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Abstract 

Accurate monitoring of the combined impacts of fire and grazing on plant communities in semi-

steppe rangelands is challenging due to spatial and temporal variability. This study demonstrates 

that integrating multi-sensor remote sensing data can significantly enhance monitoring 

precision.The Gram-Schmidt algorithm was employed to fuse Landsat-8 and Sentinel-2 

imagery, improving spatial resolution from 30m to 10m while preserving spectral characteristics. 

In addition, pan-sharpening techniques enhanced Landsat-8 imagery to 15 m resolution. 

Classification of affected areas was performed using Maximum Likelihood Classification 

(MLC) with a comprehensive dataset including spectral bands, the Normalized Burn Ratio 

Thermal (NBRT) index, Tasseled Cap Brightness (TC-B), Digital Elevation Model (DEM), and 

Principal Component Analysis (PCA). Our findings revealed a strong positive correlation 

between spatial resolution and classification accuracy. The 10m resolution imagery achieved 

superior performance (71% overall accuracy, Kappa = 0.66), effectively discriminated fire-

affected areas across different age classes (1-3 and 3-5 years post-fire) under varying grazing 

intensities. The 30m resolution data showed significantly low accuracy (39% overall accuracy, 

Kappa = 0.34). Higher-resolution imagery substantially reduced salt-and-pepper noise and 

enhanced visual interpretability. This research confirmed that integrated multi-sensor data 

processing provides a robust approach for monitoring rangeland dynamics. The methodology 

offers valuable capabilities for mapping fire-affected vegetation and supports management 

strategies in extensive, topographically challenging environments where traditional field-based 

methods are impractical. 
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1. Introduction 

 

Fire and overgrazing in rangelands are two of the most 

pressing threats to natural landscapes, unequivocally 

shown to degrade rangeland ecosystems and drastically 

impair their ecological resilience and functionality 

(Abedini et al., 2022). Therefore, the rangeland 

monitoring and awareness of the extent of fires, as well as 

the investigation of grazing management status in the 

desired rangelands, particularly after the occurrence of 

such disasters as fire and grazing, are the most essential 

actions to recognize and manage the rangelands 

file:///C:/Users/Dell/Desktop/work%20with%20ali/AFTER14%20ABAN/IJROWA/15-1-2026/1/Int.%20J.%20Math.%20Model.%20Comput.%2016(3)%20(2026)%2057-63
https://doi.org/10.57647/JRS.2026.1603.25
https://doi.org/10.57647/JRS.2026.1603.25
mailto:Mohammadian5392@gmail.com
https://orcid.org/0009-0000-2977-8113
https://creativecommons.org/licenses/by/4.0/deed.en
https://creativecommons.org/licenses/by/4.0/deed.en
https://doi.org/10.57647/jrs.2026.1603.25
https://doi.org/10.57647/jrs.2026.1603.25


Mohammadian et al., J. Rangeland. Sci., 2026; 16(3)                                                                                                                                                           279 

 

      10.57647/jrs.2026.1603.25 

successfully. On the other hand, mapping large fire-

affected areas in rangelands using traditional methods is 

difficult, particularly when fire zones have complex, 

sloping topography and are inaccessible due to 

heterogeneous vegetation. One effective approach is the 

use of remote sensing techniques and data to map fire-

affected areas. In this regard, remote sensing data provide 

powerful tools that attract the attention of researchers due 

to various data, including pixel size, time, and large 

extent. In the present time, assessing and investigating the 

changes of disasters using satellite images is one of the 

important branches in the science of natural resources and 

it is a suitable tool to monitor and control the types of 

changes in the forest and rangeland ecosystems (Genc and 

Altunel, 2025). Landsat-8 and Sentinel-2 satellites make 

free use of satellite imagery possible for researchers. The 

Landsat-8 satellite is a result of collaboration between 

NASA and the Geological Society of America and was 

launched in 2013 (Topaloglu et al., 2016). The Sentinel-2 

satellite has been designed by the European Space Agency 

and has been in Earth’s orbit since 2015 (Vafaei et al., 

2018). Nowadays, there are different types of remote 

sensing data provided by a variety of satellites that are 

used for some applications as detecting vegetation 

changes. On the other hand, meeting the needs of using 

remote sensing data given from the Earth's surface is not 

possible, and it is not sufficient to use one specific 

method. Therefore, its understanding is more precisely the 

combination of data that can be more appropriate (Pandit 

and Bhiwani, 2015). A combination of satellite images is 

used as the integration of images to produce data with a 

higher information level from the primary images 

(Bioresita et al., 2019). Generally, integration methods are 

categorized into three distinct classes: A) pixel-based 

methods integrated at the level of physical features, 

representing the lowest processing tier; B) feature-based 

integration using characteristics extracted from the data; 

and C) decision-level methods by decision-makers from 

diverse resources at the highest processing level (Rangzan 

et al., 2019; Karimi et al., 2017). 

  In fact, one of the limitations of the Landsat-8 satellite is 

that the images can only be taken every 16 days from a 

specific zone and the images may be damaged because of 

cloudy weather, meaning they cannot be used and 

analyzed due to cloud coverage. Landsat-8 data alone are 

insufficient for comprehensive monitoring of land surface 

changes, particularly vegetation dynamics (Gao et al., 

2015; Atkinson et al., 2012).The Sentinel-2 satellite 

consists of two polar orbiting satellites, which contribute 

to the continuity and improvement of the Landsat and Spot 

satellite missions and provide high quality and reliable 

data (Celik and Altunel, 2025). The Sentinel-2 satellite 

bands have the corresponding wavelengths and similar 

geographic coordinate system to the Landsat-8 satellite. 

Moreover, the free access to these two satellites’ data 

provides an appropriate opportunity to integrate these two 

kinds of data.  

  In a study, Wang et al. (2017) used an advanced Kriging 

Area to Point approach and integrated the images of two 

mentioned satellites to increase the spatial precision of 

images taken by the Landsat-8 satellite from 30 m to 10 m 

using the above-mentioned approach. They assessed the 

vegetation changes. The results indicated the improved 

spatial quality of images and their improved integration 

performance and potential applied value. In another study, 

Liu et al. (2022) used the integration method to integrate 

the images of Landsat-8 and Sentinel-2 satellites in order 

to enhance the spatial and qualitative resolution. Research 

results indicated that not only does the integration of 

images lead to improved classification precision, but it 

also decreases the impact of cloud interference. Zhang et 

al. (2023) in a study found that the dynamic monitoring of 

plant vegetation and agricultural products requires images 

over short time periods. In fact, there was no integrated 

remote sensing product with high spatial-temporal 

resolution that could be used to monitor vegetation 

changes.The image integration approach has been used to 

enhance the spatiotemporal resolution of imagery 

acquired from the Landsat 8 and Sentinel-2 satellites. 

According to Zhang et al. (2023), time-series curves of 

vegetation indices derived from the integrated dataset 

accurately illustrate changes in both vegetation cover and 

cropping patterns. Since the different algorithms present 

different results, plenty of methods have been developed 

to integrate the images in recent decades (Liu et al., 2020). 

The selection of a suitable method is significantly 

important with respect to the algorithm efficiency in the 

image information retention and the image application 

scope (Kim et al., 2011). Investigating the research results 

concerning the identification and separation of fire zones 

by the use of Landsat-8 and Sentinel-2 satellites and the 

Gram-Schmidt algorithm, it has been reported that this 

algorithm is of high capability in improving the spatial 

information of bands and retaining the spectral 

information (Ao et al., 2020; Rangzan et al., 2019). One 

of the integration image applications was conducted by 

Fazeli et al. (2015) as “The Performance of Landuse 

Classification Algorithms Using Image Integration 

Techniques. In this research, four methods, including 

HPF, Gram-Schmidt, DWT, and PC-Sharpened, have 

been applied to increase the classification precision. 

Research results indicated that among the mentioned 

methods, the Gram-Schmidt method has had the most 

effect on the precision. Syifa et al. (2020) had identified 

the burned zones using the optimized support vector 

machine classification method and the Imperialist 
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Competitive Algorithm (ICA), along with the images of 

Landsat-8 and Sentinel-2 satellites. The burned zones 

were identified comparatively and then separated to 

produce acceptable results. Filipponi (2018) developed 

the BAIS2 index using the visible range bands of Landsat-

8 and Sentinel-2 images, which provided suitable results 

to identify the burned zones in the rangelands in Italy. In 

another study to extract the range of burned zones, such 

spectral indices as NDVI, EVI, and NBR of the Landsat-

8 satellite were used in a semi-automatic method to give 

the results with the error percentage of 2-3% (Stroppiana 

et al., 2012).  A review of published studies indicates that 

most remote sensing research to date has primarily 

focused on the identification and classification of forested 

areas. In contrast, studies addressing burned rangelands 

have generally been conducted in isolation, often without 

considering the influence of grazing intensity. The present 

study introduces a novel approach by exploring the 

potential to discriminate burned rangelands affected by 

the combined effects of fire and varying grazing 

intensities through the integration of multispectral satellite 

imagery. Accordingly, Landsat 8 and Sentinel-2 imagery 

were integrated to enhance spatial and spectral resolution, 

improve classification accuracy, and distinguish burned 

rangelands of different fire ages under various grazing 

management programs. 

 

2. Materials and methods 
 

2.1. Study area 
 

Chaharmahal and Bakhtiari Province in Iran, with an area 

of 16,402 km², is located in the southwest of Iran, at a 

north latitude of 31°09' to 32°48' and an east longitude of 

49°28' to 51°25'. It is situated in the center of the Zagros  

 

 

Mountains, Iran. The area of rangelands is 1.04 million ha, 

involving 3% good rangelands, 37% medium ones and 

60% poor ones. The fires occurred in the rangelands in the 

case study, primarily in the central and northern parts. 
 

2.2. Research Methodology 
 

At first, the fire profile forms in the semi-steppe 

rangelands in Zagros Mountain were provided through the 

protection department of Natural Resources and 

Watershed Management Organization, Tehran, Iran, 

followed by the information given by the local people and 

operators, and the desired sites were selected. In this 

regard, the grazing intensity was determined in the desired 

regions according to such parameters as the distance from 

the livestock water supply (Shahriary et al., 2012; Bastin 

et al., 2003), the access of livestock to rangelands 

(Tarhouni et al., 2010), and the total number of livestock 

in the region based on the sensue reported by the Natural 

Resources Organization and the customary grazing areas 

for the local operators after determining a list of burned 

zones and the fire dates based on the available information 

(Table 1).  In general, 27 burned spots were selected in 17 

sites according to the fire age (1-3 years and 3-5 years 

after the fire) and the grazing intensities (heavy and 

moderate). Then, the desired range of spots was recorded 

by GPS. In each fire spot, three main plots were selected. 

The dimensions of the main plots were varied depending 

on the desired community and the extent of the fire spot. 

Since the pixel size dimension in the Landsat-8 satellite is 

30×30 m. So, according to the satellite images, these sizes 

were used as the main plots to analyze vegetation traits 

and field monitoring. Afterwards, within each macro plot, 

three subplots 4m2 were investigated along the transect 

line (Fig 1). 

 

 

Figure 1. Geographical map of Chaharmahal Bakhtiari province in Iran and fire sites studied in the Semi-steppe rangelands in the right figure 
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Table 1. A list of vegetation characteristics of selected fire sites in the semi-steppe rangelands of Chaharmahal Bakhtiari province, Iran 

Site 
No of 

polygon 
Vegetation type 

Grazing 

Intensity# 

Fire 

age 

year 

Longitude 

X 

Latitude 

Y 

Bardeh 4 Astragalus verus DC - Phlomis persica High 1-3 462239 3599155 

Tang-

Gahroo 
2 Astragalus verus DC. - Poa bulbosa L.  High 1-3 488652 3538891 

Chaliyab 1 
Astragalus brachycalyx Fisch – Gundelia 

tournefortii L. 
Fair 1-3 460667 3607345 

Chezghon1 1 
Daphne mucronata Royle- Gundelia tournefortii 

L  
Fair 1-3 480359 3542488 

Kharaji 1 
Astragalus verus DC. - Agropyron intermedium 

P.Beauv. 
High 1-3 483666 3549153 

Dastena 1 
Astragalus verus DC. - Agropyron intermedium 

P.Beauv. 
High 1-3 477024 3544649 

Sologon1 1 
Astragalus brachycalyx Fisch –  

Agropyron trichophorum (Link.) Richt 
Fair 1-3 478261 3538211 

Shahrak 1 Astragalus verus DC. - Bromus tomentellus Boiss. Fair 1-3 483558 3547081 

Karsanak 2 Astragalus verus DC. - Bromus tomentellus Boiss. Fair 1-3 449541 3599246 

Larak 2 
Astragalus verus DC. - Annual grass. 

 Annual forb Poa bulbosa L. 
Fair 1-3 471984 3602743 

Amamzadeh 2 
Astragalus verus DC. - Agropyron trichophorum 

(Link.) Richt 
High 3-5 461305 3605072 

Bardeh 2 Astragalus verus DC. - Phlomis persica High 3-5 461440 3600342 

Ben 1 
Astragalus verus DC. - Noaea mucronata Asch. 

Schneinf. 
High 3-5 474402 3600665 

Chezghon2 1 Astragalus verus DC. - Gundelia tournefortii L Fair 3-5 480373 3542746 

Sologon2 1 
Astragalus brachycalyx Fisch –Echinops ritrodes 

Bungeau 
Fair 3-5 480373 3542736 

Shahrak 2 Astragalus verus DC. - Bromus tomentellus Boiss. Fair 3-5 483525 3547026 

Karsanak 2 Astragalus verus DC. - Bromus tomentellus Boiss. Fair 3-5 450961 3598423 

# High= heavy grazing  Fair= moderate grazing 
 

Table 2. Characteristics of satellite images used in the image integration 

Satellite  Sensor type  
Spatial separation 

power (m) 
bands Image date 

Return period 

 (days) 
Landsat-8 Operational Land Imager ( OLI) 30 1-7 2017/06/07 16 
Landsat-8 Operational Land Imager ( OLI) 15 8 2017/06/07 16 
Sentinel-2 Multi-Spectral Instrument (MSI) 10 8, 4, 3, 2 2017/05/28 5 
Sentinel-2 Multi-Spectral Instrument (MSI) 20 11a, 5, 6, 7, 8 2017/05/28 5 

Table 3. Required spectral indices used for fire detection 

Complete phrase Spectral index Index formula Reference 

Normalized Burn Ratio Thermal NBRT 
𝑁𝐼𝑅 − (𝑆𝑊𝐼𝑅2 ∗ 𝑇𝐻𝐸𝑅𝑀𝐴𝐿1)

𝑁𝐼𝑅 + (𝑆𝑊𝐼𝑅2 ∗ 𝑇𝐻𝐸𝑅𝑀𝐴𝐿1)
 Holden et al., 2005 

Tasseled Cap Brightness TCB 
0.303BLUE + 0.279GREEN + 0.473RED + 

0.56NIR + 0.508SWIR1 + 0.187SWIR2 
Baig et al., 2014 

SWIR2 = band 7, SWIR1  = band 6,  NIR = band 5, RED  = band 4, Green  = band 3, Blue  = band 2, Thermal1= band10 
 

 

2.3. Integration of landsat-8 and sentinel-2 satellite 

images 
 

Integrating the satellite images to provide high-level 

information using the primary images was the main goal 

of this study. Thus, the Landsat-8 and Sentinel-2 satellite 

images were integrated to increase the spatial and spectral  

 

resolution (Table 2). To minimize the error resulting from 

the changes in grayscales, the nearest dates of images 

were considered.  

  After doing the required corrections on the Landsat-8 

satellite images using the pan-sharpening method, the 

bands 1-7 and the panchromatic 8 band were integrated 

https://doi.org/10.57647/jrs.2026.1603.25


282                                                                                                                                                            Mohammadian et al., J. Rangeland. Sci., 2026; 16(3) 

 

      10.57647/jrs.2026.1603.25 

with the resolutions of 30 m and 15 m, respectively. Then, 

a set of 15 m data was developed by the Landsat-8 bands 

2-8. To do this, resampling was done on the bands with 

bigger pixels using the nearest neighbor algorithm to 

consider the adjacent pixel values for the new ones with 

the least change in the numerical values of pixels. On the 

other hand, to integrate the images between the two 

mentioned satellites, the Gram-Schmidt (GS) algorithm 

was used. In the GS integration method, a set of vectors 

was converted to a new set of orthogonal and linearly 

independent vectors, and a panchromatic band was 

simulated with low resolution through averaging 

multispectral bands. Afterwards, a multispectral image 

was converted as the first band by the GS method, and the 

components were created according to the number of 

integrated bands. Then, the panchromatic band with high 

spatial resolution was replaced by the first GS component. 

Finally, the reverse GS conversion was done to create the 

integrated multispectral bands (Ehlers et al., 2010).  In this 

stage, the 30 m bands of Landsat-8 satellite images were 

enhanced into the ones with the resolution of 10 m using 

the 10 m bands of Sentinel-2 satellite. After preprocessing 

the images of Sentinel-2 satellite with a resolution of 10 

m and averaging three bands, the panchromatic band 

(Spatial resolution of 10 m) was simulated with a 

combination of visible waves. To minimize the movement 

between the integrated images and the reference image, it 

is essential to conduct the geometric correction and 

coordinate operations so that the Root Mean Square Error 

(RMSE) of several control points between two images is 

recorded to evaluate the spectral differences between the 

reference and integrated images (Equation 1) . 
 

RMSE = √
1

𝑁
∑ (𝑋𝑖 − 𝑥𝑖

^)2𝑁
𝑖=1                                          (1) 

 

xi   = Predicted values   

𝑥𝑖
^ = observed values     

N   = total number of samples. 
 

2.4. Determination of classification algorithm and 

auxiliary data 
 

The selected algorithm was considered the maximum 

likelihood classification (MLC) in this research. This 

algorithm is one of the most common classification 

algorithms in remote sensing studies, which regards the 

likelihood of putting each pixel in each class while 

computing the distance between the desired pixel and the 

average of all classes (Bastarrika et al., 2011). Results 

achieved in several studies concerning the ability and 

application of the MLC algorithm have been reported on 

the burned zones (Kim and Lee, 2021; Ariza et al., 2019; 

Thariqa et al., 2016). The MLC algorithm in classifying 

the fire classes along with a set of auxiliary data including 

the raw pan-sharpening bands (spatial resolution power of 

15 m) as a false color combination of Red, Green, Blue 

(RGB) bands like green, red and infrared red, NBRT and 

TC-B indices, DEM and PC1, PC2 and PC3 of PCA 

leading to the increased classification precision of fire 

classes were used (Mohammadian et al., 2024). The 

spectral indices in the classification process are presented 

in Table 3. 
 

2.5. Assessment of classification accuracy 
 

To assess the classification accuracy, the error matrix 

method was used. The set of first samples was the 

reference data or test gathered by the field observations. 

The set of second samples was the pixels labeled by the 

classifier. To assess and compute the precision of 

algorithms, a variety of criteria such as the producer 

precision, user precision, total precision and Kappa 

coefficients were extracted through the error matrix 

between the classification images and ground reality map 

(Fathizad and Tazeh, 2016). 

 

3. Result 
 

3.1. Auxiliary data and false color combination used 

in the classification process 
 

To classify the images using Landsat-8 satellite data in 

addition to the raw bands, some auxiliary data were used 

to achieve the best results and increase the precision in 

separating the fire zones. The set of auxiliary data used in 

improving the classification precision of fire classes is 

presented in Fig 2 and 3. These information layers include 

the pan-sharpening raw bands (spatial resolution of 15 m) 

as the false color combination of RGB bands like red, 

green and blue and NBRT index, as well as TC-B index, 

DEM and the first three components of PCA index. 
 

3.2. Integration of landsat-8 and sentinel-2 images 

and classification of fire classes 
 

In the current research, the pan-sharpening and Gram-

Schmidt methods were used to integrate the images of the 

two mentioned satellites. Finally, using three types of data 

with the spatial resolution of 10, 15, and 30 m and the 

MLC algorithm, the fire classes were classified. It should 

be noted that the low RMSE value (0.094) obtained using 

the Gram–Schmidt algorithm indicates that the fused 

images show good spatial and spectral compatibility with 

the reference images. The results of the fire-class 

classification using the MLC algorithm are presented in 

Fig 4. Visual comparison and interpretation of the 

classified images reveal that maps derived from imagery 

with a 10 m spatial resolution exhibit greater detail and 

more effectively separate fire classes. In contrast, 

decreasing the spatial resolution from 10 m to 15 m and 

30 m increases the proportion of mixed pixels, resulting in 

maps characterized by salt-and-pepper noise. 
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Figure 2. Red, Green, Blue (RGB) map of Landsat-8 satellite images for the 10, 15, and 30 m bands

  

Table 4. Error matrix of fire classification using Landsat-8 using 15-30 and 10-m bands 

Resolution m Fire age 
Grazing 

intensity 

Producer's 

Accuracy 

User's 

Accuracy 

Kappa 

Coefficient 

 Fire (1-3 years) High 59 61 0.52 

30 m  Fair 40 48 0.34 

 Fire (3-5 years) High 34 43 0.30 

  Fair 25 31 0.22 

 Mean  39% 46% 0.34 

 Fire (1-3 years) High 66 69 0.63 

15 m  Fair 53 67 0.50 

 Fire (3-5 years) High 48 54 0.44 

  Fair 40 48 0.36 

 Mean  51% 60% 0.48 

 Fire (1-3 years) High 88 74 0.80 

10 m  Fair 79 80 0.71 

 Fire (3-5 years) High 62 66 0.63 

  Fair 53 51 0.49 

 Mean  71% 68% 0.66 

Results achieved by investigating the classification maps 

of fire classes using the Landsat-8 satellite images with 

the resolution of 10, 15, and 30 m indicated that the 

increased spatial resolution may enhance the precision of 

classified fire classes. So that the bands with the 10 m 

resolution of Landsat-8 satellite had the total precision, as 

71% and Kappa coefficient, as 0.66, and the Landsat-8 

satellite bands with the resolution of 30 m had the lowest 

precision (39%) and Kappa coefficient (0.34), 

respectively.  The classification accuracy results for fire 

classes with different fire ages and grazing intensities, 

derived from bands of varying spatial resolutions, are 

presented in Table 4. These include the 10 m bands 

produced by fusing Landsat 8 and Sentinel-2 imagery 

using the Gram–Schmidt method, the 15 m band obtained 

from the Landsat 8 panchromatic (PAN) band, and the 30 

m bands from Landsat 8. 

 

4. Discussion 
 

In the image integration process, when images are used 

simultaneously, the result is an integrated image with 

spatial resolution from the panchromatic image and 

spectral content from a multispectral image. When images 

from two different times are used, the aim is to monitor 

changes within a specific period (Zeng et al., 2010). One 

of the most commonly applied methods is the Gram-

Schmidt conversion for integrating multispectral and 

panchromatic images.
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 Figure 3. A Set of auxiliary data that increased the classification precision of burned areas during the grazing gradient
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Figure 4. The classification map of fire classes using Landsat-8 10, 15 and 30 m bands 

 

This method has successfully been used to enhance the 

resolution of multispectral images. The conversion is a 

mathematical technique for orthogonalizing a linear 

dependent data set, allowing multispectral images to be 

expressed in a space where they become independent (Sun 

et al., 2024).  

  In this study, to improve classification accuracy in 

identifying and separating burned areas from surrounding 

regions, Landsat-8 and Sentinel-2 images were integrated 

using the Gram-Schmidt method (Sv and Srivasta, 2018). 

Additionally, to convert images with a spatial resolution 

of 30 m to 15 m, pan-sharpening techniques and the 

Landsat-8 panchromatic band were employed. The results 

showed that increasing the spatial resolution enhances the 

accuracy of fire classification maps under different 

grazing management programs. Specifically, the total 

accuracy and Kappa coefficient of 10 m resolution images 

increased by 32% compared to 30 m resolution images. 

These metrics pertain to Landsat-8 images at 10 m 

resolution processed with the GS algorithm. Findings 

regarding the integration of Landsat-8 and Sentinel-2 data 

using the GS algorithm suggested that this method was 

highly effective at improving spatial details in the bands 

while preserving spectral information (Rangzan et al., 

2019).  

  The study conducted by Ngadze et al. (2020) on the 

discrimination and detection of burned rangelands in 

northwestern Zimbabwe, using Landsat-8 and Sentinel-2 

satellite images, demonstrated the superiority of 

employing 10-meter spatial resolution images obtained 

from the fusion of Landsat-8 and Sentinel-2 data. This 

fusion notably enhanced the classification accuracy of 

small-area burned. Their research findings revealed that 

although the Landsat-8 OLI sensor has lower spatial and 

temporal resolution compared to Sentinel-2, it remains 

useful for detecting burned rangelands and producing 

burned area maps. Therefore, the fusion of Landsat-8 and 

Sentinel-2 imagery could significantly enhance the 

accuracy of burned area.  Research results reported by 

Rafieyan et al. (2022) in terms of desired satellite image 

capabilities for providing the fire occurrence maps in 

Arasbaran Forests, Iran, indicated the high potential of the 

two mentioned satellites and the high ability and facilities 

of the Google Earth Map system in presenting the remote 

sensing data. Results showed that the Landsat-8 satellite 

data were preferred over the Sentinel-2 data because of the 

thermal band and time series. According to the results, it 

was proposed to integrate the images of two desired 

satellites in order to make a large spatial database. 

Another study was conducted by Baloui and Kabolizadeh 

(2024) in terms of using different methods of satellite 

image integration in Ahwaz, Iran. They studied the impact 

of methods on the classification precision of land use and 

vegetation and concluded that the GS algorithm using the 

MLC method, with the Kappa coefficient of 0.84 and total 

precision of 92.5% showed the best results, which 

corresponded with the results of the current research. 

Mahboobi and Azadbakht (2020) investigated the changes 

in Maharloo Lake using two image integration methods 

based on the GS algorithm while replacing the main 

components to increase the classification precision. In 

addition, they used the MLC and SVM algorithms. 

Results indicated that the image integration through GS 

and MLC algorithms could increase the precision 

significantly, which corresponds with the results in this 

article. GS and MLC algorithms are useful and reliable 

tools to investigate and monitor environmental changes. 

In our study, after extracting the range classes, the 
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vegetation sub-layers were reclassified to separate the fire 

classes based on the fire age and grazing intensity. 

Therefore, considering the similar spectral behavior of fire 

classes, it was difficult to separate the classes, and 

consequently, precision decreased, and pixel blending 

increased. Thus, under the existing conditions, the 

classification result seems acceptable with a total 

precision of 66%. Due to the vegetation fires, such 

spectral changes as loss of chlorophyll, soil erosion, root 

burning and humidity change happen (Escuin et al., 2008). 

Taking the fire effects on the detection of vegetation 

changes in rangelands, spectral indices were used 

regarding the spectral characteristics of OLI sensing 

bands of the Landsat-8 satellite and the ratio of spectral-

thermal bands in relation to the separation of burned zones 

from the adjacent regions. Regarding the numerous fires 

that have occurred in the country's rangelands, the 

capabilities of Landsat-8 and Sentinel-2 satellite images, 

along with the benefits of combining these images, can be 

utilized to enhance the accuracy of identifying and 

classifying burned rangelands with varying fire ages and 

different livestock grazing management practices in 

adjacent areas. Areas with different fire histories and 

grazing intensities can form distinct plant communities 

arranged in a mosaic pattern at the landscape scale (Kerby 

et al., 2007). When fires are accompanied by severe 

livestock grazing, substantial damage to vegetation 

structure may occur, followed by changes in the shape and 

spatial extent of burned patches within rangeland 

ecosystems. Consequently, accurate identification of 

burned rangelands is particularly important given their 

large extent and limited accessibility—especially in 

mountainous semi-steppe regions—to support effective 

post-fire management and vegetation recovery planning. 

So, the integration of desired satellite images can be 

utilized to identify and separate these rangelands from the 

adjacent ones successfully. In fact, by increasing the 

spatial resolution of satellite images and using these 

images in the classification process using the Maximum 

Likelihood Classification (MLC) algorithm, it is possible 

to accurately identify and separate burned rangeland areas 

with old fires of 1 to 3 years and 3 to 5 years under 

moderate and high intensity grazing management from 

their adjacent areas. In the meantime, the GS algorithm 

can be used as a successful method for merging images 

and increasing the spatial resolution of Landsat-8 images 

using Sentinel-2 images. 

  Actually, the spots with various fire experiences and 

grazing intensities are capable of creating specific plant 

communities in a mosaic pattern at the landscape level 

(Kerby et al., 2007). When the fires are accompanied by 

severe livestock grazing, they may damage the plant 

vegetation structure severely followed by changes in the 

shape and dimensions of fire spots in the range 

ecosystems, so that the recognition of burned rangelands 

is considerably important due to the wide extent of 

rangelands and difficult access to them, especially semi-

steppe ones in the mountains to plan and make suitable 

management decisions after the fire for the revival of plant 

vegetation. So, the integration of desired satellite images 

can be utilized to identify and separate these rangelands 

from the adjacent ones successfully. In fact, by increasing 

the spatial resolution of satellite images and using these 

images in the classification process using the maximum 

likelihood classification (MLC) algorithm, it is possible to 

accurately identify and separate burned rangeland areas 

with old fires of 1 to 3 years and 3 to 5 years under 

moderate and high intensity grazing management from 

their adjacent areas. In the meantime, the GS algorithm 

can be used as a successful method for merging images 

and increasing the spatial resolution of Landsat-8 images 

using Sentinel-2 images. 

 

5. Conclusion 
 

Rangelands cover about 70% of Iran’s natural resource 

areas, making it one of the most extensive and important 

ecosystems. In recent years, the growing number and 

frequency of burns in semi-steppe rangelands have 

highlighted the need to identify burned areas accurately. 

Identifying the precise location and extent of these burned 

rangelands is crucial for effective post-fire planning and 

the implementation of management strategies aimed at 

restoring vegetation cover. Because these rangelands 

often extend across vast, mountainous, and hard-to-reach 

areas, mapping and identifying burned zones can be 

extremely challenging. Remote sensing techniques, 

however, offer powerful tools for detecting and analyzing 

fire-affected regions. By integrating satellite imagery 

from Landsat-8 and Sentinel-2, it is possible to distinguish 

burned rangelands from surrounding areas more 

accurately. Enhancing spatial resolution from 30 meters 

down to 15 or even 10 meters and applying advanced 

classification methods, such as the Maximum Likelihood 

Classification (MLC) algorithm, allows for more precise 

detection and separation of burned rangeland areas with 

different fire histories (1-3 and 3-5 years post-fire) under 

varying grazing intensities. When fires occur in 

rangelands already subjected to heavy grazing, they can 

cause severe damage to vegetation structure, altering the 

shape and spatial extent of burned patches across the 

landscape. Therefore, accurate identification of the extent 

and boundaries of burned rangelands is essential for 

developing timely and appropriate post-fire management 

strategies, as it can strongly influence the effectiveness of 

rehabilitation efforts and the restoration of vegetation 

cover in these valuable ecosystems. 
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