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Flood events significantly change the geographic distribution and extent of land use 

and land cover (LULC), with impacts on agriculture, barren land, built-up area, 

vegetation and water bodies. This study assesses LULC changes in the Krishna River 

basin, near Sangli district, Maharashtra, before and after the 2019 flood events using 

Landsat 8 OLI imagery for May 2019 (pre-flood) and October 2019 (post flood). LULC 

classification was carried out using the supervised classification approach using 

Maximum Likelihood technique, which ensures high precision in distinguishing 

between pre-flood and post-flood land cover types by using spectral information 

derived from training samples to assign each pixel to the most likely class. The accuracy 

of classified images was validated using ground truth data, accuracy assessment, 

including kappa statistics. The result indicates class- wise changes agricultural land 

expanded from 49.06% to 71% driven by rapid replanting, sediment deposition, 

enhanced soil moisture and barren land decreased from 12 % to 4%, while built-up 

areas reduced from 28% to 17% due to inundation. Vegetation showed a slight increase 

from 9% to 10% and water bodies remained constant at 1%, indicating that most 

floodwaters had receded. These changes illustrate both the destructive effects of 

inundation on built-up areas and the regenerative impacts on agriculture and 

vegetation. Results indicate substantial changes in LULC classes. The study 

demonstrates the effectiveness of integrating multi-temporal remote sensing with GIS 

tools to measure flood induced changes in land use and land cover. This approach offers 

significant contributions to disaster impact assessment, sustainable land management 

and rehabilitation in areas that are vulnerable to flooding.  

Keywords: GIS, flood mapping, land use/land cover, maximum likelihood 

classification, remote sensing. 

 

INTRODUCTION 

Floods are among the most frequent and devastating natural events in the world, frequently causing major 

infrastructure damage, long-term economic disruption, and a high death toll. The monsoon season in India provides 

a prolonged heavy rainfall, which often resulting floods in a number of significant river basins [1]. One of the most 

notable river systems in India, the Krishna River Basin, is particularly vulnerable to these occurrences because of 

heavy monsoonal rainfall, dam releases, and unexpected changes in land usage [2]. A major hydrometeorological 

event, the 2019 flood caused extensive agricultural loss, urban inundation and ecological disturbance in Sangli district 

Maharashtra and adjoining locations within the basin. Planning for land use, environmental sustainability, and 

disaster preparedness all depend on an understanding of how such occurrences affect land systems [3]. The dynamic 

environmental indicators of land use and land cover (LULC) show both organic and agricultural changes. By 

drowning agricultural land, destroying built-up regions, and changing vegetation cover, floods drastically change 

LULC patterns [4]. Evaluating the amount of flood effect requires accurate monitoring and assessment of these 

changes. Remote Sensing (RS) and Geographic Information Systems (GIS) serve as powerful tools for analyzing 
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spatiotemporal variations in LULC in this context [5]. Regional-scale LULC mapping and change identification can 

benefit from multi-temporal, moderate-resolution data provided by satellite sensors like Landsat 8, which is 

equipped with the Thermal Infrared Sensor (TIRS) and Operational Land Imager (OLI) [6].  

The effectiveness of LULC categorization and change detection methods in evaluating flood impacts has been shown 

in earlier research. Effective decision-making in post-disaster scenarios is supported by multi-temporal image 

analysis, which makes it easier to identify land cover changes, such as from barren ground to vegetation [7]. To 

produce precise thematic maps that differentiate between agriculture, barren land, built-up areas, vegetation and 

water bodies, the supervised classification techniques like support vector machines, maximum likelihood and 

random forest are frequently used [8]. The spatial and quantitative number of flood-induced changes can then be 

revealed by comparing these classed maps using change detection techniques. 

The Krishna River Basin, while agriculturally productive and densely inhabited, is increasingly vulnerable to floods 

due to deforestation, urban sprawl and encroachments in low-lying floodplains. The 2019 flood event offers a valuable 

opportunity to assess how extreme hydrological stressors affect land systems in such complex and sensitive 

environments [9][10]. Therefore, using Landsat 8 satellite imagery, the current work attempts to examine the 

temporal changes in land use and land cover brought on by the 2019 flood in the basin of Krishna River. LULC maps 

are created in a GIS environment using supervised classification approaches for two time periods: May 2019 (pre-

flood) and October 2019 (post-flood). In order to assess the scope and character of LULC transitions, the classified 

maps are compared. Changes in vegetation, built-up areas, agricultural and barren land are given special attention. 

It is anticipated that the findings will advance knowledge of the effects of flooding and aid in the creation of better 

land-use policies, flood risk management strategies and plans for sustainable development in areas vulnerable to 

flooding.  

STUDY AREA 

The study area is situated in the Sangli district of Maharashtra, India, a region that experienced severe flooding during 

August 2019. Geographically, it lies between approximately 16°45′N to 17°15′N latitude and 74°15′E to 74°45′E 

longitude, covering fertile floodplains along a major river system. The tropical monsoon climate, receiving most of 

its rainfall occurring from June to September. Sangli district is characterized by fertile rich alluvial soils, which 

supports intensive agriculture practices. However, its location within a low-lying floodplain and closeness to major 

river channels makes it extremely prone to flooding during heavy rainfall events and upstream water releases [11].  

The August 2019 flood submerged vast agricultural areas, damaged built-up zones, and altered land cover patterns. 

The district contains diverse land cover types, including water bodies, agricultural land, built-up areas, vegetation 

and barren land making it appropriate for detailed multi-temporal LULC change detection and flood effect 

assessment through remote sensing techniques and geographic information techniques. The figure 1 shows location 

of study area. The Krishna River basin is the second largest in Sangli district, Maharashtra. It rises in Western Ghats, 

Maharashtra and flows east and passes through Sangli district. The river runs 301 kilometers through this state. It is 

usual for the river to meander when it traverses plains. Consequently, the Krishna River has many turns and 

tribulations. Curves and meanders significantly reduce the velocity, which increases flooding on both the inner and 

outer banks. The selection of the study area should consider factors including geographic constraints, land use, size 

and the existence of significant rivers [12]. 
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Fig. 1: Location of the Study Area.  

METHODOLOGY 

A systematic series of remote sensing and GIS-based techniques were used in the present work methodology, to 

determine and evaluate changes in land use and land cover (LULC) brought on by the 2019 flood in the Krishna River 

Basin. The methodology consisted of six main stages: satellite image acquisition, image preprocessing, supervised 

classification, area computation, accuracy assessment, and final LULC map generation [13]. Below is a detailed 

description of each stage as shown in figure 2.  

 

Fig. 2: Methodology Adopted.  

DATA COLLECTION 

This study made use of multi-temporal Landsat 8 OLI satellite data. One image from the pre-flood period May 2019 

and another from the post-flood October 2019 period were obtained. Regional-scale LULC investigations can benefit 

from the multispectral imagery that Landsat 8 offers, which has a resolution of 30 meters [14]. The satellite imagery 

for the study was obtained from the USGS Earth Explorer. 

IMAGE PRE-PROCESSING 

To get the satellite data ready for analysis, typical image preprocessing was used before classification. A multispectral 

composite image was first produced by layer stacking using the appropriate spectral bands 1 to 7. Spatial correctness 

was then ensured by georeferencing and projecting the data using the WGS 84 datum to the Universal Transverse 
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Mercator (UTM) coordinate system, Zone 43N [15]. The analysis was then confined to the specific study area by 

extracting the region of interest, which is a section of the Krishna River Basin, using a shapefile. 

IMAGE CLASSIFICATION 

This study primarily utilized the Maximum Likelihood classification approach to map and analyze modifications in 

land use and land cover (LULC). This supervised classification method was selected due to its solid statistical 

foundation, which allows each pixel in a remote sensing image to be assigned to the class for which it has the best 

likelihood of belonging based on spectral values [16]. Utilizing satellite imagery from May 2019 (before to the flood) 

and October 2019 (post-flood), temporal variations in LULC were identified and recorded. The Landsat8 images 

included in the datasets has several spectral bands that may be used for in-depth classification [17]. Training samples 

were developed using a combination of visual interpretation and prior information of the study area for the five main 

land cover classes (agricultural, barren land, built-up area, vegetation, and water bodies) before categorization shown 

in Table 1. Its suitability for this study was validated by the MLC algorithm which demonstrated high accuracy and 

reliability for Landsat-based LULC mapping. 

Table 1:  Land cover Classification 

Sr. No. Land Cover Description 

1. Agriculture Land cover crop field, fallow, plantation 

2. Barren Land 

Land cover by residential, commercial services, building 

& other man-made structure, industrial area, mixed built 

up land  

3. Built-up Area 
Land with sand, rocks, bare ground, gravel pits, strips 

mines  

4. Vegetation Lands with trees, scattered plants, forest land 

5. Water Body River, reservoir, lakes, streams 

AREA ASSESSMENT 

Using GIS-based analysis the area corresponding to each land cover category was calculated after classification and 

expressed in square kilometers of the total study area. The ability to compare LULC categories quantitatively between 

May and October 2019 highlighted transitions brought on by floods.  

ACCURACY ASSESSMENT 

An accuracy assessment was conducted using reference points gathered from high quality Google Earth images. To 

evaluate the dependability of the categorized LULC maps, a confusion matrix was generated and the user's accuracy, 

producer's accuracy, kappa coefficient and total accuracy were calculated [18][19].  

LULC MAP 

Final land use land cover maps were created for both the pre and post flood areas. Major land cover changes, 

especially the effects of flooding on agricultural land, populated regions and barren land were identified and 

quantified through the analysis and interpretation of the generated maps. 

RESULTS AND DISCUSSION 

The land use land cover maps for the study area were developed using maximum likelihood classification approach. 

LULC maps classified into five categories: agriculture, barren land, built-up area, vegetation and water body. 

LAND USE LAND COVER CLASSIFICATION PRE-FLOOD  

The pre-flood LULC classification for May 2019, generated using the Maximum Likelihood Classification technique 

on Landsat 8 imagery, revealed five major land cover categories: Agriculture, Barren Land, Built-up Area, Vegetation 

and Water Body. Areal statistics show that Agriculture was the dominant class, occupying 49.06% (819.41 km²) of 

the total study area, followed by Built-up Area at 28.41% (474.85 km²). Barren Land covered 12.41% (207.35 km²), 

while Vegetation accounted for 9.06% (157.80 km²). Water Bodies were limited to 1.06% (11.00 km²), as expected 
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during the pre-monsoon period when river discharge is minimal. The classification achieved an overall accuracy of 

82% with a Kappa coefficient of 0.6959, indicating substantial agreement between classified and reference data. 

Table 2: The Area wise distribution of LULC of pre-flood image 

Sr No. LULC Class Area (km2) Area (%) 

 1. Agriculture 819.41 49.06 

2. Barren Land 207.35 12.41 

3. Built-up Area 474.85 28.41 

4. Vegetation 157.80 9.06 

5. Water Body 11.00 1.06 

6. Total 1670.41 100 

 

Fig. 3: Pre-flood LULC Classification.  

LAND USE LAND COVER CLASSIFICATION POST FLOOD  

The post-flood LULC classification for October 2019 indicates significant spatial changes in land cover following the 

flood event. Agriculture increased sharply to 71% (1182.47 km²), reflecting extensive water recession and renewed 

cropping activity after the floods. Built-up Area declined to 17% (289.78 km²), possibly due to inundation effects. 

Barren Land reduced drastically to 4% (73.58 km²), while Vegetation slightly increased to 10% (109.38 km²). The 

Water Body class remained at 1% (15.20 km²), though its spatial distribution expanded along river courses, consistent 

with post-flood high water retention in certain pockets.  The classification attained an overall accuracy of 90% and a 

Kappa coefficient of 0.7374, demonstrating improved post-flood classification reliability compared to pre-flood 

mapping. These changes underline the significant hydrological and geomorphological influence of the flood on land 

cover distribution. The reduction in barren land and built-up areas, alongside an increase in agriculture, points 

towards post-flood land use adjustments and short-term rehabilitation efforts. 

Table 3. The area wise distribution of LULC of post flood image 

Sr. No. LULC Class Area (km2) Area (%) 

1. Agriculture 1182.47 71 

2. Barren Land 73.58 4 

3. Built-up Area 289.78 17 

4. Vegetation 109.38 10 

5. Water Body 15.20 1 

6. Total 1670.41 100 
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Fig. 4: Post-flood LULC Classification.  

LAND USE LAND COVER CHANGE DETECTION  

The study area's land use and land cover maps for May 2019 figure 3 and October 2019 figure 4 were created using 

satellite imagery. These maps show how different land types, such as agricultural, barren land, built up area, 

vegetation and water bodies are distributed spatially. Land cover variations over time were examined by comparing 

satellite imagery. This methodology enabled the measurement of improvement and decrease in each land use class 

and made it easier to identify changes in land cover categories. In order to identify trends and patterns in LULC 

changes the classification and change detection analysis results were evaluated.  Table 4 The pre flood and post flood 

LULC maps provide a clear visual and quantitative evaluation of flood impacts in the study area. The observed 

agricultural expansion post-flood highlights the resilience of rural communities and the benefits of flood-deposited 

alluvium, which can enhance soil fertility. However, the decline in built-up area coverage may indicate both actual 

flood-induced damage to infrastructure and classification limitations in distinguishing between damaged settlements 

and agricultural/barren land. Overall, the change detection analysis offers important insights into flood-induced land 

cover transformations, supporting disaster impact assessment and informing future flood management strategies in 

the Krishna River basin. 

Table 4: LULC change detection 

LULC Class May-2019 

Area (%) 

October 

2019 

Area (%) 

Change (%) Change Description 

Agriculture 49 71 +22 Significant increase due to flood water recession 

Barren Land 12 
4 

-8 Large reduction as barren land converted to 

agriculture or flood water  

Built-up Area 28 
17 

-11 Decrease due to inundation, damage to 

settlement  

Vegetation 9 

10 

+1 Vegetation cover increased, possibly due to 

seasonal agricultural activities and regeneration 

after flood recession. 

Water Body 1 
1 

0 Spatial distribution expanded along river 

channels and floodplain 

 

ACCURACY ASSESSMENT 

In remote sensing, the Kappa coefficient is a commonly used statistical measure to assess how accurately land use 

and land cover classifications are made. It considers the agreement that might occur by default and measures the 

agreement between reference data and classified data. The Kappa coefficient is therefore a reliable instrument for 

evaluating the accuracy of classification findings. Using the Kappa coefficient and additional measures like producer's 
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accuracy, user's accuracy and overall accuracy, it can improve the validity and reliability of classifications based on 

remote sensing [20][21]. By including these measures, categorization performance may be thoroughly assessed.  pre-

flood and post flood LULC classification, generated using the Maximum Likelihood Classification technique on 

Landsat 8 imagery, revealed five major land cover categories: Agriculture, Barren Land, Built-up Area, Vegetation 

and Water Body. 

CONCLUSION 

 The Significant flood driven variations in land use and land cover were detected in the Sangli district after a 

multitemporal assessment of satellite images from May 2019 (pre-flood) and October 2019 (post-flood) that was 

categorized using the supervised maximum likelihood approach. The result indicates class- wise changes agricultural 

land expanded from 49.06% to 71% driven by rapid replanting, sediment deposition, enhanced soil moisture and 

barren land decreased from 12 % to 4%, while built-up areas reduced from 28% to 17% due to inundation. Vegetation 

showed a slight increase from 9% to 10% and water bodies remained constant at 1%, indicating that most floodwaters 

had receded. These findings show how significant hydrological events may quickly alter floodplain environments, 

highlighting both the destructive and restorative effects of the 2019 flood. The results emphasize the importance of 

integrating remote sensing and GIS for prompt post-disaster evaluation, which can aid in resilience planning, disaster 

preparedness and sustainable land management.  
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