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Article Info  Abstract 

Article History:  Snow is a crucial factor impacting many areas, including freshwater resources, 
irrigation, floods, and avalanches. The study aims to compare the performances of 
unsupervised classification methods namely Normalized Difference Snow Index 
(NDSI), Red/Shortwave- infrared (R/SWIR), and Near-infrared/Shortwave-
infrared (NIR/SWIR) band ratio methods in snow cover classification while 
determining the temporal change and trend in snow cover area during the past 
three decades on Erciyes Mountain. The study analyzed the snow cover on Erciyes 
Mountain from 1988 to 2020 using Landsat 5 TM and Landsat 8 OLI data with a 
spatial resolution of 30 meters. Three unsupervised classification methods were 
applied to atmospheric-corrected Landsat datasets to obtain snow cover maps. 
The results indicate a declining trend in snow cover on Erciyes Mountain due to 
global warming, with a significant reduction of about 87% over the past 32 years. 
Among the three classification methods, NDSI demonstrated the highest accuracy 
and Kappa coefficient, making it the most suitable approach for snow cover 
mapping in mountainous regions. The findings can supply valuable contributions 
to literature and assist in better use of accurate snow cover classification methods 
in high mountainous regions. 
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1. Introduction 

Snow is an important factor of the global water cycle [1]. As a significant precipitation type, 
it provides approximately one-sixth of the global population's water needs [2]. Its ability 
to store water in winter and release it in summer contributes to the regulation of water 
resources management and ecosystem health. Moreover, snow cover significantly 
influences local and regional climates, making its accurate monitoring essential for water 
management and climate modeling [3-5]. 

However, due to global warming and other climate change impacts, snow-cover areas are 
undergoing significant changes. These changes directly affect the seasonal distribution of 
water resources, hydrological cycles, and ecosystems, leading to issues such as water 
scarcity, flood risks, and biodiversity loss. Therefore, monitoring changes in snow cover 
areas and understanding the impacts of these changes is of paramount importance for 
sustainable water resource management and climate change adaptation efforts. 

Given the rapidly increasing population and the impacts of global warming, snow cover 
monitoring and data extraction have become even more critical. Studies on snow cover 
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areas can provide valuable insights into the global water and energy cycle, aiding in its 
better understanding and management. 

Ground-based classical measurement methods can be used for snow cover monitoring, but 
these methods have some limitations. Therefore, measurements using remote sensing data 
offer an important alternative for fast and effective monitoring of large areas [6-8]. Remote 
sensing has become a critical tool for monitoring snow cover changes with the ability to 
make synchronous observations over large areas [4, 9]. Xi and Mei [10] note that remote 
sensing technology has become a fundamental approach for large-scale and high-precision 
snow monitoring, reinforcing the statement about the critical role of remote sensing in 
observing snow cover changes. Largeron, Dumont [11] emphasized that remote sensing is 
essential for detecting snow cover changes that cannot be effectively monitored through 
point measurements alone. Girotto, Musselman [12] highlighted the extensive coverage 
provided by remote sensing images, allowing for reliable seasonal snow monitoring in 
remote and complex mountainous regions. In addition, remote sensing data have the 
potential to overcome the limitations of terrestrial measurements by providing high 
resolution and consistency to monitor snow cover changes over large areas [9, 13]. 
Therefore, remote sensing stands out as an indispensable tool for snow cover monitoring 
and management. 

Index and band ratio-based unsupervised classification methods for snow cover 
classification are used in remote sensing data analysis. These methods use combinations 
of various spectral bands to map snow cover accurately. Various index and band ratio-
based unsupervised classification methods to determine snow cover using remote sensing 
images have been employed in some studies. Ambinakudige, Inamdar [14] analyze how 
NIR and SWIR band’s spectral characteristics can be utilized to improve the accuracy of 
snow cover mapping, reinforcing the importance of using band ratios in remote sensing 
applications. Butt [15] calculated three band ratios (Band 2/Band 5, Band 4/Band 5, and 
Band 4/Band 7) using Landsat data for snow zoning mapping in the Hindukush, 
Karakoram, and Himalayan regions. He stated that the band ratios effectively minimized 
the shadow effect. Wang, Wang [16] proposed a spectral band ratio using near-infrared 
(NIR) and short-wave infrared (SWIR) bands to map snow cover in dense coniferous 
forests using Landsat 8 Operational Satellite Imager (OLI) data. Zhang, Wang [17] 
introduced a new index that optimizes the use of R/SWIR and NIR/SWIR band ratios to 
improve the mapping accuracy of debris-free glaciers. The authors compare the 
performance of these band ratios against traditional methods, demonstrating their 
effectiveness in reducing classification errors related to water and shadow.  Andreadis and 
Lettenmaier [18] used a snow mapping algorithm based on two indices, namely the 
normalized difference vegetation index (NDVI) and NDSI, to integrate remotely sensed 
snow observations into a macroscale hydrology model. Sibandze, Mhangara [19] aimed to 
increase the snow cover mapping accuracy by combining Principal Component Analysis 
(PCA) with NDSI by proposing the Normalized Difference Principal Component Snow Index 
(NDPCSI) technique. They showed that the use of PCA along with NDSI can increase the 
accuracy of snow cover mapping. Kuter, Akyürek [20] used NDSI to create a conventional 
binary reference snow map that classifies the MODIS satellite image as snow or non-snow. 
This study highlights the importance of NDSI in snow cover classification. Similarly, Liu, 
Huang [21] used machine learning technologies and NDSI methods to map snow cover 
fractions using MODIS data. The study demonstrates the effectiveness of NDSI in snow 
cover classification. However, these methods also have some disadvantages. Such index 
and band ratio-based studies can sometimes make it difficult to classify mixed pixels 
correctly and affect the accuracy and precision in snow cover classification [22]. While 
these studies show that index and band ratio-based methods are used in snow cover 
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classification, they also highlight some limitations of these methods. Therefore, 
considering these disadvantages, this study investigates which of the R/SWIR, NIR/SWIR, 
and NDSI methods used for snow cover classification gives better results in snow cover 
classification at Erciyes Mountain. 

Previous research has primarily concentrated on glacial changes at Erciyes Mountain [23-
25]. It was stated that the glaciers melted over time and almost disappeared [25]. However, 
the change in the amount of snow cover was not examined. This study has two main aims. 
The first aim of the study is to determine the temporal change and trend in snow-cover 
areas. The study analyzes the temporal change and trend in snow cover on Erciyes 
Mountain, covering 32 years from 1988 to 2020, using 30-m spatial resolution Landsat 5 
TM and Landsat 8 OLI data. While a large part of Erciyes Mountain is completely covered 
with snow in the winter season, a portion of this area is covered with snow in the summer 
months as well. Satellite images from the summer months were preferred to minimize the 
impact of high cloud cover at the summit. The second aim of the study is to compare the 
performance of unsupervised classification methods in snow cover classification. R/SWIR, 
NIR/SWIR, and NDSI methods were applied to the atmospherically corrected Landsat data 
sets to obtain snow cover maps. As a result of the assessments, the best unsupervised 
classification technique for snow-covered mountains similar to the Erciyes was 
determined. 

2. Materials  

2.1. Study area and data 

Erciyes Mountain is a volcanic mountain located in Kayseri Province, Turkey, with an 
elevation of 3,917 meters [26]. This region provides an important natural area for studying 
snow cover dynamics. Erciyes Mountain significantly impacts water resources due to the 
heavy snowfall during the winter months and the melting of this snow cover during the 
summer months.  

 

Fig. 1. Features of Landsat 5 TM and Landsat 8 OLI/TIRS satellite images [28] 
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Temperature differences between day and night are intense and freeze-thaw cycles are 
effective most of the year. Therefore, it is of critical importance in terms of snow-cover 
monitoring and management. The wide coverage provided by remote sensing data offers 
significant advantages in terms of monitoring snow cover dynamics and producing results 
quickly [27]. In this study, Landsat 5 (August 1988, 2000, 2010) and Landsat 8 level 1A 
satellite images (August 2020) were used in the classification of snow cover and other 
areas. The data were downloaded from the United States Geological Survey (USGS) website 
freely. Fig. 1 describes the dataset in detail. The study area is divided into two main classes: 
snow cover and other areas. Fig. 2 shows the satellite images of the study area in RGB band 
combination. 

 

Fig. 2. Satellite images of Erciyes Mountain: (a) 1988, (b) 2000, (c) 2010, (d) 2020 

3. Methodology 

The classification and change detection approach used to determine snow cover changes 
with the aid of unsupervised classification methods is presented in Fig. 3. Firstly, Landsat 
satellite images were subjected to image preprocessing (geometric, radiometric, and 
atmospheric correction) processes according to the study flowchart. Then, 
atmospherically corrected Landsat satellite images were used to obtain snow cover areas 
using three different unsupervised classification methods (R/SWIR, NIR/SWIR, and NDSI). 
Finally, comparative analysis of the classification methods was performed and the snow 
cover area change was evaluated.  
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Fig. 3. Flowchart of study 

3.1. Image Preprocessing 

Initially, a study area was created from the peak to the mountain's slopes. The study area 
boundaries were used for all satellite data. Geometric correction, one of the image 
preprocessing stages, aims to align and rectify the image data to represent the geographic 
features and spatial relationships accurately. This process is carried out using ground 
control points (GCPs), which are known coordinates located at the same geographic 
position in both the reference image and the image to be transformed. These GCPs are 
evenly distributed across the image [29]. The geometric correction process resulted in a 
root mean square error (RMSE) value of 0.1 pixels in this study. 

In change detection studies, it is significant to prefer satellite images with identical spatial 
and radiometric resolution to reduce errors caused by factors such as variations in sun 
angle, seasonal differences, or the satellite's position when using images from different 
years. Therefore, radiometric correction should be performed. This was achieved by 
transforming pixel brightness values of satellite images to spectral radiance values. Later, 
Spectral radiance values were processed using the FLAASH atmospheric correction in ENVI 
5.3 software. This approach was implemented to effectively eradicate influences from 
reflected energy. 

In this study, three different unsupervised image classification methods (R/SWIR, 
NIR/SWIR, and NDSI) were used to investigate which method would determine the snow 
cover most accurately.  

3.2. Red/Shortwave Infrared Band Ratio 

The Red / Shortwave infrared (R/SWIR) band ratio is an effective unsupervised 
classification method used to determine snow cover. This ratio is calculated by comparing 
the reflectance values of the red (R) and shortwave infrared (SWIR) bands. The formula is 
as Equation 1 follows [30]: 

𝐵𝑎𝑛𝑑 𝑅𝑎𝑡𝑖𝑜1 =
𝑅

𝑆𝑊𝐼𝑅
 (1) 
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The reflectance values in Landsat 5 TM bands 3 and 4 are denoted as R and SWIR. In 
Landsat 8 OLI, Band 4 and 5 correspond to R and SWIR because of the spectral bandwidth 
match. Snow shows high reflectance in the R band and low reflectance in the short-wave 
infrared. Therefore, this ratio is an effective tool for determining snow cover [30]. 

3.3. Near Infrared/Shortwave Infrared band ratio 

The Near infrared / Shortwave infrared (NIR/SWIR) band ratio is another effective 
unsupervised classification method for determining snow cover. This ratio is calculated by 
comparing the reflectance values of the near-infrared (NIR) and short-wave infrared 
(SWIR) bands. The formula is as Equation 2 follows [30]: 

𝐵𝑎𝑛𝑑 𝑅𝑎𝑡𝑖𝑜2 =
𝑁𝐼𝑅

𝑆𝑊𝐼𝑅
 (2) 

NIR and SWIR denote the reflectance values in Landsat 5 TM bands 4 and 5. Because of the 
spectral bandwidth match, the values for bands 5 and 6 correspond to NIR and SWIR in 
Landsat 8 OLI. Snow shows high reflectance in the NIR band and low reflectance in the 
SWIR band. This feature helps to distinguish snow cover from other surface types. Wang, 
Wang [16] used this method for snow cover mapping in dense coniferous forests. They 
emphasized that this method is one of the most effective methods used in snow cover 
mapping studies. 

3.4. Normalized Difference Snow Index 

Normalized Difference Snow Index (NDSI) is one of the important unsupervised 
classification methods used to determine snow cover areas thanks to the wide-area 
observations provided by remote sensing data. NDSI is calculated with the reflectance 
values of the green band (G) and SWIR bands. The formula is as Equation 3 follows [31]: 

𝑁𝐷𝑆𝐼 =
(𝐺 − 𝑆𝑊𝐼𝑅)

(𝐺 + 𝑆𝑊𝐼𝑅)
 (3) 

The reflectance values in Landsat 5 TM bands 2 and 5 are denoted as G and SWIR. In 
Landsat 8 OLI, Bands 3 and 6 correspond to G and SWIR due to spectral bandwidth 
matching. NDSI values of 0.4 and above generally indicate the presence of snow cover [31]. 
Knowing the threshold value accelerates the snow cover monitoring and mapping 
processes, allowing researchers to obtain rapid results. 

3.5. Snow Cover Extraction 

The effectiveness of unsupervised classification methods (R/SWIR, NIR/SWIR, and NDSI) 
in snow cover extraction was analyzed in the current study. It was necessary to subject the 
classified images to a thresholding process to obtain the desired snow-covered areas using 
the classification methods employed in this study. Initially, Otsu's binary thresholding 
method [32, 33]  was utilized to determine the threshold value. However, when the 
threshold values obtained using Otsu's method were applied, it was observed that the 
snow-covered areas could not be accurately detected in all three methods. Racoviteanu, 
Arnaud [34] suggested that the threshold value for classified images can be determined 
through careful visual inspection. Therefore, threshold values were determined using 
image histograms after visually analyzing the R/SWIR and NIR/SWIR classification images. 
For the NDSI classification images, the threshold value ≥ 0.4 was used as determined in 
previous studies [31, 35, 36]. Thus, places equal to or greater than the specified threshold 
value (NDSI ≥ 0.4) were determined as snow areas. 
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3.6. Performance Metrics 

A confusion matrix is utilized to assess the performance of a classification model by 
comparing the predicted classifications to the actual classifications. It provides a wide 
summary of the classification results, allowing for the calculation of various performance 
metrics, including True Positives (TP), True Negatives (TN), False Positives (FP), and False 
Negatives (FN), as shown in Table 1 [37]. 

Table 1. Confusion matrix 

Predicted Model  Ground Truth 
 Correct Incorrect 

Correct TP FP 
Incorrect FN TN 

 

In snow cover classification, TP refers to correctly identified snow-covered pixels, while 
TN denotes correctly identified non-snow-covered pixels. Conversely, FP represents non-
snow-covered pixels incorrectly classified as snow-covered, and FN signifies snow-covered 
pixels mistakenly classified as non-snow-covered.   

Performance metrics such as accuracy and Kappa statistic value can be obtained using 
confusion matrix parameters [38]. Accuracy is calculated as the proportion of the sum of 
true positive and true negative pixels to the total number of pixels within the images, 
representing the extent of correct classification. The Kappa statistic is employed to 
quantify the degree of concurrence between a classified image and reference data, serving 
as a valuable metric to assess the accuracy and consistency of the classification outcomes. 
The performance metrics’ formulas are shown in Equation 4-7 [39]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (4) 

 𝑃𝑂 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (5) 

𝑃𝐸 =
(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁) + (𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)

(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)2
 (6) 

𝐾𝑎𝑝𝑝𝑎 =
𝑃𝑂 − 𝑃𝐸

1 − 𝑃𝐸
 (7) 

Where PO is the observed agreement, and PE is the expected agreement by chance. 

4. Results and Discussion 

In the study, three unsupervised classification methods (R/SWIR, NIR/SWIR, and NDSI) 
were compared using ENVI 5.3 software to extract snow cover on Erciyes Mountain. Snow 
cover images derived from R/SWIR, NIR/SWIR, and NDSI are shown in Fig. 4. 

A confusion matrix was used to evaluate the accuracy of the classified maps. 50 ground 
control points covering the study area were randomly generated using ArcGIS 10.8 
software. The determination of these points as snow or other areas was determined with 
the help of Google Earth images. The accuracy and Kappa coefficient metrics were 
calculated to evaluate the performance of each classification method on Landsat satellite 
images of different years. Classification accuracies obtained by R/SWIR, NIR/SWIR, and 
NDSI are shown in Table 2. 
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Fig. 4. Snow cover images derived from R/SWIR, NIR/SWIR, and NDSI 

 

Table 2. Classification accuracies obtained by R/SWIR, NIR/SWIR, and NDSI 

Method R/SWIR NIR/SWIR NDSI 

Year Accuracy Kappa Accuracy Kappa  Accuracy Kappa 

1988 96% 86% 98% 93% 96% 86% 

2000 94% 88% 90% 80% 96% 92% 

2010 92% 84% 92% 84% 96% 92% 

2020 92% 84% 96% 92% 98% 96% 
 

The results reveal that the classification accuracies are generally high across the methods, 
with slight variations by year. For 1988, the highest accuracy (98%) and Kappa value 
(93%) were achieved with the NIR/SWIR method, while R/SWIR and NDSI methods 
showed slightly lower performance, each with 96% accuracy and an 86% Kappa value. In 
2000, the NDSI method showed the best results, with 96% accuracy and 92% Kappa. The 
NIR/SWIR method, however, lagged behind with a 90% accuracy and 80% Kappa value. 
The R/SWIR method performed moderately well in 2000, achieving a 94% accuracy and 
an 88% Kappa. In 2010, the NDSI method continued to demonstrate superior performance, 
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with an accuracy of 96% and a Kappa value of 92%. Both the R/SWIR and NIR/SWIR 
methods achieved similar results for this year, each reaching 92% accuracy and an 84% 
Kappa value. Finally, for 2020, the NDSI method again yielded the highest accuracy (98%) 
and Kappa coefficient (96%). The NIR/SWIR method also performed well with 96% 
accuracy and a 92% Kappa value, while the R/SWIR method fell slightly behind, achieving 
92% accuracy and an 84% Kappa value. Overall, the NDSI method consistently delivered 
the highest accuracy and Kappa values across different years, suggesting that it may offer 
more robust classification accuracy over time compared to R/SWIR and NIR/SWIR. 

Table 3. Snow cover areas 

 

An objective assessment was conducted by analyzing satellite images to account for snow 
cover changes from 1988-2020. Post classification comparison method was used to 
determine the snow cover change of the last 32 years in the study. The snow cover areas 
and change rates are reported in Tables 3 and 4 respectively. 

Table 4. Snow cover changes according to the periods 

 

Since the area values were close to each other, area evaluations were made by considering 
the average results obtained from the three methods. Table 3 shows that the highest snow 
covers mean value of almost 0.971 km² was detected in 1988 followed by the highest 
second value observed in 2010 with 0.523 km². The lowest snow cover mean value of 0.129 
km² was observed in 2020. The lowest second value was observed in 2000 with 0.418 km².  

In this study, the change detection approach was based on post-classification comparison 
[40, 41]. This method involves comparing classified images with each other to identify 
changes. The snow cover changes that occurred during the 32 years from 1988 to 2020 are 
seen in Table 4. Negative values show the total and average annual decrease in the amount 
of snow cover between certain periods, while positive values show the increment. 
According to the areas achieved from the average of results belonging to the three methods, 
the study showed that approximately 0.84 km² and 87 percent of the snow cover area had 
melted over the past three decades. The highest amount of snow melt was observed 
respectively in the periods of 1988-2000 and 2010-2020 with 0.55 km² and 0.39 km². 
However, there had been an increment in the snow cover area in the period of 2000-2010. 
This situation should be investigated further. The snow cover trend of about the past three 
decades can be seen in Fig. 6. 

 

Year R/SWIR (Km²) NIR/SWIR (Km²) NDSI (Km²) Mean (Km²) 

1988 0.968 0.979 0.965 0.971 

2000 0.414 0.437 0.404 0.418 

2010 0.522 0.533 0.514 0.523 

2020 0.128 0.133 0.127 0.129 

Periods 

R/SWIR 

Area 

(Km²) 

Rate 

(Km²/ 

year) 

NIR/SWIR 

Area 

(Km²) 

Rate 

(Km²/ 

year) 

NDSI 

Area 

(Km²) 

Rate 

(Km²/ 

year) 

Mean 

Area 

(Km²) 

Rate 

(Km²/ 

year) 

1988-2000 -0.55 -0.05 -0.54 -0.05 -0.56 -0.05 -0.55 0.05 

1988-2010 -0.45 -0.02 -0.45 -0.02 -0.45 -0.02 -0.45 0.02 

1988-2020 -0.84 -0.03 -0.85 -0.03 -0.84 -0.03 -0.84 0.03 

2000-2010 0.11 0.01 0.10 0.01 0.11 0.01 0.11 0.01 

2000-2020 -0.29 -0.01 -0.30 -0.01 -0.28 -0.01 -0.29 0.01 

2010-2020 -0.39 -0.04 -0.40 -0.04 -0.39 -0.04 -0.39 0.04 
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Fig. 6. Snow cover trend during the period 1988-2020 

Fig. 6 indicates a significant decrease in snow cover areas between 1988 and 2020. The 
overall trend of snow cover change shows a decline during this period. It is investigated 
that the climatic conditions during the selected years to determine whether a dry climate 
may be responsible for the observed differences. The average temperatures and 
precipitations of each month over the last three decades can be seen in Fig. 7. 

 

Fig. 7. Average temperatures and precipitations for Erciyes Mountain over the last 
three decades 

As can be seen in Fig. 7, the "mean daily maximum" (represented by the solid red line) 
demonstrates the highest temperature recorded on an average day for each month on 
Erciyes Mountain. Likewise, the "mean daily minimum" (represented by the solid blue line) 
demonstrates the average lowest temperature recorded. The dashed red and blue lines 
correspond to the hottest day and coldest night, respectively, showcasing the monthly 
averages over the past three decades. The average temperatures on Erciyes Mountain have 
mostly been above 0 degrees Celsius (C°) and the precipitations below 30 mm. It is known 
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that high temperatures affect snowfall negatively. These data show us that global warming-
based dry climate leads to a decrease in snow-covered areas in Erciyes mountain. 

5. Conclusion 

This study examined snow cover changes on Erciyes Mountain from 1988 to 2020, 
highlighting the importance of snow as crucial indicator of climate change. Changes in 
snow cover within mountainous regions are known to affect the continuity and 
sustainability of water resources significantly. By analyzing satellite imagery from 
different years, the study evaluated temporal trends and considered the links between 
these changes and the impacts of global warming. This research underscores the 
importance of conducting similar analyses across wider geographic areas to better 
understand regional trends. 

The study compared the ratio-based R/SWIR and NIR/SWIR methods with the Normalized 
Difference Snow Index (NDSI) to determine the most effective classification method for 
snow cover detection. The results indicate that the NDSI method provides higher accuracy 
and Kappa coefficient than the other methods, establishing it as the most suitable 
classification approach for snow-covered mountainous areas. This suggests that the NDSI 
has a lower margin of error, yielding more reliable results in snow classification. 

The findings show that the average snow cover area decreased from 0.971 km² in 1988 to 
0.129 km² in 2020, representing an approximate 87% reduction. The most pronounced 
decline was observed during the periods of 1988-2000 and 2010-2020, linked to 
temperature increases and reduced precipitation due to climate change. However, a partial 
increase in snow cover was observed between 2000-2010, indicating that the complex 
effects of climate variations require further investigation. These findings highlight that 
snow cover trends offer significant insights into understanding the effects of global 
warming. 

The study emphasizes the importance of accurate snow cover classification in 
mountainous regions, contributing valuable insights to future research. Improving 
classification accuracy enables more precise analysis of regional snow cover changes, 
which can inform local climate adaptation strategies. Therefore, further analysis of 
alternative classification methods for snow cover detection will be essential in advancing 
research on climate change impacts. 
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