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A warehouse inventory method based on multidimensional spatial visual perception
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2. Shanghai Zhougu Power Technology Co., Ltd.. Shanghai 200040, China)

Abstract; The inefficiency of the traditional manual material inventory method makes it difficult to meet the
precise management needs of modern intelligent warehousing. However, the existing automatic recognition
technologies have limitations such as susceptibility to environmental interference, high costs, and insufficient
stability in complex scenarios. Especially in dynamic warehouse environments, material inventory is essentially a
multidimensional spatiotemporal information processing problem, which requires effective integration of high-
dimensional abstract features, such as time, space, and distance that are not limited to three-dimensional physical
structures, and addresses challenges such as occlusion, light changes, and small object detection. In response to
the above issues, this study proposes a multidimensional spatial visual perception based warehouse inventory
method (MDSVP-WIM). This method suppresses environmental interference by dynamically updating the
background through a Gaussian mixture model, improves the accuracy of small object recognition by combining
the techniques of two-dimensional convolution and image segmentation, and enhances the stability and robustness
of the system in dynamic scenes by introducing cross-frame tracking joint voting mechanism. The experiments on
the WareSegNet dataset and SpatioTrack-360 dataset show that the proposed method, with the mean average
precision (mAP) reaching 0. 97 and 0. 96 respectively and the F1-Score reaching 0. 94 and 0. 93 respectively. has

a significantly better performance than benchmark models such as FCN and PSPNet. This study provides an efficient
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and stable visual perception solution for automated material inventory in complex warchousing environments,
Key words: intelligent warehousing; material inventory; visual perception; Gaussian mixture model; cross-frame
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Fig. 1 MDSVP-WIM architecture
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Table 1 Quantitative experiment results

) WareSegNet SpatioTrack-360
Ik 1%
mpp R F, P map R F, P
Rl 0.53 1. 00 0.31 0.19 0.55 1. 00 0.33 0. 20
FCN
P 0.65 1. 00 0.08 0.04 0.59 1. 00 0.12 0.07
oAl 0.62 1. 00 0.28 0.17 0.69 1.00 0.32 0.19
PSPNet
P 0.75 0 — 0 0.77 1. 00 — 0.02
LAl 0.71 1. 00 0.32 0.19 0.74 1. 00 0.32 0.19
UPerNet
P 0.83 1.00 0.03 0.01 0.85 1.00 0.02 0.02
e m 0. 86 1.00 0.55 0. 38 0. 88 1. 00 0.55 0.39
DANet
P 0.88 0 — 0 0.87 0 — 0
LRl 0.87 1. 00 0.61 0. 44 0.88 1. 00 0. 60 0. 44
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P 0.89 1. 00 0.09 0.05 0.91 1.00 0. 04 0.03
(oAl 0.95 0.98 0.92 0.87 0.94 0.97 0.93 0. 89
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P 0.93 1. 00 0.77 0.63 0.94 1. 00 0.83 0.71
aill} 0.93 0.97 0. 90 0. 84 0.92 0.95 0.89 0.83
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g 0.91 1. 00 0.67 0.50 0.92 1. 00 0. 80 0.57
LRl 0.97 0.96 0.95 0.93 0.96 0.95 0.93 0. 89
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S| 0.97 1. 00 0.75 0. 60 0.95 1. 00 0.73 0.57
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Fig. 4 Results of qualitative experiments
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