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Overview

Cloud segmentation from intensity images is a pivotal task in 
atmospheric science and computer vision, aiding weather forecasting 
and climate analysis. We introduce SCANet, a novel lightweight cloud 
segmentation model featuring Segregation and Context Aggregation 
Module (SCAM), which refines rough segmentation maps into 
weighted sky and cloud features processed separately. SCANet 
achieves state-of-the-art performance while drastically reducing 
computational complexity. SCANet-large (4.29M) achieves comparable 
accuracy to state-of-the-art methods with 70.9% fewer parameters. 

Overall Pipeline

Figure 2: The overall architecture of SCANet and SCAM. (a) presents the 
pipeline of our SCANet; (b) details the design of our proposed SCAM 
module; (c) depicts the decoder structure preceding the SCAM modules. 

Figure 1: #Params vs. SWINySEG Accuracy.

Qualitative Comparison

Figure 3: Qualitative comparison of SCANet-large with state-of-the-art 
approaches on day-time and night-time images from SWINySEG dataset.

Quantitative Comparison

Table 1: Comparison with other 
state-of-the-art methods on day 
time, night time, and day+night 
time images. We highlight the 
optimal and suboptimal methods 
in bold and underline, 
respectively. "/" indicates that the 
corresponding metric was not 
reported in the original paper.

Ablation Study

Table 3: Ablation study on different model/training configurations.

Table 2: MFLops, inference 
latency and FPS of SCANets on 
an NVIDIA Tesla V100 GPU, 
deployed via NVIDIA TensorRT.

In our research work, we use binary cross entropy (BCE) and Intersection of 
Union (IOU) loss as the loss function in the training of SCANet. These loss 
functions can be defined as follows:

then our total training loss under deep supervision can be formulated as:

in which 𝛼𝑖 represents the coefficient of 𝑖 th SCAM or decoder.
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