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their application in cloud detection algorithm
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Fig.3 The cloud detection accuracies of all test images for
different cloud detection methods, i.e. DeepLabv3+ trained by

training set of different landscapes and Fmask
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Table 2 Mean and standard deviation of the overall accuracy of the DeepLabv3+ trained by training set of imagery

captured over different landscapes and Fmask on test images captured over different landscapes

FEARY INZRREA S i VEER 4 A A FH 817352 N 75 0 N & |-V, N All
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I bRifE 2 0.105 0338  0.280 0.350 0.332 0308 0338 029 0.313
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pRUEZE 0102 0055 0026 0053 0051 0028 0042 0286 0.123

Bag(E] 0.875 0.954 0.977 0.939 0.943 0.958 0.947 0.848 0.930
RA—MEMN -
bRz 0.094  0.051 0.023 0.065 0.049 0.031 0.041 0.290  0.122
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Fmask —
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R3 30 mFPEE240 m F PR LR BRI ZRE2IE DeepLabv3+ M & K Fmask FEA B = 8 2P % |
AESWMKZE LN S EBEENSHERINEE
Table 3 Mean and standard deviation of the overall accuracy of the DeepLabv3+ trained by the fully mixed training set

with 30 m resolution or 240 m resolution and Fmask on test images with different spatial resolutions and different landscapes

s IIEEAR 23 18] 53 B m i/ E 5 N A I 87 3 7 5N £~/ N S R || 9N All

¥IfE 0.874  0.953 0.974 0.940 0.944 0.960  0.932 0.849 0.928

30 P2 0095 0.047  0.026 0.059 0.045 0027 0.048 0283  0.120
30 m BB A " YA 0871 0950  0.964 0.937 0.940  0.953  0.926 0.846  0.923
S REEN] FRifEZE 0095  0.046  0.039 0.060 0.047 0034 0.048 0279  0.119
DeepLabv3+ E 0868 0941 0942 0.932 0932 0937 0913 0842 0913
EatlEy 20 FRifEZE 0096 0.048  0.065 0.059 0.054 0053 0051 0272 0.118
WM 0861 0931 0911 0.923 0917 0918  0.898  0.836  0.899
20 FRifEZE 0099 0.052  0.099 0.061 0.070 0076  0.056 0264  0.121
B 0908 0941 0970 0.923 0939 0928 0923 0.832 0921
30 FRifiZE 0055  0.064  0.026 0.079 0.069 0036 0057 0305 0.126
240 m 3 HEREAE IE 0906 0941  0.968 0.927 0941 0932 0925 0832 0921
* °0 FRifEZE 0056 0.061  0.031 0.074 0.059 0038 0051 0305 0.125

Ul EREEINT]
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HE 0628 0925 0933 0.966 0.892 0947 0921  0.851  0.883
* FRfEZE 0277 0.048  0.086 0.040 0.105  0.045 0059 0228 0.173
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PrifE2E 0281 0.280 0.299 0.262 0.139 0.167 0.161 0.343 0.272

R4 ARFERAESHARNLESZH DeepLabv3+M % K Fmask 7EA R SR & LB EBEMHERIREES
Table 4 Mean and standard deviation of the overall accuracy of the DeepLabv3+ trained by training set with different

band combinations and Fmask on test images captured over different landscapes

FiA PeBrtd &I = VivES T Wi EHAM B FON PIQZS N All
B 0874 0953 0974 0.940 0.944 0960 0932 0849  0.928
M W2 0.095 0.047 0.026 0.059 0.045 0.027 0.048 0.283 0.120
B 0877 0822 0970 0.959 0955 0970 0957 0951  0.933
R P B LA 25 AT P22 0.058 0320  0.034 0.055 0.046  0.023 0042 0067  0.132
FEAI 25753 i . ¥ 0547 0838 0978 0.957 0.959 0966 0932 0960  0.892
DeepLabv3+ HOBN FRfE2E 0286 0298  0.021 0.058 0.041 0028 0062 0032 0204
pay AUl eSS e 0.550  0.882  0.951 0.954 0.887  0.959 0951 0958  0.886
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B 0805 0940  0.963 0.818 0.887  0.880  0.890  0.854  0.880
¢ FRifE2E 0120 0.046  0.025 0.198 0.076  0.121 0107 0252  0.147
_— ¥ 0628 0925 0933 0.966 0.892 0947 0921 0851  0.883

mas i

bRifEZE 0277 0.048 0.086 0.040 0.105 0.045 0.059 0.228 0.173




1176 National Remote Sensing Bulletin i & 54k 2021, 25(5)

BRAERE G ANLZHEE DeepLabv3+ Fmask
(a) H&0RVK/Z5 50 Landsat IR &% 7 fE s

(a) Whole Landsat image captured over snow/ice and its cloud mask

BREEEREG ANLEHER DeepLabv3+ Fmask
(b) ZLAAHETE X R R

(b) Enlarged images of the subset area in the red rectangle

BE &6 R EG AT =R DeepLabv3+
(¢) #MEhk i 5 Landsat 1§ K 2 g i

(¢) Whole Landsat image captured over Urban and its cloud mask

BREAREE I Deeplabia+
(d) W G X IUEOR R
(d) Enlarged images of the subset area in the blue rectangle
T = (a) A1 (b) TP IR 45 U B 5,43, (o) A (d) T R (0 5 Al T B 6.5 .20 i, 1 (S A s DX, K G2y
Tz K, B B

K5 M5 Landsat R0 2460 25 5

Fig.5 Cloud detection results of two Landsat images
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Fig.6  Cloud detection results of one Landsat image captured
over shrubland (All the images are displayed using bands 5, 4
and 3 .In each cloud mask: White represents the cloud
coverage area; Gray represents the cloud—free area; Black

represents fill value)
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Fig.7 The cloud detection accuracy of test set with different
landscapes and resolutions for different cloud detection
methods, i.e. DeepLabv3+ trained by training set with 30 m and
240 m resolution (each subplot represents the accuracy of test

set with single landscape )
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(b)Test image with 60 m resolution
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(d) Test image with 240 m resolution

CO =85 Xk

B 2= X35

- R

18 30 m 43 A 240m F3 BEAFEAS I 2545 2 1 DeepLabv3+ 25 & Fmask FEETEA R 0 HEREAR F 1 2 K 45 58 1
(KGR G5 RIS b B 5.4.3)

Fig.8 The case results of Deeplabv3+ trained by the training set with 30m resolution and 240m resolution and Fmask on test images

with different spatial resolutions ( All the images are displayed using bands 5, 4 and 3 .In each cloud mask : White represents the cloud

coverage area; Gray represents the cloud—free area; Black represents fill value)
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Fig.9 The zoomed area of Fig.8
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Fig. 11 Cloud detection results of the DeepLabv3+ trained by training set with different band combinations and Fmask on test images

captured over snow/ice( All the images are displayed using bands 5, 4 and 3 In each cloud mask: White represents the cloud coverage

area; Gray represents the cloud—free area; Black represents fill value)
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Fig. 12 Cloud detection results of the DeepLabv3+ trained by training set with different band combinations and Fmask on test images

captured over barren( All the images are displayed using bands 5, 4 and 3)
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(a) The cloud detection result of the DeepLabv3+ trained by training set with AIl-NT band combination on Sentinel-2A image with 20 m resolution
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Fig.13  Cloud detection examples of DeepLabv3+ on Sentinel-2A image (ID: L1C_T2IMWR_A023130_20191126T141046)
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(a) The cloud detection result of the DeepLabv3+ trained by product of MODIS

trained by the fully mixed training set with 30m resolution on
MODIS image with 1 km resolution
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Fig.14  Cloud detection examples of DeepLabv3+ on MODIS image (ID: MOD021KM.A2014141.1330.061.2017311185050)
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Generalization ability of cloud detection network for satellite imagery
based on DeepLabv3+
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Abstract: Deep learning algorithms have been developed and applied in detecting clouds for satellite imagery in recent years. However,
deep neural network models consist of thousands or millions of parameters, thus usually requiring large amounts of training data. Therefore,
understanding the generalization ability of deep learning techniques is vital in their application to cloud detection of different types of
satellite imagery. Taking DeepLabv3+ , a typical deep semantic segmentation algorithm, as an example, this study explored the
generalization ability of the algorithm on the cloud detection of satellite imagery with different landscapes, spatial resolutions, and spectral
band combinations based on the cloud labeled dataset “L8 Biome.” The “L8 Biome” dataset consists of 96 typical Landsat 8 OLI images
and the corresponding manual cloud mask, which has been widely used for evaluating the performance of cloud and cloud shadow detection
methods. First, the cloud labeled dataset “L8 Biome” was used to generate different training and test samples with different landscapes,
spatial resolutions, and band combinations. Then, the performance of DeepLabv3+ was evaluated based on different training and test sets
and compared with that of the typical Function of Mask (Fmask) algorithm. Results show the following: (1) the DeepLabv3+ trained by a
fully mixed training set (consisting of imagery captured over all landscapes) has higher overall cloud accuracy (92.81%) and stability
(standard deviation 12.08%) than that trained by the training set of imagery captured over a single landscape and performed better than the
Fmask algorithm with an overall cloud accuracy of 88.75% and stability of 17.34%, indicating that the training set of the deep learning
algorithm should include images captured over various landscape types; (2) the DeepLabv3+ trained by “mixed-1" training sets, which were
built by removing the images captured over a single landscape type (except of snow/ice) from the fully mixed training set, achieved
comparable accuracies with that trained by a fully mixed training set, indicating that the available training set is diverse enough and has a
good generalization ability on imagery captured over different landscapes; (3) the DeepLabv3+ trained by a fully mixed training set with a
30-m resolution achieved similar cloud detection accuracies on the satellite images with different spatial resolutions (i.e., 30, 60, 120, and
240 m), indicating that the trained DeepLabv3+ could be directly applied on satellite imagery with different spatial resolution, whereas the
Fmask algorithm performed poorly on the images with coarse resolutions; (4) DeepLabv3+ could explore the effective information from
different spectral bands for cloud detection, and more spectral band input can generally improve the overall cloud accuracy and stability of
DeepLabv3+. Among all input bands, shortwave infrared bands are greatly helpful for distinguishing snow/ice from clouds, whereas the
thermal infrared band marginally improves the cloud detection accuracy for DeepLabv3+. Results indicate that the DeepLabv3+ cloud
detection network trained by the “L8 Biome” dataset can be applied to various types of satellite imagery and outperforms the Fmask
algorithm.

Key words: deep learning, cloud detection, DeepLabv3+, generalization ability, landscape, spectral band combination, spatial resolution
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