X Z, et al. Improved low-light pedestrian detection algorithm based on YOLOv8 [J/OL].
Computer Engineering & Science, 2024: 1-11[2025-02-27]. http://kns. cnki. net/kcms/detail/43. 1258. TP.
20240908. 1720. 002. html. (in Chinese)

CHEN J W, ZHANG W C, WEI D Y, et al. Visual inertial localization method assisted by pedestrian motion



1380

W5 Bos %40 %

features [ J]. Measurement, 2025, 240: 115593.

WEIF C, WANG W J. SCCA-YOLO: a spatial and channel collaborative attention enhanced YOLO network for
highway autonomous driving perception system [J]. Scientific Reports, 2025, 15(1) : 6459.

JUNG M, CHO J. Enhancing detection of pedestrians in low-light conditions by accentuating Gaussian-Sobel edge
features from depth maps [J]. Applied Sciences, 2024, 14(18): 8326.

WANG S, SHIBGHATULLAH A S, KEOY K H, et al. Pedestrian mask-wearing detection based on YOLOvS
and DeepSORT [J]. Neural Computing and Applications, 2025, 37(15): 9169-9192.

LIU Q, LI Z M, ZHANG L, et al. MSCD-YOLO: a lightweight dense pedestrian detection model with finer-
grained feature information interaction [J]. Sensors, 2025, 25(2): 438.

WANG Z D, YANG S Q, QINHF, etal. CCW-YOLO: a modified YOLOV5s network for pedestrian detection
in complex traffic scenes [J]. Information, 2024, 15(12): 762.

ZHANG F F, LEONG L V, YEN K S, ez a/. An enhanced lightweight model for small-scale pedestrian detection
based on YOLOvSs [J]. Digital Signal Processing, 2025, 156: 104866.

B UEL 5L U, 20124F FEK
KA L0, EZENFEPLEEN
B 55 Az 7 R A IR B0 S RME T
fE . E-mail: zhangfengie@whut. edu. cn

EOH L BULOITAE, 2023 4 F
MOl B R 2 AR AR 2 L, B
M B g5 058 5 AT A I 5 T Y F
5% E-mail:1471340309@qq. com




