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Abstract

The global imperative to combat climate change necessitates accurate estimation of carbon dioxide (CO2)
emissions, particularly in rapidly developing nations like Saudi Arabia. The proposed research, "Al-Based
Estimation of Carbon Emissions Using Satellite Imagery: A Case Study on Urban and Agricultural Areas
in Saudi Arabia," seeks to integrate machine learning (ML) and satellite imagery (e.g., Sentinel-2,
Sentinel-5P) to estimate CO2 emissions in urban and agricultural contexts. This report reviews twenty-
three peer-reviewed studies published between 2016 and 2025, focusing on their use of Al, satellite
imagery, and relevance to carbon emissions estimation in Saudi Arabia or similar regions. These studies
provide methodological insights, regional context, and performance benchmarks, while highlighting a
research gap in combining satellite imagery with CO2 emissions estimation in Saudi Arabia. The findings
are summarized in a comprehensive table, with a critical analysis of each study's strengths and
weaknesses, reinforcing the proposed research's novelty and feasibility.

Introduction

Rising CO2 emissions contribute significantly to global warming, making accurate monitoring critical for
sustainable development. Saudi Arabia, with its urban expansion and agricultural initiatives under Vision
2030/2060, presents a unique case for studying emissions in arid environments. The proposed research
aims to develop an Al-based model using satellite imagery (e.g., Sentinel-2, Sentinel-5P) to estimate CO2
emissions in urban and agricultural areas. This report reviews twenty-three relevant studies from 2016 to
2025, assessing their methodologies, datasets, and contributions. Each study is presented with
comprehensive analysis of its methodology, contribution, problems addressed, results, and limitations,
followed by a detailed summary table, methodological analysis, discussion of their support for the
proposed project, and a dedicated research gap section.

Literature Review

Paper 1: Application of Artificial Intelligence to Predict CO2 Emissions (2023)

Nassef et al. (2023) developed a comprehensive Al-driven framework for predicting CO2 emissions in
Saudi Arabia, representing one of the first dedicated studies applying advanced machine learning to
Saudi-specific emissions forecasting. Methodology: The research utilized historical emissions data
spanning 66 years (1954-2020) from the "Our World in Data" database, implementing three distinct Al
architectures: Feed-Forward Neural Networks (FFNN) with backpropagation learning, Adaptive Network-
Based Fuzzy Inference System (ANFIS) combining neural networks with fuzzy logic, and Long Short-
Term Memory (LSTM) networks for temporal sequence modeling. Data preprocessing included
normalization, outlier detection, and a 70:30 train-test split with 5-fold cross-validation. The ensemble
approach weighted individual model predictions based on validation performance. Contribution: This
study established the first comprehensive Al benchmark for Saudi Arabia emissions prediction, achieving
exceptional R? = 93.13% with RMSE = 0.081, demonstrating that ensemble methods significantly
outperform individual models for emissions forecasting. The research provided a robust framework for
national-level emissions prediction using readily available historical data and established performance
baselines for future Saudi-specific studies. Problems Addressed: The study tackled the critical gap in
accurate, long-term emissions forecasting for Saudi Arabia's climate policy planning, addressing the need
for reliable prediction models to support Vision 2060 carbon neutrality goals and international climate



commitments. Results: The ensemble approach achieved superior performance with R* = 93.13%, RMSE
= 0.081, and MAE = 0.067, with LSTM showing the best individual performance (R* = 91.2%) followed
by FFNN (R? = 89.7%) and ANFIS (R? = 87.3%). The model successfully captured long-term emission
trends and demonstrated strong predictive capability for future scenarios. Limitations: The methodology
was restricted to historical data analysis without incorporating spatial disaggregation or satellite-derived
environmental variables, limiting its applicability for spatially explicit emissions monitoring. The reliance
on national-level aggregated data prevented sub-regional analysis, and the absence of real-time data
integration restricted operational monitoring capabilities for dynamic emissions assessment (Nassef et al.,
2023).

Paper 2: Decision Tree-Based Ensemble Model for Predicting GHG Emissions in Saudi
Arabia (2023)

Rahman et al. (2023) developed a sophisticated ensemble modeling framework specifically designed for
greenhouse gas emissions prediction in Saudi Arabia, utilizing decision tree-based algorithms combined
with socioeconomic indicators. Methodology: The study integrated historical emissions data from
PRIMAP-hist database (1750-2019) covering 269 years with World Bank socioeconomic indicators
(1970-2021). Three ensemble algorithms were implemented: Bagged Decision Trees using bootstrap
aggregating with 500 trees, Boosted Decision Trees employing AdaBoost with adaptive learning rates,
and Gradient Boosted Decision Trees using XGBoost with optimized hyperparameters. Feature
engineering included correlation analysis, mutual information scoring, and Shapley additive explanations
(SHAP) for feature importance ranking. Model validation employed temporal cross-validation with 80:20
train-test splits. Contribution: The research established decision tree ensembles as highly effective for
emissions prediction in developing countries, achieving R* = 0.90 with low MAPE = 3.2%. The study
pioneered the use of Shapley analysis for emissions prediction interpretability, identifying GDP per
capita, energy consumption, and industrial activity as primary emission drivers in Saudi Arabia. Problems
Addressed: The study addressed the challenge of emissions prediction for rapidly developing economies
with changing socioeconomic structures, providing interpretable models for policy makers to understand
key emission drivers and intervention points. Results: The bagged decision tree model achieved optimal
performance (R = 0.90, MAPE = 3.2%, RMSE = 15.7 Mt CO2), outperforming boosted (R*> = 0.87) and
gradient boosted (R? = 0.89) variants. Shapley analysis revealed that GDP per capita contributed 34% to
prediction variance, energy consumption 28%, and population growth 18%. Limitations: The
methodology excluded satellite-derived environmental variables and spatial analysis capabilities, limiting
its application to national-level aggregated predictions without sub-regional granularity. The reliance on
socioeconomic indicators may not capture short-term emissions variations driven by weather, policy
changes, or economic disruptions (Rahman et al., 2023).

Paper 3: AlI-Based Modelling for CO2 Emission Prediction in Saudi Arabia (2023)

Alamri and Khan (2023) pioneered the application of state-of-the-art time series forecasting models for
CO2 emissions prediction in Saudi Arabia, introducing advanced deep learning architectures previously
unexplored in Middle Eastern emissions research. Methodology: The study synthesized data from
multiple authoritative sources including World Bank development indicators, BP Statistical Review of
World Energy, and Our World in Data emissions database, creating a comprehensive 50-year dataset
(1971-2020). Four advanced Al models were implemented: Exponential Smoothing with trend and
seasonal components, Transformer networks with multi-head attention mechanisms, Temporal
Convolutional Networks (TCN) featuring dilated convolutions for long-range dependencies, and N-
BEATS (Neural Basis Expansion Analysis for Time Series) with residual connections. Data preprocessing
included stationarity testing using Augmented Dickey-Fuller tests, seasonal decomposition, and feature
scaling. Model selection employed walk-forward validation with expanding windows. Contribution: This
research introduced cutting-edge time series architectures to emissions forecasting in Saudi Arabia, with
N-BEATS achieving R? = 0.7 and demonstrating the potential of modern neural architectures for



environmental prediction. The study provided the first comparative analysis of advanced deep learning
models for Saudi emissions, establishing baselines for future research. Problems Addressed: The study
addressed limitations of traditional econometric models in capturing complex non-linear relationships in
emissions data, providing more sophisticated tools for climate policy planning and emissions scenario
modeling. Results: N-BEATS achieved the highest performance (R* = 0.7, MAE = 0.045, RMSE =
0.062), followed by TCN (R? = 0.68), Transformers (R? = 0.65), and Exponential Smoothing (R? = 0.58).
The models successfully captured seasonal patterns and long-term trends, with N-BEATS showing
superior generalization for out-of-sample forecasting. Limitations: The moderate R? values suggest room
for improvement in predictive accuracy, possibly due to limited feature engineering and absence of
external variables like satellite-derived environmental indicators. The models focused on temporal
patterns without incorporating spatial heterogeneity or real-time environmental monitoring data (Alamri
& Khan, 2023).

Paper 4: Greenhouse Gas Emission Dynamics of Saudi Arabia: Potential of Hydrogen Fuel
for Emission Footprint Reduction (2023)

Akinpelu et al. (2023) conducted a comprehensive systematic review and analysis of Saudi Arabia's
greenhouse gas emission landscape, providing crucial policy context for understanding national emission
dynamics and reduction strategies. Methodology: The study employed systematic literature review
methodology combined with quantitative analysis of emissions data from multiple authoritative sources
including the International Energy Agency (IEA), Saudi Ministry of Energy, ARAMCO sustainability
reports, and international climate databases. The analysis covered sectoral emissions breakdown, temporal
trends (1990-2022), and projections under different scenarios. The research integrated policy document
analysis, examining Saudi Vision 2030/2060 targets, NEOM project specifications, and the Saudi Green
Initiative framework. Contribution: This study provided the most comprehensive analysis of Saudi
Arabia's emission dynamics in the context of Vision 2060, identifying hydrogen fuel as a potentially
transformative technology for emission reduction. The research quantified sector-specific emission
contributions and established baseline metrics for evaluating national decarbonization progress. Problems
Addressed: The study addressed the critical need for comprehensive understanding of Saudi Arabia's
emission landscape to support evidence-based policy making and international climate commitments. It
tackled the challenge of transitioning a petroleum-based economy toward carbon neutrality while
maintaining economic growth. Results: The analysis revealed that energy sector contributes 85% of
national emissions, with power generation (38%), industrial processes (27%), and transportation (20%) as
primary sources. The study projected that green hydrogen could reduce national emissions by 30-40% by
2050 under optimal deployment scenarios. Limitations: As a policy-focused review study, it provided
limited technical methodology for emissions monitoring or prediction, focusing primarily on strategic
analysis rather than quantitative modeling tools. The study lacked spatial analysis capabilities and real-
time monitoring frameworks that would be essential for operational emissions tracking (Akinpelu et al.,
2023).

Paper 5: Estimating CO2 Emissions from Power Plants Using Satellite Imagery and ML
(2024)

Couture et al. (2024) developed a groundbreaking methodology for estimating CO2 emissions from
power plants using multi-source satellite imagery combined with machine learning algorithms,
representing a significant advancement in satellite-based emissions monitoring. Methodology: The study
integrated imagery from three satellite platforms: Landsat-8 (30m resolution, 16-day revisit), Sentinel-2
(10m resolution, 5-day revisit), and PlanetScope (3m resolution, daily revisit) to capture power plant
characteristics and operational patterns. Ground truth data included US EPA Continuous Emissions
Monitoring Program (CEMS) data and European ENTSO-E power generation statistics. The ML pipeline
featured XGBoost for regression analysis and Convolutional Neural Networks (CNNs) for spatial pattern



recognition. Data preprocessing included atmospheric correction using Sen2Cor, cloud masking via
Fmask algorithm, and temporal compositing for seasonal analysis. Feature extraction involved spectral
indices (NDVI, NDBI), thermal anomaly detection, and plume visibility analysis. Contribution: This
research pioneered the integration of multi-resolution satellite imagery for power plant emissions
estimation, achieving RMSE = 2.18 Mt CO2 and demonstrating the feasibility of operational satellite-
based emissions monitoring. The study established a transferable methodology applicable to global power
plant monitoring and provided validation frameworks for satellite-derived emissions estimates. Problems
Addressed: The study addressed the critical gap in independent verification of self-reported power plant
emissions, providing transparent monitoring capabilities for regulatory compliance and international
climate agreements. Results: The integrated approach achieved RMSE = 2.18 Mt CO2 for annual
emissions estimation, with CNN models excelling at spatial pattern recognition (R? = 0.87) and XGBoost
superior for regression tasks (R? = 0.84). Sentinel-2 provided optimal balance between spatial and
temporal resolution for operational monitoring. Limitations: The methodology was specifically optimized
for large power plants (>100 MW capacity) and required clear atmospheric conditions for optical satellite
analysis. The approach focused on point sources rather than distributed urban or agricultural emissions,
limiting its direct applicability to the proposed research's broader scope (Couture et al., 2024).

Paper 6: Air Pollution Trends and Predictive Modeling Using Sentinel-SP and Deep
Learning in Saudi Cities (2025)

Alkayal et al. (2025) developed an advanced atmospheric monitoring framework using Sentinel-5P
satellite data combined with deep learning techniques for air pollution prediction in Saudi Arabian urban
environments. Methodology: The study utilized Sentinel-5SP TROPOMI instrument data providing daily
global coverage of atmospheric trace gases at 7x%3.5 km resolution. Three Saudi cities with different
characteristics were selected: Riyadh (capital megacity), Jeddah (coastal industrial), and Dammam
(petrochemical hub). The deep learning architecture combined Convolutional Neural Networks for spatial
pattern recognition with LSTM networks for temporal sequence modeling. Data preprocessing included
quality flag filtering, cloud screening, and spatial aggregation to city-level metrics. Meteorological data
from local weather stations provided auxiliary features including wind speed, temperature, humidity, and
atmospheric pressure. Contribution: This research represented the first application of Sentinel-5P
atmospheric data for air quality prediction in Saudi Arabia, achieving superior accuracy compared to
traditional statistical models and demonstrating the potential of satellite-based real-time atmospheric
monitoring. The study established baselines for operational air quality forecasting systems in arid urban
environments. Problems Addressed: The study addressed the challenge of continuous air quality
monitoring in rapidly growing Saudi cities, providing early warning capabilities for pollution episodes
and supporting public health protection measures. Results: The CNN-LSTM model achieved significant
improvements over traditional approaches, with prediction accuracy improvements of 23% for Riyadh,
18% for Jeddah, and 25% for Dammam. The model successfully captured diurnal and seasonal pollution
patterns, with correlation coefficients exceeding 0.85 for all three cities. Limitations: The study focused
specifically on NO2 monitoring rather than CO2 emissions, limiting direct applicability to carbon
emissions research. The 7 km spatial resolution of Sentinel-5P data constrained analysis to city-level
rather than neighborhood-scale monitoring, and the methodology required adaptation for CO2 monitoring
applications (Alkayal et al., 2025).

Paper 7: PlanetScope Nanosatellites Image Classification Using ML (2022)

Haq (2022) pioneered the application of high-resolution nanosatellite imagery for vegetation
classification in Saudi Arabia's agricultural regions, demonstrating the potential of commercial satellite
constellations for environmental monitoring in arid environments. Methodology: The study utilized
PlanetScope constellation imagery providing 3-meter spatial resolution with daily revisit capability over
Al-Qassim region, Saudi Arabia's primary agricultural area. Machine learning classification employed
Random Forest (500 trees) and Multinomial Logistic Regression algorithms. Auxiliary datasets included



GRACE/GRACE-FO gravitational data for groundwater monitoring and MERRA-2 reanalysis for
meteorological variables. Image preprocessing involved radiometric calibration, atmospheric correction,
and NDVI calculation for vegetation vigor assessment. Ground truth data collection included field
surveys of crop types, irrigation patterns, and land management practices. Contribution: This research
established PlanetScope imagery as highly effective for agricultural monitoring in arid regions, achieving
98% classification accuracy and providing methodological framework for high-resolution agricultural
analysis. The study demonstrated daily monitoring capabilities essential for precision agriculture
applications in water-scarce environments. Problems Addressed: The study addressed the challenge of
monitoring agricultural expansion and water use efficiency in Saudi Arabia's desert agriculture,
supporting food security initiatives and sustainable water management in arid regions. Results: Random
Forest achieved 98% overall accuracy with producer's accuracy of 97% for cropland, 96% for date palms,
and 99% for barren land. Multinomial Logistic Regression achieved 94% accuracy, demonstrating robust
performance across classification algorithms. NDVI analysis revealed strong correlation (r = 0.89)
between vegetation indices and crop productivity. Limitations: The study focused exclusively on
vegetation classification without direct estimation of carbon fluxes or emissions. The commercial nature
of PlanetScope data may limit operational scalability, and the methodology required adaptation for
atmospheric emissions monitoring rather than surface vegetation analysis (Haq, 2022).

Paper 8: Estimating Carbon Stocks and Sequestration in Abha City, Saudi Arabia (2022)

Mallick et al. (2022) developed a comprehensive urban carbon assessment framework using the InNVEST
(Integrated Valuation of Ecosystem Services and Tradeoffs) model combined with multi-temporal satellite
analysis for Saudi urban environments. Methodology: The study integrated Landsat imagery (1990-2020)
with extensive field measurements across Abha city to quantify four carbon pools: aboveground biomass,
belowground biomass, soil organic carbon, and dead organic matter. The InVEST Carbon Storage and
Sequestration model was calibrated using allometric equations specific to arid urban vegetation. Land use
change analysis employed supervised classification with Support Vector Machines. Field sampling
included 150 measurement plots across urban forest, parks, residential areas, and commercial zones.
Carbon stock valuation used international carbon credit prices ($15-45/tC0O2). Contribution: This research
pioneered urban carbon stock assessment in Saudi Arabian cities, providing monetary valuation of urban
carbon services and establishing methodological framework for low-carbon city development. The study
quantified ecosystem service values and demonstrated economic benefits of urban greening initiatives.
Problems Addressed: The study addressed the need for quantitative assessment of urban carbon storage to
support Abha's development as a model low-carbon city and provide evidence base for urban forest
expansion and green infrastructure investments. Results: Total carbon storage was estimated at 2.47
million tCO2 with economic value of $37-111 million. Urban forests provided highest carbon density
(120 tCO2/ha), followed by parks (85 tCO2/ha) and residential areas (45 tCO2/ha). Land use change
analysis revealed 15% increase in green cover (2010-2020) resulting in net carbon sequestration of 12,000
tCO2/year. Limitations: The methodology focused on carbon stocks and sequestration rather than active
CO2 emissions, requiring different approaches for real-time emissions monitoring. The InVEST model
provided static estimates rather than dynamic emissions tracking, and the approach was optimized for
urban vegetation rather than industrial or transportation emissions sources (Mallick et al., 2022).

Paper 9: Urban Health-Related Air Quality Indicators in MENA Countries (2019)

Elnadry et al. (2019) conducted a comprehensive regional analysis of air quality indicators across Middle
East and North Africa (MENA) countries using multi-source satellite data combined with machine
learning techniques. Methodology: The study integrated data from multiple satellite platforms including
MODIS (Moderate Resolution Imaging Spectroradiometer) for aerosol optical depth, OMI (Ozone
Monitoring Instrument) for trace gases, and AERONET ground-based measurements for validation.
Machine learning classification employed Support Vector Machines, Random Forest, and Neural
Networks for air quality prediction. The analysis covered 15 MENA countries including Saudi Arabia,



focusing on urban areas with populations exceeding 1 million. Data preprocessing included quality
control filtering, cloud screening, and temporal averaging to reduce noise. Contribution: This research
provided the first comprehensive satellite-based air quality assessment for the MENA region, establishing
baseline conditions and identifying regional pollution patterns. The study demonstrated the effectiveness
of satellite remote sensing for air quality monitoring in data-sparse regions and provided validation
frameworks for satellite-derived air quality products. Problems Addressed: The study addressed the
limited ground-based air quality monitoring networks in MENA countries, providing cost-effective
alternatives for regional air quality assessment and supporting health impact studies in rapidly urbanizing
regions. Results: The analysis revealed significant spatial and temporal variations in air quality across
MENA region, with Saudi Arabia showing moderate aerosol optical depth (0.35+0.12) compared to
regional average (0.42+0.18). Machine learning models achieved R? = 0.78 for air quality prediction with
Random Forest showing best performance. Limitations: The study focused on aerosol optical depth and
general air quality indicators rather than specific greenhouse gas emissions like CO2. The moderate
spatial resolution (1-10 km) limited analysis to city-level rather than neighborhood-scale assessment, and
the methodology required significant adaptation for carbon emissions monitoring applications (Elnadry et
al., 2019).

Paper 10: Estimation of Soil Organic Carbon in Agricultural Fields (2022)

Madugundu et al. (2022) developed a sophisticated remote sensing framework for quantifying soil
organic carbon in Saudi Arabian agricultural systems using multi-sensor satellite imagery. Methodology:
The study integrated Landsat-8 (30m resolution) and Sentinel-2 (10m resolution) imagery with extensive
soil sampling across major agricultural regions in Saudi Arabia. Spectral analysis employed vegetation
indices (NDVI, EVI, SAVI), soil indices (Brightness Index, Coloration Index), and thermal bands for soil
moisture assessment. Machine learning regression included Random Forest, Support Vector Regression,
and Partial Least Squares regression. Ground truth data comprised 350 soil samples analyzed for organic
carbon content using standard laboratory protocols. Preprocessing included atmospheric correction,
geometric registration, and temporal compositing for seasonal analysis. Contribution: This research
established satellite-based methodologies for soil carbon monitoring in arid agricultural systems,
achieving strong correlation (R? = 0.82) between spectral measurements and field-measured soil carbon.
The study provided essential baseline data for carbon cycle analysis in Saudi agriculture and
demonstrated the potential of operational soil carbon monitoring. Problems Addressed: The study
addressed the critical need for monitoring soil carbon dynamics in Saudi Arabia's expanding agricultural
sector, supporting sustainable agriculture practices and carbon sequestration potential assessment in arid
environments. Results: Sentinel-2 achieved superior performance (R? = 0.82, RMSE = 0.34%) compared
to Landsat-8 (R* = 0.76, RMSE = 0.41%) for soil carbon estimation. Random Forest regression showed
best performance among ML algorithms. Soil organic carbon ranged from 0.2-1.8% across different
agricultural systems, with center-pivot irrigated fields showing highest values. Limitations: The
methodology focused on soil carbon content rather than atmospheric CO2 emissions, requiring different
approaches for emissions monitoring. The study provided static carbon assessment rather than dynamic
flux measurements, and the satellite-based approach was limited to soil surface properties rather than full
soil profile analysis (Madugundu et al., 2022).

Paper 11: Improving Spatial Prediction of Soil Organic Carbon in Arid Regions (2020)

Taghizadeh-Mehrjardi et al. (2020) developed advanced machine learning frameworks for spatial
prediction of soil organic carbon in arid regions, employing stacking ensemble methods with satellite-
derived environmental covariates. Methodology: The study utilized satellite-derived environmental
covariates from MODIS, Landsat, and SRTM sources including climate variables, vegetation indices,
topographic parameters, and soil properties. The stacking ensemble approach combined Random Forest,
Support Vector Machines, and k-Nearest Neighbors as base learners with neural networks as meta-
learners. Covariate rescanning employed recursive feature elimination and principal component analysis



for dimensionality reduction. Spatial validation used geographic blocking to assess model transferability
across different climatic zones. Field data comprised 1,200 soil samples from Iran and similar arid
regions. Contribution: This research advanced spatial prediction methodologies for soil carbon in arid
environments, demonstrating that ensemble methods significantly improve prediction accuracy compared
to individual algorithms. The study provided transferable methodologies applicable to similar arid regions
including Saudi Arabia. Problems Addressed: The study addressed the challenge of accurate soil carbon
mapping in arid regions where traditional soil surveys are costly and time-consuming, providing cost-
effective alternatives for large-scale carbon assessment in water-limited environments. Results: The
stacking ensemble achieved R?> = (0.74 and RMSE = 0.28% for soil organic carbon prediction,
outperforming individual models by 12-18%. Climate variables contributed 45% to prediction accuracy,
followed by vegetation indices (28%) and topographic factors (18%). Cross-validation demonstrated good
model transferability across different arid zones. Limitations: The study focused on soil carbon content
rather than atmospheric emissions and was not specifically calibrated for Saudi Arabian conditions. The
methodology provided static carbon mapping rather than dynamic emissions monitoring, and required
extensive field sampling for calibration which may limit operational scalability (Taghizadeh-Mehrjardi et
al., 2020).

Paper 12: Deep Learning and Earth Observation for Sustainable Development Goals
(2022)

Persello et al. (2022) conducted a comprehensive review of deep learning applications in Earth
observation for addressing sustainable development goals, providing methodological guidance for
environmental monitoring and climate action applications. Methodology: The study employed systematic
literature review methodology, analyzing 450+ peer-reviewed publications (2015-2021) focusing on deep
learning applications in Earth observation. The review categorized applications by SDG targets, data
sources (optical, SAR, hyperspectral), and deep learning architectures (CNNs, RNNs, GANSs,
Transformers). Technical analysis included performance comparisons, computational requirements, and
scalability assessments. Case studies were selected representing different geographic regions and
environmental challenges. Contribution: This research provided the most comprehensive analysis of deep
learning potential for environmental monitoring, identifying best practices and emerging trends in
satellite-based environmental analysis. The study established methodological frameworks for applying
advanced Al techniques to climate and environmental challenges. Problems Addressed: The study
addressed the fragmented state of deep learning applications in Earth observation, providing unified
frameworks and identifying research gaps for advancing environmental monitoring capabilities using
state-of-the-art Al techniques. Results: The analysis revealed CNN architectures as most effective for
spatial pattern recognition (85% of successful applications), while RNNs excelled for temporal analysis
(78% success rate). Transfer learning improved model performance by 15-25% when training data was
limited. Attention mechanisms showed 12% improvement over traditional CNNs for complex
environmental patterns. Limitations: As a review study, it provided limited technical implementation
details for specific applications like emissions monitoring. The broad scope limited detailed analysis of
Saudi Arabia-specific challenges, and the review did not include the most recent developments in
transformer architectures and multi-modal fusion techniques (Persello et al., 2022).

Paper 13: Predicting CO2 Emission Footprint Using Al through Machine Learning (2022)

Meng and Noman (2022) developed sophisticated time series forecasting models for global CO2
emissions prediction, with particular emphasis on capturing the impact of the COVID-19 pandemic on
emission patterns. Methodology: The study employed Seasonal Autoregressive Integrated Moving
Average (SARIMA) models with modifications for different pandemic periods. Global annual CO2
emission data spanning 267 years (1751-2018) provided training foundation. Four distinct pandemic-
period models were developed: pre-COVID-19 (baseline), start-COVID-19 (immediate impact), trans-
COVID-19 (transition period), and post-COVID-19 (recovery phase). Model selection used information



criteria (AIC, BIC) and walk-forward validation. External factors including economic indicators, energy
prices, and policy interventions were incorporated as exogenous variables. Contribution: This research
pioneered the integration of pandemic impact analysis into emissions forecasting, achieving high
accuracy with post-COVID-19 model showing lowest MAPE (2.1%), MSE (0.034), and RMSE (0.184).
The study provided frameworks for incorporating external shocks into emissions prediction models.
Problems Addressed: The study addressed the challenge of emissions forecasting during unprecedented
global disruptions, providing adaptive modeling frameworks that can account for external factors like
pandemics, economic crises, or major policy changes. Results: The post-COVID-19 SARIMA model
achieved optimal performance with MAPE = 2.1%, significantly outperforming pre-pandemic models
(MAPE = 4.7%). Forecasts for 2022-2027 predicted gradual emissions recovery with 2019 levels reached
by 2024. The model successfully captured the 7% emissions reduction during 2020 and subsequent
rebound patterns. Limitations: The global scope limited applicability to regional or national predictions,
and the focus on historical data without satellite integration restricted spatial analysis capabilities. The
methodology required substantial historical data for calibration and may not capture rapid technological
or policy changes affecting emissions patterns (Meng & Noman, 2022).

Paper 14: Employment of GIS Techniques for Soil Organic Carbon Assessment in Hyper-
Arid Conditions (2019)

Tola et al. (2019) developed comprehensive GIS-based methodologies for assessing long-term impacts of
agricultural management practices on soil organic carbon in hyper-arid environments similar to Saudi
Arabia. Methodology: The study employed advanced GIS spatial analysis techniques combined with
multi-temporal remote sensing data to quantify carbon changes across different tillage treatments over 15-
year period. Spatial interpolation used kriging and inverse distance weighting for carbon distribution
mapping. Remote sensing analysis integrated Landsat imagery for land cover classification and MODIS
data for vegetation monitoring. Field sampling employed systematic grid sampling with 450 measurement
points across experimental plots. Statistical analysis included ANOVA for treatment effects and regression
analysis for temporal trends. Contribution: This research established GIS-based frameworks for long-term
carbon monitoring in hyper-arid agricultural systems, demonstrating significant impacts of management
practices on soil carbon dynamics. The study provided essential methodological foundations for
agricultural carbon assessment in extreme arid conditions. Problems Addressed: The study addressed the
critical need for understanding agricultural carbon dynamics in water-limited environments, supporting
sustainable agriculture development and carbon sequestration potential assessment in arid agricultural
systems. Results: Conservation tillage increased soil organic carbon by 23% compared to conventional
tillage over 15 years. Spatial analysis revealed significant heterogeneity in carbon distribution with
coefficient of variation ranging from 15-35%. GIS modeling successfully predicted carbon changes with
R?=0.76 and RMSE = 0.12%. Limitations: The methodology focused on soil carbon content rather than
atmospheric emissions monitoring and was limited to specific agricultural management practices. The
GIS-based approach provided limited temporal resolution for dynamic emissions tracking and required
extensive field calibration data (Tola et al., 2019).

Paper 15: Detection of Land Use/Land Cover Changes and Urban Sprawl in Al-Khobar,
Saudi Arabia (2016)

Rahman (2016) pioneered satellite-based urban change detection analysis in Saudi Arabian cities,
developing comprehensive methodologies for monitoring rapid urban expansion and its environmental
implications. Methodology: The study utilized multi-temporal Landsat imagery (1985, 2000, 2015)
covering 30-year urban development period in Al-Khobar, a major Saudi coastal city. Image
preprocessing included geometric correction, radiometric calibration, and atmospheric correction using
dark object subtraction. Land cover classification employed Maximum Likelihood and Support Vector
Machine algorithms with accuracy assessment using error matrices. Change detection utilized post-



classification comparison and change vector analysis. Urban sprawl analysis included spatial metrics
(patch density, edge density, landscape shape index) for quantifying urbanization patterns. Contribution:
This research provided the first comprehensive satellite-based analysis of urban sprawl in Saudi Arabia,
achieving high accuracy (92%) in change detection and establishing methodological frameworks for
monitoring rapid urban growth in arid environments. The study documented massive urban expansion
(150% increase in built-up area) with significant environmental implications. Problems Addressed: The
study addressed the critical need for monitoring and understanding rapid urbanization impacts in Saudi
Arabia, supporting urban planning and environmental management in fast-growing Gulf cities. Results:
Urban area increased from 35 km? (1985) to 87 km? (2015), representing 150% growth over 30 years.
Classification accuracy exceeded 92% for all time periods. Urban sprawl analysis revealed fragmented
development patterns with decreasing compactness indices over time. Natural vegetation declined by 45%
during the study period. Limitations: The methodology focused on land cover changes rather than direct
emissions monitoring and provided static temporal snapshots rather than continuous monitoring. The
approach required adaptation for real-time emissions tracking and integration with atmospheric
monitoring capabilities (Rahman, 2016).

Paper 16: ML Techniques to Map Urban Heat Islands in Jeddah (2023)

Addas (2023) developed advanced machine learning frameworks for mapping and analyzing urban heat
island effects in Jeddah, Saudi Arabia, using satellite thermal imagery combined with land use
characteristics. Methodology: The study integrated Landsat-8 thermal infrared imagery with high-
resolution land use data for comprehensive heat island analysis. Machine learning classification employed
Random Forest, Support Vector Machine, and Gradient Boosting algorithms for temperature prediction
based on land cover characteristics. Feature engineering included spectral indices (NDVI, NDBI,
MNDWI), morphological parameters (building density, height, spacing), and socioeconomic variables.
Thermal analysis used land surface temperature retrieval from TIRS bands with atmospheric correction.
Validation employed ground-based temperature measurements from meteorological stations and mobile
sensors. Contribution: This research established machine learning approaches for operational heat island
monitoring in Saudi urban environments, achieving high accuracy (R? = 0.89) in temperature prediction
and providing actionable insights for urban climate management. The study identified key factors driving
heat island intensity in arid urban environments. Problems Addressed: The study addressed the growing
challenge of urban heat stress in Saudi cities, providing evidence-based tools for urban planning and
climate adaptation strategies in extreme heat environments. Results: Random Forest achieved best
performance (R? = 0.89, RMSE = 1.2°C) for temperature prediction. Urban heat island intensity reached
8-12°C difference between urban core and rural areas. Built-up density showed strongest correlation (r =
0.76) with surface temperature, followed by vegetation cover (r = -0.68). Machine learning models
successfully identified heat mitigation strategies. Limitations: The study focused on surface temperature
rather than atmospheric emissions and provided limited connection to carbon emissions monitoring. The
methodology was optimized for thermal analysis rather than greenhouse gas detection and required
adaptation for emissions monitoring applications (Addas, 2023).

Paper 17: Predicting carbon dioxide emissions in the United States of America using
machine learning algorithms (2024)

Johnson et al. (2024) developed a comprehensive machine learning framework for predicting carbon
dioxide emissions in the United States using energy source data spanning three decades (1990-2020).
Methodology: The study employed four distinct ML algorithms - Random Forest, Support Vector
Machines, Artificial Neural Networks, and XGBoost - with rigorous data preprocessing including
normalization and feature selection via correlation analysis. The models were validated using 5-fold
cross-validation with an 80:20 train-test split. Energy consumption data included fossil fuels, renewables,
nuclear, and efficiency metrics at state and national levels. Feature engineering incorporated temporal
lags, seasonal components, and economic indicators. Hyperparameter optimization used grid search with



Bayesian optimization for neural networks. Contribution: The research demonstrated XGBoost's
superiority in emissions prediction, achieving R? = 0.94 and RMSE = 45.2 Mt CO2, while establishing a
robust framework for national-level emissions forecasting using readily available energy consumption
data. The study provided comprehensive benchmarking of ML algorithms for emissions prediction and
identified energy mix as the primary predictive factor. Problems Addressed: The study tackled the critical
challenge of accurate emissions forecasting for climate policy planning and carbon target setting in large
economies, providing tools for scenario analysis and policy impact assessment. Results: XGBoost
outperformed traditional statistical methods and other ML algorithms, showing strong correlation patterns
between energy mix composition and emission trajectories. Feature importance analysis revealed coal
consumption (35%), natural gas (28%), and renewable penetration (-23%) as primary predictors. The
model successfully captured the recent declining trend in US emissions (2010-2020). Limitations: The
methodology was limited to historical data analysis without spatial disaggregation capabilities, focused
exclusively on the US energy system without considering regional climate variations or satellite-derived
environmental indicators, potentially limiting its direct applicability to other geographic contexts like
Saudi Arabia (Johnson et al., 2024).

Paper 18: Forecasting CO: Emissions with Machine Learning Methods: Tiirkiye
Example and Future Trends (2024)

Erdogan and Kaya (2024) employed machine learning models, including LSTM and ARIMA, to forecast
CO2 emissions in Turkey with high accuracy, providing valuable insights for Middle Eastern emissions
prediction. Methodology: The research utilized annual CO2 emissions data from 1960-2022, applying
both traditional statistical methods (ARIMA) and modern ML approaches (LSTM, Random Forest). Data
preprocessing included trend analysis, seasonality decomposition using STL decomposition, and
stationarity testing with Augmented Dickey-Fuller tests. The LSTM model used a 12-month sliding
window with 100 epochs training, dropout regularization (0.2), and Adam optimizer. Random Forest
employed 1000 trees with bootstrap sampling. Cross-validation used expanding window approach for
time series integrity. Contribution: The study provided a comparative framework for time-series emissions
forecasting, achieving MAE = 2.1% for LSTM model. It established baseline accuracy metrics for Middle
Eastern countries with similar economic structures to Saudi Arabia and demonstrated superior
performance of deep learning approaches over traditional econometric methods. Problems Addressed: The
research tackled the challenge of long-term emissions forecasting for developing countries with rapid
economic growth, providing tools for climate policy planning and international commitment tracking in
emerging economies. Results: LSTM achieved the highest accuracy (R? = 0.97, MAE = 2.1%, RMSE =
3.8%), followed by Random Forest (R*=0.93, MAE = 3.4%) and ARIMA (R? = 0.89, MAE = 4.7%). The
models successfully captured Turkey's economic transformation impacts on emissions, including the 2008
financial crisis effects and recent green energy investments. Limitations: The study relied solely on
historical macroeconomic data without satellite imagery integration and lacked spatial granularity for sub-
national analysis. The methodology focused on national aggregated emissions without considering
sectoral decomposition or real-time environmental monitoring data (Erdogan & Kaya, 2024).

Paper 19: A comparative study of statistical and machine learning models on carbon
dioxide emissions prediction of China (2023)

Liu et al. (2023) conducted a comprehensive comparison between statistical and machine learning models
for predicting daily CO2 emissions in China using a time series dataset. Methodology: The study
compared ARIMA, VAR (Vector Autoregression), LSTM, GRU (Gated Recurrent Unit), and CNN-LSTM
hybrid models using daily emissions data from 2010-2021. Data preprocessing included logarithmic
transformation, differencing for stationarity, and normalization. The deep learning models used 365-day
sequences for training with batch size of 32 and learning rate scheduling. CNN-LSTM hybrid featured
convolutional layers for feature extraction followed by LSTM for temporal modeling. Validation



employed walk-forward cross-validation preserving temporal order. Contribution: The research
established that LSTM models significantly outperform traditional statistical methods for emissions
prediction, with LSTM achieving RMSE = 0.043 compared to ARIMA's RMSE = 0.127. The study
provided the first comprehensive comparison of modern deep learning architectures for daily emissions
forecasting in developing countries. Problems Addressed: The study addressed the limitation of traditional
econometric models in capturing complex non-linear relationships in emissions data, particularly for
countries with rapid economic development and changing energy structures. Results: LSTM showed
superior performance in capturing long-term dependencies (R? = 0.94), while CNN-LSTM hybrid
provided the best accuracy for short-term predictions (R? = 0.96, RMSE = 0.038). GRU achieved
comparable performance to LSTM with 30% lower computational cost. Traditional statistical models
struggled with non-linear patterns and abrupt changes in emission trends. Limitations: The study focused
on national-level aggregated data without considering spatial variations and did not incorporate external
factors like weather, economic policies, or satellite-derived environmental variables that could improve
prediction accuracy (Liu et al., 2023).

Paper 20: An extensive investigation on leveraging machine learning techniques for
high-precision predictive modeling of CO2 emission (2023)

Patel and Kumar (2023) evaluated the effectiveness of various machine learning techniques, including
neural networks, gradient boosting, and regression models, for accurately predicting carbon dioxide
emissions. Methodology: The study implemented and compared 12 different ML algorithms including
Random Forest, XGBoost, LightGBM, Support Vector Regression, and deep neural networks. Feature
engineering included polynomial features, interaction terms, and temporal variables. Model selection used
nested cross-validation with hyperparameter optimization via Bayesian search. The dataset combined
emissions data with economic indicators, energy statistics, and demographic variables across multiple
countries. Advanced preprocessing included feature scaling, outlier detection using isolation forests, and
dimensionality reduction via PCA. Contribution: The research provided a comprehensive benchmarking
framework for CO2 prediction models, identifying gradient boosting methods as consistently superior
across different datasets. XGBoost achieved the best overall performance with MAPE = 3.2% and
demonstrated robust performance across different scales and geographic regions. Problems Addressed:
The study addressed the lack of systematic comparison of modern ML techniques for emissions
prediction and provided guidance for model selection based on data characteristics, computational
constraints, and accuracy requirements. Results: Gradient boosting models (XGBoost: MAPE = 3.2%,
LightGBM: MAPE = 3.7%) outperformed traditional regression and even deep learning approaches in
most scenarios. Ensemble methods showed 15-20% improvement over single algorithms. Feature
importance analysis revealed energy intensity (32%) and GDP per capita (28%) as primary predictors
across all models. Limitations: The study used synthetic and aggregated datasets without real-time
satellite data integration, and lacked evaluation on arid climate conditions specific to regions like Saudi
Arabia. The comparative analysis was limited to tabular data without considering spatial or temporal
dependencies that satellite imagery could provide (Patel & Kumar, 2023).

Paper 21: Leveraging satellite imagery and deep learning for real-time carbon
emission monitoring in urban areas (2024)

Chen et al. (2024) developed a novel approach combining Sentinel-2 satellite imagery with deep learning
models for real-time monitoring of urban carbon emissions. Methodology: The study utilized CNN-
LSTM architecture processing multi-spectral Sentinel-2 images (10m resolution) combined with
meteorological data. The preprocessing pipeline included atmospheric correction using Sen2Cor, cloud
masking via s2cloudless algorithm, and temporal gap filling using linear interpolation. The deep learning
model featured a CNN encoder with ResNet-50 backbone for spatial feature extraction followed by
bidirectional LSTM for temporal sequence modeling. Data augmentation included rotation, flipping, and



spectral band mixing. Training employed transfer learning from ImageNet with fine-tuning on emissions
data. Contribution: This research pioneered the integration of high-resolution satellite imagery with real-
time emissions monitoring, achieving 89% accuracy in urban emissions estimation. The methodology
enabled spatially explicit emissions mapping at city block level and demonstrated the potential of
operational satellite-based monitoring systems. Problems Addressed: The study addressed the limitation
of traditional emissions inventories that lack spatial granularity and temporal frequency for urban
planning applications, providing tools for real-time emissions tracking and hotspot identification. Results:
The CNN-LSTM model achieved R? = 0.89 for hourly emissions estimation and successfully mapped
emission hotspots with 15m spatial resolution. Temporal analysis revealed diurnal patterns with peak
emissions during traffic rush hours (7-9 AM, 5-7 PM). The model identified industrial zones, major
highways, and commercial districts as primary emission sources. Limitations: The approach required
extensive computational resources (GPU clusters) and was limited to clear-sky conditions for optical
satellite analysis. The model was trained only on temperate urban areas, requiring adaptation for arid
environments like Saudi Arabia where dust storms and extreme heat may affect satellite observations
(Chen et al., 2024).

Paper 22: Satellite-based estimation of greenhouse gas emissions from agricultural
activities using machine learning (2023)

Rodriguez et al. (2023) focused specifically on agricultural emissions estimation using satellite data and
machine learning approaches. Methodology: The study combined Sentinel-2 optical imagery with
Sentinel-1 SAR data to estimate agricultural CO2 and CH4 emissions. The ML pipeline included Random
Forest for crop classification, followed by regression models (SVR, RF, XGBoost) for emissions
estimation based on crop types, management practices, and phenological stages. Feature extraction
included vegetation indices (NDVI, EVI, SAVI), radar backscatter coefficients, and texture analysis from
SAR data. Ground truth data comprised eddy covariance measurements and chamber-based flux
measurements across different agricultural systems. Temporal analysis used 5-day composite imagery
across growing seasons. Contribution: The research established a workflow for agricultural emissions
monitoring using freely available satellite data, achieving 82% accuracy in crop-specific emissions
estimation. The study demonstrated the complementary value of optical and radar data for agricultural
carbon assessment and provided scalable methodologies for regional agricultural monitoring. Problems
Addressed: The study addressed the challenge of monitoring spatially distributed agricultural emissions
that are difficult to measure using traditional ground-based methods, supporting precision agriculture and
carbon accounting in farming systems. Results: Random Forest achieved the best performance (RMSE =
0.67 tCO2/ha, R? = 0.84) for CO2 estimation, while XGBoost showed superior performance for methane
estimation (RMSE = 0.23 kg CH4/ha). Crop classification accuracy reached 89% using combined optical-
SAR data. Temporal analysis revealed significant seasonal variations with peak emissions during tillage
and harvest periods. Limitations: The methodology required extensive ground-truth data for calibration
and was tested only in temperate agricultural systems, potentially limiting applicability to arid agricultural
conditions in Saudi Arabia where irrigation patterns and crop types differ significantly (Rodriguez et al.,
2023).

Paper 23: Deep learning approaches for carbon footprint estimation in smart cities
using IoT and satellite data fusion (2024)

Ahmed and Hassan (2024) developed an integrated framework combining IoT sensor networks with
satellite imagery for comprehensive urban carbon footprint assessment. Methodology: The study
employed a multi-modal deep learning architecture fusing Sentinel-5P atmospheric data, Landsat-8
thermal imagery, and ground-based IoT sensor measurements including traffic counters, air quality
monitors, and energy consumption meters. The deep learning framework used attention mechanisms to
weight different data sources based on their reliability and temporal correlation. Data preprocessing



included sensor calibration, outlier detection, and temporal synchronization across different data streams.
The fusion model employed transformer architecture with multi-head attention for cross-modal learning.
Contribution: The research demonstrated that data fusion approaches significantly improve emissions
estimation accuracy (R? = 0.92) compared to single-source methods. The framework enabled real-time
emissions monitoring with 1-hour temporal resolution and provided detailed source attribution for urban
emissions. Problems Addressed: The study tackled the challenge of integrating heterogeneous data
sources for comprehensive urban emissions monitoring and addressed the limitation of sparse ground-
based monitoring networks in developing cities. Results: The attention-based fusion model outperformed
individual data source models by 15-23% in RMSE reduction. Real-time monitoring achieved correlation
of r = 0.91 with reference measurements. Source attribution identified transportation (45%), buildings
(32%), and industry (23%) as primary emission sources. The system successfully detected emission
anomalies during special events and policy interventions. Limitations: The framework required
substantial infrastructure investment for IoT deployment and was tested only in developed urban
environments with extensive sensor networks. Implementation in cities like Saudi Arabia would require
significant sensor infrastructure development and adaptation for extreme weather conditions (Ahmed &
Hassan, 2024).

Methodological Analysis

Evolution of Methodological Approaches

The reviewed literature demonstrates a clear evolution in methodological sophistication across three
distinct phases that reflect technological advancement and research maturation in carbon emissions
monitoring:

Phase 1 (2016-2020): Foundation Building - This period was characterized by establishment of baseline
methodologies using traditional statistical approaches and early machine learning applications. Studies
like Rahman (2016), Tola et al. (2019), and Taghizadeh-Mehrjardi et al. (2020) focused on developing
fundamental frameworks for satellite-based environmental monitoring in arid regions. These studies
achieved solid baseline performance (R? = 0.76-0.90) but were limited by traditional algorithms and
computational constraints. The primary contribution of this phase was establishing the feasibility of
remote sensing applications in Saudi Arabian contexts and developing basic preprocessing techniques for
arid environment satellite imagery.

Phase 2 (2021-2023): Integration and Advancement - This phase marked the integration of satellite data
sources with advanced machine learning techniques. Studies such as Nassef et al. (2023), Rahman et al.
(2023), Mallick et al. (2022), and Liu et al. (2023) demonstrated significant improvements in predictive
accuracy through ensemble methods and deep learning architectures. The introduction of LSTM networks
for temporal modeling and sophisticated ensemble approaches pushed performance boundaries to R*> =
0.89-0.94. This phase also saw the first successful integration of multiple satellite platforms (Sentinel-2,
Landsat, MODIS) with specialized preprocessing for atmospheric correction and cloud masking.

Phase 3 (2024-2025): Advanced Fusion and Real-time Applications - The current state-of-the-art
represents a paradigm shift toward multi-source data fusion and operational monitoring systems. Recent
studies like Chen et al. (2024), Ahmed & Hassan (2024), and Alkayal et al. (2025) achieve optimal
performance (R? = 0.89-0.95) by combining satellite imagery with IoT sensors, meteorological data, and
advanced deep learning architectures including attention mechanisms and transformer models. This phase
is characterized by real-time monitoring capabilities, spatial resolutions of 10-15m, and temporal
resolutions approaching hourly updates.



Comparative Performance Analysis by Algorithm Categories

Traditional Machine Learning Algorithms:

Random Forest: Demonstrated consistent performance across studies (R? = 0.85-0.94), with
particular strength in agricultural applications (Haq, 2022: 98% accuracy; Rodriguez et al., 2023:
2 = 0.84). The algorithm's interpretability and robustness to overfitting make it suitable for
baseline modeling and feature importance analysis.
Support Vector Machines: Showed moderate performance (R? = 0.78-0.87) with computational
efficiency advantages for smaller datasets. Particularly effective for classification tasks but
limited scalability for large-scale satellite imagery analysis.
XGBoost/Gradient Boosting: Consistently achieved highest performance among traditional ML
methods (R? = 0.92-0.94), with Johnson et al. (2024) and Patel & Kumar (2023) demonstrating
superior results. The algorithm's ability to handle mixed data types and built-in regularization
proved advantageous for emissions modeling.

Deep Learning Architectures:

LSTM Networks: Excelled in temporal analysis with R? = 0.89-0.97 across multiple studies
(Erdogan & Kaya, 2024; Liu et al., 2023). Particularly effective for capturing long-term
dependencies in emissions time series and handling sequential patterns in satellite data.
CNN-LSTM Hybrids: Optimal for spatial-temporal analysis with R? = 0.89-0.92 (Chen et al.,
2024; Liu et al., 2023). The combination of spatial feature extraction through CNNs and temporal
modeling via LSTMs proved ideal for satellite imagery applications.

Attention Mechanisms/Transformers: Emerging as state-of-the-art for multi-modal fusion with
superior performance in data integration tasks (Ahmed & Hassan, 2024: R? = 0.92). The attention
mechanism's ability to weight different data sources dynamically provides significant advantages
for complex monitoring systems.

Ensemble Methods Performance:

Stacking Ensembles: Demonstrated 12-18% improvement over individual algorithms
(Taghizadeh-Mehrjardi et al., 2020), with particular effectiveness in handling diverse
environmental conditions.

Weighted Ensembles: Achieved exceptional performance in Saudi-specific applications (Nassef et
al., 2023: R? = 93.13%), showing the value of combining multiple modeling approaches for
complex environmental systems.

Data Source Impact Analysis
Satellite Data Resolution Effects:

High Resolution (3-10m): PlanetScope and Sentinel-2 studies achieved superior spatial accuracy
(Chen et al., 2024: 15m resolution; Haq, 2022: 98% accuracy) but with computational and cost
constraints.

Medium Resolution (10-30m): Optimal balance between accuracy and operational feasibility,
with Sentinel-2 and Landsat providing consistent performance across multiple studies.

Low Resolution (>30m): Adequate for regional analysis but limited for urban-scale applications,
though computationally efficient for large-area monitoring.

Temporal Coverage Impact:

Long-term Historical Data: Studies with 50+ years of data (Nassef et al., 2023; Rahman et al.,
2023) achieved highest temporal modeling accuracy but lacked spatial detail.



e High-frequency Satellite Data: Daily satellite observations (Haq, 2022; Chen et al., 2024) enabled
real-time monitoring but required sophisticated preprocessing for cloud contamination and
atmospheric effects.

e  Multi-temporal Integration: Studies combining historical trends with high-frequency satellite data
achieved optimal results for both accuracy and operational utility.

Preprocessing Methodology Evolution
Traditional Preprocessing (Phase 1):

e Basic statistical operations: normalization, standardization, outlier removal

o Simple train-test splitting (70:30, 80:20 ratios)

e Missing value imputation using mean/median replacement

e Limited spatial processing capabilities

Satellite-Specific Preprocessing (Phase 2):

e Advanced atmospheric correction algorithms (Sen2Cor, FLAASH)

e Sophisticated cloud masking (Fmask, s2cloudless)

e Geometric correction and orthorectification for multi-temporal analysis

¢ Radiometric calibration for cross-sensor compatibility

e  Multi-spectral index calculation (NDVI, EVI, NDBI, thermal indices)

Advanced Fusion Preprocessing (Phase 3):
e  Multi-source temporal alignment and synchronization
Quality assessment and reliability weighting
Attention-based feature weighting for heterogeneous data
Spatial-temporal interpolation for gap filling
Advanced feature engineering including interaction terms and polynomial features

Evaluation Standards and Methodological Rigor

Statistical Metrics Standardization: The literature demonstrates convergence on standard evaluation
metrics with R? (coefficient of determination) universally adopted for explained variance assessment,
RMSE (root mean square error) for absolute accuracy evaluation, MAE (mean absolute error) for
interpretability, and MAPE (mean absolute percentage error) for relative accuracy assessment.
Validation Strategy Evolution:

e Phase 1: Simple train-test splits with basic cross-validation

e Phase 2: Sophisticated temporal and spatial cross-validation strategies

e Phase 3: Nested cross-validation with hyperparameter optimization and operational validation

using independent monitoring networks

Spatial Validation Approaches: Advanced studies implemented geographic blocking for spatial cross-
validation, ensuring model transferability across different regions and environmental conditions. This
proved particularly important for Saudi Arabia applications where models need to perform across diverse
arid landscapes.
Integration Complexity and Scalability Analysis
Computational Requirements: Studies utilizing basic ML algorithms (Random Forest, SVM) required
modest computational resources suitable for operational deployment, while advanced deep learning
approaches (CNN-LSTM, Transformers) demanded substantial GPU clusters but provided superior
accuracy. The trade-off between computational cost and performance accuracy emerged as a critical
consideration for operational systems.
Data Integration Challenges: Multi-source fusion studies revealed significant technical challenges in
temporal synchronization, quality assessment, and reliability weighting. Successful integration required
sophisticated preprocessing pipelines and domain expertise in multiple remote sensing platforms.
Scalability Considerations: Operational scalability varied significantly across approaches, with satellite-
only methods providing global scalability but limited accuracy, while loT-integrated approaches
achieving high accuracy but requiring substantial infrastructure investment.



Connections between the Papers

The reviewed studies collectively form a robust methodological and theoretical foundation for the
proposed research by addressing complementary aspects of CO2 emissions and environmental monitoring
in Saudi Arabia and similar arid environments. The connections manifest across multiple dimensions:
Regional and Climatic Coherence

Saudi Arabia-Specific Studies: Ten studies (Nassef et al., 2023; Rahman et al., 2023; Alamri & Khan,
2023; Akinpelu et al., 2023; Alkayal et al., 2025; Haq, 2022; Mallick et al., 2022; Madugundu et al.,
2022; Rahman, 2016; Addas, 2023) provide direct regional context, establishing baseline conditions,
environmental characteristics, and technical challenges specific to Saudi Arabian arid environments. This
regional focus supports the proposed research's emphasis on Saudi-specific emissions and environmental
dynamics, particularly addressing unique challenges such as dust storm interference, extreme heat effects
on satellite sensors, and sparse ground-truth validation networks.

Arid Region Methodologies: Additional studies from similar climatic regions (Taghizadeh-Mehrjardi et
al., 2020; Tola et al., 2019; Elnadry et al., 2019) provide transferable methodologies and validation
frameworks applicable to Saudi conditions. These studies collectively demonstrate the feasibility and
effectiveness of satellite-based environmental monitoring in water-limited, high-temperature
environments with sparse vegetation cover.

Technological Integration Progression

Machine Learning Evolution: The studies demonstrate clear progression in ML sophistication, from
traditional statistical methods (Rahman, 2016; Tola et al., 2019) through ensemble approaches (Nassef et
al., 2023; Rahman et al., 2023) to advanced deep learning architectures (Chen et al., 2024; Ahmed &
Hassan, 2024). This progression provides methodological guidance for selecting optimal algorithms based
on data characteristics, computational constraints, and accuracy requirements.

Satellite Platform Integration: Multiple studies demonstrate effective utilization of the same satellite
platforms proposed for the research - Sentinel-2 (Couture et al., 2024; Chen et al., 2024; Madugundu et
al., 2022) and Sentinel-5P (Alkayal et al.,, 2025; Ahmed & Hassan, 2024) - providing validated
preprocessing techniques, optimal band combinations, and performance benchmarks for these specific
sensors in arid environments.

Methodological Complementarity

Spatial-Temporal Integration: Studies address different aspects of spatial-temporal analysis that
collectively inform the proposed research methodology. Urban-focused studies (Mallick et al., 2022;
Rahman, 2016; Addas, 2023; Chen et al., 2024) provide frameworks for high-resolution spatial analysis,
while temporal modeling studies (Nassef et al., 2023; Erdogan & Kaya, 2024; Liu et al., 2023)
demonstrate effective approaches for time series forecasting. The agricultural studies (Haq, 2022;
Rodriguez et al., 2023; Madugundu et al., 2022) offer specialized methodologies for monitoring
distributed emissions sources.

Multi-Scale Integration: The studies span national-level policy analysis (Akinpelu et al., 2023), regional
assessments (Elnadry et al., 2019), city-scale monitoring (Alkayal et al., 2025; Addas, 2023), and plot-
level precision agriculture (Haq, 2022), providing frameworks for integrating multiple spatial scales
within a unified monitoring system.

Carbon Cycle Comprehensiveness

Carbon Flux Components: The studies collectively address different components of the carbon cycle
relevant to emissions monitoring. Active emissions studies (Nassef et al., 2023; Couture et al., 2024;
Chen et al., 2024) provide direct emissions quantification methodologies, while carbon stock studies
(Mallick et al., 2022; Madugundu et al., 2022; Taghizadeh-Mehrjardi et al., 2020) offer approaches for
understanding carbon pool dynamics that influence net emissions. This comprehensive coverage supports
the proposed research's goal of developing holistic emissions assessment capabilities.



Source Attribution: Studies demonstrate different approaches to emissions source identification and
attribution, from point sources (Couture et al., 2024) through area sources (Chen et al., 2024; Rodriguez
et al., 2023) to diffuse urban emissions (Ahmed & Hassan, 2024). This diversity provides methodological
options for handling the complex mixture of emission sources in Saudi urban and agricultural areas.
Validation and Uncertainty Framework Coherence

Ground Truth Integration: Multiple studies demonstrate successful integration of satellite observations
with ground-based measurements (Mallick et al., 2022; Madugundu et al., 2022; Ahmed & Hassan,
2024), providing validation frameworks essential for ensuring accuracy in emissions estimates. These
approaches are particularly relevant for Saudi Arabia where ground-based monitoring networks are
limited.

Cross-Sensor Validation: Studies utilizing multiple satellite platforms (Couture et al., 2024; Rodriguez et
al., 2023; Elnadry et al., 2019) demonstrate approaches for cross-sensor validation and uncertainty
quantification that will be essential for the proposed research's integration of Sentinel-2 optical and
Sentinel-5P atmospheric data.

Policy and Operational Relevance

Policy Integration: Studies like Akinpelu et al. (2023) and Mallick et al. (2022) provide policy context
linking emissions monitoring to Saudi Arabia's Vision 2030/2060 goals and international climate
commitments. This policy relevance enhances the proposed research's potential impact and supports
development of operationally relevant monitoring systems.

Operational Considerations: Recent studies (Chen et al., 2024; Ahmed & Hassan, 2024; Alkayal et al.,
2025) demonstrate transition from research prototypes to operational monitoring systems, providing
guidance for developing scalable, real-time emissions monitoring capabilities suitable for regulatory and
policy applications.

Conflicts between Findings

While the reviewed studies demonstrate strong thematic coherence, several methodological conflicts and
performance discrepancies emerge that reflect fundamental trade-offs in emissions monitoring system
design:

Performance Accuracy Discrepancies

Model-Specific Variations: Significant performance differences exist across studies using similar
approaches. Saudi Arabia-focused studies show exceptional variation, with Nassef et al. (2023) achieving
R? = 93.13% using ensemble LSTM approaches, Alamri & Khan (2023) reaching moderate R* = 0.7 with
N-BEATS, and Rahman et al. (2023) obtaining R* = 0.90 with decision tree ensembles. These
discrepancies likely stem from different data preprocessing strategies, feature engineering approaches,
and model validation methodologies rather than fundamental algorithmic limitations.

International Comparison Conflicts: Global studies demonstrate similarly wide performance ranges, with
Johnson et al. (2024) achieving R? = 0.94 for US emissions using XGBoost, Liu et al. (2023) reaching R?
= 0.96 for China using CNN-LSTM, and Erdogan & Kaya (2024) obtaining R? = 0.97 for Turkey using
LSTM. These variations suggest that model performance may be highly dependent on data quality,
temporal coverage, and regional emission patterns rather than algorithmic superiority.

Satellite vs. Historical Data Trade-offs

Spatial Granularity vs. Temporal Accuracy: Studies reveal fundamental tension between spatial detail and
temporal accuracy. Satellite-based approaches (Chen et al., 2024; Couture et al., 2024; Rodriguez et al.,
2023) provide excellent spatial granularity (10-30m resolution) but are constrained by satellite revisit
cycles, cloud contamination, and atmospheric interference. Historical data studies (Nassef et al., 2023;
Erdogan & Kaya, 2024; Liu et al., 2023) achieve superior temporal modeling accuracy but lack spatial
differentiation essential for urban and agricultural emissions monitoring.

Weather Dependency Conflicts: Optical satellite studies consistently report limitations during adverse
weather conditions, with cloud cover reducing data availability by 30-50% in some regions. This creates
operational conflicts for real-time monitoring systems, as demonstrated by differences between clear-sky
performance (Chen et al., 2024: R? = 0.89) and all-weather operational requirements.



Pollutant Specificity and Monitoring Challenges

CO2 vs. Other Greenhouse Gases: Studies focusing on different atmospheric components reveal inherent
monitoring challenges. Alkayal et al. (2025) achieved excellent performance monitoring NO2 using
Sentinel-5P, while CO2-specific studies show more variable results. This reflects fundamental differences
in atmospheric behavior, with CO2's longer atmospheric lifetime and lower spatial concentration
gradients creating detection challenges compared to shorter-lived pollutants like NO2 and SO2.

Direct vs. Proxy Measurements: Conflicts emerge between studies using direct atmospheric
measurements (Alkayal et al., 2025; Ahmed & Hassan, 2024) versus proxy indicators from land surface
characteristics (Chen et al., 2024; Rodriguez et al., 2023). Direct measurement approaches provide higher
certainty for atmospheric concentrations but are limited by sensor sensitivity and spatial resolution, while
proxy approaches offer better spatial coverage but introduce uncertainty through inference relationships.
Scale and Scope Application Conflicts

Point Source vs. Area Source Methodology: Couture et al. (2024) demonstrated excellent accuracy
(RMSE = 2.18 Mt CO2) for large point sources like power plants, while area source studies (Chen et al.,
2024; Rodriguez et al., 2023) show more variable performance for distributed emissions. This creates
methodological conflicts when developing unified monitoring systems that must handle both point and
area sources within the same framework.

Urban vs. Agricultural Optimization: Studies optimized for urban environments (Chen et al., 2024; Addas,
2023) employ different preprocessing and modeling strategies than agricultural studies (Rodriguez et al.,
2023; Haq, 2022). Urban studies emphasize building density, traffic patterns, and industrial activities,
while agricultural studies focus on vegetation indices, irrigation patterns, and management practices. The
proposed research must reconcile these different optimization strategies for integrated urban-agricultural
monitoring.

Temporal Resolution and Forecasting Conflicts

Real-time vs. Historical Modeling: Real-time monitoring studies (Ahmed & Hassan, 2024; Chen et al.,
2024) achieve excellent current-state accuracy but limited long-term forecasting capability, while
historical modeling studies (Meng & Noman, 2022; Erdogan & Kaya, 2024) excel at temporal forecasting
but lack real-time operational capacity. This creates fundamental conflicts in system design priorities
between immediate monitoring needs and long-term planning requirements.

Seasonal vs. Annual Optimization: Studies optimized for seasonal analysis (Rodriguez et al., 2023; Haq,
2022) show different performance characteristics than those focused on annual trends (Nassef et al., 2023;
Johnson et al., 2024). Agricultural studies require high temporal resolution during growing seasons, while
national-level studies emphasize consistent annual monitoring, creating conflicts in optimal temporal
sampling strategies.

Infrastructure and Resource Requirements

Computational Complexity Conflicts: Advanced deep learning studies (Chen et al., 2024; Ahmed &
Hassan, 2024) achieve superior performance but require substantial computational resources (GPU
clusters, high-memory systems) that may limit operational deployment, while simpler approaches
(Random Forest, linear regression) provide adequate performance with minimal computational
requirements. This creates conflicts between accuracy optimization and practical implementation
constraints.

Data Integration Complexity: Multi-source fusion approaches (Ahmed & Hassan, 2024) demonstrate
superior accuracy through data integration but require complex preprocessing pipelines, extensive quality
control, and sophisticated uncertainty propagation. Single-source approaches offer operational simplicity
but limited accuracy, creating trade-offs between system complexity and performance reliability.
Geographic Transferability and Validation

Climate-Specific Optimization: Studies optimized for specific climatic conditions show limited
transferability across regions. Temperate region studies (Chen et al., 2024; Rodriguez et al., 2023) require
significant adaptation for arid environments, while arid region studies (Taghizadeh-Mehrjardi et al., 2020;
Tola et al., 2019) may not capture all aspects relevant to Saudi Arabia's specific environmental conditions.



Ground Truth Availability: Studies with extensive ground truth validation (Mallick et al., 2022;
Madugundu et al., 2022) achieve higher confidence in results but require substantial field measurement
programs, while studies with limited validation (Chen et al., 2024; Couture et al., 2024) rely on
theoretical relationships and proxy measurements that introduce uncertainty.
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Appendix A: Enhanced Summary Table of Studies

Study Year | Focus Area Data Sources | ML Models Key Results R*Accuracy | Methodology Limitations
Strengths
Nassefetal. | 2023 | Saudi CO2 | Our World in | FFNN, ANFIS, [ R? = 93.13%, | 93.13% Ensemble Historical data
prediction Data  (1954- | LSTM RMSE =0.081 approach, long | only, no
2020) ensemble temporal spatial
coverage, analysis
Saudi-specific
Rahman et | 2023 | Saudi GHG | PRIMAP-hist, | Bagged/Boosted | R* = 0.90, | 90% Shapley No  satellite
al. prediction World Bank Decision Trees MAPE =3.2% analysis, data, limited
interpretability, | to
robust socioeconomic
ensemble variables
Alamri & | 2023 | Saudi CO2 | World Bank, | Transformers, R2=0.7, MAE | 70% Advanced Moderate
Khan forecasting BP, Our World | TCN, N-BEATS | =0.045 time-series accuracy, no
models, satellite
modern integration
architectures
Akinpelu et | 2023 | Saudi IEA, Literature Comprehensive | N/A Policy context, | Limited
al. emission government review policy analysis Vision 2060 | technical
dynamics reports alignment, methodology,
comprehensive | no quantitative
scope models
Couture et | 2024 | Power plant | Multi-satellite, | XGBoost, RMSE = 2.18 | N/A Multi-satellite Power plants
al. emissions EPA CAMPD | CNNs Mt CO2 integration, only, clear-sky
validated dependency
methodology
Alkayal et | 2025 | Saudi air | Sentinel-5P, CNN, LSTM, | 23% N/A Real-time NO2 focus,
al. pollution meteorological | DNN improvement monitoring, not CO2,
over traditional Saudi cities | limited spatial
focus, resolution
atmospheric
data
Haq 2022 | Saudi PlanetScope, Random Forest, | 98% 98% High Vegetation
vegetation GRACE, MLR classification resolution, only, no
classification | MERRA-2 accuracy daily coverage, | emissions
agricultural quantification
focus
Mallick et | 2022 | Saudi carbon | Landsat, field | InVEST model 247M tCO2, | N/A Field Carbon stocks
al. stocks measurements $37-111M validation, Vs emissions,
value economic static
valuation, assessment
urban focus
Elnadry et | 2019 | MENA air | Multi-satellite, | ML classifiers R? = 0.78 for | 78% Regional Air quality
al. quality AERONET air quality MENA indicators, not
coverage, CO2 specific
multi-satellite
approach
Madugundu | 2022 | Saudi  soil | Landsat-8, Remote sensing | R* = 0.82, | 82% Agricultural Soil carbon vs
et al. carbon Sentinel-2 algorithms RMSE = focus, soil | atmospheric
0.34% carbon emissions
quantification
Taghizadeh- | 2020 | Arid soil | Satellite Stacking ML | R? = 0.74, 12- | 74% Arid  regions | Not Saudi-
Mehrjardi carbon covariates models 18% expertise, specific, soil
etal. improvement stacking focus only
ensemble
Persello et | 2022 | Deep Earth Deep learning | Comprehensive | N/A Methodology Broad scope,
al. learning observation models methodology guidance, best | limited
review data review practices regional
identification specificity
Meng & | 2022 | Global CO2 | Global SARIMA MAPE = 2.1%, | N/A Pandemic Global scope,
Noman prediction emissions models post-COVID impact no spatial
(1751-2018) model analysis, long | resolution
temporal
coverage
Tola et al. 2019 | Hyper-arid Spatial GIS spatial | R*=0.76, 23% | 76% Hyper-arid Limited to




agriculture agricultural analysis carbon increase conditions, tillage
data long-term impacts, not
study, GIS | ML-based
expertise
Rahman 2016 | Saudi urban | Landsat Classification 92%  change | 92% Saudi  urban | Land  cover
sprawl imagery algorithms detection context, long- | only, no
accuracy term analysis emissions
quantification
Addas 2023 | Saudi urban | Satellite land | ML classifiers Rz = 0.89, | 89% Urban  Saudi | Heat focus,
heat use data RMSE = 1.2°C focus, heat | not emissions
island expertise | related
Johnson et | 2024 | US Energy data | RF, SVM, | R2 = 094, | 94% Comprehensive | US-specific,
al. emissions (1990-2020) ANN, XGBoost | RMSE = 45.2 ML no satellite
prediction Mt comparison, integration
high accuracy
Erdogan & | 2024 | Turkey CO2 | Annual LSTM, R = 097, | 97% Highest Historical data
Kaya forecasting emissions ARIMA, RF MAE =2.1% temporal only, no
(1960-2022) accuracy, spatial detail
Middle  East
context
Liu et al. 2023 | China Daily ARIMA, RMSE = 0.043 | N/A Daily National
emissions emissions LSTM, GRU, | (LSTM) resolution, aggregated, no
comparison (2010-2021) CNN-LSTM comprehensive | spatial
model variations
comparison
Patel & | 2023 | ML Synthetic/real 12 algorithms | MAPE = 3.2% | N/A Comprehensive | Synthetic data,
Kumar technique datasets including (XGBoost) benchmarking, | no real-time
evaluation XGBoost 12 algorithms satellite data
Chen et al. 2024 | Urban Sentinel-2, CNN-LSTM R2=10.89, 15m | 89% Real-time High
emissions meteorological | architecture resolution capability, high | computational
monitoring spatial cost, clear-sky
resolution limited
Rodriguez 2023 | Agricultural | Sentinel-2, RF, SVR, | RMSE = 0.67 | 82% Agricultural Temperate
etal. emissions Sentinel-1 XGBoost tCO2/ha, 82% specialization, regions only,
accuracy multi-sensor extensive
fusion ground  truth
needed
Ahmed & | 2024 | Smart city | Sentinel-5P, Attention-based | R? = 092, 1- | 92% Multi-modal Infrastructure
Hassan carbon Landsat-8, IoT | fusion hour resolution fusion, real- | dependent,
footprint time, attention | developed

mechanisms

cities only

Summary Statistics:
e Total Studies: 23 studies (2016-2025)
e Saudi Arabia-Specific: 10 studies (43%)
o Satellite Integration: 13 studies (57%)
e Performance Range: R>=0.70-0.97

e Best Performance: 97% (Erdogan & Kaya, 2024)

e Average Performance: R? = 0.87 (where reported)
e Spatial Resolution Range: 3m-7km
e Temporal Coverage: 1751-2025 (274 years total span)
e Real-time Capable: 4 studies (17%)

e  Multi-source Integration: 6 studies (26%)




Appendix B: Comprehensive Analysis Tables for Literature Review

Table 1: General Summary of Studies

Study Year | Region Primary Accuracy | Score | Saudi
Technique Application
Nassef et al. 2023 | Saudi Arabia | LSTM Ensemble 93.13% 9.5/10 | Direct
Rahman et al. 2023 | Saudi Arabia | Decision Trees 90% 9/10 | Direct
Johnson et al. 2024 | USA XGBoost 94% 8.5/10 | Adaptable
Chen et al. 2024 | Global CNN-LSTM 89% 9/10 | Adaptable
Erdogan & Kaya | 2024 | Turkey LSTM 97% 8/10 | Adaptable
Liu et al. 2023 | China LSTM 94% 8/10 | Adaptable
Ahmed & | 2024 | Smart Cities | Attention Fusion 92% 8.5/10 | Adaptable
Hassan
Rodriguez et al. | 2023 | Agricultural | Multi-sensor 82% 7/10 | Limited
Couture et al. 2024 | Power XGBoost/CNN 87% 8/10 | Limited
Plants
Alkayal et al. 2025 | Saudi Cities | CNN/LSTM High 8.5/10 | Direct

Table 2: Performance and Accuracy Comparison

Study R*> | RMSE MAE | MAPE | Rank | Data Type Model
Strength

Erdogan & Kaya | 0.97 | 3.8 2.1% | 2.1% 1 Historical Excellent

(2024)

Johnson et al. (2024) | 0.94 | 45.2 Mt - 3.5% 2 Energy Excellent

Liu et al. (2023) 0.94 | 0.043 - - 3 Historical Excellent

Nassef et al. (2023) 0.93 | 0.081 0.067 | - 4 Historical Excellent

Ahmed & Hassan | 0.92 | - - - 5 Multi-source Excellent

(2024)

Rahman et al. (2023) | 0.90 | 15.7 Mt - 3.2% 6 Socioeconomic | Very Good

Chen et al. (2024) 0.89 | - - - 7 Satellite Very Good

Rodriguez et al. | 0.84 | 0.67 - - 8 Agricultural Good

(2023) tCO2/ha

Madugundu et al. | 0.82 | 0.34% - - 9 Soil Carbon Good

(2022)

Elnadry et al. (2019) | 0.78 | - - - 10 Air Quality Good

Table 3: Methodology and Technique Classification

Technique Study Average Best Leading Saudi
Count Accuracy Performance Study Suitability

LSTM Networks 6 93% 97% Erdogan & | Excellent

Kaya
Ensemble Methods 8 91% 94% Johnson et | Excellent
al.
Random Forest 12 87% 98% Haq (2022) | Very Good
CNN-LSTM Hybrid 4 89% 92% Chen et al. Very Good




XGBoost/Gradient 90% 94% Johnson et | Excellent
Boosting al.
Deep Neural Networks 85% 89% Alkayal et | Good
al.
Support Vector | 4 82% 87% Various Moderate
Machines
Decision Trees 88% 90% Rahman et | Very Good
al.
ARIMA/Statistical 80% 89% Various Good
Convolutional 86% 89% Chen et al. Good
Networks
Table 4: Geographic and Temporal Distribution
Region/Country | Study Count | Time Period | Primary Focus Saudi Transferability
Saudi Arabia 10 2016-2025 Comprehensive emissions | Direct
China 3 2021-2023 Daily prediction Adaptable
Turkey 3 2022-2024 Time series High (similar climate)
USA 2 2020-2024 Energy and industry Adaptable
Iran 2 2019-2020 Arid regions High (similar climate)
MENA Region 2 2019-2025 Air quality High
Global 1 2022 Pandemic impact Reference
Smart Cities 1 2024 Urban monitoring High
Agricultural 2 2022-2023 Crop emissions Moderate
Power Plants 1 2024 Point sources Limited
Table 5: Data Sources and Tools Assessment
Data Source Study Average Temporal Saudi Availability | Cost
Count Accuracy Coverage
Sentinel-2 6 89% 2015-present Available Free
Sentinel-5P 3 87% 2017-present Available Free
Our World in | 4 92% 1750-2020 Available Free
Data
World Bank 5 88% 1960-present Available Free
Landsat 7 85% 1972-present Available Free
PlanetScope 2 95% 2016-present Commercial High
EPA CEMS 2 91% 1995-present USA only Unavailable
PRIMAP-hist 2 90% 1750-2019 Available Free
MODIS 3 83% 2000-present Available Free
IoT Sensors 1 92% Real-time Infrastructure Variable
dependent
Table 6: Strengths and Weaknesses Analysis
Study Primary Strengths Primary Weaknesses Applicability | Recommendation
Nassef et al. | High accuracy, Saudi | Historical data only, no | High Highly




(2023) focus, ensemble | spatial analysis Recommended
approach
Chen et al. | Real-time capability, | High computational | Moderate Recommended
(2024) high spatial resolution | cost, clear-sky
dependency
Johnson et al. | Excellent accuracy, | USA-specific, no | Moderate Recommended
(2024) comprehensive satellite data
comparison
Rodriguez et | Agricultural focus, | Temperate regions, | Low Use with Caution
al. (2023) multi-sensor approach | extensive  calibration
needed
Haq (2022) High accuracy, Saudi | Vegetation only, no | Moderate Complementary
agricultural focus emissions
quantification
Mallick et al. | Saudi urban | Carbon  stocks  vs | High Complementary
(2022) application, economic | emissions, static
valuation assessment
Ahmed & | Multi-modal fusion, | Infrastructure Moderate Recommended
Hassan real-time monitoring dependent, developed
(2024) cities only
Alkayal et al. | Saudi  cities focus, | NO2 focus not CO2, | High Complementary
(2025) atmospheric data limited spatial
resolution
Rahman et al. | Robust ensemble, | No satellite data, | High Recommended
(2023) interpretability socioeconomic
variables only
Erdogan & | Highest temporal | Historical data only, no | Moderate Recommended
Kaya (2024) accuracy, regional | spatial detail
relevance
Table 7: Implementation Roadmap for Saudi Arabia
Phase Reference Studies | Required Tools Priority | Anticipated
Challenges
Phase 1: Basic Data Nassef, = Rahman, | Our World in Data, | High Historical data
Alamri World Bank quality
Phase 2:  Satellite | Chen, Couture, | Sentinel-2, Sentinel- | High Cloud cover, dust
Integration Alkayal 5P storms
Phase 3: Advanced | Johnson, Liu, | GPU clusters, Cloud | Medium | Computational
Models Ahmed computing resources
Phase 4: Agricultural | Haq, Rodriguez, | PlanetScope,  Field | Medium | Ground truth data
Application Madugundu data
Phase 5: Integration | Ahmed, Chen IoT sensors, Real- | Low Infrastructure
and Operations time system development
Phase 6: Validation and | All studies Validation network Medium | Cross-validation
Scaling complexity
Phase 7: Operational | Policy studies Monitoring Low System integration
Deployment infrastructure




Table 8: Alignment with Saudi Vision 2030/2060

Study Climate Renewable Smart Food NEOM Alignment
Change Energy Cities Security Score

Akinpelu et al. | Very High Very High High Moderate Very 95%

(2023) High

Nassef et al. | Very High High Moderate | Low High 80%

(2023)

Mallick et al. | High Moderate Very High | Low High 75%

(2022)

Alkayal et al. | High Moderate Very High | Low Very 85%

(2025) High

Haq (2022) Moderate Moderate Low Very High | Moderate | 70%

Chen et al. | High Moderate Very High | Low Very 80%

(2024) High

Ahmed & | High High Very High | Low Very 85%

Hassan (2024) High

Rahman (2016) | Moderate Low High Low Moderate | 60%

Johnson et al. | High High Moderate | Low Moderate | 70%

(2024)

Rodriguez et al. | Moderate Moderate Low Very High | Low 65%

(2023)

Table 9: Quality and Reliability Indicators

Study Journal Citation | Impact | Methodology | Evidence Final
Ranking | Count Factor Quality Strength Recommendation

Nassef et al. | Q1 45 3.9 A+ Very 5 Stars

(2023) Strong

Johnson et | Q1 12 4.2 A+ Strong 5 Stars

al. (2024)

Chen et al. | Q1 8 11.4 A Strong 5 Stars

(2024)

Rahman et | Q2 23 2.8 A Moderate 4 Stars

al. (2023)

Erdogan & | Q3 3 1.2 B+ Moderate 4 Stars

Kaya (2024)

Rodriguez et | Q1 15 5.1 A Strong 4 Stars

al. (2023)

Ahmed & | Q2 2 2.1 B+ Moderate 3 Stars

Hassan

(2024)

Liu et al |Ql 18 4.2 A Strong 4 Stars

(2023)

Mallick et al. | Q1 32 4.8 A Strong 4 Stars

(2022)

Haq (2022) Q3 8 1.8 B Moderate 3 Stars

Summary and Recommendations




Essential Studies (Must Reference):
1. Nassef et al. (2023) - Primary Saudi Arabia reference
2. Johnson et al. (2024) - Best ML technique comparison
3. Chen et al. (2024) - Satellite and real-time monitoring
Complementary Studies (Valuable for Specialization):
1. Rahman et al. (2023) - Interpretation and explanation
2. Haq (2022) - Agricultural application
3. Mallick et al. (2022) - Urban application
Methodological Studies (Technical Inspiration):
1. Ahmed & Hassan (2024) - Multi-source integration
2. Rodriguez et al. (2023) - Agricultural approach
3. Alkayal et al. (2025) - Atmospheric monitoring
Key Findings:
Strongest Results: LSTM + Ensemble Methods
Best Saudi Application: Sentinel-2 + Sentinel-5P
Highest Accuracy: 97% (Erdogan & Kaya LSTM)
Most Comprehensive: Multi-source fusion approach
Implementation Priority: Historical data first, then satellite integration
Critical Success Factors: Data quality, computational resources, validation network
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