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recognition methods cannot accurately identify the accurate quantities and precise boundaries of target objects
such as workers and equipment in construction site images, this paper introduces semantic segmentation,
creates an image dataset enhanced with building information modeling (BIM), develops a semantic segmentation
algorithm based on Deepl.abv3+ and proposes a target object recognition method based on semantic
segmentation results, by taking oversized excavation sites as the application scenario. First, real images of
excavation sites were captured from an oversized excavation project in Ningbo City, and a large number of
synthetic images similar to actual excavation scenes were generated using BIM technology to enhance the
dataset. Worker, excavator, truck, mixer truck, pump truck, crane, fence, tower crane, strut, and
background, which are common objects in the 10 categories of excavation sites, were selected as target objects
for semantic segmentation, and all images were accurately labeled at the pixel level. Based on the Deepl.abv3—+
network, a semantic segmentation algorithm was developed on the created image dataset, and the impact of
different backbone networks and loss function combinations on algorithm performance, as well as the effect of
synthetic images on algorithm performance improvement, were studied through comparative experiments. The
results show that the DeeplLabv3+ model with Xception as the backbone network and Dice loss+ CE loss as
the loss function performs the best, with a mean intersection over union (I,) value of 68.24% , which can
achieve pixel-level segmentation of workers, equipment, structures, and other objects under different weather
and environmental lighting conditions in close-up and distant views. The model trained on synthetic images
generated based on BIM has a significant improvement effect on the model segmentation performance, with an
I, value increase of 26.27 % compared to the model trained only on real images. The object recognition method
can accurately output the types and quantities of objects such as supports and mechanical equipment in
excavation site images.

Keywords: oversized excavation; semantic segmentation; deep learning; building information modeling(BIM);
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Table 2 I,, values of DeepLabv3+ network with different setups

32T RAE 2 B 46 CE wCE Focal Dice+CE Dice+wCE Dice+Focal
MobileNetV2 56.06% 45.65% 57.05% 64.27% 58.59% 63.98%
ResNet-101 57.26% 44.44% 60.17% 66.41% 59.28% 67.70%
Xception 61.59% 46.80% 61.73% 68. 24% 59.95% 67.65%
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Table 3 Comparison of parameters and computational cost of DeepLabv3+ network with different setups

2 RRAE B ) 4% ZH/10° GFLOPs WAE 5 H/MB U ERGIEVS B UE ] /s HEFE A /FPS
MobileNetV 2 5.815 186. 095 7072 36. 30 6.42 39. 84
ResNet-101 59. 344 625.679 11 256 55.33 7.11 19.52
Xception 54.711 586. 784 14 766 71.75 7.15 16. 66
1 SIS FREE R Ubuntu 18.04 824 &£ 4t ,NVIDIA RTX 3090 24GB GPU .Intel Xeon Platinum 8358P CPU. GFLOPs (Giga Floating-point
Operations Per Second) : 5 #p 2K 1 17 £i8 H 4L . FPS(Frames Per Second) : &R Ii4L
%4 AEINLZET DeepLabv3+M K&K I, &
Table 4 I, values of DeepLabv3+ network with different training sets
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60% 60% 20% 20% 65.10% 44% 74% 55% 62% 57% 25% 71% 76 % 92% 96 %
60% 80% 20% 20% 66.77% 47% 73% 54% 69% 57% 36% 65% 7% 93% 96 %
60% 100% 20% 20% 68.24% 46% 74% 55% 2% 69% 32% 69% 76 % 93% 96 %
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Fig.7 Segmentation results of DeepLabv3+ network with different training sets
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Fig.8 Comparison between sythetic and real images
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Fig.9 Recognition of target objects at excavation sites based on semantic segmentation results
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