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[ Abstract] The remote location of precast beam yardss/complex scenes, difficulties in data collection due to poor
lighting, background interference, and degraded image quality, all create challenges for precast beam processing.
This study proposes a dynamic-static mutual learning detection method for precast beam processing. The study
establishes a mutual learning framework“on, a single-stage object-detection model. It uses data augmentation
techniques to enhance the ability of asmedel to manage sample spatial and temporal interference, constructing a
dual-branch subnetwork that¢combines dynamic and static features. Simultaneously, a normalization-based
attention channel submodulésis introduced into the network to dynamically adjust the channel weights. Through
these techniques, the fnodel bécomes more adaptable to the complexity of environmental lighting and the
randomness of noise interference in real scenes. To fully leverage the respective advantages of the two subnetworks, the
study also proposes a positive sample alignment strategy, leveraging the inherent nonunique characteristics of a single real
value's predicted bounding box in the object detection model. Consequently, a dual alignment is achieved, addressing both
the quantity and distribution of bounding boxes. A precast beam process dataset based on real scenarios is constructed and
used to validate the effectiveness of the proposed method. The precision and mean average precision reach 97. 2% and
97. 7%, respectively, at an inference speed of 78 frame/s, which meets industrial application demands and offers an
effective solution for precast beam process detection and recognition.

[Key words) dynamic-static fusion; candidate box mutual learning; positive sample alignment; process detection
and recognition; object detection
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Table 2 Model vasslidation results %
el Ut
SR AR A

7 I A A 100. 0 99. 8
bR Bz 97.7 98. 8
B4 96. 1 95. 8
TR BE L R 94. 5 97.7
TREE 34 85.9 87.7
AR HFER K25 96.7 100. 0
kIR 99. 8 99.8
BN AL 100. 0 100. 0
SITWAE S A 85.5 97.7
Eok a5 4 93.5 94. 6
EXINEZS 95.0 97.2
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Table 3 Reproduction results comparison of different models
on WUT-PBP dataset

LAY mAP@0. 5/% FPS/(fiss ')  Params/10°
SSD300"2] 79.2 44 36.038
DDODH 95.6 18 32.219
TOOD™ 93.8 16 32,039

RTMDet-s 97.2 60 8. 860
DiffusionDet!*) 96. 6 30 82. 295
DpDQ2 97.5 24 48.703
YOLOv7H®! 96. 9 84 36. 530
AR5k 97.7 78 36. 532
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Table 4 Ablation experiment results %
FELY IETE mAP@0. 5
TR 95. 0 96. 9
BEARAI T 95. 8 97.5
BEAKAI+B 95. 4 97.2
FEARAL G 95. 2 95.5
R A+E 95. 4 97. 4
SR W4 96. 8 96. 8
BT ML 96. 0 96. 8
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Fig.6 Validation experiment of attention module
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Table 5 Validation experiment of

mutual learning strategy %
HES EEZ 2 % mAP@0. 5
A 3L 96. 8 96. 8
PBSE 96. 0 96. 8
o WAL 96. 8 97. 4
S
PN E 96. 1 97.7
. FiYa 96. 1 97.3
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&4y 32 97.2 97.7
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Fig.7 Visualization effect of thermal maps and detection boxes
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