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ABSTRACT 
 
Cloud cover creates obstruction in Earth Observation studies. 
The obstruction is harder to distinguish from features having 
similar reflectance on the ground, such as snow. To 
distinguish clouds from snow in a VNIR image, we use an 
additional SWIR band. The images were fed into a deep Fully 
Convolutional Network that can fuse the multiresolution 
SWIR and VNIR bands together, in order to produce 
pixelwise classification. The accuracy obtained by the model 
on the test image was 93.35%. We compare the performance 
of this model with a more commonly used technique, 
Random Forests. To analyze the effect of SWIR, we use 
another deep learning model, trained only on the VNIR 
image, and compare the accuracies obtained. 
 

Index Terms — Cloud detection, Snow, Deep 
convolutional networks, Data fusion, SWIR, LISS-4 
 

1. INTRODUCTION 
 
Clouds create a major hindrance in optical satellite images. 
Although there exist several cloud detection algorithms [1]–
[4], these were mainly developed for low and medium 
resolution sensors such as MODIS, Landsat 8 OLI etc., and 
were based on thresholding techniques. Apart from [5], there 
is no independent cloud mask algorithm being used by Indian 
Remote Sensing satellites. This paper uses a novel deep 
learning model incorporating fusion to create such a mask. 

Additionally cloud cover is extremely hard to distinguish 
from snow covered areas. This is because both clouds and 
snow have similar reflectance values in the visible-near 
infrared (VNIR) range [6]. The extreme similarity is 
generally taken care of by using the Short Wave Infrared 
(SWIR) band. Clouds show significantly high reflectance 
values in the SWIR region, and this attribute is used for cloud 
detection over snow areas. This band is used in indices such 
as Normalized Difference Snow Index (NDSI) and 
Normalized Difference Cloud Index (NDCI), but such a 
threshold based technique can be ineffective for feature 
detection [7]. Hence, there is a lack of robust algorithms 
which can effectively discriminate between snow and cloud 
features. We address this issue, by using Convolutional 
Neural Networks (CNNs) for effective feature detection. 

CNNs are deep learning networks, which have recently 
attained high classification accuracies for remotely sensed 
images [8]. Our paper uses fully convolutional networks to 
perform pixelwise classification over SWIR-VNIR bands, 
having unequal spatial resolutions. To analyze the utility of 
the additional SWIR band, we modify this network and train 
it only on the VNIR image. This paper analyses the 
performance of these two networks. Additionally, we also 
report the performance of a Random Forest classifier on the 
same dataset. 
 

2. DATASET AND STUDY AREA 
 

 
Fig. 1. FCC (left), resampled SWIR (middle) and Reference Map 
(right) of the training subset. In the reference map, purple depicts 
Clouds, cyan depicts Snow, whereas yellow depicts Rest as a class. 

The data used is from the Linear Imaging Self Scanner (LISS) 
– IV sensor, present on the Resourcesat-2 satellite. The sensor 
acquires data in 5m spatial resolution, and has three bands 
belonging to Green, Red and Near Infrared regions. 
Moreover, this satellite also carries a LISS-III sensor with a 
spatial resolution of 24m. In addition to the three bands 
present on LISS-IV, LISS-III also has a SWIR band. Both the 
sensors are nadir looking, and hence capture a geographical 
area at the same time. 
      The area selected for the study was the Himalayan region 
lying in the Indian state of Uttarakhand, which has extensive 
snow during winters. The scene used was from Path 97, Row 
49 of Resourcesat-2, and LISS-IV belonged to subscene ‘C’. 
The date of capture was 9th October 2014. The VNIR bands 
from LISS-IV were stacked together to form a false color 
composite (FCC), while only the SWIR band from LISS-III 
was resampled, through nearest neighbor interpolation, to 
20m resolution. 
      Two subsets were chosen from each, the FCC, and the 
resampled SWIR band. One subset was kept as the training 
image for our neural networks, and the other was kept for 
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testing the network’s performance. Subsets on FCC were of 
dimensions 2000x2000 pixels, whereas those on the SWIR 
band were 500x500 pixels. Reference maps for three classes 
– Snow, Clouds and Rest, were created visually using ENVI 
software. Fig. 1 shows the FCC, SWIR and Reference map 
for the training tile, whereas Fig. 2 shows the same set of 
images for the test tile. 

 

 
Fig. 2. FCC (left), resampled SWIR (middle) and Reference Map 
(right) of the test subset. In the reference map, purple depicts Clouds, 
cyan depicts Snow, whereas yellow depicts Rest as a class. 

 
3. METHODOLOGY 

 
As the data available was in different resolutions (FCC at 5m, 
and a resampled SWIR at 20m), the images were classified 
using a fusion based CNN inspired from FuseNet [9]. From 
the training subset, our algorithm randomly selects 2000 
patches for training and 500 patches for validation purposes. 
Full patch labelling [8] was followed, and the size of each 
SWIR patch was kept as 32×32 pixels, while for the FCC 
patch it was 128×128 pixels.  
      Table 1 shows the network, which resamples and 
concatenates the multispectral FCC with SWIR, as a part of 
learning. Here, M×M denotes the patch size. The 
convolutional layers are depicted as Conv<K>-<O>-<D>, 
where ‘K’ denotes a kernel of dimensions K×K, ‘O’ is the 
number of output channels of a kernel, and ‘D’ is the dilation 
factor (which is optional). Example: a conv9-8 layer has a 
9×9 kernel, with 8 output channels, and no dilation. 
Appropriate padding and strides were configured so as to 
keep the dimensions of input and output feature maps same 
at each layer [10]. Additionally, each convolutional layer has 
been batch normalized, followed by a ReLU activation layer. 
Max pooling layers are denoted as maxpool, each having a 
stride of 2, and a dimension of 2×2 pixels. In order to perform 
pixel level classification, in a fully convolutional sense, the 
dense feature map has been upsampled using Transposed 
Convolutional layers. These are denoted as TConv<K>-<O>-
<S>-<C>, where ‘S’ denotes the stride, ‘C’ denotes cropping 
factor, ‘K’ and ‘O’ have the same meaning as above. 
      In order to analyze the effect of SWIR, we used a similar 
network architecture (referred to as VISnet from here on), 
which does not have a separate arm for SWIR as in Table 1. 
Rest of the parameters remain the same. Structure of VISnet 
is shown in Table 2. Both these networks have a final 
convolutional layer giving three output channels. This is to 
segment the image into three classes: Snow, Clouds, and 

Rest. The networks undergo a Softmax regression at the end, 
and were trained using stochastic gradient descent algorithm 
on a cross entropy loss function for 200 epochs. 
      We also compare the performance of a Random Forest 
classifier made up of 500 decision trees and using gini 
criterion, on the FCC images. 

Table 1. FuseNet [9] 

FCC: 4M×4M×3 SWIR: M×M×1 
Conv5-8      Conv1-8 

Conv3-16 
Conv5-32 

maxpool 
Conv5-16 
maxpool 

Concatenation: M×M×32 
Conv5-64-1 
Conv5-64-2 

TConv4-64-2-1 
TConv4-64-2-1 

Conv1-3 
 

Table 2 VISnet  

FCC: 4M×4M×3 
Conv5-8 
maxpool 
Conv5-16 
maxpool 

Conv5-32-1 
Conv5-64-2 

TConv4-64-2-1 
TConv4-64-2-1 

Conv1-3 
 

 
4. RESULTS AND DISCUSSION 

 
The results we achieved from the two deep networks are 
showcased in Fig. 4, Table 3, Table 4 and Table 5, whereas 
Fig. 6 shows the Random Forest classification (RF). Overall 
test accuracy obtained from RF was low (Table 3). Moreover, 
the classified map in Fig. 6 was full of salt-and-pepper-noise, 
and the classifier predicted a very small region for snow. 
Hence, RF was dropped from further analysis and was 
excluded from Tables 4 and 5. 
 
Table 3. Overall accuracy obtained by different types of 
classification techniques, on the training and test subset 

Dataset Classification Overall Accuracy (%) 

Training 
VISnet 92.903 
FuseNet 99.853 

Random Forest 97.803 

Test 
VISnet 92.021 
FuseNet 93.355 

Random Forest 71.959 
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Table 4. Producer's Accuracy (PA) and User's Accuracy (UA) of the 
two deep learning networks on the training subset 

PA (%)  Clouds Snow Rest 
VISnet  88.862 99.884 99.111 
FuseNet 99.988 99.826 99.447 
UA (%) Clouds Snow Rest 
VISnet 99.971 70.585 99.445 
FuseNet 100 99.879 99.999 

  
Table 5. Producer's Accuracy (PA) and User's Accuracy (UA) of the 
two deep learning networks on the test subset 

PA (%) Clouds Snow Rest 
VISnet  94.913 93.517 97.013 
FuseNet 99.449 89.708 91.592 
UA (%) Clouds Snow Rest 
VISnet 89.428 95.943 95.797 
FuseNet 92.866 99.613 96.152 

 
 
 
 
 
       
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 3. SWIR band for training overlaid with reference labels, in 
purple, for clouds. The labels cover a lot of cloud fringes having 
reflectance value lower than thick clouds. 

       
 
 

 
 

Fig. 4. Left – FCC of training subset along with VISnet classification (top) and FuseNet classification (bottom). Right – FCC of test 
subset along with VISnet classification (top) and FuseNet classification (bottom). In the classified maps, purple represents Clouds, 
cyan represents Snow and yellow represents Rest of the area. 
 

Fig. 5. From left - SWIR band of test area, FCC of test area, FCC overlaid with reference labels and classified map by FuseNet 
of test area. Red ovals highlight one of the moraine regions (labelled as snow in the reference map) which has been misclassified 
as clouds.  
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Fig. 3. Random Forest classification of training area (left) and test 
area (right).  

 
For both, training and test subset, FuseNet shows a higher 
overall accuracy compared to VISnet (Table 3). For the 
training subset, FuseNet gives a higher PA for clouds, and a 
higher UA for snow, while rest of the values are similar as 
that of VISnet (Table 4). Even for the test subset, FuseNet 
gives a higher PA for clouds, UA for clouds and snow (Table 
5). However, it misclassifies 10.292% of labelled snow area, 
whereas VISnet misclassifies only 6.483% of that area. One 
possible explanation is that while taking training samples for 
clouds, a lot of fringe cloud features have been incorporated 
(Fig. 3). These features have reflectance values similar to the 
surrounding moraines and vegetation in the SWIR band. As 
most of the reference labels for snow on the specific test 
subset are actually moraines, FuseNet (by incorporating a 
SWIR band), misclassifies the snow-labelled moraines as 
clouds (Fig. 5). This results in a low producer’s accuracy for 
snow by FuseNet in Table 5.  
      Moreover, there are some shadow regions in the test 
subset which are getting classified as clouds (Fig. 7).  
 

 
Figure 4: FCC of test area (left) and classified map by FuseNet 
(right). Red ovals highlight shadow regions which have been 
incorrectly classified as clouds (in purple). 

 
5. CONCLUSION 

 
To discriminate between clouds and snow, this paper presents 
two deep neural networks working on a VNIR image, and a 
VNIR+SWIR image respectively. Both the networks 
outperform a Random Forest classification. The proposed 
fusion based network brought accuracies in the range of 

99.9% for detecting clouds over snow covered regions, which 
were higher than the single resolution VISnet. However, 
FuseNet fell short by misclassifying a lot of snow regions on 
the test image. This drawback can be eliminated by using 
extensive number of images for training. Optical satellite 
images contain different textures of snow, ice, firn and clouds 
of varying thickness, height etc. Such diversity needs to be 
incorporated and learnt by the network model. Moreover, the 
images should also be trained for a separate ‘Shadow’ class 
as this will make the results more realistic and accurate.  
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