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Semantic Segmentation of Clouds Using Multi-Branch
Neural Architecture Search

Chi Yoon Jeong (®" - Kyeong Deok Moon (" - Mooseop Kim ()"*

Abstract: To precisely and reliably analyze the contents of the satellite imagery, recognizing the clouds
which are the obstacle to gathering the useful information is essential. In recent times, deep learning
yielded satisfactory results in various tasks, so many studies using deep neural networks have been
conducted to improve the performance of cloud detection. However, existing methods for cloud detection
have the limitation on increasing the performance due to the adopting the network models for semantic
image segmentation without modification. To tackle this problem, we introduced the multi-branch neural
architecture search to find optimal network structure for cloud detection. Additionally, the proposed
method adopts the soft intersection over union (IoU) as loss function to mitigate the disagreement between
the loss function and the evaluation metric and uses the various data augmentation methods. The
experiments are conducted using the cloud detection dataset acquired by Arirang-3/3A satellite imagery.
The experimental results showed that the proposed network which are searched network architecture
using cloud dataset is 4% higher than the existing network model which are searched network structure
using urban street scenes with regard to the IoU. Also, the experimental results showed that the soft loU
exhibits the best performance on cloud detection among the various loss functions. When comparing the
proposed method with the state-of-the-art (SOTA) models in the field of semantic segmentation, the
proposed method showed better performance than the SOTA models with regard to the mean IoU and
overall accuracy.
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Fig. 1. Structure of super network for multi-resolution branching search.
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Fig. 2. lllustration of a connection between cells. (a) Search space for the connection. (b) Structure

of the connection between cells.
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Table 1. Summary of Arirang 3/3A sensors (Yeom et al.,

2018)
Characteristic Arirang 3 Arirang 3A
Orbit altitude 685 km 528 km
Inclination 98.1° 98.1°

Sensor AEISS AEISS-A
Ground sample Pan: 0.7 m Pan: 0.5 m
dista MS: 2.8 MS:22m

istance :2.8m IR:5.5m

Pan: 450-900 nm Pan: 450-900 nm

Blue: 450-520 nm
Green: 520-600 nm
Red: 630-690 nm
NIR: 760-900 nm
MWIR: 3300-5200 nm

Blue: 450-520 nm
Spectral bands | Green: 520-600 nm
Red: 630-690 nm
NIR: 760-900 nm

Radiometric

. 14 bit 14 bit
resolution

AEISS: Advanced Earth Imaging Sensor System, Pan: Panchromatic,
MS: Multi-spectral, IR: Infrared, NIR: Near infrared, MWIR:
Medium wavelength infrared.
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Fig. 3. Example images of the cloud detection dataset.
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(FasterSeg) 2| 72+ Fig. 49} Tt} Fig. 45 X ' FasterSeg A Bz o] B7]7} o] FZ o] A =g HF5}od, CloudNAS
o) A9 The W Ee v go) 163 22 HAXE AR = Y=Y F7] WA ol A B o] 277} o] ol
o] YESQIAE 43| §F6}o], CloudNAS= o2 A A= Ae I 4= Sl CloudNAS7} 7] el H o)
£ H&o] 87} 3281 HHAE AHESto] YIEQAE =2 EE ARt EAS S5 A2 Y
T8It E3, FasterSeg> U E 9 2] 27] THA| 9 735 oJn] G F& dlo|E AEL] UutA el M5
Table 2. Detailed network structure of FasterSeg
Cell Operator s © Cell Operator s ©

1 zoomed conv. 8 96 1 zoomed conv. 8 96

2 zoomed conv. x2 8 96 2 zoomed conv. x2 8 96

3 zoomed conv. X2 8 96 3 zoomed conv. x2 8 96

4 zoomed conv. X2 8 96 4 zoomed conv. X2 8 96

5 zoomed conv. X2 8 96 5 zoomed conv. x2 8 96

6 conv. x2 16 192 6 zoomed conv. x2 8 96

7 zoomed conv. x2 16 192 7 zoomed conv. x2 16 192

8 zoomed conv. 16 192 8 zoomed conv. 16 192

9 zoomed conv. X2 16 192 9 zoomed conv. X2 16 192

10 zoomed conv. X2 16 192 10 zoomed conv. X2 16 192

11 zoomed conv. x2 16 192 11 zoomed conv. x2 16 192

12 zoomed conv. X2 16 192 12 zoomed conv. x2 16 192

13 zoomed conv. X2 16 192 13 zoomed conv. X2 16 192

14 zoomed conv. X2 16 192 14 zoomed conv. X2 16 192

15 zoomed conv. x2 16 192 15 conv. x2 32 384

16 zoomed conv. x2 16 192 16 conv. X2 32 384

Left: cells for branch with downsamping ratio of 16. Right: cells for branch with downsampling ratio of 32. s: downsampling ratio. c: the

number of channels.
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Table 3. Detailed network structure of CloudNAS

Cell Operator s ® Cell Operator s ®
1 conv. 8 96 1 conv. 8 96
2 conv. 8 96 2 conv. 8 96
3 conv. 8 96 3 conv. 8 96
4 conv. 8 96 4 conv. 8 96
5 conv. 8 96 5 conv. 8 96
6 conv. 8 96 6 conv. 8 96
7 conv. 8 96 7 conv. 8 96
8 conv. 8 96 8 conv. 8 96
9 conv. 8 96 9 conv. 8 96
10 conv. 8 96 10 conv. 8 192
11 conv. 8 96 11 conv. x2 16 192
12 conv. 8 96 12 conv. x2 16 192
13 zoomed conv. 8 96 13 zoomed conv. 16 192
14 conv. 8 96 14 conv. 16 192
15 conv. 8 96 15 conv. 32 384
16 conv. 8 96 16 conv. 32 384

Left: cells for branch with downsampling ratio of 8. Right: cells for branch with downsampling ratio of 32. s: downsampling ratio. c: the

number of channels.
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Table 4. Quantitative evaluation results of the CloudNAS and FasterSeg

IoU (%) mloU Accuracy
Method - = 5 5
Clear Thick cloud Thin cloud Cloud shadow (%) (%)
FasterSeg 92.05 80.71 2345 62.96 64.79 91.28
CloudNAS 93.40 82.49 28.75 69.35 68.50 92.49
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Input image

FasterSeg

CloudNAS

Ground truth §

I Thick cloud Thin cloud Cloud shadow [ Clear

Fig. 5. Visual results of the CloudNAS and FasterSeg.

Table 5. Quantitative evaluation results of the CloudNAS according to the loss function

) IoU (%) mloU Accuracy
Loss function - - o N
Clear Thick cloud Thin cloud Cloud shadow (%) (%)
CE 92.63 82.70 24.69 67.10 66.78 91.95
OHEM-CE 92.31 82.22 24.53 66.57 66.41 91.68
Focal loss 92.79 80.84 2433 64.08 65.55 91.97
Recall loss 90.05 79.62 27.26 59.24 64.04 89.41
Soft loU 93.40 82.49 28.75 69.35 68.50 92.49

B 23 GE ehinh Fig 5B AT RA A o4 A28 23 4, OHEM 7 CE &4 B4 5
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Table 6. Quantitative results comparison of state-of-the-art methods

HE| =2

x| HIEYE 2 §

. . ToU (%) . mloU Accuracy

Clear Thick cloud Thin cloud Cloud shadow (%) (%)

DeepLabV3+ 93.72 83.54 29.89 64.27 67.85 9291

OCRNet 93.55 83.08 30.26 64.92 67.95 92.72

BiSeNetV2 91.11 74.20 2421 42.90 58.00 90.23

STDC1 92.17 78.32 23.80 55.86 62.54 91.10

STDC2 92.69 76.73 23.20 5827 62.72 91.38

SegFormer-B0 93.49 82.73 29.79 66.16 68.04 92.68

SegFormer-B5 93.62 82.34 27.88 68.37 68.05 92.75

CloudNAS 93.40 82.49 28.75 69.35 68.50 92.49
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