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Research on indoor contour recognition algorithms for architectural floor plans
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Abstract: Architectural floor plans, as carriers of detailed information including annotations and locations of doors, windows,
rooms, and walls within a building, reflect the spatial layout and relationships of the structure. As such, automatic recognition of
floor plans plays a critical role in practical architectural engineering workflows. However, current floor plan recognition methods
face two main challenges. First, the presence of elements with significant scale differences—such as rooms, doors, and windows—
renders multi—scale object detection particularly difficult. Second, many floor plan images suffer from low resolution and contain
varying degrees of noise, further increasing the complexity of the recognition task. To address these issues, this paper proposes a
multi—task Convolutional Neural Network ( CNN) with super—resolution reconstruction as a preprocessing step. The model performs
floor plan recognition through a combination of semantic segmentation and keypoint detection tasks. A channel attention module and
a multi-scale feature module are introduced to enhance the model’s ability to handle objects of diverse sizes. In addition, a super—
resolution reconstruction module with adaptive denoising capabilities is incorporated to enhance image quality by increasing resolution
and suppressing noise. Experiments conducted on the CubiCasa5K dataset demonstrate that our method outperforms existing
approaches in terms of Accuracy (Acc) and Intersection over Union (IoU), thereby validating the effectiveness of the proposed
approach.
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Fig. 1 Architecture of the multi—task floor plan recognition model ( integrating the Hourglass Network! ™! design)
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Fig. 2 The architectures of the residual block and the channel attention module
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Fig.4 Architectural structure of adaptive denoising module
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Table 2 Results of various methods on the Cubicasa5K dataset
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Table 3 Results of ablation experiments on the CubicasaSK dataset
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