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Abstract 

Glaciers are highly responsive to climate variations, yet monitoring them in the rugged Himalaya region poses 

significant challenges. This study explores the effectiveness and cost-efficiency of using machine learning 

models integrated with remote sensing data from Google Earth Engine (GEE) to map glacier accumulation 

(snow) zones in the Pārbati Valley. We tested various machine learning algorithms, including Otsu (image 

segmentation), K-means and cascade K-means (unsupervised classification), and random forest, minimum 

distance, smile CART, naive Bayes, robust tree, and support vector machine (supervised classification). Our 

analysis shows that the Otsu method, along with K-means, cascade K-means, and all supervised classification 

methods except smile CART and naive Bayes, perform similarly in mapping snowlines. Notably, the Otsu 

method achieved a maximum predictable error of 57 meters, which is a substantial improvement over 

traditional methods and indicates higher accuracy in snowline mapping. The study reveals that the regional 

snowline in the Pārbati Valley ranged between 5048 meters and 5113 meters during the study period. Given its 

superior performance, the Otsu method is recommended for identifying snowline altitudes across a wide range 

of glaciers in the Himalayas. 
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1. Introduction 

The Himalayas, with their extensive ice reserves 

including glaciers, snow, and permafrost play a 

crucial role in the Earth's climate system. These ice 

masses regulate the radiation balance and provide 

essential meltwater to downstream populations, 

supporting agriculture, irrigation, hydropower, and 

aquaculture, especially during dry periods. Recent 

climate change has accelerated glacier retreat in the 

region, causing significant ice loss and increasing the 

risk of disasters such as glacial lake outburst floods, 

rockslides, and landslides. These events have led to 

substantial damage to infrastructure and 

communities, resulting in loss of life and property. 

Monitoring these cryospheric components is 

essential due to the global implications of such 

climate-driven changes. 

The Pārbati Valley is particularly important for 

study due to its sensitivity to climate change and its 

impact on local and global water resources. This 

valley hosts several hydropower projects that rely on 

glacier-fed rivers for energy generation. Meltwater 

from these glaciers is critical for maintaining river 

flows necessary for hydropower plants, a key 

component of the region's energy infrastructure. 

Moreover, the glaciers in the Pārbati Valley 

significantly influence the regional climate system by 

reflecting solar radiation and helping regulate 

temperature.  
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Their ice and snow cover affect local weather 

patterns and help maintain the radiation balance, 

which can impact broader climatic conditions. The 

glaciers are also associated with potential hazards, 

such as glacial lake outburst floods (GLOFs) and 

landslides, making it crucial to monitor and 

understand glacier dynamics to manage and mitigate 

these risks. Additionally, the rivers and streams fed 

by glacial melt support diverse ecosystems, 

providing habitats for various species and 

maintaining ecological balance. 

Numerous studies have been conducted to 

investigate glacier variations in terms of 

geomorphological changes, mass loss, and 

Equilibrium-Line Altitude (ELA) [1], where annual 

accumulation equals ablation [2][3] and [4]. For most 

Himalayan glaciers, where superimposed ice is 

absent, the Snow Line Altitude (SLA) at the end of 

the ablation period is considered as the ELA, which 

is rigorously monitored as it is crucial for evaluating 

mass balance [5][6][7] and [8]. Typically, the ELA 

represents a zero mass balance, where the total 

accumulated snow in a hydrological year equals the 

amount of ice lost from the glacier. A regression 

equation developed using field-based mass balance 

and satellite-based Accumulation Area Ratio is used 

to evaluate ELA and mass balance [9]. Studies 

suggest that a glacier's response to climate change is 

better assessed by ELA rather than changes in its area 

or length. This approach enhances understanding of 

the relationship between glaciers and climate at both 

glacier and regional scales. The former focuses on 

specific features and processes within individual 

glaciers, while the latter examines broader 

environmental factors influencing multiple glaciers 

over a larger area [10] and [11]. ELA is also a key 

parameter in studying the ablation gradient. Since 

ground-based mass balance observations in the 

Himalayas are limited to a few accessible glaciers, 

constraints like harsh weather, rugged topography, 

limited manpower, and insufficient financial support 

restrict field investigations. 

Indirect methods for ELA estimation are based on 

morphological and parametric approaches. 

Morphological methods include cirque-floor 

altitudes (C-F), Maximum Altitude of Lateral 

Moraine (M-A-L-M), the toe-to-headwall altitude 

ratio (T-H-A-R), and mean glacier elevation (M-G-

E) [12] and [13]. The parametric approach includes 

the Accumulation Area Ratio (AAR) and 

Accumulation Area Balance Ratio (AABR) methods 

[14]. The C-F method uses the altitude of the cirque's 

bottom to assess glacier ELAs. The M-A-L-M 

method considers glacier flow from the center in the 

accumulation zone to the edge in the ablation zone, 

with moraine deposition occurring only under the 

ELA, making the ELA higher than the M-A-L-M. 

The T-H-A-R method calculates glacier ELA by 

maintaining a constant ratio between the terminus 

and highest glacier altitude. These methods are 

simple to apply but are affected by geomorphological 

preservation and lack accuracy, as they do not 

consider glacier area or altitude information. 

In contrast, the AAR and AABR methods are 

based on assumed glacier mass-balance gradients and 

can overcome the limitations of morphological 

methods. The AAR method provides a constant ratio 

of accumulation and ablation areas when a glacier is 

in a steady state. AAR can produce similar values for 

glaciers of different sizes. The AABR method 

considers both mass-balance gradient and 

hypsometry, developing a balanced ratio for ELA 

estimation. These methods are more accurate and 

reliable than morphological approaches, but each has 

its own benefits and limitations, and their use 

depends on data availability and the scale of 

investigation [15][16] and [17]. While these methods 

are applicable to Himalayan glaciers, the lack of field 

observations limits their large-scale applicability. As 

a result, remote sensing-based ELA studies have 

become an alternative for estimating mass balance in 

Himalayan glaciers. 

Remote sensing is a rapidly evolving technology 

that monitors changes in surface objects by providing 

data with high spatio-temporal, radiometric, and 

spectral resolutions. In this context, remote sensing is 

particularly effective for mapping the Snow Line 

Altitude (SLA) of glaciers on a large spatial scale. To 

determine SLA from remote sensing data, geospatial 

analysts extract glacier areas, delineate snow-ice 

boundaries using spectral characteristics, and use a 

Digital Elevation Model (DEM) to estimate snowline 

altitudes. Various data processing methods are 

employed, including band ratio techniques (e.g., 

NDSI [18]), automated spectral combination 

analyses (e.g., Principal Component Analysis, Fuzzy 

Logic [19]), and automated threshold methods (e.g., 

Otsu algorithm [20]). These methods utilize the 

spectral reflectance properties of snow and ice to 

differentiate them from other surface features like 

rock, soil, or vegetation [20] and [21]. Traditional 

snowline detection methods have primarily relied on 

the Near-Infrared (NIR) wavelength region [22] and 

[23], using threshold values to separate snow from 

ice. However, few studies have focused on SLA 

estimation using machine learning methods via the 

Google Earth Engine (GEE) interface.  
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Machine learning methods are increasingly preferred 

for their ability to identify trends and patterns in 

datasets, operate without human intervention, handle 

multi-dimensional and multi-criteria datasets, and be 

applied to a wide range of applications. The main 

drawback of machine learning methods is the time-

consuming process of data collection. GEE is favored 

as it is a free, open-source platform with a vast 

repository of geospatial data that facilitates the 

visualization and analysis of spatial information of 

surface objects. This study focuses on using machine 

learning algorithms such as Otsu, K-means, cascade 

K-means, Random Forest, Naive Bayes, Smile-

CART, and Support Vector Machine through the 

GEE interface to analyze the Equilibrium Line 

Altitudes (ELAs) of glaciers and their changes in the 

Parbati basin from 2013 to 2023, covering a decade-

long period. The accuracy of the results is assessed 

using standard deviation and Mean Absolute Error 

(MAE), and the findings are compared with manual 

delineation to highlight the advantages of machine 

learning methods over traditional techniques. 

 

2. Study Area 

This study aims to evaluate the snowline altitudes of 

glaciers located in the Parbati basin, a part of the Beas 

River system in the Kullu district of Himachal 

Pradesh, India. Within the total basin area of 1,774 

km², 71 glaciers cover an area of 346.20 ± 3.6 km². 

These glaciers range in elevation from 4,235 to 5,600 

meters above sea level. The Parbati Glacier is one of 

the most prominent and largest glaciers in the Parbati 

River basin. Figure 1 shows the study area, including 

the locations of these glaciers, along with their 

altitude distribution, areal distribution, and drainage 

patterns.
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 1: (a) Himachal Pradesh, India (b) glacia altitude and cumulative area 
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Figure 2: Study workflow executed through Google Earth Engine for snow line altitude estimation  

for Parbati basin using various machine learning algorithms 

 

3. Data Source and Methodology 

Google Earth Engine (GEE) was chosen for this 

analysis because it is a cloud-based platform that 

provides unrestricted access to extensive satellite 

imagery databases, allowing for the efficient 

retrieval, visualization, and analysis of large datasets. 

GEE offers several advantages: it is cost-effective 

due to its open-source nature, user-friendly with 

intuitive computational tools, and highly efficient at 

generating high-quality visualizations through 

advanced processing methods and algorithms. These 

features help achieve optimal results with minimal 

errors. The detailed analysis of Snow Line Altitude 

(SLA) interpretation in this study is illustrated in 

Figure 2, involving image segmentation, supervised, 

and unsupervised algorithms applied to stacked 

imagery of the Parbati basin for hydrological years 

from 2012-13 to 2021-22. 

The imagery data utilized from GEE includes 

Landsat 8 OLI, Sentinel-2A, Tandem elevation 

datasets, and glacier extents imported from the 

Randolph Glacier Inventory (RGI). The initial step 

involves sorting the satellite imagery based on the 

acquisition date. During this step, overlapping 

images within the study area on the same acquisition 

date are identified. For further processing, only 

single-tile images with clear contrast for each 

acquisition date are selected.  

Images partially obscured by shadows, which may 

result from cloud cover or the surrounding glacier 

topography, are also identified. To address this, 

morphological filters and local illumination angle 

images are created by calculating the local 

illumination angle using satellite and topographical 

data. A threshold value of 54175 is set to remove 

cloud-covered pixels, ensuring a clearer dataset. The 

refined subset of satellite data, free from clouds and 

shadows and accurately outlining glacier boundaries, 

is then used to separate snow and ice and extract 

SLAs using machine learning frameworks through 

GEE. 

 

3.1 OTSU (Image Segmentation) Algorithm 

OTSU is a method used for adaptive thresholding in 

image segmentation and binarization [24] and [25]. It 

determines the optimal threshold value for an input 

image by evaluating all possible thresholds to 

minimize the intra-class variance. The result is a 

single intensity threshold image that separates pixel 

values into two categories: foreground (snow) and 

background (ice and other features). This algorithm 

has been successfully applied to differentiate snow 

from ice and to delineate snowline altitudes in the 

Chandra River basin, yielding satisfactory results 

[24]. Equation 1 illustrates the mathematical 

formulation of the Otsu algorithm. 
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2 2 2

0 0 1 1( ) ( ) ( ) ( ) ( )t t t t t    = +  

Equation 1 

 

Where, ω0 and ω1 are the probabilities of two defined 

classes separated with a threshold t and 2

0 , 2

1 as 

variances. 

 

3.2 K-means Algorithm 

The K-means clustering algorithm organizes an 

unlabeled dataset into distinct clusters by computing 

the distance between each data point and the cluster 

centers. It then assigns each data point to the cluster 

center with the minimum distance, as determined 

among all the cluster centers (see Equation 2). 

 

( )
2

1 1
( )

c ci

i ji j
J V x v

= =
= −   

Equation 2 

Where:  

||xi – vj||2 is the Euclidean distance between xi 

                  and vj 

xi   is the number of data points in ith cluster 

ci   is the number of cluster centers 

 

3.3 Cascade K-means Algorithm 

The cascade K-means algorithm identifies clusters of 

points in multidimensional Euclidean space by 

incorporating both agglomerative and divisive 

approaches, allowing it to discern spatial 

relationships among the points. The computational 

formulation of the cascade K-means algorithm is 

provided in Equation 3. 

 

K-mean = (SSB/(K-1))/(SSW/(n-K)) 

Equation 3 

 

Where n is the number of data points, K is the number 

of clusters, SSW is the sum of squares within the 

clusters while SSB is the sum of squares among the 

clusters. 

 

3.4 Random Forest Algorithm 

The Random Forest supervised algorithm combines 

the results from multiple decision trees to produce a 

single output, using a technique known as "bootstrap 

aggregating" (Equation 4). This method is both 

straightforward and flexible, effectively handling 

both classification and regression tasks. By 

increasing the number of trees, the algorithm 

improves accuracy and reduces overfitting. It also has 

the advantage of training data more quickly 

compared to other algorithms and maintains high 

accuracy even when a substantial portion of the data 

is missing. 

 

0

1

1ˆ ( ')
B

b

f f x
B =

=   

Equation 4 

 

Where, Training dataset x is represented by x1,…,xn, 

with responses as Y= y1,…,yn bagging repeatedly for 

b = 1,…., B, and x’ is the predictions for unseen 

samples. 

 

3.5 Smile CART Algorithm 

The Statistical Machine Intelligence and Learning 

Engine (SMILE) includes a suite of classification 

algorithms that feature the Classification and 

Regression Tree (CART) approach. CART is a 

predictive method that uses a binary decision tree 

classifier to make straightforward decisions based on 

logical if-then questions. Initially, the classifier 

evaluates the input variables to identify the one with 

the most information, determining the node splits at 

each level. The input data is randomly divided into 

multiple subsets and trees, with one subset held out 

for validation. The pruned tree is then adjusted to 

minimize deviance, a concept known as Gini 

impurity, which is mathematically defined in 

Equation 5. 
2

1
1 ( )

n

i
Gini pi

=
= −  

Equation 5 

 

Where pi is the probability of an object being 

classified into a particular class. 

 

3.6 Support Vector Machine Algorithm 

This algorithm is considered as a binary linear 

classifier that selects a hyperplane representing. The 

SVM algorithm seeks to achieve the most significant 

separation between two distinct classes. In cases 

where a hyperplane cannot be found, the algorithm 

attempts to separate positive and negative instances 

as effectively as possible. Nonlinear SVMs are 

created by applying a kernel function to maximum-

margin hyperplanes. When a hyperplane is found, it 

is called the maximum-margin hyperplane, and the 

corresponding classifier is known as the maximum-

margin classifier. Both linear and nonlinear SVMs 

produce similar results as they map data into a feature 

space. This mapping can be nonlinear, leading to a 

high-dimensional space. The various types of SVMs 

are detailed in Equations 6 to 9, with further 

description provided by [24]. 

 

Linear: K(ω,b) = ωTx + b 

Equation 6 

 

Polynomial: K(ω,x) =(ɣωTx + b)N 

Equation 7 
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Gausian RBF: K(ω,x) = exp(-ɣ||xi – xj||n) 

Equation 8 

 

Sigmoid: K(xi, xj) = tanh(αxi
Txj + b) 

Equation 9 

 

3.7 Naïve Byes Method 

The Naïve Bayes algorithm is a straightforward 

method for predictive modeling, using two key 

approaches to compute outputs from training data: a) 

calculating the probability of each class and b) 

determining the conditional probability for a given 

class based on a specific "x" value. Once these 

probabilities are defined, the model uses Bayes' 

theorem to classify new data. For data with real 

values, probabilities are often modeled using a 

Gaussian distribution (bell curve). A key advantage 

of the Naïve Bayes theorem is its assumption that 

each input variable is independent. The Bayes 

method (Equation 10) is particularly effective for 

handling data with a wide range of values, classifying 

data by maximizing (P(O|C_i)P(C_i)), where (O) 

represents the object and (i) is the class index. The 

Bayes theorem finds the category of class having 

higher posterior probability:  

 

i i

i

POC PC
PC O

PO
=  

only if, P(Ci| O) > P (Cj| O) for 1 ≤j ≤ n, where j ≠ i

  Equation 10 

  

It includes the training set of objects, associated 

labels and classes as “D”, “O” and “C”. Each object 

is represented with an n-dimensional vector as shown 

below: 

Objects (O)  = (O1,O2,…,On),  

Attributes    = A1, A2, A3,…, An 

Classes (m) = (C1, C2,…., Cn), with a given  

                                tuple O.  

 

4. Results and Discussion 

4.1 Labels Acquisition from Image Data and  

     Model Training 

Seven machine learning models were implemented 

using Google Earth Engine (GEE) to analyze Landsat 

and Sentinel imagery of the Parbati River basin. The 

goal was to interpret glacier facies, map snowline 

altitudes (SLA), and estimate SLA variations at both 

local and regional scales. Initially, index labels for 

model training were generated from the imagery. To 

cover an entire hydrological year for the Parbati 

basin, approximately 80 to 85 satellite scenes are 

needed. However, during the accumulation season 

(November to April), heavy snow and extensive 

cloud cover hinder SLA extraction. Consequently, 

the investigation period is limited to the ablation 

season, from June 15th to October 1st [25], reducing 

the usable imagery to between 28 and 33 scenes. 

These processed and de-clouded images serve as 

input data for training the models to classify snow 

and non-snow pixels. The training accounts for 

various glacier scenarios, including different surface 

features such as rivers, rocks, and vegetation [25] 

[26] and [27]. The deep learning approach minimizes 

redundant operations and prevents duplication in 

overlapping areas, thus improving efficiency. To 

analyze hypsometric information and SLAs, the 

images were re-projected to match the coordinates of 

Tandem-X data, which provides 12-meter spatial 

resolution and 5-meter vertical accuracy (obtained 

from tandemx-science@dlr.de). 

 

4.2 Model(s) Prediction 

The seven machine learning models were initialized 

using 358 images with spectral combinations 

including Green, NIR, SWIR2, slope, and DEM. The 

image data were transformed into approximately 

1,433 labels to create 52,83,840 training samples, 

with an input format of 8 × 16 × 4 (number of images 

× temporal availability × number of bands) and an 

output format of 1 × 1 × 3 × 6 (one-hot encoding of 

labeled data). Of the total 52.83 million pixel 

samples, 28.08 million were non-snow samples, 

resulting in a balanced ratio of 0.53:0.47. The models 

were implemented using the GEE code editor, with 

each model iterated approximately five times to 

achieve optimal accuracy. All models exhibited 

similar training iteration curves, reaching maximum 

accuracy after the fifth iteration. Figure 3(a) depicts 

the accuracy and loss of pixel values per image, while 

Figure 3(b) shows the F1 score across all iterations. 

Accuracy improved consistently across models, 

stabilizing at 93.66% after the fifth iteration, 

indicating that the five features used were effective in 

training the model to extract snow cover pixels. The 

F1 score, a measure of accuracy that accounts for 

precision and classification quality, peaked at 0.85 

after the fifth iteration. Consequently, models trained 

up to the fifth iteration were selected for snow cover 

pixel classification. A 1024 × 1024-pixel image set, 

including TM/OLI and S-2 spectral bands and 

corresponding glacier masks, was collected at a 0.16° 

interval (approximately every 10 minutes), yielding a 

total of 52.83 million pixel values. The final glacier 

dataset was noise-corrected to obtain standard snow 

and non-snow pixel values.  
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Figure 3: The model performance evaluation (a) loss and accuracy (b) F1 score 

 

Figure 3(a) illustrates that model performance was 

highest after the fifth iteration, with minimal pixel 

loss during interpolation. Figure 3(b) represents the 

F1 score, reflecting the model’s best performance 

across iterations, confirmed that the parameters tuned 

in the fifth iteration were optimal for the study. 

 

4.3 Snowline Extraction Results and Accuracy 

The trained models effectively identified snow and 

non-snow pixels on glaciers at a regional scale by 

classifying glacier facies. Figures 5(a)- 5(g) display 

the accumulation areas identified and interpreted by 

each machine learning algorithm. Additionally, these 

interpreted accumulation area pixels were correlated 

with elevation values to assess the spatial distribution 

of snow and firn in the glaciers' accumulation zones. 

The analysis showed that the seven machine learning 

methods detected a total glacial area of 346.20 km². 

However, each method classified the glaciated area 

differently, as detailed in Table 1 and Figure 5.  

These variations in snow cover pixel interpretation 

are due to the distinct characteristics and predefined 

procedures of each model. 

The results indicate that image segmentation 

(Otsu), unsupervised methods (K-means and 

Cascade K-means), and Support Vector Machine 

(SVM) exhibited similar patterns in snow cover 

extraction when compared to supervised 

classification methods like Smile CART and Naïve 

Bayes, at both the glacier and regional scales (Figures 

4(a)-4(g) and Figures 6(a)-6(g)). The supervised 

classification methods, which include a sub-level 

pixel classification mechanism, were effective in 

detecting saturated and mixed area pixels. Overall, 

the Otsu image segmentation algorithm demonstrated 

superior accuracy compared to the supervised 

methods, based on the robustness of calculations and 

training parameters (Table 1 and Figure 5). Similar 

results were reported by [24] for snowline monitoring 

in the Chandra basin using the Otsu method. 

(a) 

(b) 
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Table 1: Information on classification of snow cover pixels, error in mapping accumulation area and mean 

regional snowline altitude by each method for Parbati basin between 2013 and 2023 
 

Method 

Error in mapping snow 

cover area (km2) at 95% 

confidence interval 

Mean absolute 

error (%) 

Mean snowline 

altitude of the 

basin 

Otsu 5.19 1.50 5082 

K-means 5.19 1.50 5062 

Weka cascade K-means 5.19 1.50 5062 

Random forest 3.18 0.92 5072 

SVM 3.98 1.15 5089 

Smile cart 4.77 1.38 5113 

Naive byes 4.62 1.33 5056 

Average 4.59 1.33 5077 
 

 

Figure 4: Accumulation and ablation area identification using ML algorithms: (a) SVM (b) Smile CART  

(c) K-means and Cascade K- means (d) Random Forest (e) OTSU and (f) Naïve Byes 
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Figure 5: Classified areas of snow cover, non-snow cover, saturated and mixed pixels by  

machine learning algorithms 

 

Table 2: Assessment of regional scale ELA of the basin in the study period using Otsu algorithm 
 

 
 

Table 1 provides classified values for snow and non-

snow cover regions, along with the corresponding 

Equilibrium Line Altitudes (ELAs) and 

Accumulation Area Ratios (AAR) from 2013 to 

2023, including 2-sigma (standard deviation) and 

Mean Absolute Error (MAE). Supplementary Table 

1 lists the imagery used and the dates when the 

maximum snowline altitude was observed. A 

maximum deviation of 57 meters in snowline altitude 

predictions was observed across all methods at the 

regional scale (Figure 7). As a result, the Otsu image 

segmentation method was selected to interpret snow 

and non-snow cover areas at the regional scale for the 

study period (Table 2), showing snowline variations 

between 5048 and 5113 meters (Figure 8). Manual 

interpretation was also carried out for selected 

glaciers to validate the results, with differences 

between manual and Otsu methods ranging from 10 

to 29 meters, as shown in Figure 8. These findings 

suggest that integrating machine learning algorithms 

with remote sensing data provides a high level of 

accuracy in delineating snow cover areas and 

estimating SLAs on a large spatial scale in the 

challenging terrain of the Himalayas. 
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Figure 6: Snow altitude derived from various ML algorithms: 

 (a) SVM (b) Smile CART  

 

 

 

(a) 

 

(b) 
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Figure 6: Snow altitude derived from various ML algorithms:  

(c) K-means (d) Cascade K- means 

 

 

 

 

(c) 

(d) 
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Figure 6: Snow altitude derived from various ML algorithms:  

(e) Random forest (f) OTSU 

 

 

(f) 

(e) 
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Figure 6: Snow altitude derived from various ML algorithms: (g) Naïve Byes 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: Identification of ELA’s at regional scale in the Parbati basin using different  

machine learning algorithms 
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Figure 8: Snowline altitudes estimated using Otsu and manual delineation methods at regional  

scale in Parbati basin during the study period  

 

4.4 Limitations of the Machine Learning Methods 

Data-driven methods such as Support Vector 

Machine (SVM), Smile CART, K-means/Cascade K-

means, Random Forest, Otsu, and Naïve Bayes are 

powerful tools in remote sensing and other fields for 

classification and prediction tasks. However, each 

methods have its own limitations such as: 

 

4.4.1 Support Vector Machine (SVM) 

1. High Computational Cost: SVMs, especially with 

large datasets and high-dimensional spaces, can be 

computationally expensive, requiring significant 

time and resources. 

2. Choice of Kernel: The performance of SVM 

heavily depends on the choice of the kernel function. 

Selecting the appropriate kernel and its parameters 

can be challenging and may require domain 

expertise. 

3. Less Effective with Noisy Data: SVMs can be 

sensitive to noise and overlapping classes. Outliers 

can affect the decision boundary, leading to less 

accurate classifications. 

4. Binary Classification Limitation: SVMs are 

inherently binary classifiers and require extensions to 

handle multi-class problems, which can add 

complexity. 

 

 

 

 

4.4.2 Smile CART (Classification and Regression    

        Trees) 

1. Prone to Overfitting: Decision trees like Smile 

CART can easily overfit the data, especially when the 

tree depth is not properly controlled or when working 

with small datasets. 

2. Instability: Small changes in the training data can 

result in significantly different trees, making them 

less stable than traditional methods. 

3. High Variance: CART models can have high 

variance if not pruned properly, leading to poor 

generalization on unseen data. 

4. Poor Performance with Imbalanced Data: These 

methods can perform poorly on highly imbalanced 

datasets, as they may end up biased towards the 

majority class. 

 

4.4.3 K-means / Cascade K-means 

1. Requires Predefined Number of Clusters: The K-

means algorithm requires the number of clusters (K) 

to be specified in advance, which can be difficult to 

determine without prior knowledge. 

2. Sensitive to Initialization: The algorithm's results 

depend on the initial selection of centroids, which can 

lead to different outputs with different runs. 

3. Assumes Spherical Distribution: K-means 

assumes that clusters are spherical and equally sized, 

which may not be true for many real-world data 

distributions. 
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4. Not Suitable for Non-Convex Clusters: K-means 

struggles with identifying clusters of non-convex 

shapes or varying densities. 

 

4.4.4 Random Forest 

1. Complexity and Interpretability: Random Forest 

models, being an ensemble of many decision trees, 

can become complex and less interpretable compared 

to simpler, traditional models. 

2. Computational Cost: Training a large number of 

decision trees and aggregating their results can be 

computationally expensive and time-consuming. 

3. Overfitting Risk: While Random Forest reduces 

overfitting compared to a single decision tree, it can 

still overfit in cases where too many trees are built or 

where trees are very deep. 

4. Sensitivity to Noisy Data: Although more robust 

than single-tree methods, Random Forest can still be 

influenced by noisy data, especially if not tuned 

properly. 

 

4.4.5 Otsu's method 

1. Assumes Bimodal Distribution: Otsu's method 

assumes a bimodal histogram of the pixel intensities, 

which may not be the case in many real-world 

scenarios, leading to suboptimal thresholding. 

2. Not Suitable for Multimodal Distributions: If the 

data has more than two classes or multimodal 

distributions, Otsu’s method might fail to provide 

accurate segmentation. 

3. Global Thresholding: It uses a global threshold, 

which may not work well for images with varying 

illumination or local differences. 

4. Limited to Single Feature: Otsu’s method typically 

considers only grayscale intensity, making it less 

versatile compared to multi-feature methods. 

 

4.4.6 Naïve Bayes 

1. Strong Independence Assumption: Naïve Bayes 

assumes that all features are independent of each 

other given the class label, which is often unrealistic 

in real-world data, leading to suboptimal results. 

2. Limited Handling of Complex Relationships: It 

cannot model interactions between features, making 

it less effective when complex dependencies exist 

among the features. 

3. Performance on Large Datasets: While 

computationally efficient, Naïve Bayes may perform 

poorly on large datasets where the independence 

assumption does not hold. 

4. Continuous Data Requires Discretization: Naïve 

Bayes often requires continuous data to be 

discretized, which can lead to a loss of information 

and affect model performance. 

 

Despite these limitations, data-driven methods are 

powerful tools that offer advantages like automation, 

scalability, and the ability to handle complex patterns 

in large datasets, making them valuable for modern 

remote sensing and geospatial analysis. 

 

5. Conclusions 

This study highlights a) the significance of SLA as a 

crucial parameter for understanding glacier mass 

balance b) the applications of machine learning 

algorithms (Otsu, K-means, cascade K-means, 

random forest, naïve byes, smile cart, and support 

vector machine) in extracting the snowlines, and SLA 

variations. Findings reveal a diverse range of SLAs, 

fluctuating between 5048 and approximately 5113 ± 

57 meters. The glaciers exhibit complete snow 

coverage from November to April, with snowline 

retreat starting at 3900 m.a.s.l and reaching a peak of 

5113 ± 57 m.a.s.l by the ablation period's end. 

Despite similar performance across most methods, 

disparities emerge with smile CART and naïve Byes 

approaches. This is because of detailed sub pixel 

categorization of glacial features and lead to 

over/under estimation. The estimated uncertainties 

are confined within ±57 m. The regional SLA is 

notably higher in the hydrological year 2019-2020 

(5098 meters). These insights into seasonal snow 

extents and snowline altitudes offer valuable data for 

reconstructing the mass balance and hydrological 

budget of the Parbati River basin. 
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