M-YOLO: T % RERMEB AN ERHESL RS B v iR
R, T K, R, W,

IHASC:

IR, TR, RMET, A M-YOLO:JE T2 RUEAMERL & IR E OGS R H AR A (7],

21(5): 1292-1299.

BRERGR, 2026,

YING Yujie, DING Fei, YU Yaoyuan, et al. M-YOLO: a lightweight multi-scale feature fusion—based model
for adverse weather object detection[J]. CAAI transactions on intelligent systems, 2026, 21(5): 1292-

1299.

FELRIR]IE View online: https:/dx.doi.org/10.11992/tis.202601011

AT RRRSER HAN SCEE
Z SRR AR Y OLOV3 AT AT 5

Research on multi—view data fusion and balanced YOLOVv3 for pedestrian detection

BHER SR, 2021, 16(1): 57-65  https://dx.doi.org/10.11992/1is.202010003

B2 il B R AIE 4235 5 CornerNetHI4SS A (14 /1N B AR AG N
Small target detection based on a combination of feature pyramid and CornerNet

BHERGFR. 2021, 16(1): 108-116  hitps:/dx.doi.org/10.11992/tis.202004033
ST ERESHUR 0 W B AR ik

Salient object detection method based on the attention mechanism

BIRERGEAL. 2020, 15(5): 956-963  https:/dx.doi.org/10.11992/tis.201903001
T 0 ) 5 4 9k 5 A e DXL T i

A short—term risk prediction method for urban traffic accidents based on road network

BIBE R Gi244]. 2020, 15(4): 663-671  https://dx.doi.org/10.11992/tis.201910002
FET A TARRHIE RS HSSD/N H kil 57k

SSD small target detection algorithm based on deconvolution and feature fusion

BHERG AR, 2020, 15(2): 310316 https:/dx.doi.org/10.11992/tis.201905035
— PP 32 ) [ 38 11 4R B 2 TR AR AR

A global sparse rain removal model based on rain streaks main direction adaptation

BHER G244 2020, 15(2): 271-280  https://dx.doi.org/10.11992/tis.201809042


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202601011
https://dx.doi.org/10.11992/tis.202010003
https://dx.doi.org/10.11992/tis.202004033
https://dx.doi.org/10.11992/tis.201903001
https://dx.doi.org/10.11992/tis.201910002
https://dx.doi.org/10.11992/tis.201905035
https://dx.doi.org/10.11992/tis.201809042

5501 B S W B OoRE R & % it Vol.21 No.5
2026 49 H CAAI Transactions on Intelligent Systems Sep. 2026

DOI: 10.11992/ti5.202601011
[ £& H AR B 3E - https://link .cnki.net/urlid/23.1538.tp.20260709.1703.005

M-YOLO:ETFTEZ REFITIMENEESR
RS HireMEE

)ok5) 4_.12’ «El,z A2 %ar_j__“ 2 4_—;/]12
(1. HAFMERF ZHFEARFTALBEAYERNETELRE, ILH 7% 210003; 2. HFIE X F BN PR,
ST &% 210003 )

O EABREEMAEAE TR EIE RSN BRI, IR T 2 ABLITE (multi-access
edge computing, MEC) IRFE By 3SR A YOLOvS A5 A (a lightweight multi-scale feature fusion-based model for adverse
weather object detection, M-YOLO). &I K B BIGIG AT, LM% /M/ S ZIHEIZFEMRE; 5IAEIES
23 [B] W ] 1) 25 AR B g 7 *ﬂﬁ?’] (convolutional block attention module, CBAM) L) & FH& AU 7E & 2275 5t F 19 H R
B HE AL RE JT 5 72 YOLOvS By JEhit b Hr 34 P2/4 /) B AR KN 2, $2 5 %5 /N RS B AR A A & 5 [F A, M-
YOLO i % | T MPDIoU(minimum point distance intersection over union) i 2¢ B &AL 10 AHEE ), )7, Wil
Foggy-Cityscapes ., Rain- Cltyscapes I Snow-Cityscapes FHE 5 #4752 I8 0 1E, 25 £ B M-YOLO ¥R 3 L iy
SRR IS B . FEIR A RSN, M-YOLO #2 i mAPS0 35 %] 0.485, A Lt T IL B (0.415) KIEHRE, A
NG RIREET 1Y 52 3838 W AR SR A T s s e %
K1 YOLOVS; HARKN; 23 A ST g I pLH]; B 2ixc il ; BIGHoe; B m AR ml,; W R
FES3S: TP391.41 XEAIRERM: A XEHS: 1673-4785(2026)05-1292—08

s A ME, T, R, . M-YOLO:EFEREFIMSHEEXTLS RS BRENES J). BEEREFR,
2026, 21(5): 1292-1299.

#3 5| F183K: YING Yujie, DING Fei, YU Yaoyuan, et al. M-YOLO: a lightweight multi-scale feature fusion-based model for ad-
verse weather object detection[J]. CAAI transactions on intelligent systems, 2026, 21(5): 1292—-1299.

M-YOLO: a lightweight multi-scale feature fusion-based model for
adverse weather object detection
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Abstract: To improve the traffic target recognition accuracy of intelligent transportation systems in complex meteorolo-
gical environments, an enhanced YOLOv5 model (M-YOLO) based on multi-access edge computing (MEC) architec-
ture is proposed. A two-stage image enhancement mechanism was designed to realize the fusion of fog/rain/snow multi-
source meteorological features; a channel and spatial synergistic Convolutional Block Attention Mechanism (CBAM)
was introduced to enhance the model's target recognition and localization ability in complex backgrounds; a P2/4 small-
target detection layer was added based on the YOLOVS5 architecture to improve the detection accuracy of small-sized tar-
gets; meanwhile, M-YOLO also adopted the MPDIoU loss function to optimize the bounding box regression. Finally,
experimental validation was performed with Foggy-Cityscapes, Rain-Cityscapes, and Snow-Cityscapes datasets, and the
results show that M-YOLO exhibits better average detection accuracy. Under mixed weather conditions, the mAP50 of
the M-YOLO model reaches 0.485, which represents a significant improvement over the benchmark model (0.415),
providing an efficient solution for real-time traffic monitoring in edge computing environments.

Keywords: YOLOVS; target detection; multi-access edge computing; attention mechanism; intelligent transportation;

image enhancement; lightweight model; adverse weather
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Table 1 Quantitative results on different severe weather

datasets
REHEM Ik P R mAP50 mAP50-95
YOLOvV5 0.720 0.358  0.403 0.238
. SWDA 0576 0321 0.343 0.195
R R-YOLO 0.783 0.378 0.436 0.255
M-YOLO 0.781 0.431 0.501 0.282
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Table 2 Quantitative results on mixed datasets

ik P R mAP50  mAP50-95
PDA 0576  0.352 0.365 0.186
SWDA 0.650  0.320 0.367 0.190
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Table 3 Results of ablation experiment
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