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Abstract: With the rapid advancement of urban intelligent transportation and autonomous driving, the
multi-target detection at complex intersections faces issues such as easy missed detection of small targets,

easy motion blur of high-speed moving targets, difficulty in recognizing long-distance occlusions, and
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imbalance in the training of easy and difficult samples. Existing algorithms are unable to simultaneously
meet the dual requirements of high accuracy and real-time performance. This paper proposes Madulous, a
two-branch traffic object detection algorithm based on the fusion of multiple attention mechanisms. Based
on lightweight YOLOvV8n, the DPFE dual-branch parallel feature extraction framework is constructed,
and the main and auxiliary branches cooperate to extract features in the training phase. EMA efficient
multi-scale attention module was embedded in the C2F module of the backbone network to realize the
spatial and channel dual attention calibration. The Swin Transformer module was introduced into the neck
network to assist the algorithm to fuse a wider range of context information. Then, the classification loss
function of the model is reconstructed, and the training weight of difficult samples is adaptively increased
based on IoU dynamic threshold. Comparative experiments show that the proposed algorithm mAP@O0. 5
reaches 91.5% , which is 2.5 percentage points higher than the benchmark YOLOv8n. The inference
speed of EC-R3588SPC edge platform reaches 23.9 FPS, and the generalization performance is significantly
better than the mainstream algorithms in traffic scenes such as fog and infrared aerial photography. Madulous
algorithm achieves a good balance between detection accuracy and real-time performance, which can
effectively support the real-time monitoring of traffic targets at intersections, and provides a reliable
technical solution to reduce the incidence of vehicle and non-motor vehicle driving accidents.

Key words: transportation information engineering and control; neural network; transformer; multi-

attention mechanism; object detection
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Tab.1 Experimental configuration

Configuration name Configuration information

Operating System Windows10
CPU Intel Core 17 10750H
GPU NVIDIA GeForce RTX 2070
Programming languages Python3. 9
Algorithm framework Pytorchl. 12
Acceleration environment CUDAT11. 3
x2 &ESH

Tab.2 Training parameters

Parameter names Parameter information

Learning rate 0.01
Weight decay coefficient 0.000 5
Image size 640X 640
Batch size 8
Epoch 300
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AT BE X I8 B AR AT 55 T 2 YRR
PEAG AR E o 38 2 TF 55 5 K (Precision) | #3 [1] %
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AR . B Rk (15) 5 (16) Frs -
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Tab.3 Results of ablation experiments

Number Model mAP@0.5/% P/% R/% GFLOPs Params

A YOLOv8n 89 83.6 83.1 8.2 3
B YOLOv8n+DPFE 90.6 85.9 84.9 18.3 5.7
C YOLOv8n+EMA 89.6 85.4 83.5 8.3 3.1
D YOLOv8n—+ Swin Transformer 89.4 84.6 82.8 9 3.3
E YOLOv8n+DPFE+EMA 91.1 88 85.3 18.4 5.8
F YOLOv8n+DPFE+ Swin Transformer 90. 8 86.6 83.9 19.1 6
G YOLOv8n+DPFE+EMA + Swin Transformer 91.2 87.8 83.6 19.4 6.1
H Madulous 91.5 88.9 85.5 19.8 6.2

KF89. 400, RUIHZHAFALE 1 WL LLH ML N EAR U 5 R (A5 R 6 M Y R 2 R T

TR AR AR R A B 2 AR 5 R A,
FETE T 28 0] T8 i 7 5 vh 22 KOS H AR 58 B
S8 E¥% DPFE 5 EMA 454 (/5 #5873 T
W 2 4K A5 F B AR RS B p L ah -, iF— 2B
HAVUHLTIETT S A mAP@O. 5ERTFE91. 1%,
YEAR 223K 1] 8806 , UE WY T A7 R i £ L 5 55 2 ) 4k
EHEE N ERHBRARR . S5 F WA T DPFE
5 Swin Transformer, mAP@0. 5 #£ J} & 90. 8% .
S8 G [l R bR =N E i 2 R R E B
Bt A 5 2 R ERAE A2 10 TANME L, E— 2
mAP@O. 5HEFE 91. 2% . T4 Madulous B3k
Ak S 34T 45 % R B X H 5 E A, LA SLID B 4
JEAT 1 43 Z A6 oR B, el 1 A B E R
ARG TR O Y N R S R A B2 T
e AR I RE e 2 ol E B ) mAP@O. 5 ik
F91. 5% , HERRRILF] 88. 9 5 , LA R R #LAK (1) 77
ROTHE RN E 19. 8G . SHmg M=z 6. 2M ,(H
TR % 22708 1) A8 3 5 T 4 0 T H b Aar 0 AS 2

3.5 XfLE LI

S P4k Madulous #5579 By S bk g R, ATy
TEGE— AR 53 5 BB F-F- 6 8 FF X LS 5 .
% 5 %R AL & SSD' | Faster R-CNN'™ |
RT-DETR™ RT-DETRv2-R18"" DECO"™' L }
YOLO £ % & 41 YOLOv8n'™ | YOLOvOt™ |
YOLOv10n™,

PN 4 Y S 25 SR AT LUAS Y, SSD Bk
TS B 22 2B TE 4L IM B S B R ER T,
mAP@O. 51U F 74.3% . Faster R-CNN L —
WY B AR F AR T 84. 706 (- 3K B HI A2 B
By B vh i S SO IR R E U4 . RT-DETR
LR mAP@O. 5 48 T+ 2 86. 5% , 8 M {if & — .
TR B R (B H 105, 2G B R R R 29. 2M 1Y
Sl TR SR TR I T I R R ) AR
[ . RT-DETRv2-R18/E A RT-DETR # i it
JRAS , R ] ResNet18 #2 i 94 B 116 Ak g 75 £ - i
T Es 450, 16 S 50 20, 2M T8 7 60G 1Y 41

F4 FFLELL

Tab.4 Contrast experiment

Method mAP@0. 5/ % P/% R% GFLOPs Params
SSD 74.3 80.9 78.5 145.3 41.1
Faster R-CNN 84.7 81.6 80.6 167.3 72
RT-DETR 86.5 86. 2 81 105. 2 29.2
YOLOv8n 89 83.6 83.1 8.2 3
YOLOvVOt 90.3 86.7 85.7 12.1 2.8
YOLOv10n 90.5 86.9 82.7 8.4 2.8
RT-DETRv2-R18 89.7 85.4 82.3 60 20.2
DECO 90.8 87.8 84.6 32 11.2
ARICHEE 91.5 88.9 85.5 19.8 6.2
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Fig. 5 Detection results of RTTS data
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Fig. 6 Detection results of infrared aerial data of person and vehicle
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Fig.7 Performance comparison of non-motorized vehicle and pedestrian detection
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Fig. 8 Performance comparison under foggy traffic conditions
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Fig.9 Performance comparison using UAV aerial imagery
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Fig. 10 Performance comparison in extremely difficult scenes
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Tab.5 Deploy experimental results

Edge computing platforms Method FPS  Size

YOLOvV8n 25.5 26
YOLOv9t 24.6 28.3
EC-R3588SPC
YOLOv1On 25.1 27.1
Madulous 23.9 29.4
YOLOv8n 43.6 26
YOLOv9t 42.5 28.3
YOLOv1On 43.1 27.1
8

Madulous 41. 29.4

NVIDIA Jetson Orin NX

i o RKNN T HL B 4 58 78 A 4 46 oy B 1
A% RS L 7E EC-R3588SPC V-4 b iyl ik 5
FEOFMERIRL Y OL Ov8n fl#E BEEE & 34 25. 5 FPS,
I Madulous 5 & () SC B i % 4 23. 9 FPS, R4
B RFIE N 13. 196 AR WISAL FRE6. 3% . 7E5E
JTHE R Y Jetson Orin NX & 71, Madulous J&
A A PR RO B 4 R T 2 41, S FPS,
B 5 YOLOvSn AU REAR 4. 126, i # 4L T EC-
R3588SPC - & Y AH X P fig 22 FE , 1t W i 12 8 g
Xof A2 76 T B 50 R R AR AT T s e, B o5 i °F- 5 AT B
ol RACRMEE TR S 2R BE ARG T

R SR B SR 04 ST T 3 R 8 1 TG Ik



A W, 55 Madulous : 2% T 22 510 1 5 1 AR5 352 H AR ez i 58 13

122 % F Y 28 38 AR . 7E EC-R3588SPC
5 23.9 FPS (4 51 32 T, B ob 39 1) B& 29
41. 8 Z b ; 7E Jetson Orin NX ¥4 41. 8 FPS (¥ #i
PR, B i A B ) B i — 2D 45 0 & 23,9 2
o TR A2 F g s b LB G R AT B
W H AT 60 km/h(£916.7 m/s) , AEHLBh % fix
AT B R B i 25 km/h( 29 6.9 m/s) , 76 )t
JE 5 L, B RS AE P T =2 ) ) S5 R A6 B8 H /T
PSS H AR PR AN 2 AR TR
(] % L0 A0 57 5% P az Bl A 0 R 4TS B0 e A R
R [, BEAE R UEXTHZ Bl H AR 9 1% S Ae R kil

22 AT LS Y, Madulous 78 % 5 57 FR i % A
FOPREE S T 5 AR P, S B i
AR = R 5 D O RS MR E B o L N30

4 % 7

18 B F RS R S A I [ 8l 2 Bl ER T
B RE AL K ) OB 2 — , A X AT Rk AR R
A28 Gy 5 AT AR B R IOR LA 5 5 PR R A
SEE O, B AR T 2 T R AL RS B B 52
223 B AR A 5 2 Madulous, 4 #3043 32 K
W25, 92 B H b 2 B4R R 5 3 SCRRAE Y 32 3, f

& % X #:

EMA 7 & J3 88 Y ix T Backbone 7, 51 5 [ 4%
3 N5 A R R AR AE 3 5 Bk e /N 3 2k K
P A% 4 755 /Y R RE 7 5 76 Neck & 73 %5 il Swin
Transformer #5 8 , F1] 2 g X ™ 4% AL ) 4 7 25
T AR 56 25, 494 588 I 4% %o 22 RUBE H b Y 45 FiE
FAERE Ty 5 FAG o A0 oR B, 9 R 11 A 1 A
AR, 78 - i e By A BCER 11 [ B e R kA
MEREAR B 22 07 5 40 KPR RE .

S 2% B o R R AR AR 32 T A e
£ - mAP@O. 53k % 91. 5% , e K F 7 1] 43
5 ik 2 88.9% M1 85.5% ; 7E EC-R3588SPC FI
NVIDIA Jetson Orin NX i1 2 155 & - 4 B
JE 4158 23,9 FPS #141. 8 FPS, [A I 76 % K |
LLAMUTHN A E e sc i g b R B AR T WA
DN B3 0 R B85 Pk 5 B R . X T TE R
SCHE I B T YA A AL AT, RE S TE AN [R) 28
1V Bf U1 2% 2 T8 i H AR, Ry 30 % 22 4 1 B 42 41t
TR RERER A

Shy i FE R b 1 Y 2 e i ) 9 b T K
J B T AT AR A% Ak 5 Ak 4 Y,
— AR SRR T A R R DS B Y [) B R
P& T4 HE AR, I 40 J B A R W A AR O
KA 5 FHIE N RE T .

(1]

[2]

[4]

[6]

k=4, FR L BT UEEY S W AP B SN BRI B LT ], AL 5 4k, 2025,46(3) :030848.

WU Y Q, TONG K. Research advances on deep learning-based small object detection in UAV aerial images [J].
Acta Aeronautica et Astronautica Sinica, 2025, 46(3): 030848. (in Chinese)

B EE A BT A E N U R B AR R B AR vk [T]. R s 5 2R, 2025,40(3)
472-480.

JINL W, XUW M, LIY X. Object detection method for aerial images based on adaptive slicing aided inference [J].
Chinese Journal of Liquid Crystals and Displays, 2025, 40(3): 472-480. (in Chinese)

REN S Q, HE K M, GIRSHICK R, ez al. Faster R-CNN: towards real-time object detection with region proposal
networks [J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39(6): 1137-1149.
REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once: unified, real-time object detection [C]//
Proceedings of the 2016 IEEE Conference on Computer Vision and Pattern Recognition. l.as Vegas: IEEE, 2016:
779-788.

LIU W, ANGUELOV D, ERHAN D, etal. SSD: single shot multibox detector [ J/OL]. arXiv, 2015: 1512. 02325.
QI S H, SONG X F, SHANG T F, et a/l. MSFE-YOLO: an improved YOLOvVS8 network for object detection on
drone view [J]. IEEE Geoscience and Remote Sensing Letters, 2024, 21: 6013605.

SUN T, YANG S Q, LIUHY, et al. MIS-YOLOVS: an improved algorithm for detecting small objects in UAV
aerial photography based on YOLOvS [J].
5020212.

IEEE Transactions on Instrumentation and Measurement, 2025, 74:



14 T EESETN
(8] &HE, &8, XEF,F . Bt YOLOVSn M ABLBAA/N BRI AL LT ], AR FH AR ,2025,48(3) :26-34.
LEIBJ, YUA, WU Z P, et al. Improved small object detection algorithm based on YOLOv8n for UAV aerial
photography [J]. Modern Electronics Technique, 2025, 48(3): 26-34. (in Chinese)
(9] sL&ER,H 2R, KRAAL,F . Bt YOLOVITWIE AN [/ BRI A L], i Fu o2 2 M ,2026,62(1):
151-161.
KONG C L, MENG Y Y, HUO J Y, er al. Improved UAV maritime small target detection algorithm for
YOLOv11 [J]. Computer Engineering and Applications, 2026, 62(1): 151-161. (in Chinese)

[10]  F e, Faa, 20,4 . Wi AN G/ Bl a8k ()], a5 27,2026,41(2):253-266.
LUOK X, LISJ, WANG P, et al. Lightweight algorithm for small object detection in UAV images [J]. Chinese
Journal of Liquid Crystals and Displays, 2026, 41(2): 253-266. (in Chinese)

[11] 227, A%, R, 5. KT LTI UER S AN BRaINE T, sl 5 m, 2024,
60(5):183-190.

PENG Y F, ZHAO T, CHEN Y K, ez al. UAV small object detection algorithm based on context information and
feature refinement [J]. Computer Engineering and Applications, 2024, 60(5): 183-190. (in Chinese)

[12] =4, KRS 2, 5FF, 5. ML F XML ENLHEANZERRERIT]. LTREMRKFEFR,
2026,52(3) :668-677.

L1Y H, ZHANG F X, SU X P, et al. Real-time UAV image segmentation algorithm with enhanced contextual
feature interaction [J]. Jowrnal of Beijing University of Aeronautics and Astronautics, 2026, 52(3) : 668-677. (in
Chinese)

[13] WANGHY, YUY T, TANG Z X. FDM-RTDETR: a multi-scale small target detection algorithm [J]. IEEE
Access, 2025, 13: 88747-88761.

(14] ®EH.% A, HAL. ETRENES BT SCRE T AN B Ak s (], #+ s #,2025,52(11)
131-140.

CHEN C Y, PENG L, YANG J L.. UAV small object detection algorithm based on feature enhancement and
context fusion [J]. Computer Science, 2025, 52(11): 131-140. (in Chinese)

[15] k&%, B E, s . 2T %t YOLO1L BB AHLALIA 5/ B AR KR 5T (7). & dh 5 27 ,2025,40(6) :
915-930.

ZHANG Z H, LI X R, CHEN S H. Small object detection algorithm in UAV aerial images based on improved
YOLO11 [J]. Chinese Journal of Liquid Crystals and Displays, 2025, 40(6): 915-930. (in Chinese)

[16] KHANAM R, HUSSAIN M. YOLOvI1: an overview of the key architectural enhancements [J/OL]. arXiv,
2024: 2410.17725.

[17] &%, 5§ 4,5 . & TUH YOLOVIIs (R ANL/N BRI L[], i dh 5 27 ,2025,40(11) : 1744-
1756.

LV XH, LIF, QLM R, et al. Target detection algorithm based on improved YOLOv11ls UAV aerial image [J].
Chinese Journal of Liquid Crystals and Displays, 2025, 40(11): 1744-1756. (in Chinese)

(18] #m& &, am i, A4, F . BREENLE TSR XA GEMT]. k5 # % 142,2024,32(24)
3616-3631.

ZHANG Z H, DU L H, HOU Y, et al. Multi-feature cross UAV image detection algorithm under cross-layer
attentional interaction [ J]. Optics and Precision Engineering, 2024, 32(24): 3616-3631. (in Chinese)

[19] CAIXH, LAIQ X, WANG Y W, ez al. Poly kernel inception network for remote sensing detection[ C]//2024
[EEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). Seattle: IEEE, 2024: 27706-
27716.

[20] ZHANG H, ZHANG S J. Focaler-IoU: more focused intersection over union loss [J/OL]. arXiv, 2024:
2401. 10525.

[21] DUDW, ZHU P F, WEN L Y, et al. VisDrone-DET2019: the vision meets drone object detection in image

challenge results [C]//2019 IEEE/CVF International Conference on Computer Vision Workshop (ICCVW).
Seoul: IEEE, 2019: 213-226.



A i, 45 : Madulous : 3% 2 57 7 B9 XU 32 A H ARG TN 3 i 15

[22]

[23]

[24]

[25]

[26]
[27]
[28]

[29]

[30]

[31]

KA A, 2 A T YOLOVITH/N Bkl A [T]. ok 4 & ,2025,46(11) : 49-56.

ZHU J H, HUANG J, LIU Z J. Small object detection model based on YOLOV11 [J]. Laser Journal, 2025,
46(11): 49-56.

R4 R 2 AR A F . BGHE YOLOVIT T ANL/N BARka 5k (1], #+ A5 5 A, 2026,62(2)
138-148. (in Chinese)

JING T T, CAOY D, CHEN X, et al. Improved YOLOv11 algorithm for aerial small target detection in UAVs [J].
Computer Engineering and Applications, 2026, 62(2) : 138-148. (in Chinese)

R Fih KRR, XA, F . HET RSC-YOLO B AN HARK N 53 [ 7], 4o sb3 R ,2025,47(12) :1491-1501.
LIANG X M, ZHANG Y S, WU N, ez al. UAV object detection algorithm based on RSC-YOLO [J]. Infrared
Technology, 2025, 47(12): 1491-1501. (in Chinese)

BAOLONG N, ZHANG C Y, SHIY Z, et al. DeBiFormer: vision transformer with deformable agent bi-level
routing attention [M]//NUGENT R, MOBASHERI D A, NAKAHARA JR A J, et al. Lecture Notes in
Computer Science. Singapore: Springer, 2024 : 445-462.

HU S, GAO F, ZHOU X W, et al. Hybrid convolutional and attention network for hyperspectral image denoising [J].
IEEE Geoscience and Remote Sensing Letters, 2024, 21: 5504005.

WU TY, TANG S, ZHANG R, et al. CGNet: a light-weight context guided network for semantic segmentation [ J].
IEEE Transactions on Image Processing, 2021, 30: 1169-1179.

GAOP,LUIJS, LIHS, etal. Container: context aggregation network [ J/OL]. arXiv, 2021: 2106. 01401.
GUO M H, LU C Z, HOU Q B, et al. SegNeXt: rethinking convolutional attention design for semantic
segmentation [ C]//Proceedings of the 36th Conference on Neural Information Processing Systems. New Orleans:
Curran Associates, Inc. , 2022: 1140-1156.

MOSTOFA M, FERDOUS S N, RIGGAN B S, ez al. Joint-SRVDNet: joint super resolution and vehicle
detection network [J]. IEEE Access, 2020, 8: 82306-82319.

XIA G S, BAI X, DING J, et al. DOTA: a large-scale dataset for object detection in aerial images [C]//
Proceedings of 2018 IEEE/CVFE Conference on Computer Vision and Pattern Recognition. Salt Lake City: IEEE,
2018: 3974-3983.

L, 2 1 BB, 2014 4F F o [ B2 Bt R 22 AR A I b 22 60, 258 5 1) S TSR AL B A
JBN4E . E-mail : zshuo2011@163. com



