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One-Shot Roof Extraction Method from Remote Sensing Images Using
Fuzzy Inference Based on Multiscale Segmentation
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(1. School of Computer Science, China University of Geosciences ( Wuhan) , Wuhan 430078, China;
P Y
2. School of Computer Science and Artificial Intelligence , Wuhan University of Engineering Science , Wuhan 430200, China)

Abstract: Remote sensing image roof extraction refers to the process of automatically identifying and obtaining building roof objects and their
spatial contours from complex terrain backgrounds through image analysis techniques. It is an important foundation for urban fine management
and 3D modeling. A multi-scale segmentation adaptive roof extraction method based on single sample fuzzy inference is proposed to address
the problems of traditional segmentation methods relying on empirical parameters and deep learning methods relying heavily on large—scale an-
notated samples. Firstly, in the multi-scale segmentation framework, guided by manually selected target roof objects; Secondly, a fuzzy infer-
ence system is constructed with object texture features and structural stability as inputs, which collaboratively updates the scale parameters,
shape weights, and compactness weights to guide the segmentation results to gradually converge towards the true structure of the target roof
during the iterative process. The experiment shows that under the condition of only requiring a single sample, the intersection over union
(IoU) of the proposed method reaches 79.2%. Compared with commercial software eCognition and general basic model SAM, the precision in
complex background scenes has been improved by 7% to 9%, effectively alleviating the sensitivity of traditional methods to parameters and the
boundary overflow problem of large models in remote sensing scenes. It has good stability and engineering application value.
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Fig. 1 Process of single sample fuzzy inference based on multi—scale
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Fig.3 Experimental data
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Fig. 5 Visualization results of comparative experiments
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Table 3 Comparative experimental results

F3 BBRIHRER (%)
SE6 RIS Tk PA Precision Recall TIoU
ES'iR7S 93.7 85.7 91.3 79.2
3(a) eCognition 92.9 85.3 89.6 77.6
SAM HEH 91.5 78.7 98.3 71.7
ES'GIRrS 98.9 76.4 87.2 68.7
E 3(b) eCognition 93.9 74.6 86.3 66.7
SAM i 98.5 67.0 91.6 63.1

Table 4 Ablation experimental results

F4 HELWHER (%)
SIS EG Jrik PA Precision Recall TIoU
ES'iRS 93.7 85.7 91.3 79.2
E3(a) 22k Smooth 92.8 84.6 93.0 79.1
2B Smooth + Shape 86.1 70.1 77.8 56.7
ATk 98.9 76.4 87.2 68.7
&3(h) 22k Smooth 98.6 71.5 79.6 60.4
2% Smooth + Shape 97.9 58.8 56.7 36.7
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Fig. 6 Visualization results of ablation experiment
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