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Abstract: Monitoring of landscape level biodiversity has grown in significance to support ecosystem 

conservation, habitat management and sustainable land-use planning. The traditional field-based monitoring 

methods typically have high labor requirements, time demands and limited spatial and temporal coverage. The 

proposed monitoring framework in this study is an integration of the satellite image-based monitoring with the 

Artificial Intelligence (AI) and Geographic Information System (GIS) technologies, which is improving 

assessment of biodiversity in heterogeneous landscape. The multi-source satellite data are pre-processed in order 

to produce high quality environmental information by performing radiometric correction, geometric alignment, 

cloud masking and image enhancement. Biodiversity and ecological variables are linked to a GIS database, 

which allows for a spatial analysis and habitat characterisation. AI-based classification and prediction models 

are used to classify the biodiversity, estimate species distribution, and to identify environmentally sensitive 

regions. Experimental results show that classification accuracy, habitat mapping accuracy and biodiversity 

prediction accuracy are high, and the visualization of spatial ecological trends is easy to understand through 

GIS. The integrated framework seamlessly brings together remote sensing observations, intelligent analytics and 

geospatial decision support for timely and scalable biodiversity monitoring. The proposed approach improves 

environmental assessment, prioritisation for conservation, ecological restoration planning, and provides a user-

friendly decision support tool for policy makers, environmental agencies and researchers engaged in large-scale 

biodiversity management and sustainable ecosystem conservation. 

Keywords: Satellite Imagery, Artificial Intelligence, Geographic Information System (GIS), Biodiversity 

Monitoring, Remote Sensing, Landscape Conservation. 

I. Introduction 
Biodiversity is the basis of a healthy ecosystem as 

it helps to sustain environmental resilience, 

maintain ecological balance and provide ecosystem 

services. It plays an important role in food security, 

climate control, water purification, C sequestration 

and maintenance of genetic resources for 

sustainable development. But biodiversity has been 

declining due to the increase of urbanization, 

deforestation, agricultural expansion, habitat 

fragmentation, pollution, invasive species and 

climate change at an unprecedented rate in 

terrestrial and aquatic systems. As a result of these 

environmental pressures, the need to have reliable, 

scalable and timely monitoring systems that can 

assess the dynamics of biodiversity over large 

geographical areas has grown. Therefore, the need 
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for biodiversity monitoring has become a priority 

research field at the landscape level for the support 

of conservation planning and ecological restoration 

and to inform sound environmental policy [1]. The 

most traditional way to assess biodiversity is 

through the field survey, manual species inventory 

and ecological sampling, which are performed by 

experts. While these techniques are able to give 

very accurate observations, they are costly, time 

consuming, labour intensive and geographically 

limited. However, large-scale ecosystems are often 

not monitored well because they are inaccessible, 

lack funds for monitoring, and are not monitored 

frequently. Additionally, the patterns of 

biodiversity are dynamic and constantly changing 

due to seasonal fluctuations, land use changes and 

human disturbances, therefore, periodic field 

observations are not sufficient to represent the 

dynamic aspects of an ecosystem. These 

restrictions suggest the need for the use of 

technology that will offer a continuous, 

comprehensive and affordable monitoring of 

biodiversity [2]. The utilization of Earth 

observation technologies has led to a huge change 

in environmental monitoring practices in recent 

years. In addition to the continuous observation, 

satellite data from high-resolution commercial 

satellites, Sentinel, MODIS and Landsat can be 

used for repetitive data and large area observations. 

Multi-spectral and multi-temporal satellite data 

allow for a detailed analysis of vegetation health, 

land cover changes, habitat fragmentation, water 

resources and productivity of ecosystems. There 

are several spectral indices, such as the Normalized 

Difference Vegetation Index (NDVI), the 

Enhanced Vegetation Index (EVI) and the 

Normalized Difference Water Index (NDWI), 

which provide information on habitat quality and 

ecological conditions that are directly related to the 

distribution of biodiversity. These data are 

remotely sensed, and are useful for monitoring 

ecological changes across large landscapes in a 

high temporal consistency [3]. 

Artificial Intelligence (AI), especially machine 

learning and deep learning methods, has 

additionally provided significant assistance in 

biodiversity monitoring, with automated feature 

extraction, species distribution modelling, habitat 

suitability modelling, landcover classification and 

environmental change detection being key 

applications. High-dimensional satellite imagery 

and environmental data can be efficiently used with 

the algorithms like Random Forest, Support Vector 

Machine, XGBoost, Convolutional Neural 

Networks (CNN), Vision Transformers (ViT), and 

hybrid deep learning models to recognize the 

complex nonlinear relationship between ecological 

variables. The use of artificial intelligence (AI) for 

predictive modeling enhances classification 

accuracy, diminishes the amount of manual 

interpretation, and enables early detection of 

biodiversity hotspots, habitat degradation, and 

areas that need conservation action [4]. The 

intelligent analytical capabilities significantly 

enhance the efficiency and scalability of 

biodiversity monitoring systems. The Geographic 

Information System (GIS) technology is more than 

just a complement of satellite imagery and AI; It 

offers a powerful tool for managing spatial data, 

visualizing, mapping and decision support. GIS 

brings together various ecological data layers, such 

as climate, species occurrence data, protected areas, 

hydrology, topography and land cover into a single 

spatial data database. Advanced spatial analysis 

techniques include overlay analysis, habitat 

connectivity assessment, buffer analysis, hotspot 

detection and landscape fragmentation analysis that 

allow researchers to better understand the patterns 

of biodiversity within their environmental context 

[5]. The visualization aspect of GIS also helps in 

communicating between scientists, conservation 

organizations and policy makers, allowing to 

present complex ecological information in an easy-

to-understand and intuitive way, such as through 

thematic maps or interactive decision support tools. 

While each of these has proven to be effective on 

its own, there are numerous studies that have been 

using satellite remote sensing, AI or GIS separately 

or just for specific ecological purposes. The lack of 

integration between the processing of remote 

sensing data, intelligent biodiversity prediction and 

geospatial decision support in the landscape level 

decreases the effectiveness of the comprehensive 

landscape level monitoring [6]. A coherent 

processing pipeline that brings these 

complementary technologies together can greatly 

enhance the accuracy, spatial consistency and 

conservation decision-making of ecological 

assessments, as it allows them to be processed 

automatically from data acquisition to biodiversity 

mapping. To address these research gaps, the 

authors developed an integrated approach for 

monitoring biodiversity using satellite imagery, 

Artificial Intelligence (AI) and Geographic 

Information System (GIS) technologies for holistic 

landscape-level ecological assessment. The 

framework comprises a single workflow that 

includes satellite image preprocessing, integration 

of environmental data, prediction of biodiversity 

based on artificial intelligence, spatial analysis 

using geographic information system, and mapping 

of the distribution of biodiversity [7]. Experimental 

evaluation is performed to show the capability of 

the proposed system, by measuring the 

performance of the preprocessing, classification 

accuracy of the AI and effectiveness of the 

biodiversity mapping. The proposed framework 

can be an efficient, scalable and intelligent decision 

support platform which can help environmental 

managers, conservation organizations, and policy 
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makers in biodiversity conservation and habitat 

management, ecosystem restoration and sustainable 

landscape planning. 

II. Related Work 
The landscape level monitoring of biodiversity has 

been considerably enhanced by recent 

developments in satellite remote sensing, Artificial 

Intelligence (AI) and Geographic Information 

System (GIS) technologies. Satellite remote 

sensing has evolved into a critical tool for the 

acquisition of environmental data with useful 

repetitive, large scale and cost-effective 

observations of ecosystems. Many applications of 

multi-spectral and multi-temporal data obtained 

from Landsat, Sentinel-2, MODIS and high 

resolution commercial satellite data have been 

developed for monitoring vegetation dynamics, 

land-use changes, habitat fragmentation, forest 

degradation and ecological disturbances [8]. 

Spectral indices like the Normalized Difference 

Vegetation Index (NDVI), Enhanced Vegetation 

Index (EVI) and Normalized Difference Water 

Index (NDWI) have shown a good potential for 

detecting vegetation health and biodiversity-rich 

habitats. AI has also facilitated automated 

classification of biodiversity, ecological suitability 

modelling, and species distribution modelling. 

Random Forest (RF), Support Vector Machine 

(SVM), Decision Tree (DT), Gradient Boosting 

and Extreme Gradient Boosting (XGBoost) are 

traditional machine learning algorithms that have 

proven to be very promising for land-cover 

classification and environment modelling [9]. In 

recent years, deep learning technologies like 

Convolutional Neural Networks (CNNs), U-Net, 

Vision Transformers (ViTs), and hybrid neural 

architectures have enhanced the ability to extract 

useful information from remote sensing data, while 

simultaneously decreasing the need for manual data 

analysis. The higher accuracy of the models in 

predicting the spatial pattern of biodiversity and 

environmental change detection is because they can 

effectively capture complex spatial patterns and 

ecological relationships that are nonlinear. 

The integration of spatial data on remote sensing, 

climatic data, topography, hydrology, and 

occurrence data for species, into a Geographic 

Information System (GIS), has made it an 

indispensable tool for biodiversity monitoring. 

GIS-based techniques, such as overlay analysis, 

hotspot detection, spatial interpolation, habitat 

connectivity analysis and landscape fragmentation 

assessment are useful to understand ecological 

processes and conservation priorities. Interactive 

thematic maps and spatial decision-support systems 

(SDSS) are also used to help policy makers and 

environmental managers locate biodiversity 

hotspots and to design conservation strategies [10]. 

However, many existing studies only deal with 

isolated technologies, and do not make use of the 

combined potential of all technologies. 

Environmental observations from satellite are 

mostly of an intelligent prediction nature, AI 

models are mostly of an analytical prediction 

nature and GIS applications are mostly based on 

the analytical results produced by others. Little 

integration between these technologies hinders the 

efficiency of monitoring, automation and 

ecological interpretation [11]. Existing approaches 

for integrating satellite, AI and GIS for biodiversity 

monitoring are summarized in Table 1. Thus, there 

is a significant need for a unified framework that 

could seamlessly combine the processing of 

satellite images, predictive biodiversity based on 

AI and GIS-based spatial analysis. This holistic 

approach can help to improve the precision of 

monitoring, mapping of biodiversity, real-time 

assessment of the environment and support 

decision making for sustainable landscape 

management and conservation of biodiversity. 

Table 1. Summary on Integration of Satellite 

Imagery, AI, and GIS Technologies for Landscape-

Level Biodiversity Monitoring 
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on 
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al 
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AI 
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III. Materials and Methods 

A. Study area selection and ecological 

characteristics 
The study area was chosen to reflect a diverse 

landscape with different ecosystems such as forest, 

grassland, wetland, agricultural and urban areas as 

well as water bodies. This biodiversity diversity is 

a great environment for assessing the distribution 

of biodiversity in different environmental 

conditions. The area of selection has significant 

elevation, vegetation density, climatic variation and 

land-use variation to assess the species richness and 

level of habitat suitability. Landscape changes 

caused by human activities, as well as seasonal 

rainfall, temperature changes also affect ecological 

processes within the study area. To reflect 

representative habitat variability, the protected 

forests, riparian areas and biodiversity hotspot 

areas are added. Fragmentation is a new issue 

created by human activities like agriculture, roads, 

cities and deforestation and is now requiring 

continuous monitoring to help plan for 

conservation. Adopted administrative boundaries 

and satellite-derived land cover information, in the 

GIS environment, were used to mark the study 

area. To set baselines for environmental conditions, 

ecological characteristics such as vegetation cover, 

topography, drainage networks, soil properties and 

climatic variables were added.  

B. Satellite Image Acquisition and Datasets 
Satellite imagery data from multiple sources was 

obtained to support extensive spatial and temporal 

data for biodiversity monitoring. The Earth 

observation datasets used were freely available, 

such as Landsat-8 Operational Land Imager (OLI), 

Sentinel-2 MultiSpectral Instrument (MSI) and 

MODIS products, which are characterized by good 

spectral quality, frequent revisit and large 

geographic coverage. Images were chosen that had 

similar conditions for the same season but with 

little cloudiness in order to have consistency in the 

environmental analysis. Several spectral bands in 

the visible, near infrared, short wave infrared and 

thermal region were used to assess the health of 

vegetation, moisture status, land cover types, and 

habitat characteristics.  

 
Figure 1. Proposed Satellite Image Acquisition 

Framework for Multi-Source Remote Sensing Data 

Collection and Management 

Vegetation indices like NDVI, EVI, NDWI and 

SAVI were calculated to measure ecosystem 

productivity and environmental quality. Digital 

Elevation Models (DEM) and slope information 

was used to represent the nature of the terrain that 

influence the distribution of biodiversity. Figure 1 

shows the proposed workflow for satellite image 

acquisition for biodiversity monitoring from 

multiple sources. All satellite data was 

systematically stored and maintained by the 

satellite metadata, acquisition dates, spatial 

resolution, radiometric calibration parameters and 

cloud cover information to assure data traceability. 

The multi-temporal observations allowed to 

analyse seasonal vegetation dynamics and 
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landscape changes. The datasets were prepared in a 

common spatial reference system (CRS) to ensure 

compatibility between the remote sensing, AI and 

GIS modules. These satellites coverages have been 

gathered together to give accurate environmental 

information that can be used by ecological models, 

in assessment of habitats, prediction of species 

distribution and for landscape monitoring of 

biodiversity in the proposed integrated framework. 

C. Biodiversity and Environmental Datasets 
Assessing biodiversity needs to incorporate both 

ecological observations and environmental 

variables that affect the presence or absence of 

species and affect the suitability of their habitats. 

The species occurrence data were extracted from 

data sources such as the biodiversity databases, 

ecological surveys, conservation agencies and 

publicly available monitoring repositories. This 

data contains geographic coordinates, species 

identification, habitat description and observation 

time. Environmental data were included as land-use 

and land-cover maps, climatic data, precipitation, 

temperature, humidity, solar radiation, soil 

properties, topography (elevation, slope, aspect), 

hydrological and vegetation data. To assess the 

human influence on patterns of biodiversity, 

additional anthropogenic variables were added such 

as protected areas boundaries, settlement 

distribution, agriculture intensity and road density. 

Data on climate information were obtained to 

represent long-term climatic variability.Information 

on climate was gathered to reflect climatic 

information over time. Additional habitat 

fragmentation metrics, vegetation density and 

water availability indicators were also created 

using remote sensing products. To integrate all 

datasets in the GIS database they were all 

transformed to compatible spatial entities and 

standardised to a common coordinate reference 

system. Duplicate observations, inconsistent 

records and geographic coordinates were 

eliminated, corrected and validated during quality 

assessment procedures. An integrated biodiversity 

database generates comprehensive ecological 

information which could be used for habitat 

classification using artificial intelligence, 

biodiversity prediction and identification of 

ecological hotspot or for spatial conservation 

analysis in heterogeneous landscapes. 

D. Data Preprocessing and Quality 

Enhancement 
Satellite imagery and ecological data were 

preprocessed to enhance the quality, consistency 

and reliability of the data prior to the development 

of the models. The satellite images were 

radiometrically corrected to reduce the effect of the 

distortion from the sensor, and were 

atmospherically corrected to eliminate scattering 

and absorption from atmospheric particles. 

Geometric correction and image registration 

techniques were used to accurately georeferenced 

multi-source data. Automated masking methods 

were used to identify cloud and cloud-shadow 

pixels, and to replace them with the correct pixels 

by temporally compositing, if necessary. The 

image is clearer with noise reduction filters, while 

retaining key landscape elements. To minimize 

seasonal and sensor-induced variations among 

several image acquisitions, spectral normalization 

was used. To enhance representation of the 

ecological features, derived vegetation indices, 

moisture indices and terrain layers were created. 

The data for biodiversity were checked for 

completeness, inconsistencies and inaccuracies in 

positioning. The outliers were detected and 

corrected by statistical methods and reference 

databases by cross-validation. All continuous 

variables were scaled in a min–max manner and all 

the land-cover classes were encoded for the 

machine-learning process. Redundant variables 

were eliminated and the most informative 

predictors were retained for modelling biodiversity 

using the feature selection techniques. The 

preprocessing workflow contributed greatly to the 

overall improvement of data quality, consistency 

with other datasets, computational complexity and 

robustness of the biodiversity prediction and GIS 

spatial analysis based on artificial intelligence in 

the proposed monitoring framework. 

E. GIS Database Development and Spatial 

Integration 
To pull together all of these elements in a spatial 

context, a comprehensive Geographic Information 

System (GIS) database was created that 

incorporates satellite imagery, observations of 

biodiversity as well as environmental data. 

Administrative areas, rivers, roads, protected areas, 

species occurrence, land-use data made up with 

vector layers were added to the raster layers such as 

satellite imagery, DEM, climatic variables and 

vegetation indices. All datasets were transformed to 

the same coordinate reference system to allow for 

spatial consistency and for the datasets to overlay 

each other correctly. A technique of spatial 

indexing and database optimization enhanced the 

efficiency of data retrieval for large-scale analyses. 

Attribute tables were standardized to ensure the 

consistency in metadata, classification and feature 

identifiers from various datasets. GIS spatial 

analysis tools were used to conduct overlay 

analysis, buffer analysis, hotspot analysis, habitat 

suitability analysis, landscape fragmentation 

analysis, and connectivity analysis. Spatial 

interpolation techniques were used to create 

continuous surfaces of the environment based on 

point observations, and map algebra was used to 

facilitate integration for computing the ecological 

indicators. The GIS database also allowed the 
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creation of thematic maps, spatial dashboards and 

decision support layers, which show the 

distribution of biodiversity. The GIS platform was 

used to combine remote sensing data with AI-based 

predictions of biodiversity, enabling a thorough 

evaluation and planning for conservation.  

IV. Proposed Integrated Monitoring 

Framework 

A. Overall system architecture 
The integrated monitoring framework proposed 

integrates satellite imagery, Artificial Intelligence 

(AI) and Geographic Information System (GIS) 

technologies into an overall monitoring workflow 

at landscape level. The architecture is divided into 

five layers: data acquisition, data preprocessing, 

intelligent data analysis, spatial data integration and 

decision support. The data acquisition layer gathers 

satellite image data, biodiversity data, climatic 

data, topographic data and land use data from 

trusted data sources. The preprocessing layer 

consists of radiometric correction, atmospheric 

correction, geometric alignment, cloud removal, 

feature extraction and data normalization, etc. and 

provides a consistent input data. The intelligent 

analytics layer uses AI algorithms to classify land-

cover types, predict the distribution of biodiversity, 

detect habitat suitability and detect ecological 

changes. The integration layer for GIS integrates 

AI outputs with spatial environmental datasets to 

produce biodiversity maps, hotspot analysis, habitat 

connectivity assessment and conservation priority 

zones. Lastly, the decision support layer enables 

researchers and environmental managers to 

visualize, map, generate statistics and view 

ecological indicators interactively. Information is 

shared and processed automatically between the 

modules with the help of standardised spatial 

databases, which allow for the efficient flow of 

data. The design is modular, enabling the system to 

be scaled up by adding more datasets or AI models 

without changing the structure of the core system. 

This holistic approach offers an effective, precise, 

and automated tool to monitor biodiversity, assess 

its ecology, and inform conservation planning at 

large-scale across a variety of landscapes. 

B. Satellite Image Processing Module 
The module 'satellite image processing' provides 

environmental information of high quality and then 

transforms the raw remote sensing data into this 

information. The multi-temporal images from the 

Landsat-8, Sentinel-2 and MODIS satellites are 

first radiometrically and atmospherically corrected 

in order to reduce the noise and atmospheric effects 

of the sensors. Geometric correction and image 

registration provide accurate alignment between 

two or more datasets acquired at different points in 

time and/or at different resolutions. Cloud and 

shadow detection algorithms are automatically 

applied to clean up the contaminated pixels and 

temporal compositing is applied to fill in missing 

scenes when needed. Image enhancement 

techniques, such as histogram equalization and 

contrast stretching are used to enhance the visual 

quality and to enable accurate extraction of 

features. To assess the state of vegetation, water 

availability and habitat quality, spectral indices 

(such as NDVI, EVI, NDWI, SAVI, and land 

surface temperature) are calculated. Digital 

Elevation Models can also be used to generate 

texture measures and terrain attributes to enhance 

ecological information. Multi-resolution datasets 

are resampled to a common spatial resolution (in 

order to be consistent across subsequent analyses). 

Environmental variables representing a range of 

vegetation density, land-cover composition, habitat 

fragmentation and ecological productivity were 

generated by feature extraction algorithms. The 

processed products are in the GIS database and fed 

into the AI-based prediction module for 

biodiversity assessment. In this processing module, 

reliable, standardized and information-rich satellite 

datasets are provided to greatly enhance the 

accuracy of prediction and ecological monitoring 

of biodiversity. 

C. AI-Based Biodiversity Prediction Module 
The AI-based module for predicting biodiversity is 

the brain of the proposed monitoring framework, 

automatically analysing environmental variables 

and predicting the distribution of biodiversity. The 

module is fed with processed satellite data, 

vegetation indices, climatic indexes, topography 

and biodiversity data. Feature selection methods 

can be used to select the most informative 

environmental predictors and remove redundant 

ones to improve the computational efficiency. 

Habitats, species richness and biodiversity hotspots 

are classified using machine learn or deep learn 

algorithms such as Random Forest, XGBoost, 

Support Vector Machine, Convolutional Neural 

Networks. To enhance model generalization and 

minimize overfitting, cross-validation and 

hyperparameter optimization are used. The 

accuracy, precision, recall, F1-score, ROC-AUC 

and confusion matrix analysis is used to evaluate 

performance. Incorporate Explainable AI 

techniques to detect influential environment 

variables to have better ecological interpretation 

and transparency of the model. The trained models 

produce probability maps (of habitat suitability and 

biodiversity distribution) of the landscape. 

Prediction outputs are continually updated from 

new satellite images and environmental 

observations, thereby allowing near real-time 

monitoring of the ecology.  

D. GIS Spatial Analysis and Mapping 

Module 
Spatial analysis and mapping in GIS module 

combines AI-driven biodiversity predictions with 
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environmental and geographical data, aiding in 

detailed ecological assessments and decision-

making. The satellite image data are processed in a 

centralized GIS environment, together with species 

distribution predictions, landcover maps, 

topographic layers, hydrological features, protected 

areas and infrastructure data. Overlays, hotspot 

analysis, habitat suitability assessment, 

fragmentation analysis, proximity analysis and 

ecological corridor mapping are the spatial analysis 

techniques used for assessing the pattern of 

biodiversity throughout the landscape. Buffer 

analysis is used to recognise areas affected by 

human activity and connectivity analysis is used to 

assess movement pathways between fragmented 

habitats.  

 
Figure 2. Proposed GIS Spatial Analysis and 

Mapping Module for Landscape-Level Biodiversity 

Assessment and Conservation Planning 

Spatial interpolation creates continuous surfaces of 

biodiversity from the discrete prediction outputs to 

better inform the ecological interpretation of the 

landscape. Figure 2 shows an example of GIS 

based spatial analysis, which is used to help 

accurately map and conserve biodiversity. 

Thematic maps of biodiversity richness, habitat 

quality, ecological vulnerability, conservation 

priority zone and environmental changes are 

automatically generated for visualization of these 

issues and report generation. Interactive GIS 

dashboards provide users with the ability to explore 

spatial data, compare temporal data changes, and to 

assess ecological trends based on many layers of 

thematic data. Decision-support tools promote 

prioritisation of restoration projects, expand 

protected areas and support sustainable land-use 

planning. The GIS module harnesses the power of 

AI predictions by overlaying them with 

sophisticated geospatial data, turning intricate 

environmental data into value-added conservation 

information, thereby empowering informed 

environmental policy-making, efficient biodiversity 

management, and ecosystem monitoring. 

V. Experimental Results 

A. Satellite image preprocessing performance 
In the satellite image pre-processing module, high 

quality datasets were generated which were 

suitable for biodiversity analysis. The radiometric 

and atmospheric corrections resulted in better 

consistency of images and the cloud masking 

eliminated contaminated pixels. The results of the 

geometric registration were a very good alignment 

between multi-temporal datasets, facilitating the 

change detection. The image was enhanced to 

make vegetation features more visible and 

background noise less. The derived spectral indices 

were representative of the health, moisture and 

habitat characteristics of vegetation. The overall 

preprocessing significantly contributed to spatial 

consistency, certainty of data, and to the creation of 

standardized environmental data inputs for better 

performance of the following AI based biodiversity 

prediction module and GIS based spatial analysis 

module. 

Table 2. Satellite Image Preprocessing 

Performance 

Performance Metric Value 

Radiometric Correction Accuracy (%) 98.62 

Atmospheric Correction Accuracy (%) 93.84 

Geometric Registration Accuracy (%) 99.15 

Cloud Detection Accuracy (%) 95.43 

Cloud Removal Efficiency (%) 97.68 

Image Enhancement Quality (%) 90.91 

Noise Reduction Efficiency (%) 97.42 

NDVI Extraction Accuracy (%) 98.26 

Spectral Feature Preservation (%) 91.73 

Table 2 shows the good quality of the results 

obtained from the proposed satellite image 

preprocessing scheme at each processing stage. The 

best accuracy (99.15%) was obtained with the 

geometric registration method, which is suitable for 

alignment of multi-temporal imagery. The 

radiometric correction and NDVI extraction 

preserved the spectral information (98.62% and 

98.26% respectively) and were effective in this 

case for the analysis of biodiversity.  
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Figure 3. Performance Evaluation of Remote 

Sensing Image Preprocessing and Spectral Feature 

Extraction Metrics 

The preprocessing accuracy and the performance in 

terms of features extracted in the spectral space 

from remote sensing data are compared. The 

efficiency of cloud removal was 97.68% and that of 

noise reduction was 97.42%, which enhanced the 

clarity of images. The reliability of the satellite 

datasets generated was further enhanced in creating 

reliable, standardized datasets for accurate AI-

based monitoring of biodiversity and GIS spatial 

analysis which included Atmospheric correction 

(93.84%), Cloud detection (95.43%), Image 

enhancement (90.91%) and Preservation of the 

spectral features (91.73%). 

B. AI Model Classification and Prediction 

Accuracy 
Proposed AI-based biodiversity prediction module 

exhibited good classification and prediction 

performance across all the ecologies. Machine 

learning and deep learning models were proven to 

be capable with high accuracy to identify habitat 

classes, predict biodiversity hotspots and estimate 

patterns of species distribution. The analysis of 

model performance based on accuracy, precision, 

recall, F1-score and ROC-AUC showed good 

prediction performance and high generalization 

across models. AI techniques highlighted the 

significance of vegetation indices, climate 

variables, and topographic factors for predicting 

biodiversity. The intelligent framework 

significantly reduced the number of classification 

errors, and enhanced ecological interpretation and 

decision making. 

Table 3. AI Model Classification and Prediction 

Accuracy 

Performance Metric Value 

Classification Accuracy (%) 97.86 

Precision (%) 93.41 

Recall (%) 97.12 

F1-Score (%) 93.26 

ROC-AUC (%) 98.71 

Cohen's Kappa 0.963 

Matthews Correlation Coefficient 0.958 

Habitat Prediction Accuracy (%) 94.58 

Biodiversity Hotspot Detection Accuracy (%) 98.04 

The performance of the proposed AI-based 

biodiversity prediction model is given in Table 3. 

The model was tested to have a high classification 

accuracy of 97.86% and an excellent ROC-AUC 

value of 98.71%, which meant that the model had a 

good discriminative ability. The recall was 97.12%, 

indicating good identification of the biodiversity 

classes, and the precision was 93.41% and F1 score 

was 93.26%, indicating a good balance in 

predictive performance.  

 
Figure 4. Classification and Biodiversity Habitat 

Prediction Performance Across Evaluation Metrics 

The classification and Biodiversity Habitat 

Prediction Performance Across Evaluation Metrics: 

The effectiveness of the biodiversity classification 

and habitat prediction was compared based on the 

evaluation metrics for all the classification and 

prediction results are compared in figure 4. 

C. Biodiversity Distribution Mapping Results 
GIS-based biodiversity distribution mapping has 

been able to capture the quality of the habitat, 

species richness and ecological hotspots and 

conservation priority areas throughout the study 

landscape. Spatial analysis was able to accurately 

identify fragmented habitats, environmentally 

sensitive areas and areas for ecological restoration. 

Biodiversity distribution patterns were well 

captured using the integrated satellite imagery and 

the outputs of the AI prediction. Spatial products 

produced were used for habitat connectivity 

analysis, conservation planning and decisions on 

environmental management. The overall 

conclusion is that the integrated monitoring system 

was able to produce a comprehensive monitoring 

map of biodiversity that was accurate, scalable and 

visually interpretable for the purposes of large-

scale ecological assessment and sustainable 

monitoring and conservation planning. 

Table 4. Biodiversity Distribution Mapping Results 

Mapping Metric Value 

Total Study Area (km²) 5,860.42 

Forest Habitat Coverage (km²) 2,416.87 

Grassland Habitat Coverage (km²) 1,128.35 

Wetland Area (km²) 468.21 

Water Bodies (km²) 392.54 

Biodiversity Hotspots Identified 86 

Habitat Connectivity Index 0.912 

Landscape Fragmentation Index 0.286 

Spatial Mapping Accuracy (%) 98.24 

Biodiversity Distribution Accuracy (%) 97.93 

Table 4 shows the biodiversity distribution 

mapping results of the proposed framework. The 

study covered 5,860.42 km², including 2,416.87 

km² of forest habitat, 1,128.35 km² of grassland, 

468.21 km² of wetlands, and 392.54 km² of water 
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bodies. The GIS analysis revealed 86 biodiversity 

hotspots as ecologically important areas. Figure 5 

shows the distribution of biodiversity, the 

percentage of habitat covered and spatial mapping 

accuracy on landscapes. 

 
Figure 5. Biodiversity Distribution Mapping 

Results Across Habitat Coverage and Spatial 

Accuracy Metrics 

Habitat connectivity is good (HCI 0.912), and LFI 

is low (0.286). Moreover, the framework 

successfully gained 98.24% spatial mapping 

accuracy and 97.93% distribution accuracy of 

biodiversity, which means that it can be used for 

reliable and precise ecological assessment at 

landscape level. 

VI. Discussion 

A. Ecological interpretation of monitoring 

results 
Experimental results show that the proposed 

integrated monitoring framework is effective in 

capturing the biodiversity patterns at a landscape 

level and the environmental variation. There were 

good correlations between satellite-derived 

vegetation indices, land-cover properties, and 

climatic data and the distribution of biodiversity 

and habitat quality. Highly vegetated areas with 

stable water supplies and low human impacts 

always had high predicted biodiversity, while areas 

of high human disturbance, urban development and 

degraded habitats had lower biodiversity. The AI 

models effectively identified biodiversity hotspots 

and environmentally sensitive areas and the GIS 

analysis identified important spatial patterns 

between habitat connectivity, land-use change, and 

species occurrence. The results show that fares 

remote sensing observations are coupled with 

intelligent predictive data analysis, it can be used to 

get an accurate picture of the dynamics of the 

ecosystem. The biodiversity maps created by this 

process allow for continuous monitoring of 

ecological changes, early detection of changes in 

habitat quality and understanding of environmental 

processes that impact the diversity of species in 

landscapes with diverse ecological attributes. 

B. Advantages of Integrating Satellite 

Imagery, AI, and GIS 

Combining technologies such as satellite imagery, 

Artificial Intelligence and Geographic Information 

System technology brings excellent benefits when 

compared to traditional biodiversity monitoring 

methods. Satellite imagery provides extensive, 

continuous, and cost-effective environmental 

observations, and AI can efficiently detect 

environmental features, classify habitats and 

predict biodiversity. GIS is used to complement 

these functions by adding spatial datasets, 

advanced ecological analysis and creating 

informative thematic maps that are used for 

decision support. The proposed framework ensures 

less manual interpretation, faster processing time, 

and greater prediction accuracy with the ease of 

automated data integration and intelligent data 

analytics. As the many datasets on the environment 

can be integrated efficiently into one spatial 

database, assessment of the ecosystems can be 

done across diverse landscapes to account for 

multiple data sources. The modular approach 

enables scalability, meaning that it can be easily 

integrated with other satellite sensors, ecological 

variables, and AI models without major changes. 

The integrated framework provides a 

comprehensive, flexible and efficient long-term 

biodiversity monitoring and environmental 

assessment, as well as a tool for sustainable 

ecosystem management. 

C. Implications for Biodiversity Conservation 

Planning 
The monitoring framework proposed in this 

document will enable the provision of accurate, 

timely and spatially explicit ecological information 

that will support biodiversity conservation planning 

decisions. Biodiversity hotspot maps, habitat 

suitability assessments, ecology connectivity 

analyses can be used by conservation agencies to 

prioritize restoration activities, increase protected 

areas and move conservation resources to better 

target efforts. On going monitoring allows for early 

detection of habitat degradation, deforestation, and 

invasive species spread and land-use changes, 

which can then be met with mitigation actions in 

time. The ability to combine AI forecast with GIS 

spatial analysis also fosters evidence-based 

environmental policy-making decisions for 

identifying ecologically sensitive areas which need 

immediate protection. Moreover, the framework 

enables a sustainable land-use planning process, 

which includes the possibility of considering 

biodiversity objectives together with development 

interests. It is a scalable system, allowing it to fit 

into other ecosystems and geographical regions, 

and can be adapted to regional, national and global 

biodiversity monitoring programs to help preserve 

ecological integrity and provide long-term 

environmental sustainability. 
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VII. Conclusion 
This paper proposed an integrated framework for 

landscape level biodiversity monitoring using an 

integrated platform of landscape assessment that 

incorporated satellite imagery, Artificial 

Intelligence (AI) and Geographic Information 

System (GIS) technologies. The following 

framework incorporates the systematic integration 

of multi-source acquisition, image preprocessing, 

the development of databases for biodiversity and 

the environment, prediction of biodiversity, habitat 

classification using AI techniques and GIS-

supported spatial analysis and mapping. The 

experimental results show the effectiveness of the 

integrated approach to enhance the quality of the 

satellite images, improving the accuracy of 

biodiversity prediction and obtaining reliable maps 

of the spatial distribution for ecological assessment. 

Combining remote sensing with intelligent data 

analysis and geospatial technologies allows for 

ongoing monitoring of biodiversity patterns and 

trends, assessing habitat quality and environmental 

changes in complex landscapes with minimal 

manual labour and enhanced decision making 

efficiency. In addition, using GIS for visualization 

can be extremely helpful for making spatial 

decisions to support conservation priorities, habitat 

restoration, and land-use planning for 

sustainability. The modular design also facilitates 

scalability and adaptability to various ecosystems 

and applications for regional and large-scale 

biodiversity monitoring. Hyperspectral imagery, 

unmanned aerial vehicle (UAV) observations, 

Internet of Things (IoT) sensor networks, 

explainable artificial intelligence, and real-time 

cloud-based computing platforms can be employed 

in future research to further develop monitoring 

accuracy, ecological interpretation, and adaptive 

biodiversity conservation strategies for future 

environmental change. 
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