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Research on Real-Time Perception Model for Unloading Time on Rockfill
Dams Based on Deep Learning and Rule Reasoning
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Tianjin 300350, China)

Abstract: The real-time perception of unloading time on rock-fill dams is of significance for the simulation analysis
of dam surface construction progress, as well as the management and scheduling of construction machinery. The
computer vision technology based on deep learning provides an effective way to sense the unloading time, as it can
achieve real-time detection and tracking of construction machinery. However, the existing methods are slow,

inaccurate and unable to analyze the differences in unloading operations of dump trucks in different filling zones when
recognizing unloading activities in large-scale video surveillance. To address these issues, a real-time perception
model for the unloading time on rockfill dams based on deep learning and rule reasoning is proposed. This model im-
proves the feature pyramid structure of the YOLOVS object detection algorithm by incorporating the explicit visual
center (EVC) mechanism to compensate for the limitations of YOLOVS in fully capturing the global information for
small-scale objects and its tendency to lose local features during the feature extraction. This improvement enhances
YOLOVS’s detection accuracy for small-scale objects, and the improved YOLOv8 (EVC-YOLOVS)is used as the
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object detector for the ByteTrack tracking algorithm, which improves the ByteTrack’s tracking accuracy for small-

scale objects. Additionally, the YOLOVS8-seg algorithm is introduced to segment and extract the target filling zones,

enabling partitioned statistics for dump truck detection and tracking. The unloading time in different zones of the rock-

fill dam is then extracted based on rule reasoning. Case analysis shows that the EVC-YOLOVS object detection algo-

rithm improves the detection accuracy by 2.3% compared with that of the baseline model. The improved ByteTrack

model achieves a multiple object tracking accuracy of 90.6% and an identification F; score of 93.2% at 25 frame/s,

meeting the real-time and accuracy requirements for simulation parameter acquisition. The average error in detected

unloading time is 4.2%, verifying the accuracy and real-time performance of this model.
Keywords : rockfill dam; YOLOv8-seg model ; EVC-YOLOvV8 model ; improved ByteTrack model ; rule

reasoning; unloading time parameter
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Tab.l Comparison of performance among different object detection models

BOUH LW | BURBNIEG] | A 6 ) "
) i i i ‘ y Il | % | bk
pm HSRRIER | BSERRE | RSENER | R A | RGN
S s N RS S s 0 g .
HREAE HBEAKC e HREA

YOLOvS8 4672 337 511 0.930 0.901 0.925 94.6 19.6 18.63

CBAM-YOLOvVS 4751 301 432 0.940 0913 0.926 95.3 20.8 23.26

EMA-YOLOvVS 4 837 246 346 0.952 0.927 0.939 95.9 27.3 34.48

EVC-YOLOvV8 4963 103 220 0.980 0.958 0.969 96.9 24.2 37.04
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sl eh, JLRBUE A 08 DIRAS. [RIE, Inap RN
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BIFT 1.6% , % EMA-YOLOVS 427+ 7T 1% , Bt

EVC-YOLOVS 7EA[A] ToU FRME T AY 3% (AAG IR B AT
TRERT. BT BVC BHURIE: B HLHAE R
A, FEOER YOLOVS B )i 2 (] 34 8 1 3
AR (BJE EVC iR b e AN ZRms Rk
EMA-YOLOVS 7Y, 7543 B R ARG B i) 8 5 42 7
AR — SR 2 T A2 G, EHLYIZRAS RN 1R
SEBRIERE I S AL i gs e A, EVC-YOLOvVS
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