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Generating synthetic labels for satellite image classification through self-supervised
representation learning
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Abstract

Supervised deep learning techniques are state-of-the-art methods in satellite image analysis; however, this technique
requires a large, labeled dataset. The acquisition of such datasets is expensive in terms of both manpower and
resources. Conversely, there is an abundance of raw satellite images, available for both commercial and academic
purposes. To address the scarcity of labeled data in satellite image classification, this study presents a novel method to
utilize these unlabeled data. It uses self-supervised learning technique to create synthetic labels that act as a training
dataset for supervised learning models. Experimental results show that models trained with synthetic labels perform
comparably to those trained with real labels, using 9 times fewer labeled data, achieving 75% accuracy on the palm
oil plantation dataset and 86% accuracy on the Amazon rainforest dataset. Additionally, the process of generating

synthetic labels yields versatile and knowledge-transferable visual representation vectors.
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Inductive Classification

Figure 1 The overview of our method that comprises three steps: representation learning, synthetic-labeling,

and inductive classification. (Left) the representation learning step learns the visual representation encoder.

(Middle) the synthetic labeling utilizes the previously learned encoder to generate the synthetic labels

for unlabeled data. (Right) the inductive classification trains a supervised model on both the training set

and the unlabeled set with their corresponding synthetic labels.
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Figure 2 Palm oil plantation dataset. (Left) the images that contain palm oil plantation(s).
(Right) the images that don’t contain palm oil plantation.
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Figure 3 Amazon rainforest dataset. (Left) the images with agriculture label.
(Right) the images without agriculture label.
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Table1  Comparison between the methods when 187 labeled data from palm oil plantation dataset are available.
Method Acc. P R F1
Our method 74.9 .798 .643 712
VGG16 65.2 708 647 636
SimCLR+SVM 74.1 772 656 709
Table2  Comparison between the methods when 1,055 labeled data from Amazon rainforest dataset are available.
Method Acc. P R F1
Our method 85.9 .897 831 863
VGG16 84.6 851 .862 856
SIMCLR+SVM 84.4 819 .854 836
804 .
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Figure 4 Accuracy comparison of different methods: our method (red), pre-trained VGG16 model (blue), and SVM over
SimCLR features (green). The error bar and highlighted area show the range of one standard deviation of the mean from
running the algorithm 5 times. The X-axis shows the number labeled data available to the algorithm. (Left) the result from

Palm oil plantation dataset (Right) the result from Amazon rainforest dataset.
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Table 3  Comparison between different wrapper methods and the VGG16 model trained on synthetic labels. 187
labeled data from palm oil plantation dataset are available.
Method Acc. VGG Acc.
SVM 74.1 749107
kNN 70.5 762 0.9
Logistic 57.5 712+20
Table4  Comparison between different wrapper methods and the VGG16 model trained on synthetic labels. 1,055
labeled data from Amazon rainforest dataset are available.
Method Acc. VGG Acc.
SVM 84.4 852+ 0.2
kNN 83.0 849105
Logistic 79.2 83.7+05
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Figure 5 T-SNE visualization of visual representation vectors. The encoder function is optimized via self-supervised
learning. (Left) Oil palm plantation training set. (Right) Amazon rainforest training set.
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Table 5 Comparison between the models with transfer learning when 187 labeled data from palm oil plantation

dataset are available.

Method Acc. P R F1
VGG16 65.2 .708 .647 .636
Transferred SVM 725 .692 774 731
Transferred VGG16 73.2 .716 .733 .725
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