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MMD-YOLOV7: Vehicle Detection Method. Under Dark Conditions
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(College of Information Science and Engineering, Hunafi* Normal University, Changsha 410081, Hunan, China)

[ Abstract] Vehicle detection and identification is a key technology in the field of intelligent transportation and
autonomous driving. It plays a vital role in road safety, and autonomous driving and has always been a research
hotspot. Target detection models based on deep {learning have greatly improved vehicle detection accuracy, but
challenges related to the accuracy and reliability of existing vehicle detection technology under adverse conditions,
such as low light at night and bad weather, remain® To address these challenges, a vehicle detection method and
model specifically targeted at nighttime,dark conditions-MMD-YOILOv7-is proposed based on the YOLOv7 model.
First, a new Multi-Channel Coordinate Attention ( MCCA) module is constructed based on the Coordinate
Attention (CA) mechanism, which Significantly improves the model’s ability to capture global and local feature
information. Second, a Multi-Scale. Convolution (MSC) module is innovatively designed and constructed to achieve
targeted improvements to the Efficient Layer Aggregation Networks (ELLAN) structure, allowing the model to
better adapt to noise interference in the night visual environment, while improving the capability and accuracy of
feature extraction. Finally, the Diverse Branch Block (DBB) is introduced to further enhance the model’s ability to
capture complex features. To verify the effectiveness of the proposed model, 6 000 night scene images in the
BDD100K dataset are selected for training and testing. The experimental results show that the proposed model’s
vehicle detection accuracy is improved by 5.3 percentage points compared to the original YOLOv7 model, indicating
its strong ability to handle low light conditions. In addition, it shows good performance on multiple public vehicle
detection datasets, verifying its strong robustness and generalization capabilities.

[Key words] YOLO model; target detection; vehicle detection; deep learning; attention mechanism
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Table 3 Comparative experiments of mainstream target
detection algorithm Models

Parameters/ FLOPs/ mAP@0.5/ FPS/

Model
10° 10° % (iies

SSD 24,1 61.2 30. 5 61
Faster R-CNN 136. 8 36948 48,74 43
RetinaNet 36. 1 98. 4 42.4 50
Efficientdet_doO 3.9 2.5 34.7 36
DETR 41.0 225.0 40. 2 20
YOLOvSs 20. 8 47.9 49.7 119
YOLOvSm 7.0 15.8 45. 8 140
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Table 4 The impact of each module of the MMD method on performance
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Table 5 Performance comparisons of different models on 4 public datasets

mAP@0. 5/%

Model Parameters/10°  FLOPs/10°
UA-DETRAC BIT-Vehicle VirdDrone Exdark

SSD 24.1 61.2 39.0 79. 2 22.8 41.3
Faster R-CNN 136. 8 369. 8 47.6 87.2 22.4 35.0
RetinaNet 36. 1 98. 4 66. 3 93. 6 2502 32.2
Efficientdet_dO 3.9 2.5 43.5 95.4 28. 4 34.1
DETR 41.0 225.0 65.0 96. 2 30.°3 62. 2
YOLOv5s 20. 8 47.9 57.4 97.3 38.0 58.9
YOLOv5m 7.0 15.8 65. 4 96. 4 32.0 59.0
YOLOV8m 25.8 78.7 65. 8 96.4 41.7 61. 8
YOLOVSI 43.6 165. 7 68. 1 97.3 43.6 63. 8
YOLOVS8x 68. 2 258.5 69. 2 973 46. 3 64. 2
YOLOv7 36. 5 103. 2 63. 6 97. 3 47. 6 68. 1
MMD-YOLOv7 46. 8 126. 8 71.1 97.6 49.0 70. 1
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Fig.8 Comparison of detection results on BBD dataset
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Fig.9 Comparison of detection results in various scenarios

L5 LRTIR X EE L BRI 5T B X USSR AU
/R T MMD-YOLOV7 #RIfERRE 57 T BERE 8
B UE T HAEA R PREE T A 1R AL i

4 HFRIF

ARSCHTF YOLOVT 158 A4 HY— Pl (1) 4= 4
EARREIN (0 75 & T 1SRRG IR E T 10 4 A
W RS Tk . 1 Sl i e (1) MCCA A ek
Bt AT 42 e A1 Sy B A A A HE BE T AT 42 T
R Z s R B BE . Beah, oA T ik — 2Tt
BERIXT /N EBR A 355, A SCA 3 T MISC A
DBB 5] AR08 T+ T RRAE SO 2% (1t pe . 52
a5 R YOLOVT B LY, A SCHE
P HERL T A BDD $08 45 F RS BE$ETH T 5.3 |
I3 R0 IR Z A A FE e 0 E s 4 b R OR T AR
FEPERE . TEFR R AT it — 2D R TR AEAR A IR 5%
PR B R SPRS E b R IR A A 4 A 0 A ) B
55 35 1 R AR AR (R SO AN JE 3R BT v, L2
2N HbRBOR A Z 5, HoR B RE T E i Bk k. A
T s IR SRR AR RS AT LA LAR J7 ) 25
DAXHOE A A i EUR B B AR T & %
ARG IR AR AT 114 P15 990 4k B4 AR o ol o [ 45
()5 BE KT L B2 R R 7 7K S o DA 0 g A 540 ) Jo

i, IFERR I 25 2 A4 g AR nl F A S DT 62
FRZHIRT IR L 5 2) A FHTREE 27 ) vh p B 5l o7 2] B3
V£ AR ] AT S e B W T W A A% RO
SEZAE T SV St SR A 0 e AR [R] Ol B A%
T )5 AR Y RE A% 16 52 BRIV H b il BEOE IR
SRR 1 B I3 e U R 5 3) ) JH 22 b A Tt
Bl 5 e B R Rl G ARG SRR AL TR 4 6 IR AR
TFRRIPERE. RS A RIS R AR5 B A B T
TIAEBRZ 0] DLGAR B OL T HCR PRI B IR
MR .

S% 3k

[1] WANG CY, BOCHKOVSKIY A, LIAO H M. YOLOv7:
trainable bag-of-freebies sets new state-of-the-art for real-
time object detectors [ C] // Proceedings of IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Washington D. C., USA: IEEE Press, 2023: 7464-7475.

[2] HOU QB, ZHOU D Q, FENG J S. Coordinate attention for
efficient mobile network design [C] //Proceedings of IEEE/
CVF Conference on Computer Vision and Pattern
Recognition. Washington D. C., USA: IEEE Press, 2021:
13713-13722.

[3] DING X H, ZHANG X Y, HAN J G, et al. Diverse branch
block: building a convolution as an inception-like unit [C] //
Proceedings of IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Washington D. C., USA: IEEE
Press, 2021: 10886-10895.

[4] YUF, CHEN H F, WANG X, et al. BDDI00K: a diverse



E51%5 FIH/2025F9 AATENTRE

349

[6]

L7]

[8]

[9]

[10]

[11]

(12]

(13]

[14]

[16]

driving dataset for heterogeneous multitask learning [C] //
Proceedings of IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Washington D. C., USA: IEEE
Press, 2020: 2636-2645.

GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
feature hierarchies for accurate object detection and semantic
segmentation| C] //Proceedings of IEEE Conference on Computer
Vision and Pattern Recognition. Washington D. C., USA: IEEE
Press, 2014: 580-587.

GIRSHICK R. Fast R-CNN [C] // Proceedings of IEEE
International Conference on Computer Vision.
Washington D. C., USA: IEEE Press, 2015: 1440-1448.
REN S, HE K, GIRSHICK R, 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.

HE K M, GKIOXARI G, DOLLAR P, et al. Mask R-CNN[C]//
Proceedings of IEEE International Conference on Computer
Vision. Washington D. C., USA: IEEE Press, 2017: 2961-
2969.

TAN M X, PANG R M, LE QV. EfficientDet: scalable and
efficient object detection [C] // Proceedings of IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Washington D. C., USA: IEEE Press, 2020: 10781-10790.
LIU W, ANGUELOV D, ERHAN D, et al. SSD: single
shot MultiBox detector [M]. Berlin, Germany: Springer,
2016.

LINTY, GOYAL P, GIRSHICK R, et al. Focal loss for
dense object detection[C] //Proceedings of IEEE International
Conference on Computer Vision. Washington D. C., USA:
IEEE Press, 2017: 2980-2988.

REDMON J, FARHADI A. YOLO9000: better,
stronger[C] //Proceedings of IEEE Conference on Computer
Vision and Pattern Recognition. Washington D. C., USA:
IEEE Press, 2017: 7263-7271.

REDMON J, FARHADI A. YOLOv3: an 4ncremental
improvement [ EB/OL]. [2023-11-20]. httpss: //arxiv. érg/
abs/1804.02767v1

CARION N, MASSA F, SYNNAEVE G, etal., End-to-end
object detection with transformerss[ C ]/ Proceedings of

et al.

faster,

European Conference on Computer VisionaBerlin, Germany:
Springer, 2020: 213-229.
HNEWA M, RADHA H:
conditions for autonomous vehicles: a review of state-of-the-
art and emerging techniques, [ EB/OL]. [2023-11-20].
https: //arxiv. org/abs/2006. 16471v4.

NABATI R, QI HR. RRPN: radar region proposal network

for object detection in autonomous vehicles[ C] //Proceedings

Object detection under rainy

of IEEE International Conference on Image Processing.

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Washington D. C., USA: IEEE Press, 2019: 3093-3097.
CARRANZA-GARCIA M, TORRES-MATEO J, LARA-
BENITEZ P, et al. On the performance of one-stage and
two-stage object detectors in autonomous vehicles using
camera data[J]. Remote Sensing, 2021, 13(1): 89.
BENJUMEA A, TEETI 1, CUZZOLIN F, et al. YOLO-Z:
Improving small object detection in YOLOv5 for autonomous
vehicles [EB/OL]. [2023-11-20]. https: //arxiv. org/abs/
2112.11798v4.

XU, B, 2500, 4. CAE BB DQN #H17 R
YN T L] HHEEHLTRE, 2024, 50(11): 380-389.
LIU HB, MAL, L1Y, etal. An obstacle avoidance method
using DQN to classify obstacles in unmanned driving [J].
Computer Engineering, 2024, 50 (11): 380-389. (in
Chinese)

ZERNTL, BK2Z2%, TS, S FelciE Yolovd 9 4 4 H Ar & I
(1. FHAPLTRE, 2023, 49(4): 202-280.

LIS]J, GENG L L, WANG P. Vehicle target detection based
on improved Yolov4 [ J].4 Computery, Engineering, 2023,
49(4): 272-280. (in Chinese)

s, XBAB, FiEE. i YOLOvSs 1% 32 1 Fi i i) &
0], HEHLT R, 2024, 40(11): 338-349.

XIE J, DENG Y M, WANG R M. Improved YOLOv8s
traffic sign'detéction algorithm[J]. Computer Engineering,
20244 40¢L1):.338-849. (in Chinese)

W, B T YOLOVS 1Je AN H AR
5 Dy-YOLO [J]. i g Ui i K  4 CH R B RO,
20244 40(1): 76-86.

YANG X J, ZENG Z Y. Improved target detection algorithm
Dy=YOLO for UAV aerial photography based on YOLOv5
[JJ. Journal of Fujian Normal University ( Natural Science
Edition), 2024, 40(1): 76-86. (in Chinese)
LIN T Y, DOLLAR P, GIRSHICK R,
pyramid networks for object detection [C] //Proceedings of
IEEE Conference on Computer Vision and Pattern
Recognition. Washington D. C., USA: IEEE Press, 2017:
2117-2125.

WENLY, DUDW, CAIZW, etal. UA-DETRAC: a new

multi-object

et al. Feature

benchmark and protocol for detection and
tracking[J]. Computer Vision and Image Understanding,
2020, 193: 102907.

DONG Z, WU Y W, PEI M T,
classification using a semisupervised convolutional neural
network [ J ]. IEEE Transactions on Intelligent
Transportation Systems, 2020, 16(4): 2247-2256.

ZHU P F, WEN LY, BIAN X, et al. Vision meets drones:
a challenge[EB/OL]. [2023-11-20]. https: //arxiv. org/abs/
1804.07437v2.

et al. Vehicle type



