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Abstract: Change detection from time series multispectral 
Landsat imagery has been an active research in remote sensing 
for several years to monitor the ecosystem, environment, climate 
and so on. This study is focused on detecting the changes in 
surface water by the integration of fusion and image classification 
techniques in multi-temporal multispectral Landsat images. The 
panchromatic band and the multispectral band of Landsat OLI 
and TM images respectively, were fused using undecimated 
wavelet transform to get the pan-sharpened image. Then 
classification techniques like Maximum Likelihood, Support 
Vector Machine, Artificial Neural Network and Random Forest 
were employed for extracting the water pixels and changed pixels. 
The performances of these classification techniques were 
analyzed based on metrics such as overall error, commission 
error, precision, recall, overall accuracy, kappa coefficients and 
the results show that the application of random forest classifier on 
pansharpened image outperforms in extracting the water pixels 
and also in highlighting the changes with maximum accuracy. 
 

Keywords: Change detection, image classification, 
pansharpening, random forest, surface water.  

I. INTRODUCTION 

Frequent monitoring of surface water and reliable 
information is essential for various application like 
hydrology, Land Use Land Cover Change, assessment of 
water resources, wet-land mapping, water survey and 
management, environment monitoring and so on [1]. In 
recent decades, extracting surface water and detecting 
changes were possible with the help of satellite remote 
sensing at different spatial and spectral resolutions. Various 
image-processing techniques were available to extract 
surface water features from satellite images [2]. 
In this paper, pansharpened image is classified for identifying 
changes in surface water from multi-temporal satellite data. 
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Pixel level image fusion is the process of combining different 
images of the same scene based on pixel-by-pixel to provide 
a single fused image more informative than any of the input 
images [3]. Pixel level image fusion is also termed as 
Pansharpening [4].  
Pansharpening techniques are employed to sharpen low 
spatial resolution multispectral image with high spatial 
resolution panchromatic image to form a more detailed image 
more suitable for change detection. Existing satellite remote 
sensors, the Operational Land Imager (OLI), Enhanced 
Thematic Mapper Plus (ETM+) and Thematic Mapper (TM) 
sensors by the Landsat 8, 7 and 5 satellites, respectively, are 
extensively used for assessing the water quality assessment 
[5]. The data acquired by Landsat 5 and 8 were utilized for 
this study. The details of the wavelength range and spatial 
resolution of Landsat 5 and 8 bands are shown in Table 1 and 
2 respectively.  
 Landsat 5 TM consists of seven spectral bands with a 
spatial resolution of 30 m for the bands 1-5 and 7. The 
thermal infrared band 6 has a spatial resolution of 120 m and 
it is resampled to 30 m (Table 1).  Landsat 8 OLI consists of 
nine spectral bands with a spatial resolution of 30 m for the 
bands 1-7 and 9. The thermal infrared band 10 and 11 has a 
spatial resolution of 100 m. The panchromatic band 8 has a 
spatial resolution of 15 m (Table 2). 
 To assess the effectiveness of the proposed methodology, 
the geographical location of the saline Lake Urmia located in 
northwest of Iran is considered. Three scenes of Lake Urmia 
corresponding to the path/row – 168/34, 169/33 and 169/34 
of the years 2010 and 2018 acquired in August 2010 and 
September 2018 were collected from USGS Global 
Visualization Viewer (https://glovis.usgs.gov).  The 
multispectral images of Lake Urmia in 2000 and 2018 are 
shown in Fig. 1a and b. 

II. METHODOLOGY 

The proposed methodology involves three phases: i. 
preprocessing, ii. pansharpening, iii. image classification and 
it is implemented using MATLAB, R and QGIS. The 
workflow and the methods adopted are depicted in Fig.2. 
While preprocessing, the steps such as radiometric 
calibration, atmospheric correction, dark object subtraction, 
mosaicking, co-registration, resampling and clipping were 
performed [6]. The multispectral band of 30m resolution and 
panchromatic band of 15m resolution images were 
preprocessed and converted from at-satellite radiance to 
atmospheric reflectance and then to surface reflectance using 
dark object subtraction method. 
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Table- 1: Wavelength Range and Spatial Resolution of Landsat 5 

 

Table 2 - Wavelength Range and Spatial Resolution of Landsat 8 

 

 
(a)                (b) 

Fig. 1: (a) Lake Urmia in 2010, (b) Lake Urmia in 2018
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Fig. 2: Flow diagram of overall Methods used in this Study 

 

                             
            (a)             (b)            (c) 

      Fig. 3: (a) Multispectral band (b) Panchromatic band, (c) Pansharpened Image 
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Table- 3: Land Cover Classes and its description 

 

The images are then mosaicked and co-registered with root 
mean squared error (RMSE) of less than 0.5 pixels. Then the 
nearest neighbor interpolation is used to resample the 
multispectral band to the same size of panchromatic band.  To 
perform fusion, the undecimated wavelet transform is applied 
to the multispectral bands of Landsat 5 and the panchromatic 
band of Landsat 8. The derived approximation coefficients of 
multispectral image and detail coefficients of panchromatic 
image were used to obtain the fused coefficients. Applying 
inverse transformation to the fused coefficients then 
generates the pansharpened image. The multispectral band, 
panchromatic band and pansharpened image are shown in 
fig.3 a – c. 
Region growing algorithm is used for creating a training area 
and the selection of pixels are based on the spectral similarity 
of adjacent pixels. The spectral signatures (spectral 
characteristics) for each Regions of Interest (ROI) were used 
as reference land cover classes for classification. The 
classification is based on the comparison of spectral 
characteristics of each pixel with reference class [7]. The 
classification algorithms such as Maximum Likelihood, 
Support Vector Machine, Artificial Neural Network and 
Random Forest were employed to the undecimated wavelet 
transform based fused image. Using these classification 
techniques, the pansharpened image was labeled as three 
classes namely land area, changed area and water area. Land 
area is the surface area that was dried before 2010, changed 
area refers the surface area that was changed as land in 2018 
from water in 2010, and water area refers the lake surface 
area in 2018. 
Maximum Likelihood (ML) classification uses Bayes 
theorem to calculate the probability distributions in the form 
of multivariate normal models for the classes to check 
whether a pixel belongs to the land cover class [8]. The ML 
uses both variance and covariance of the class spectral 
signatures in assigning each pixel to any one of the classes. 
Maximum Likelihood is the most commonly used parametric 
classifier in multispectral images. Number of researchers 
have done an extensive study on this classification and 
published literature. 
Support Vector Machine (SVM) classifier is a supervised 
classification approach, which can handle large raster images 
(multispectral image)[9]. The classification is done pixel by 
pixel based on the trained feature file. In this approach, a 
multiclass pair-wise classification strategy was performed. It 
involves input and an output layer, selecting a proper kernel 

is challenging and the choice of selection is based on the 
feature parameters. The default gamma value 0.143 is set in 
kernel function to control the error. Each input image is 
processed at its full resolution by assigning the value 0 to the 
pyramid function. All the pixels in an image were classified 
in to any of the class label by propoerly setting a 
classification probability threshold. 
Artificial Neural Network (ANN) doesn’t require any 

assumption on feature distribution and minimum or no a 
priori knowledge on the characteristics of land cover class 
[6]. The standard propagation based non-linear feed forward 
model is employed for supervised learning. ANN works 
better even with small training dataset, and it involves input 
layer, output layer and one or more hidden layer.  
Random Forest, an ensemble learning based decision tree 
classifier seems to be effective in handling large volume of 
data with high accuracy and computational performance [10] 
[11]. A random sub-sample is considered and a classification 
procedure is done based on that sub-sample. This process is 
done for 10 iterations and the average is computed to enhance 
the accuracy and to avoid over-fitting. This approach 
provides better estimates and suits well for larger datasets.  

III. RESULTS AND DISCUSSION 

To assess the performance of the classification techniques, 
the metrics such as Overall Error, Commission Error, 
Precision, Recall, Overall Accuracy and Kappa Coefficient 
were computed [12]. The ANN, SVM and Random Forest 
techniques successfully separated the water, land and  
changed pixels compared to maximum likelihood. The 
results in table 4, clearly shows that the application of random 
forest classifier on pansharpened image obtained the high 
accuracy (fig. 4). The proposed approach integrating the 
undecimated wavelets transform based fusion and random 
forest classifier has the advantage of generating high 
resolution of 15m from 30m-resolution multispectral band & 
15m-resolution panchromatic band, and at the same time 
highlights the changes with maximum accuracy. The 
performance evaluation of various assessment metrics is 
shown in fig. 5-8. 
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Fig. 4: Lake Surface area generated using Random Forest Classifier on Pansharpened Image 

 
Table- 4: Results of Performance Metrics

 

 
Fig. 5: Performance evaluation of overall error and 

commission error  
 

 
Fig. 6.: Performance evaluation of precision and recall 

 
Fig. 7: Performance evaluation of overall accuracy 

 

 
Fig. 8: Performance evaluation of kappa coefficient 

 
 
 

Method Overall 
Error 

Commission 
Error 

Precision Recall Overall 
Accuracy 

Kappa 
Coefficient 

ML 1.57 1.91 0.04 0.71 98.15 0.87 

SVM 0.44 0.54 0.09 0.88 99.13 0.90 

ANN 0.34 0.53 0.09 0.89 99.37 0.91 

Random 
Forest 

0.07 0.23 0.12 0.91 99.87 0.93 

Land area 

Changed area 

Water area 
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IV. CONCLUSION 

The methodology for surface water extraction and change 
detection integrating the undecimated wavelet transform 
based fusion and random forest classifier is designed. The 
proposed methodology is applied on multi-temporal 
multi-spectral landsat 8 and landsat 5 images of Lake Urmia 
in North west of Iran. The pansharpened image highlights the 
changes in lake surface area between the years 2010 and 
2018. Thus the potential of random forest technique has been 
explored in classifying and analyzing the multispectral 
images. The efficiency of the proposed approach is proved by 
comparing with other classification techniques such as 
maximum likelihood, support vector machine and artificial 
neural network, based on spectral signatures of various 
classes like land area, changed area and water area. In 
conclusion, the proposed methodology has proved to be 
efficient in extracting the water pixels and detecting the 
changes in multispectral Landsat images. 
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