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Tab. 2 Convolutional kernel selection verification results in MFFBlock backbone network construction
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Fig. 9 Comparison of heatmaps between PAFPN and
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Tab.4 Comparison of ablation experiment results

#%] K-Means MFFBlock DSB  Slim-Neck FSF-PAFPN mAP@0.5/% mAP@0.5:0.95/% Params/10° FLOPs/10° f,o/(Ii-s™)
1 57.8 27.1 6.02 132 101
2 N 583 27.4 6.02 132 99
3 J N 58.7 27.6 5.39 119 93
4 J N J 58.9 27.6 5.59 12.3 89
5 J N J N 59.4 27.9 447 9.7 85
6 J N N N N 60.1 283 451 9.8 81
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Tab.5 Comparison of algorithm performance using RDD2022 Dataset
RS AR Curlt P R% TAP@ pams10® FLOPs10] s
D00  DI0 D20 D40 0.5/% (Wi-s™)
YOLOv3-tiny!?! 416x416  47.9 424 51.8 392 524 477 453 8.76 12.9 119
YOLOV4-tiny!"*! 416x416 512 448 533 384 518 456 46.9 6.06 8.2 110
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MFF-YOLO 640x640 608 589 688 519 647 559 60.1 451 9.8 81
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Fig. 10 Comparison of algorithm detection effects based
on RDD2022 Dataset
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MFF-YOLO: A Lightweight Road Damage Detection Algorithm Based on Multiscale Feature Fusion
HOU Tao, ZHANG Tianming*, NIU Hongxia

(School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract:

Objective: Road damage detection serves as the premise and foundation of road maintenance and is essential for road safety and timely repair. In
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real-world scenarios, mobile terminal devices are more practical for detection tasks due to constraints in working environments. However, the limited
computational power of these devices makes it challenging to apply detection algorithms with high computational complexity. This study proposes
MFF-YOLO, a lightweight road damage detection algorithm that features multiscale feature fusion based on YOLOv7-tiny to address the issue of
existing road damage detection algorithms struggling to balance detection accuracy and computational efficiency, which hinders their deployment on
mobile devices.

Methods Firstly, road damage often occurred in complex backgrounds with high levels of noise, so it was crucial to extract road damage features ac-
curately. The multiscale feature extraction block (MFFBlock) and the downsampling block (DSB) were designed to improve the feature extraction
capability of the algorithm. MFFBlock employed a multiscale feature extraction and fusion strategy that integrated a multi-branch structure with vari-
ous types of convolution to produce outputs with different receptive fields, extracting both global and local feature information. DSB combined max
pooling with convolution at a stride of 2 to maximize the retention of effective feature information and to ensure computational stability during
downsampling. Based on MFFBlock and DSB, an efficient multiscale feature extraction backbone network (MFEnet) was constructed, utilizing
MFFBIlock of different sizes at various stages to enhance the algorithm’s multiscale feature representation ability. Secondly, after extracting road
damage features, it was equally crucial to efficiently fuse these features in the neck network. The Slim-Neck design paradigm was used in the neck
feature fusion network, utilizing GSConv and VoV-GSCSPC modules to aggregate features while making the network more lightweight without los-
ing important information. In addition, a novel feature selective fusion structure (FSF-PAFPN) was proposed. Building on PAFPN, FSF-PAFPN in-
troduced a feature selective fusion mechanism (FSF), which used a channel attention (CA) module to selectively fuse shallow and deep features
across layers at the same resolution level, achieving simple yet effective multiscale feature fusion. Finally, the K-Means algorithm was utilized to
cluster the RDD2022 dataset, obtaining anchors that were more consistent with the shape characteristics of road damage objects, reducing the train-
ing difficulty, and improving detection accuracy. The RDD2022 road damage dataset was used for algorithm training and verification and consisted
of a total of 23 767 damage images. These images, which included four typical road damage types: longitudinal cracks (D00), transverse cracks
(D10), alligator cracks (D20), and potholes (D40), were divided into training, validation, and test sets in a ratio of 8:1:1.

Results and Discussions The results from the ablation experiment showed that using K-Means to re-cluster the RDD2022 dataset for generating an-
chors improved mAP@0.5 by 0.5%. In addition, implementing MFEnet as the backbone feature extraction network increased mAP@0.5 by 0.6%,
while its parameters and FLOPs were 5.59x10° and 12.3><109, reduced by 7.1% and 6.8%, respectively. Adopting the Slim-Neck design paradigm en-
hanced mAP@Q0.5 by 0.5%, while reducing parameters and FLOPs by 20.0% and 21.1%, to 4.47%10° and 9.7x10’, respectively. On this basis, adopting
the FSF-PAFPN feature fusion structure further improved mAP@0.5 by 0.7%, with parameters and FLOPs increased to 4.51x 10° and 9.8x10°, respec-
tively. The results of the algorithm performance comparison based on RDD2022 showed that, in terms of accuracy, MFF—YOLO outperformed all other
evaluation metrics except for recall (R) and average precision (AP) in the D40 category. The AP for the D00, D10, and D20 categories reached 60.8%,
58.9%, and 68.6%, respectively, with a precision (P) of 64.7%. It achieved the highest mAP@0.5 of 60.1%, an improvement of 2.3 percentage points
compared to YOLOv7-tiny. In terms of computational complexity, MFF—YOLO also excelled, with parameters and FLOPs of 4.51x10° and 9.8x10’, re-
spectively, values that were only slightly higher than YOLOv8n, YOLO-LWNet-s, and LE-YOLOvS5. Compared to YOLOv7-tiny, these metrics were re-
duced by 25.1% and 25.8%, respectively. In addition, MFF—YOLO reached a detection speed of 81 frames per second, maintaining an impressive real-
time detection capability. Comparing the actual detection effects of YOLOv7-tiny, YOLO-LWNet-s, LE-YOLOVS, and MFF—-YOLO algorithms indi-
cates that the detection performance of MFF—YOLO exceeded that of the other algorithms. MFF—YOLO accurately located road damage objects with
high confidence and demonstrated strong performance even when the features were not obvious or when the background was complex.

Conclusions The results demonstrated that the MFENet proposed in this study can effectively enhance the network’s multiscale feature extrac-
tion capability while reducing computational complexity. The Slim-Neck design paradigm ensured the aggregation of features while maintaining
a lightweight network structure. The FSF—PAFPN structure achieved more efficient multiscale feature fusion and improved the algorithm’s abil-
ity to characterize road damage features. Accordingly, MFF—YOLO significantly improved detection accuracy while reducing computational com-
plexity. Considering accuracy, computational complexity, and detection speed, MFF—YOLO achieved a balanced performance and is more suit-
able for road damage detection on mobile devices, providing a valuable reference for mobile terminal road damage detection.

Key words: road damage; object detection; YOLOvV7-tiny; lightweight
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