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Remote Sensing Image Superpixels Classification Algorithm Based on
Active Learning and Message Passing

LIANG Shengda, TONG Hengjian
(School of Computer Science, China University of Geosciences (Wuhan ), Wuhan 430078, China)

Abstract: Superpixel is to cluster pixels belonging to the same object on the image first, and the task of image processing is converted from
pixel level to object level. Effective superpixel classification can greatly reduce the cost of pixel-level labeling on remote sensing images. How-
ever, the existing classification models still require a large amount of label information. Although the traditional active learning algorithm can
greatly reduce such label requirements, the accuracy of classification still needs to be improved, and it is difficult to use the spatial informa-
tion of superpixels on the image. This paper proposes a novel active learning algorithm specifically for superpixel classification tasks. The algo-
rithm uses superpixel segmentation results as data samples, uses spatial information to build superpixel region adjacency graph, and combines
superpixel features with information gain obtained by query strategy in the active learning training process to propagate information in the
neighborhood. It makes full use of the spatial information of superpixels and effectively improves the performance of the classification model.
When the proportion of labeled samples is only 3.82%~5.77%, the overall classification accuracy can be 1.9%~3.7% higher than the baseline,
which provides an effective solution for remote sensing image superpixel classification, especially suitable for practical application scenarios
with high labeling cost or large amount of data.
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Fig. 1 Superpixel and adjacency diagram
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Fig.2 Message passing schematic
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Fig. 3 Flow chart of the algorithm
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(b) Label image
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(¢) Baseline model

(c) JELAR

(e) The proposed algorithm
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(d)  The proposed algorithm
(Color information only)
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Fig. 4 FloodNet—7577 details display (ES query strategy)
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FloodNet-7577 evaluates similarity (using ES query strategy)
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Fig. 6 Vaihingen—17 evaluates similarity (using ES query strategy)
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Table 3 Comparative experiment result

®3 ILEEIWHER

ES3

#5465 SSNSL®! GeN'*! GAT™®! BSDE™®! Random .

OA 0.853 0.803 0.795 0877  0.798 0.884
FloodNet=7577  AA 0.640 0.519  0.491 0.657  0.493 0.713
Kappa  0.802 0.756  0.725  0.812 0.732  0.844
OA 0.851 0.762  0.791 0.850  0.754 0.853
FloodNet-=9105  AA 0.764 0.601  0.651  0.743 0.501 0.780
Kappa  0.789 0.714 0.732  0.774  0.746 0.795
OA 0.849 0.768 0.784  0.858  0.795 0.867
Vaihingen—17  AA 0.735 0.568 0.597 0.744  0.638 0.732
Kappa  0.782 0.667 0.684  0.791 0.711 0.805
OA 0.831 0.786  0.768  0.818 0.773  0.838
Vaihingen-37  AA 0.689 0.631 0.637  0.663 0.595 0.696
Kappa  0.763 0.687 0.675 0.746  0.679 0.774

(d) GAT
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(a) Original image (b) Label image (e) SSNSL (f) BSED (g)  The proposed
(a) IR (b)  F&EIE (¢c) GCN (d) GAT (e) SSNSL (f) BSED algorithm
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Fig.7 Detailed diagram of comparative experiment result
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