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Abstract 
In the context of rapid urban growth in the small and medium-sized cities of developing countries, the current 

work attempts to calibrate the CA-based SLEUTH urban growth model to and predict urban growth for the first 

time in a medium-sized city of Mysuru in southern India. The city has experienced a rapid urban growth in 

recent times. The current study uses the mixed methodology approach by incorporating the application of 

remote sensing, GIS, and urban growth model to map, quantify, analyse, and predict urban growth dynamics of 

Mysuru during the period from 1995 to 2041. The analysis of classified historical urban growth during 2000 to 

2020 shows that there is a consistent increase of urban area in Mysuru. The SLEUTH model, calibrated using 

the historical urban area of 2000-2016, to predict urban growth for the year 2040. The urban growth simulation 

from SLEUTH shows slope resistance, spread, and road gravity are the foremost factors influencing urban 

growth in Mysuru. The urban area is expected to increase from 20312.57 Ha in 1995 to 32499.59 Ha by 2041. 

The growth is expected to reduce in the eastern part due to the resistance effect of slope. The validation of the 

model output establishes it as acceptable but found limitation to simulate the small patchy and scattered urban 

growth in the outskirt of the city. The use of the SLEUTH urban growth modeling can be useful for the better 

understanding of the urban growth process and would therefore aid urban planners to manage the future urban 

growth sustainably. 
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I. Introduction 
According to the World Bank, India's urban population is projected to witness a staggering increase of 

404 million urban dwellers by the year 2050, making it one of the fastest-urbanizing countries in the world 

(United Nations, 2018). What makes this growth even more significant is that it is expected to occur primarily in 

cities with populations of less than one million. This presents a critical opportunity for focused action and 

intervention in numerous small cities like Mysuru. Unfortunately, policy negotiations in India have largely 

neglected small cities, as they have been overlooked and excluded from the discussion (Guin, 2019). However, 

it is essential to acknowledge that the true advantages of urbanization can only be fully realized if small and 

mid-sized cities are developed with a strong emphasis on sustainability (Hegazy & Kaloop, 2015). This notion is 

reinforced by the understanding that a significant portion, ranging from 70 to 80 per cent, of India's urban 
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structure slated for completion by 2030 remains to be constructed (Sastry, 2006; Sanke, et al., 2010). In India, 

this scenario offers a unique chance to intentionally develop sustainable infrastructure and strategically 

formulate land-use policies that will define the cities of tomorrow. Therefore, small and mid-sized cities like 

Mysuru hold the key to India’s future sustainable development. 

Mysuru, a city located in the southern part of India, has experienced significant urban growth and 

transformation in the past years. This growth has directed in drastic fluctuations in land use and land cover 

patterns, resulting in various socio-economic and environmental consequences. Comprehending and evaluating 

these dynamics is essential for proficient urban planning and the promotion of sustainable development in the 

area. There is a serious dearth of studies on emerging small and mid-sized cities, particularly among the 

southern Indian cities. The region is diverse within itself, displaying both urban primacy and dispersed, 

inclusive urbanisation at the same time (Vaddiraju, 2022). The current study, therefore, attempts to fill the gap 

by examining the subtleties of urban expansion in the mid-sized city of Mysuru. The present study aims to 

assess the dynamics of land use and land cover changes in the fast-urbanizing areas surrounding Mysuru, using 

earth observation and Geographic Information System (GIS) techniques. Moreover, the study aims to predict 

urban growth in the city of Mysuru for theyear 2041 using SLEUTH urban growth model. The results of this 

study will offer valuable perspectives on the scope and character of urbanization, as well as the related 

modifications in land use and land cover, encompassing Mysuru. 

The exploration of urban expansion and the promotion of sustainable urban development require the 

creation of models. Advancements in computational power have empowered the formulation of various methods 

and techniques for modeling the dynamic nature of urban growth and simulating prospective urban scenarios 

(Batty & Xie, 1994; Feng, Liu, & Batty, 2015. Cellular Automaton (CA) models are considered efficient for 

simulating urban growth, thanks to their simplicity, structured nature, capacity for evolution, and ability to 

simulate intricate urban forms and geographical phenomena (Batty, Xie, & Sun, 1999; Xing, Qian, Guan, Yang, 

& Wu, 2020). The transition rule dictates the cell's state based on the states of its neighbouring cells. SLEUTH, 

as described by (Clarke, Hoppen, & Gaydos, 1996), is a Cellular Automaton (CA)-based model designed for 

urban growth modeling. The acronym SLEUTH stands for Slope, Land use, Exclusion, Urban, Transportation 

network, and Hill shade. This model is composed of two sub-models: the Urban Growth Model (UGM) and the 

Land-cover Deltatron Model (LCD). Both sub-models operate on a set of predefined growth rules. SLEUTH not 

only models’ future urban growth but also learns from past urban growth or a seed layer. Considering the 

simplicity and robustness of the SLEUTH model, this study employs the Cellular Automaton-based SLEUTH 

model to simulate urban growth in the Mysuru. 

 

Study area 

Mysuru is a historical city and erstwhile capital and is situated in the southern part of Karnataka state. 

The district of Mysuru shares its borders with Tamil Nadu to the southeast, Kodagu district to the west, To the 

north, Mandya district is situated, while the northwest is bordered by Hassan district, and the northeast is 

adjacent to Bangalore district. The city’s geographical coordinates span from 12° 14’ 41” to 12° 22’ 25” N 

latitudes and 76° 34’ 20” to 76° 43’ 23” E longitudes (Fig. 1). The Cauvery River drains the northern region of 

the city, while the Kabini river drains the southern region. In addition, there are numerous tanks and lakes 

situated throughout Mysuru city and its outskirts. Additionally, Mysuru boasts numerous tanks and lakes, both 

within the city and its peripheries, further enhancing its ecological and hydrological significance. The distinctive 

spatial and environmental attributes of the Mysuru study area establish it as a perfect context for delving into the 

repercussions of swift urbanization on alterations in land use and land cover. It is a historically significant city 

known for its rich cultural heritage and is often referred to as the Cultural Capital of Karnataka. Mysuru is 

governed by a Municipal Corporation and plays a crucial role as an administrative, educational, and economic 

centre in the region. The city is located approximately 146 km southwest of the state capital, Bengaluru. Mysuru 

is renowned for its magnificent palaces, including the iconic Mysuru Palace, which attracts tourists from around 

the world. In recent years, Mysuru has experienced rapid urban expansion and development, leading to various 

land use and land cover changes (Aithal, Setturu, S, Durgappa, & Ramachandra, 2012). The expansion of 

residential areas, commercial establishments, and infrastructure projects has transformed the city’s landscape. 

These changes have consequences for the environment, socio-economical aspects, and general sustainability of 

the city. Considering the unique characteristics and ongoing urbanization dynamics, Mysuru provides an 

excellent case study for examining the impacts of urban expansion, land use changes, and the need for 

sustainable planning. 
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Fig. 1 Location of the study area (Mysuru) 

 

II. Materials and methods 
Materials 

In this study, a blend of primary and secondary data was employed. The primary data was collected 

through on-site observations and surveys conducted in the study area. Secondary data, on the other hand, was 

obtained from various sources. Regarding satellite imagery, a collection of five distinct Landsat images, 

encompassing TM, ETM+, OLI, and TIRS imageries, was procured from the United States Geological Survey 

(USGS) (https://earthexplorer.usgs.gov/) to cover the years 1995, 2001, 2007, 2014, and 2022 (Table 1). The 

selection of these images was grounded in their accessibility, absence of cloud cover, and alignment with 

seasons that offered optimal visibility of the analysed features. In addition, the secondary data were acquired 

from various sources, including both physical offices and online platforms. High-resolution images were 

acquired from Google Earth, while toposheets, city maps, plans, and boundaries were procured from pertinent 

administrative offices. The demographic data, crucial for the analysis, were collected from the Census of India. 

Ground observations were undertaken in the study area to collect primary data. This entailed conducting on-site 

visits to gather GPS reference points, which were subsequently utilized for satellite image classification and 

precision evaluation. The elevation data, obtained from the USGS Earth Explorer, utilizes the SRTM Digital 

Elevation Model (DEM). Likewise, the transportation network data for various years in the study area has been 

acquired from the OpenStreetMap website and extracted through on-screen digitization from topographic sheets. 

The forecasting was conducted using the SLEUTH urban growth model within the Cygwin 

environment. The SLEUTH Model (version 3.0_beta), available at 

http://www.ncgia.ucsb.edu/projects/gig/index.html, is an open-source modeling package created by Dr. Keith C. 

Clarke under Project Gigalopolis, USGS, and originally designed for the LINUX operating system. The 

processing and classification of satellite imagery, along with the examination of changes in land use and land 

cover and urban expansion, were executed using software including ERDAS Imagine, ArcGIS, and QGIS.  

 

Satellite image pre-processing 

These pre-processing techniques are essential to improve the quality and accuracy of the data obtained 

from satellite images (R, Shenoy, & R, 2017; Asokan, et al., 2020). By applying pre-processing methods, the 

inherent limitations and distortions in the images can be corrected, allowing for more reliable and meaningful 

analysis. Landsat collection-2 level-1 datasets are of the highest standard and are considered suitable for time 

series analysis (EROS, 2020). In this study, atmospheric correction of the Landsat images was conducted by 

employing the Semi-Automatic Classification Plugin (SCP) within the QGIS 2.6.1 software. The SCP tool 

https://earthexplorer/
http://www.ncgia.ucsb.edu/projects/gig/index.html
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facilitated the correction of atmospheric influences present in the satellite images, ensuring more accurate and 

reliable data for further analysis. To create a comprehensive analysis, the Landsat images were processed by 

combining their respective bands to generate composite images for each year under investigation (1995, 2001, 

2007, 2014, and 2022). Afterward, a segment of the composite image was isolated by extracting the 15 km 

buffer zone surrounding Mysuru’s CBD for each Landsat image, thereby concentrating the analysis on the 

designated study region. 

 

Satellite image classification 

Following the pre-processing stage, the pre-processed satellite data was put under a supervised 

classification procedure to classify the pixels into distinct LULC classes. Supervised classification involves an 

expert overseeing the process of pixel assemblage using training sites that provide spectral statistics for each 

feature type. These training sites are used to guide the computer algorithm in assigning labels to the spectral 

signatures, categorizing them according to their respective land cover classes (Thenkabail, 2016). The objective 

of this classification process was to categorize each pixel based on its spectral characteristics and assign it to the 

appropriate LULC class (Jensen & Cowen, 1999; Thenkabail, 2016). The supervised classification technique 

employed in this study involved the utilization of known reference samples for training the classification 

algorithm (Jensen, 2005; Lillesand, Kiefer, & Chipman, 2015). 

 

Table 1 Details of satellite imageries used in the study 

Mission Sensor Acquisition Date Spatial Resolution Path/Row 

Landsat 5 TM 22-01-1995 30 m 144/051, 144/052 

Landsat 5 TM 12-03-2007 30 m 144/051, 144/052 

Landsat 7 ETM + 03-03-2001 30 m 144/052 

Landsat 8 OLI TIRS 06-03-2014 30 m 144/052 

Landsat 8 OLI TIRS 05-03-2022 30 m 144/052 

 

SLEUTH Model 

To operate, SLEUTH necessitates input layers encompassing slope, land-use, urban (seed layer), 

transportation, and hillshade. The model's urban growth is influenced by four sub-steps or growth rules that 

dictate distinct growth forms: spontaneous, new spreading center (diffusive), edge (organic), and road-

influenced. In turn, these growth rules are determined by five parameters, namely diffusion, breed, spread, slope 

resistance, and road gravity, each assigned a coefficient value within the range of 0 to 100 (Chaudhuri & Clarke, 

2019; Das & Jain , 2022). The model's behaviour is influenced by user-provided excluded layers and slope 

gradient. Specifically, areas with a slope gradient exceeding 21% are restricted from conversion to urban in 

accordance with this criterion. The Leesalee metric, generated in the conclusive calibration phase of the model, 

serves as the basis for selecting the most fitting control parameters. These parameters effectively capture the 

pattern of urban changes and are subsequently utilized for predicting urban growth (Chaudhuri & Clarke, 2019). 

All the necessary input data for the model was organized using ARCMAP 10.3 software. The slope and 

hillshade layers were derived from SRTM DEM 30 m elevation data in ERDAS IMAGINE. The slope was 

computed as a percentage, and the hillshade map of the study area was generated. The land-use layer for the 

model in the study area was created using satellite imagery from the years 2001, 2007 and 2014. The exclusion 

layer, which designates areas unsuitable for urban growth, was formed by consolidating all water bodies 

Shapefile derived from the classified land-use land-cover map of the study area. The model necessitates a 

minimum of one excluded area layer, which, in this case, was developed through the compilation of water 

bodies. The roads are classified into national and state highways, further categorized as primary, secondary, 

tertiary roads, and residential roads. All the layers utilized in the model were transformed into Graphics 

Interchange Format (GIF) raster format with an unsigned 8-bit pixel depth for use in the model. These layers 

were prepared at spatial resolutions of 30 meters and 100 meters to be employed during the coarse, fine, and 

final phases of calibration. 

 

SLEUTH Calibration 

The model calibration initiates with a test phase, where the model's response to the input datasets is 

examined by loading the input file directory. Upon successful execution of the test step, the calibration 

procedure commences. This calibration process involves adjusting the modeled data to align with the historical 

input datasets. Calibration is conducted in three scenarios: coarse, fine, and final, yielding optimal coefficients 

(diffusion, breed, spread, slope resistance, and road gravity). These coefficients are then employed by the model 

to determine the growth rule, enabling effective simulation of urban growth. During the coarse calibration, a 

scenario file was generated with a broad range of parameter values using the START-STEP-STOP configuration 



Mapping Tomorrow's City: Cellular Automata Based Sleuth Model Predictions For Urban Growth…. 

DOI:10.9790/0837-2901052535                             www.iosrjournals.org                                                  29 |Page 

(0-20-100) (Table 9). The calibration period's start date and end date were established as 2000 and 2016, 

respectively. During the fine calibration, the parameter range was narrowed, and Monte Carlo iterations were 

adjusted based on the input raster resolution. The output from the previous calibration served as the basis for 

further refining the parameter values, and the calibration was conducted with 50 Monte Carlo iterations. The 

optimal prediction parameters for the urban layer in the end year (2014) obtained from the final calibration were 

utilized to forecast the urban area in Mysuru for the year 2041. 

 

Prediction and validation 

To predict urban growth, the best-fit prediction coefficients were employed to run the prediction mode 

in SLEUTH for Mysuru. This prediction process utilized 100 m resolution raster input layers with 1000 Monte 

Carlo iterations. The resulting predicted output GIF images were converted to .tiff format for use in the GIS 

environment, facilitating further analysis of the forecasted urban growth outcomes. 

In the present study, model validation was conducted through the application of statistical 

measurements and visual inspection techniques. The Kappa index of agreement and correlation coefficient 

between observed and predicted urban growth pixels were calculated as statistical measures to assess the 

validity of the model (Foody, 2002). Kappa statistics serve as a metric to quantify the agreement between the 

observed urban area and the modeled urban area. 

                                                                              Kappa =
𝑃𝑜−𝑃𝑐

1−𝑃𝑐
                                              

Where, 𝑃𝑜 is the proportion of the observed urban pixel and 𝑃𝑐 is the expected proportion of correct 

urban pixels. A Kappa value of 1 signifies that there is a perfect agreement in the data. Subsequently, the 

correlation coefficient between the historically observed and modeled urban pixels was computed for the years 

2001, 2007, 2014, and 2022. 

 

III. Results and discussion 
Land use land cover 

The land use and land cover maps for the study area in the years 1995, 2001, 2007, 2014 and 2022 

were derived through supervised classification of the Landsat images. The classified image (Fig. 3) reveals the 

presence of five distinct categories of LULC in the study area. These categories include built-up areas 

represented in red, open land in brown, agricultural land in yellow, vegetation in green and water bodies in blue. 

The visual analysis of the classified image depicts a consistent pattern of land use and land cover transformation 

taking place in Mysuru from 1972 to 2018. This observation highlights the dynamic nature of land utilization 

and underscores the significance of monitoring and understanding LULC changes over time. 

 

 
Fig. 2 Land use and land cover of Mysuru in the years 1995, 2001, 2007, 2014 and 2022 

 

Table 2 Dynamic degree of change statistics of different LULC classes in Mysuru for different periods 

Classes 
Dynamic Degree (%) 

1995-01 2001-07 2007-14 2014-22 1995-2022 

Agriculture 13.30 -6.95 8.65 0.27 2.66 

Built-up 5.94 9.56 4.05 2.78 8.70 
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Open/Fallow -1.25 -1.87 1.57 -6.04 -1.96 

Vegetation 2.01 4.81 -5.99 23.42 5.22 

Water bodies -3.73 -1.97 -0.74 2.48 -0.82 

 

SLEUTH calibration and validation 

The results of the top three optimal values of growth coefficients during different calibration phases are 

presented in Table 10. It can be noticed from the table that compare metric, which compares the modelled and 

real urban extent was high at 0.52. During the coarse calibration, various sets of parameter values were tested. 

The parameters include population (Pop), edges, clusters, size, Leesalee, Slope%, and others. The values for 

parameters such as diffusion (Diff), breed (Brd), spread (Sprd), and road gravity (RG) remained consistent 

across different scenarios, with slight variations in other parameters. In the fine calibration phase, a narrower 

range of parameter values was explored. The compare value remained constant at 0.64. The metrics assessing 

the resemblance in shape and form between modeled and actual urban growth—Edge r2 and R2 Cluster—

exhibited high values, reaching 0.77 and 0.95, respectively. Additionally, the average x and y values for both 

modeled and actual urban cells were notably elevated, registering at 0.95 and 0.60, respectively. 

 

Table 3 Broad range of parameter value using start-step-stop configuration in coarse, fine and final calibration 

Growth 

Parametre

s 

Coarse Fine Final 

Prediction 
Monte Carlo Iterations = 

100 

Monte Carlo Iterations = 

25 

Monte Carlo Iterations = 

50 

Total simulation runs = 

7770 

Total simulation runs = 

1600 

Total simulation runs = 

1023 

Start Step Stop Start Step Stop Start Step Stop Best Fit 

Diffusion 0 20 100 1 5 20 1 3 10 10 

Spread 0 20 100 10 5 30 20 3 30 38 

Bread 0 20 100 1 5 20 1 3 10 15 

Slope Res. 0 20 100 50 5 70 60 3 70 40 

Road Gr. 0 20 100 1 10 40 1 8 30 35 

 

The calibration evaluation indices indicate that the chosen coefficients for growth modeling effectively 

capture the characteristics of actual urban growth in Mysuru. Consequently, these coefficients can be reliably 

utilized in the prediction phase. Following a successful test run of the SLEUTH model, coarse calibration was 

conducted, utilizing a range of controlling coefficients from 0 to 20 to 100. Subsequently, during the fine and 

final calibration steps, the optimal coefficient range was determined by averaging the values, considering the 

Leesalee metric, as illustrated in Table 9. Following the final calibration, the most optimal coefficients were 

chosen for the five parameters, and these selected coefficients will be employed in the prediction phase. 

 

Table 4 The top three optimal values for growth coefficients obtained during the coarse, fine, and final phases 

of the SLEUTH model calibration. 

Coarse calibration 

Compare Pop Edges Clusters Size Leesalee Slope% Urban Xmean Ymean Rad Fmatch Diff Brd Sprd Slp RG 

0.52 0.93 0.83 0.94 0.99 0.48 0.63 0.88 0.48 0.34 0.94 0.90 1 1 20 60 1 

0.52 0.93 0.83 0.94 0.99 0.48 0.63 0.88 0.48 0.34 0.94 0.90 1 1 20 60 20 

0.52 0.93 0.83 0.94 0.99 0.48 0.63 0.88 0.48 0.34 0.94 0.90 1 1 20 60 40 

Fine calibration 

0.64 0.93 0.78 0.93 0.99 0.48 0.60 0.88 0.27 0.38 0.94 0.90 1 1 25 65 1 

0.64 0.93 0.78 0.93 0.99 0.48 0.60 0.88 0.27 0.38 0.94 0.90 1 1 25 65 11 

0.64 0.93 0.78 0.93 0.99 0.48 0.60 0.88 0.27 0.38 0.94 0.90 1 1 25 65 21 

Final calibration 

0.60 0.93 0.75 0.95 0.96 0.51 0.05 0.91 0.95 0.60 0.93 0.92 1 1 29 63 25 

0.60 0.93 0.75 0.92 0.97 0.51 0.04 0.91 0.96 0.62 0.93 0.92 1 4 29 66 17 

0.61 0.93 0.75 0.98 0.96 0.51 0.23 0.91 0.95 0.60 0.93 0.92 1 1 29 60 17 

 

The observed trend in growth coefficients suggests that urban expansion in Mysuru will be 

significantly influenced by the undulating topography of the region, with a more pronounced deterrent effect of 

slope, particularly towards the east and northeast where steeper slopes are prevalent due to the undulating 
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terrain. The city is expected to undergo edge growth or urban expansion from existing patches, given the 

substantial contribution of the spread coefficient. The coefficient value for road gravity indicates that new urban 

growth is likely to occur in proximity to transportation networks. However, the relatively lower significance 

assigned to the diffusion and breed coefficients in the study area indicates that the simulation of random 

spontaneous urban growth and the emergence of new urban centres has a lower likelihood. Nevertheless, the 

probability of new urban centres emerging and spontaneous urban growth remains relevant, especially along 

transportation networks. It can be inferred that future urban growth in Mysuru is influenced by the development 

of the transportation network and investments in creating and expanding new infrastructure services, which 

would serve as focal points for growth in the study area. The figure 7 shows that the most important driving 

forces of urban growth in Mysuru are coefficients of slope resistance (40), spread (38) and road gravity (35). 

The influence of diffusion (10) and bread (15) was relatively lower. The city is expected to undergo edge growth 

or urban expansion from existing patches, given the substantial contribution of the spread coefficient. 

Additionally, the coefficient value for road gravity indicates that new urban growth is likely to occur in 

proximity to transportation networks. The higher values of spread coefficient suggest the rapid spatial expansion 

of the city towards outskirts.  

 

 
Fig. 3 The best-fit growth parameters for urban growth prediction in Mysuru 

 

Utilizing the optimal parameter coefficients derived from the SLEUTH model calibration based on the 

historical urban growth data of Mangaluru, a growth prediction for the year 2041 was conducted. According to 

the SLEUTH model prediction, the city of Mysuru is anticipated to expand from 20,312.57 hectares in 2022 to 

32,499.59 hectares by 2041 (Fig. 8). This represents an increase of over 60% in built-up area. The prediction 

output map illustrating the urban growth of Mysuru from the model is depicted in Fig. 8. The simulation results 

indicate an anticipated expansion of the city's urban footprint. Notably, substantial growth in the urban area of 

Mysuru is projected to occur in the surrounding area of the city by the year 2041, consuming agricultural and 

open land. The urban area has particularly expanded towards the southern part of the city. The expansion could 

likely be influenced by industrial development and transportation facilities. An evident growth pattern is 

observable along the transportation network in the study area, notably in the east and along the north-south 

direction where national highways traverse. This growth aligns with the existing road infrastructure. 

Additionally, small patches indicating the emergence of spontaneous new urban centers are discernible, 

particularly influenced by their proximity to roads. Notable instances of such emergence, referred to as "bread 

points," are noticeable in the southwestern and northeastern corners of the study area. These areas exhibit signs 

of spontaneous urban development influenced by their connectivity to road networks. 
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Fig. 4 Predicted urban growth of Mysuru for the year 2041. 

 

The hallmark feature of urban growth in the study area is the expansion of urban areas and the 

emergence of new urban centers along the highways. Notably, the existing urban centers situated away from the 

Central Business District (CBD) of the city have undergone substantial and widespread urban growth. This 

growth unfolds independently starting from 2022 and progressively integrates with the larger urban patch of 

Mysuru city by the year 2041. For instance, in the southern part of the city, these urban centers merge at a tri-

junction, forming an agglomeration that becomes a distinct entity. Similarly, the industrial hotspot area 

undergoes spatial expansion, incorporating more of the surrounding areas. This spatial transformation reflects 

the dynamic and evolving nature of urban development in the study area, with key growth nodes emerging along 

transportation routes and existing urban centers experiencing substantial expansion and integration over time. 
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Fig. 5 Shows the observed and predicted urban growth in hectares for Mysuru during 2001-2022 

 

The predicted image is susceptible to errors; therefore, the accuracy of the prediction is typically 

assessed by comparing it with an observed map. The assessment of the accuracy of the modeled urban growth in 

Mysuru involves employing statistical measurements, namely the Kappa agreement and correlation coefficient, 

comparing historical and predicted urban areas. Additionally, a visual comparison of the spatial extents of actual 

and modeled urban areas is conducted. 

The overall accuracy of the modeled urban growth is determined to be 86.44%, indicating a reasonably 

high level of accuracy in the model's predictions. The Kappa agreement, a statistical measure of agreement, is 

calculated to be 0.71, which is considered an acceptable value. This suggests that there is agreement between the 

modeled urban growth and the reference historical urban area. 

However, a lower Kappa value for the model output implies a reduced spatial match between the 

predicted urban area and the observed urban growth. This discrepancy could be attributed to two main factors. 

Firstly, the coarse spatial resolution of the modeled urban data may contribute to differences when compared to 

the actual data. Secondly, the absence of certain urban patches in the modeled urban layer may also influence 

the lower Kappa value. Despite this, the overall accuracy of 86.44% indicates that the model provides a reliable 

representation of urban growth dynamics in Mysuru.  

A robust correlation is evident between the modeled and observed number of urban pixels for the years 

2016, 2007, 2014, and 2022, as indicated by a high R-squared (R2) value of 0.98. This high correlation signifies 

the success of the SLEUTH model in accurately simulating the urban growth area of Mysuru. The R2 value of 

0.98 indicates that approximately 98% of the variation in the observed urban pixels can be explained by the 

SLEUTH model, reinforcing its effectiveness in capturing and replicating the spatial patterns of urban growth in 

the study area across multiple time points. 

 

IV. Conclusions 
In the current study, a comprehensive dataset of land use and land cover was generated meant for 

Mysuru, India, utilizing a series of Landsat satellite images spanning a period of 27 years, ranging from 1995 to 

2022. The study has helped to effectively monitor, enumerate, and designate the fluctuations in land use and 

land cover over the time, with a particular focus on variations in built-up areas. This allowed us to identify and 

analyse the inclinations and patterns of urban expansion. The present work employed a mixture of remote 

sensing and GIS techniques to accurately capture and analyse the quantitative aspects of LULC modification 

and the intricate details of built-up expansion. This research is dedicated to the comprehensive analysis and 

modeling of urban growth patterns and dynamics in Mysuru City, India, spanning the years 1990 to 2040. Given 

the backdrop of swift urban expansion in small and medium-sized cities within developing nations, this research 

endeavours to pioneer the calibration and prediction of urban growth using the Cellular Automaton-based 

SLEUTH model in the medium-sized city of Mysuru in southern India. Mysuru has witnessed a rapid surge in 

urban development in recent years.  

Employing a mixed methodology approach, the study integrates remote sensing, GIS, and the urban 

growth model to systematically map, quantify, analyse, and predict the dynamics of urban growth in Mysuru 

over the specified period. Examination of classified historical urban growth from 2000 to 2020 reveals a 

consistent increase in the urban area of Mysuru. The calibrated SLEUTH model, utilizing data from 2000 to 
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2016, is deployed to predict urban growth up to the year 2040. The simulation from SLEUTH underscores the 

prominence of slope resistance, spread, and road gravity as pivotal factors influencing urban growth in Mysuru. 

Projections indicate an anticipated rise in urban area from 20,312.57 hectares in 1995 to 32,499.59 hectares by 

2040. Notably, growth is expected to diminish in the eastern part due to the inhibiting effect of slope resistance. 

While model validation deems the output acceptable, limitations are acknowledged in simulating small, patchy, 

and scattered urban growth in the city's outskirts. The application of the SLEUTH urban growth modeling 

proves invaluable for comprehending the urban growth process, providing urban planners with crucial insights 

to manage future urban expansion sustainably.  
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