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ABSTRACT

Ecosystems globally are increasingly threatened by the integrated impacts of human activities and climate change,
especially in the Ethiopian Rift Valley, where data are scarce. Therefore, there is an urgent need for implementing
advances in sustainable resource management. This study presented a systematic meta-analysis that synthesized more
than 100 peer-reviewed studies (2004-2025) to critically evaluate how remote sensing (RS) and machine learning
(ML) could be integrated for detecting LULC change and climate model bias. Using a PRISMA protocol, the
methodological progression from traditional statistical approaches was evaluated through advanced deep-learning and
hybrid methods. The results provided strong evidence that integrating RS and ML had significant transformative
potential; however, there still remained a "gap" in their integration. Both fields advanced greatly, yet each existed as
a largely independent entity. Recent studies addressed this disintegration, however operational frameworks were
scarce. In order to close this gap, a novel integrated conceptual framework was proposed. This would dynamically
integrate multi-sensor data fusion, ML-based LULC mapping, hybrid ML-statistical bias correction, and SWAT+
hydrological models into a single end-to-end processing pipeline designed specifically for basins that contained little
or no data. Transfer learning and explainable artificial intelligence (XAIl) could be used to solve the problem of
applying data-hungry models in situations where very little or no data were available. The integration of XAl methods
such as SHAP and LIME gave a promise for improving model interpretability in environmental applications. The
review suggests that robust-policy-relevant environmental prediction depended on designing combined systems that
were not only accurate but also interpretable and adaptable to local conditions.
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1. INTRODUCTION

Accurate land use/land cover change detection is a critical component in monitoring the
environment, evaluating the health of the ecosystems, and managing resources sustainably in
fragile ecosystems in the Ethiopian Rift VValley (Ayalew, 2023; Degife et al., 2019; Tolessa et al.,
2017). The availability of open-access satellite archives (for example, Landsat) transformed our
ability to perform long-term, global monitoring of environmental change (Cohen & Goward, 2004;
Wulder et al., 2019). Moreover, the emergence of harmonized Landsat-Sentinel products created
new opportunities for high-frequency monitoring at moderate spatial resolutions (Claverie et al.,
2018; Meresa et al., 2023). The fragile ecosystems of the Ethiopian Rift Valley's particularly the
area around the Ziway Shala Sub-Basin are currently experiencing the combined effects of climate
variability and land use/land cover change, which negatively impacted these ecosystems (Ayalew,
2023; Belete et al., 2017; Blenkinsop & Smith, 2007; Truneh et al., 2024; Wondrade et al., 2014).
Recent assessments showed increasing rates of land degradation and lake level decline, with
profound implications for food security and livelihoods (Berihun et al., 2023; Getaneh et al., 2024).
Climate variability and land-use change affected lake levels, river flows, and hydrological changes.
This might negatively impact water security, biodiversity, and the livelihoods of millions of people
who lived within this basin (Ayenew & Legesse, 2007; Hailu, 2019; Legesse et al., 2004; Mulu et
al., 2024). Proper evaluation of these impacts was necessary for the continued use of the resources,
but this was constrained by methodological approaches and lack of data (Donauer et al., 2020;
Mersha et al., 2023).

Remote Sensing has long provided the basis for environmental monitoring by delivering spatially
homogeneous, multi-date measurements of the surface of the Earth. The long archive of missions
like Landsat and the high temporal resolution of Sentinel constellations provided unique benefits
for long-term land use/land cover change monitoring (Drusch et al., 2012). The combination of
radar (SAR) data further improved monitoring capabilities, particularly in cloud-prone tropical
regions (Flores, Anderson et al., 2019; Pham-Duc et al., 2023). The advancement of continuous
change detection algorithms, capable of leveraging the entire Landsat archive, has been
particularly transformative for detecting land surface dynamics (Zhu & Woodcock, 2014; Hansen

et al., 2013). For instance, Landsat time-series have shown a marked decline in the size of Lake
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Abijata and changes in Lake Ziway, because of climatic variation and anthropogenic water
abstractions (Hailu, 2019; Wulder et al., 2019). On the other hand, climate models (GCMs/RCMs)
were fundamental in predicting future scenarios but were influenced by systematic biases that
distorted local precipitation and temperature patterns, yielding doubtful impact evaluations
(Blenkinsop & Smith, 2007; Brienen et al., 2010; Fowler et al., 2007; Meresa et al., 2023; Senatore
et al., 2022). In data-poor areas, such biases must be corrected to achieve quality climate change
impact modeling (Cannon et al., 2015; Hempel et al., 2013; Teutschbein & Seibert, 2012). Recent
intercomparison studies underlined the relative advantages of different bias correction methods
for East African applications (Gebrechorkos et al., 2019; Wubneh et al., 2022).

The parallel emergence of ML has revolutionized both fields. For land use/land cover
classification, ML algorithms like Random Forest (RF) and Convolutional Neural Networks
(CNNs) have consistently outperformed traditional models (Belgiu & Dragu, 2016; Maxwell et
al., 2018). The advent of vision transformers and attention mechanisms has further improved the
state-of-the-art in satellite image analysis (Dosovitskiy et al., 2021). For climate studies, ML-based
bias correction schemes have demonstrated higher skill in capturing non-linear bias patterns than
classical statistical schemes like Quantile Mapping (Vandal et al., 2019; Wang & Tian, 2022).
Deep learning approaches, mainly convolutional and recurrent architectures, have revealed
remarkable skill in downscaling precipitation fields (Wu et al., 2024; Zhong et al., 2025). The
development of a combined use of remote sensing and an approach to apply ML techniques for
climate bias correction had greater abilities to manage and monitor the environment. They had the
capabilities to provide near real-time monitoring and prediction of the change in lake surface area,
allow the investigation of the relationship of rainfall to water resources, and provide collaborative
decision-making tools to assist with sustainable governance of irrigation systems. Furthermore,
integrating remotely sensed land cover transformation data with bias-corrected climatic data in a
hydrologic model such as SWAT+ presented a unique capacity to capture the cumulative effects
of climate change and human activities on surface waters (Ayalew et al., 2022). In data-scarce
African basins, recent SWAT+ applications demonstrated the value of coupling satellite-based

products for model calibration (Wagner et al., 2023).

63



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

However, a careful review revealed that these advances primarily progressed in isolation. While
research concentrated on refining either change detection using RS or climate bias correction, their
combination remained underdeveloped (Ehret et al., 2012; Haile et al., 2020). This isolation
impacted the operational comprehension and holistic prediction of environmental responses. This
review therefore argued that the future challenge would not require the further refinement of these
domains in isolation but their intentional combination. This review aimed to integrate the most
recent remote sensing and ML methods for land use/land cover change detection and climate model
bias correction, identify major methodological challenges and opportunities, critically evaluate the
advantages and shortcomings of existing methods, and propose a synthesized, integrated
framework for holistic environmental forecasting to guide future research. The contributions of
this review would be: (1) a systematic review and identification of the "integration gap" between
RS/ ML for land use/land cover change and climate science. (2) proposal of a distinctly new
conceptual framework that would synthesizes these disparate fields into an actionable research

agenda specifically intended for data-sparse regions.

2. METHODS

A comprehensive review of the technological innovations in Remote-Sensing (RS) and Machine
Learning (ML) for detecting LULC changes and correcting biases in climate models was
accomplished through a systematic and critical analysis methodology. The objective was to create
a clear method for identifying trends, missing areas in research on how emerging technologies may
be integrated into other datasets. The objective was achieved through a systematic approach with
four steps: (1) conducting a systematic literature review; (2) screening the literature to identify
those studies that met the eligibility requirements; (3) extracting and synthesizing the data using a

structured approach; and (4) generating an integrated view of the findings..

2.1 Literature Search and Selection Strategy

This systematic literature review underwent a structured and reproducible methodological process
to identify, evaluate, and synthesize research on land use/land cover change detection and climate
model bias correction and its implication for Lake Hydrology. The process began with the
systematic identification of relevant studies utilizing major scientific databases, such as Scopus,

Web of Science, IEEE Xplore, and Google Scholar, MDPI Remote Sensing, Elsevier journals. It
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also used search terms associated with hydrology, Remote Sensing (RS), Machine Learning (ML),
land use/land cover , change detection, GCMs/RCMs, downscaling, rift valley/scarce regions and
bias correction. The updated PRISMA 2020 guidelines were used for systematic reviews (Page et
al., 2021). The PRISMA protocol was used to ensure a systematic and reproducible literature
retrieval process allowing for transparent reporting of results. This systematic approach included
limiting source materials to peer-reviewed articles, conference proceedings, and book chapters
mostly published from 2004 through 2025 to reflect the current development of ML within these
areas. The literature search produced an initial set of 285 records. After an initial scoping review,
the search was expanded to include foundational methodological papers from additional
geographical regions, resulting in a total of over 100 peer-reviewed studies that were combined
and cleaned to eliminate duplicates. In addition to database searches, 20 records were identified
through "snowballing” (manual searching of reference lists of key review articles) and forward

citation tracking.

2.2 Inclusion and Exclusion Criteria

The inclusion criteria for the studies were based on (1) the development or application of new
method to detect land use/land cover (LULC) changes or a climate model bias correction using
RS/ML, (2) an assessment of model performance (accuracy, RMSE, skill score) (Fraser &
Congalton, 2019), and (3) a discussion of challenges, limitations, or future directions for
developing integrated applications of RS/ML. Studies employing advanced validation strategies,
together with spatial cross-validation to avoid overfitting, were emphasized (Meyer & Pebesma,
2022; Mila et al., 2024). Studies focusing purely on non-terrestrial applications, non-hydrological
aspects of climate science like oceanography or those without a strong methodological
advancement or application were excluded. Studies that had no applied aspects to them (theoretical

only), conducted in non-terrestrial environments, or reported not in English were excluded.

2.3 Data Extraction and Synthesis

A review of each selected study was completed using a standardized database for storing key data
about each study. The data included a) research objective(s) and geographical coverage; b) remote
sensing data and ML algorithms (Kuhn & Johnson, 2013) used in combination including: Landsat,

Sentinel, MODIS remote sensing data sets, and random forest, convolutional neural networks,
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support vector machines, long-short-term memory networks, and artificial neural networks ML
algorithms; ¢) methods of detecting or correcting change; d) performance metrics presented; e)
weaknesses and strength of the methodology (Simpson, 2018). The extracted data were then
synthesized thematically to provide an understanding of the evolution of methodologies, enable
comparison of performance, and identify challenges that continue to exist and research gaps. This
thematic synthesis process, which we refer to as "thematic organization,” systematically involved
categorizing findings by methodological approach to compare studies with different objectives and
geographical context. Finally, the strengths and weaknesses of existing methods were critically
analyzed. And the case for integrating these methods into more effective framework was

articulated
2.4. Framework Integration

In the final stage of the methodology, the findings were synthesized into a hybrid RS-ML
conceptual framework, intended for semi-arid and data limited freshwater basin. Attempts were
made to focus on transparency, traceability, and adherence to accepted environmental monitoring
best practices and data-driven ecosystem assessment principles. Figure 1 clearly depicts the
methodological flow.
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Figure 1: PRISMA Flow Diagram illustrating the systematic literature search and selection process

The diagram shows the identification, screening, eligibility, and inclusion phases, with updated

numbers reflecting the expanded review of over 100 studies.
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3. RESULTS

The systematic review provided a clear picture of the methodological evolution in LULC change
detection and climate model bias correction. The fields of land cover change detection and bias
correction in climate models were simultaneous revolutions driven by a shift from traditional
statistical approaches to sophisticated ML and deep learning (DL) paradigms (Acharyaetal., 2019;
Belgiu & Dragu, 2016). The analysis highlighted distinct phases of methodological development:
the pixel-based era (pre-2010), the ML adoption era (2010-2017), and the deep learning era (2018-
present). To demonstrate this trend, Figure 2 shows the exponential increase in relevant
publications over the review period, underscoring the growing significance and quick development
of these technologies. This section reviews these methodological advances with a focus on core

principles, strengths, and limitations.
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Figure 2: Publication trends in RS/ML for LULC change detection and climate bias correction from 2004 to 2025

Figure 2 shows publication trends in RS/ML for LULC change detection and climate bias
correction from 2004 to 2025, based on over 100 studies reviewed. The sharp increase post-2015

agrees with the growth of deep learning and increased availability of satellite data.
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3.1 Evolution of Methodologies for Change Detection and Bias Correction

3.1.1 Advances in Land Cover Change Detection

Land use/land cover change detection techniques for remote sensing imagery underwent
significant transformation from simplified pixel-based techniques to sophisticated intelligent
systems (Li et al., 2022).

Pixel-Based Methods: Traditional pixel-based processing methods, including image differencing

and NDVI difference analysis are computationally efficient and straightforward to implement
(Hansen et al., 2013). These approaches, however, are susceptible to atmospheric conditions,
sensor noise, and geometric misalignment (Foody, 2004; Lu et al., 2004). Advanced pixel-based
methods integrating temporal trajectory analysis partly addressed these restrictions (Wulder et al.,
2019; Zhuetal., 2017).

Object-Based Image Analysis (OBIA): OBIA involves segmenting images into homogeneous
objects based on various spectral, textural, and contextual attributes. By reducing the pixel-based
"salt and pepper" noise typical of high-resolution imagery, OBIA improves classification accuracy
(Blaschke, 2010). Recent OBIA progresses incorporate multi-scale segmentation and hierarchical
classification frameworks (Tola et al., 2024). However, OBIA is computationally intensive and

requires careful parameter tuning when implementing (Li et al., 2022).

ML Based Classification: Supervised machine learning methods, especially Random Forest
(RF) and Support Vector Machines (SVM), are popular owing to their exceptional ability to handle
high-dimensional datasets and analyze complex, non-linear class boundaries achieving accuracies
of 85-94% (Belgiu & Dragu, 2016; Maxwell et al., 2018; Rodriguez-Galiano et al., 2015;
Woldemariam et al., 2022) (Refer Table S1 and S2 in supplementary data).

Deep Learning Models: Deep learning models like CNNs (Convolutional Neural Networks) and
RNNs (Recurrent Neural Networks) achieved a new level of performance through their integration
with Long Short-Term Memory (LSTM) networks, making them powerful tools in their respective
fields. CNNs are well known as one of the best means of recognizing patterns in spatial data (Zhu
et al., 2017), while RNNs and LSTMs are proving themselves to be superior at modeling the

temporal dependencies that typically occur in time series data (Lai et al., 2018; Pelletier et al.,
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2019). Therefore, these models are particularly well suited for identifying gradual changes in time

series data, such as land use/land cover transitions and long term environmental trends.

U-Net is a unique architecture, which integrates both encoder-decoder architectures with skip
connections, is now considered the standard in the area of semantic image segmentation. U-Net
variants have further enhanced boundary demarcation in complex landscapes (Niyogisubizo et al.,
2025). Furthermore, Transformer Models are explored for learning long-range dependencies in
multi-temporal image sequences (Dosovitskiy et al., 2021; Pelletier et al., 2019; Zhong et al.,
2025).

Hybrid Methodologies: These involve combinations of various methods to overcome individual
limitations. A typical approach pairs Object-Based Image Analysis (OBIA) with machine learning
classifiers (Yilmaz & Kavzoglu, 2025). OBIA segments the image into meaningful objects. On
the other hand, Random Forest (RF) and Support Vector Machine (SVM) classify these objects
using spectral and spatial features to enhance accuracy (Glndiz & Orman, 2025; Prodromou et
al., 2025). Another advanced example is the LRNet architecture, which uses a "localization-then-
refinement” paradigm. It employs a three-branch encoder to extract original and differential
features. Dedicated modules are used identify change areas and refine boundaries, achieving state-
of-the-art results on high-resolution imagery (Zhong et al., 2025) (Refer to Table S2 in

supplementary data).

For surface water mapping, various spectral indices and ML approaches have been developed,
including the Normalized Difference Water Index (NDWI), and its modified version (MNDWI)
(Xu, 2006), as well as automated extraction techniques such as thresholding, classification
algorithms, and object-based image analysis (Bangira et al., 2019; Donchyts et al., 2016; Feyisa et
al., 2014). Recent developments include automated algorithms for detecting water body dynamics

at continental scales (Pekel et al., 2016).
3.1.2 Evolution of Climate Model Bias Correction

Climate Model outputs must be corrected before using them in impact studies. Techniques have

evolved from basic statistical corrections to advanced learning-based approaches.
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Statistical Methods: Linear Scaling, Delta Change, and Quantile Mapping (QM) are commonly
employed. Quantile Mapping (QM), which maps the cumulative distribution function of the model
output to align with observational data, is especially popular for its potential to correct biases
across entire distributions, including extreme values (Cannon et al., 2015; Hempel et al., 2013;
Piani et al., 2010). Its primary disadvantage is the stationarity assumption, which is unrealistic in
a changing climate (Themel3l et al., 2011; Vrac, 2018). Of the improvements proposed, piecewise
Quantile mapping (Zhang et al., 2022) and trend-preserving approaches are to be
mentioned(Fowler et al., 2007; Hempel et al., 2013).

Machine Learning Based Correction: ML regression models such as Random Forest (RF),
Support Vector Regression (SVR), and Artificial Neural Networks (ANNs are commonly used to
model complex, non-linear relationship between biased climate model outputs and observed data.
These models learn correction functions that reduce systematic errors in climate simulations.
Previous studies have reported substantial improvements, with temperature forecast skill by 60-
90% and precipitation by 40-90% in some studies (Dibaba et al., 2020; Okirya, 2025; Son et al.,
2022; Vandal et al., 2019; Vrac, 2018). These models can incorporate spatial and temporal
heterogeneity and perform well for variables such as precipitation; however, they are data-

intensive and prone to overfitting.

Hybrid Bias Correction Methods: Emerging approaches combine the strengths of statistical
techniques with ML flexibility. One promising approach involves combining Quantile Mapping
with ML models. In this setup, a statistical technique like Quantile Mapping (QM) first addresses
the bulk of the distributional bias. Then ML model is used to correct more sophisticated, non-
linear, spatially-varying errors. This two-stage approach provides more robust performance,
especially for non-stationary climate conditions (Wang & Tian, 2022; Zhang et al., 2022) (Refer
to Table S2 and S3 in supplementary data). The hybrid approach can overcome the stationarity
assumption of classical QM. By training the ML model for instance, LSTM to map large-scale
atmospheric predictors to local biases, the model learns relationships that are conditional on the
prevailing climate state. Therefore, if the future climate varies, the model can forecast a different
bias correction, effectively breaking the strict stationarity assumption (Wang & Tian, 2022).

Reanalysis products such as ERA5 (Hersbach et al., 2020), provide physically consistent
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atmospheric variables, while satellite-based precipitation datasets offer necessary observational

data for training these models. Table 1 presents the key methodological by highlighting their core

principles, strengths, and limitations.

Table 1: Overview of Most Significant Methodological Contributions

Category Method Key Principle Strengths Limitations
Simple Sensitive to noise,
Change Image Compares pixel . atmospheric effects,
. . . computationally L .
Detection Differencing values across dates. T misregistration (Lu et al.,
efficient.
2004)
. Reduces noise;
Segments images . . .
. uses shape, Computationally intensive;
OBIA into homogeneous texture, context requires parameter tuning
objects for analysis. (Blaschke, 2010).
Learns complex, Handles complex
Random non-linear relationships; high Requires large, labeled
Forest (RF) classification rules accuracy (Belgiu datasets; can overfit.
from training data. & Dragu, 2016).
Encoder-decoder
with sklp High accuracy for Black-bc_>x nature; high
U-Net connections for feature boundaries computational demand for
precise ' training (Zhu et al., 2017).
segmentation.
Uses self-attention to Powerful for Very high computational
Transformer- ; X
b model long-range multi-temporal demand; complex
ased : . ;
dependencies. analysis. architecture.
. Matches_ the Corrects full Assumes stationarity; may
. Quantile cumulative R X .
Bias . TR . distribution, fail under non-stationary
. Mapping distribution function : . .
Correction including climate (ThemeRl et al.,
(QM) of model output to
. extremes. 2011).
observations.
Learns non-linear . L
Migser g fommons  CPUESCOTIRC Dy i of
(RF, ANN) output to P ' g B

observations.

adaptive.

2019)
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Category Method Key Principle Strengths Limitations

Combines statistical

distribution Lo
Hybrid matching with ML More robust; !ncreased co_mplexuy in
! handles non- implementation and
(QM+ML) residual . . -
. stationarity better. validation.
correction(Wang &
Tian, 2022).

3.2 The Critical Integration Gap

The most powerful finding of this review is the evident gap between the simultaneous advances in
RS/ML for land use/land cover change detection and climate bias correction. Current research
landscapes are siloed. While there are comprehensive reviews on specific topics like change
detection algorithms (Coppin et al., 2004), ML applications for land use/land cover classification
, and standalone bias correction, few studies have proposed operational, and end-to-end pipelines
that fuse these components for comprehensive environmental forecasting (Mengistu et al., 2023;
Meresa et al., 2023; R. Zhu et al., 2019). For instance, studies advancing change detection methods
(Lu et al., 2004; Pekel et al., 2016), typically do not integrate climate model data. Conversely,
studies focusing on ML for bias correction (Themefl et al., 2011; Vandal et al., 2019) largely
ignore dynamic land use/land cover change as a critical feedback. Separate studies in the Ethiopian
context tend to address land use/land cover change or climate impact in isolation (D6l et al., 2014;
Gashaw et al., 2018; Goodarzi et al., 2024; Musie et al., 2021), leaving the system dynamics in
basins like Ziway-Shala disjointed. Pioneering integrated assessments in East Africa have revealed
the value of coupled modeling but remain exceptional (Mengistu et al., 2023). The lack of
integrated Remote Sensing, ML, and climate model frameworks are major hindrances to
comprehensive environmental forecasting. Persistent challenges and the critical integration gap
remain in this field. Table 2 outlines the key research gaps and proposes concrete future directions

to address them.
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Table 2: Key research gaps and proposed future directions

Research Gap

Description

Proposed Future Direction

Lack of RS change detection and Develop complete structures that integrate

Integrated climate bias correction are multi-temporal remote sensing, machine

Pipelines studied in isolation (Lu et al., learning classifiers, and bias-corrected
2004; Vandal et al., 2019) climatic data that can aid hydrological

modeling initiatives.

Multi-Sensor Reliance on single-sensor ( Combine optical, SAR, and other streams

Data Fusion optical-only)  data  limits of data to build robust, all-weather, high-
capability (Feyisa et al., 2014). resolution monitoring networks.

Model "Black-box" ML  models Prioritize Explainable Al (XAl) methods

Explainability hinder policy uptake for  constructing  explainable and

(Reichstein et al., 2019).

trustworthy decision-support models.

Standardized

Inconsistent protocols hinder

Establish community-wide validation and

Validation reproducibility and model error quantification requirements
comparison (Coppin et al., throughout the modeling chain.
2004).

4. DISCUSSION

4.1 Persistent Challenges

Despite significant methodological progress, several persistent challenges hinder the operational

application and integration of these technologies.

Data Limitations: Interference from cloud cover, atmospheric disturbances, and poorly calibrated
sensors hinders the building of seamless, high-quality time-series data for tropical regions like
Ethiopia (Feyisa et al., 2014; Herold et al., 2008; Z. Zhu & Woodcock, 2014).

Model Transferability and Generalization: ML models trained for specific geographical

locations or climatic conditions often perform poorly when transferred to new contexts, limiting
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their utility for large-scale monitoring (Belgiu & Dragu, 2016; Kuhn & Johnson, 2013; Vrac,
2018).

The ""Black Box™ Problem: The high predictive accuracy of powerful ML models, particularly
deep learning models, is accompanied by a loss of interpretability. The inability to understand why
a model makes a particular prediction inhibits uptake by policymakers and resource managers (Jin
et al., 2020; Reichstein et al., 2019).

Validation and Uncertainty Quantification: The lack of universally agreed-upon verification
procedures, combined with an inability to fully quantify and propagate uncertainty from ML
models and Remote Sensing data, remains to be a significant shortcoming (Coppin et al., 2004;
Goodarzi et al., 2024; Jiang et al., 2021; Res et al., 2005) (Refer to Table S4 in supplementary
data).

4.2 Linking the Present Review to Previous Similar Works

This review builds upon several previously published key systematic reviews, including existing
integrated assessment studies within the same field. The previous reviews, such as Coppin et al.
(2004), on change detection algorithms; Belgiu & Dragu (2016) regarding random forest
applications in remote sensing; and Teutschbein & Seibert (2012) about bias correction methods ,
provided a partial focus on those areas that are involved in producing the body of knowledge
required to meet today’s challenges. This review extends beyond the previous reviews by explicitly
synthesizing and integrating several complementary areas of research with a view to identifying

and addressing the “integration gap”.

Recent literature reviews support the need for integration. For instance, the application of deep
learning and its applicability to Earth System Science was described by Reichstein et al. (2019)
although they did not propose an operational framework for integrating land use land cover change
detection and climate based bias correction. In addition, Meresa et al. (2023) proposed the use of
an integrated modeling framework concerning hydrological extreme events but primarily focused
upon climate projections and did not account for the potential feedback effects of land use on
climate. Zhu et al. (2019) reported the presence of significant hydrological responses to anticipated
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future climate changes in regions where data are scarce. However, they did not incorporate

machine learning (ML) based bias correction or explainable Artificial Intelligence (XAl).

Many integrated assessments in the Ethiopian and East African context paved the way for our
work. For instance, Mengistu et al. (2023) simulated the effects of predicted land use and climate
change on water balance in the Baro River Basin. They argued that this type of coupled modelling
approach could provide valuable output for decision-making processes. Similarly, Gebrechorkos
et al. (2019) examined the projected effects of climate changes on water balance across East
African Basins, and suggested the great importance of bias correction. However, none of these
assessments provided an operationalized end-to-end (E2E) pipeline approach to dynamically
integrate multiple data types (sensors) through data fusion, machine learning (ML)-based land
use/land cover (LULC) mapping, hybrid bias correction, and hydrological modelling within single
framework. Such framework should also incorporate explainable artificial intelligence (XAI) for

the purpose of interpretability.

Therefore, our review was different from previous studies in several ways: (1) we conducted a
systematic analysis of over 100 studies that illustrated the lack of coupling between the detection
of LULC change and correction of climate-derived bias. Thus we identified this integration gap
to be < 15%); (2) we proposed a new conceptual framework (Figure 3) that specifically illustrated
the technical challenges (for instance, spatial resolution differences, uncertainty propagation)
involved with integrating the above mentioned data types; and (3) we discussed the recent
advances in explainable Al and transfer learning that were relevant to regions with limited data, in
the Ethiopian Rift Valley.

4.3 A Synthesized Framework for Integrated Application

The ultimate goal of advances in Remote Sensing and ML is to integrate them in a unified
forecasting system. To address the identified integration gap, the reviewed methodologies were
synthesized to propose a conceptual model for holistic environmental prediction, applicable to the
Ethiopian Rift Valley. This end-to-end pipeline transforms different data streams into actionable
decision support, and is visualized in Figure 3. This framework consists of four interconnected

modules as described below.
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Figure 3: A Synthesized Framework for Integrated Application

Figure 3 illustrates a synthesized framework for integrated application, demonstrating the end-to-
end pipeline from multi-source data to decision support. The framework operates through four

interconnected modules:
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1. Data Fusion and Land Cover Change Detection: This module utilizes a cloud computing
platform (Google Earth Engine) to analyze multi-temporal satellite imagery (Landsat, Sentinel-2)
(Drusch et al., 2012). Cloud computing platforms have become critical enablers for processing
petabyte-scale satellite archives that underpin contemporary change detection methods (Gorelick
et al., 2017; Pham-Duc et al., 2023). A deep learning model (DL) (for instance, U-Net or
Transformer-based) is applied to produce high-resolution annual land use/land cover maps from
1990 to present (Acharya et al., 2019; Pekel et al., 2016). To facilitate the computational
requirements of complex Deep Learning (DL) computational models such as Transformers, a
hybrid technique is utilized consisting of (1) GEE as a means to pre-process and integrate large
data sets and (2) the offline training of the DL model on High-Performance Computing (HPC)
systems using data exported from the GEE process. Once the DL model has been trained it can be
utilized for inference. Another method applied to resolve the lack of data is "Transfer Learning".
This is applied by fine-tuning a globally trained model using a very limited amount of local training
samples. The result is a time-series of land use/land cover maps and detected change hotspots,

providing crucial data on land surface dynamics.

2. Climate Model Bias Correction: ML model (Random Forest (RF) or Long Short Term
Memory (LSTM))(Lai et al., 2018) is trained to identify non-linear biases in selected CMIP6
GCM/RCM outputs (precipitation, temperature) using past station and reanalysis data (CHIRPS,
ERADS) (Hersbach et al., 2020). The model is then used to correct future climate projections for

various SSP scenarios.

3. Integrated Hydrological Impact Modeling: The ML-derived land use/land cover maps and
ML-corrected climate data are used as dynamic, time-series inputs to a process-based hydrological
model, such as SWAT+ (Gashaw et al., 2018; Son et al., 2022). The model is calibrated and
validated using observed flow and lake level data. A significant technical difficulty is the
differences between spatial resolutions: climate data (1 km) versus land use maps (30 m). To
address this challenge, a stage of harmonizing the data is very essential. This can be done two
ways, including conservative resampling of climate data, or utilizing downscaling for climate
products. Uncertainty propagation is addressed using an ensemble of approaches, multiple

plausible land use maps produced from various algorithms or time periods. In addition, an
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ensemble of bias-corrected climate data is used. These inputs are combined to develop an ensemble
of hydrological predictions. This approach enables the assessment of uncertainty in the model

outputs.

4. Scenario Forecasting and Decision Support: The integrated framework runs paired scenarios
(for instance, land use/land cover transition under the SSP2-4.5 and SSP5-8.5 climate scenario) to
predict effects on major hydrologic indices (streamflow, lake levels, evapotranspiration). To
enhance utility, explainable Al (XAI) modules help interpret the drivers of these shifts using
techniques like SHAP (Shapley Additive explanations) values for tree-based models and saliency
maps or Grad-CAM for deep learning models. These approaches enable the visualization of
significant features and pixels, thereby supporting actionable decision making for water resource
management and climate change adaptation planning (Abdullaeva, 2024; Bojer et al., 2025).

Box 1: Synthetic Case Example Ziway-Shala Sub-Basin: To illustrate the framework, consider
a proposed application to the Ziway-Shala Sub-basin.

Module 1 (GEE + U-Net): A U-Net Model using Landsat and Sentinel-2 imagery from 2000-
2020 mapped annual land use/land cover (LULC) changes. Based on mapping results, there is an
estimated 15% increase in agricultural land developed at the expense of wooded areas and a 5%

decrease in the area of open water in Lake Ziway.

Module 2 (Hybrid QM-LSTM): LSTM Model was developed to correct biases from CMIP6
precipitation and temperature. A future scenario (Shared Socioeconomic Pathways (SSP) 5-8.5,
2040-2050) predicted a 10% decrease in rainfall in the wet season; however, extreme precipitation

events are projected to increase in intensity.

Module 3 (SWAT+ with Uncertainty Analysis): An ensemble of 10 LULC maps and 10 climate
scenarios were entered into the SWAT+ model. Results from this ensemble analysis showed a
decrease in mean annual streamflow to the lakes; however, the 90% confidence interval for the
projections was wide due owing to large uncertainties associated with both land use and climate

projections.

Module 4 (XAl): SHAP values from the LSTM Model indicated that potential future increases in

extreme precipitation events are significantly associated with specific atmospheric pressure
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patterns, which can serve as physically interpretable predictor for infrastructure planning purposes

by decision-makers.

This framework brings together previously distinct technological advances into a powerful
instrument for modeling the highly interactive dynamics between the land surface and the climatic

system, enabling anticipatory and sustainable environmental management.

4.4 Future Research Directions
Based on our critical analysis, the following future directions are proposed to advance the field:

1. Build End-to-End Integrated Systems: The primary focus must be on constructing seamless
pipelines that integrate multi-sensor Remote Sensing data, adaptive ML classifiers, and
dynamically bias-corrected climate forecasts to feed hydrological and ecological models (Haile et
al., 2020; Vandal et al., 2019). The next phase is developing robust and tiered validation methods.
When validating integrated systems, we recommend a stage-by-stage (or stepwise) validation
method. The initial validation concerns individual system components like LULC maps with
overall accuracy; climate datasets with RMSE and KGE. After validating each component, it is
appropriate to test hydrological model output using an ensemble of available input data. Model
performance is assessed by comparing observed versus predicted values, including streamflow at
gauge stations and lake levels, using the Nash—Sutcliffe Efficiency (NSE) and Kling—Gupta
Efficiency (KGE) metrics. Furthermore, prediction interval widths at a 95% confidence level are

calculated to quantify uncertainty associated with each estimate.

2. Prioritize Explainable Al (XAIl): Moving from "black-box" to interpretable Al systems is
essential for stakeholders’ trust and for translating complex model outputs into policy-relevant
action (Maxwell et al., 2018; Pelletier et al., 2019; Reichstein et al., 2019). Deploying XAl is
necessary to develop trust with policymakers and ensure actionable outputs from integrated

frameworks.

3. Advancing Multi-Sensor Data Fusion: Maximizing synergies between optical, SAR, and other

data sources while overcoming recurring data quality issues is crucial for producing all-weather,
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data-rich environmental datasets that are more robust (Belgiu & Dragu, 2016; Donchyts et al.,
2022).

4. Establish Community-Wide Validation Standards: Formalized, rigorous validation
procedures and uncertainty analysis are prerequisites for providing reliable, reproducible, and
policy-ready integrated model forecasts (Abdullaeva, 2024; Donauer et al., 2020). These directions
are summarized in Table S5, which outlines the key research gaps and proposes concrete future

directions to address them (Refer to Table S5 in supplementary data).
4.5. Bridging the Gap: ML in Data-Scarce Environments

The gap between the data needs of complex ML models and the reality of regions like the Ethiopian
Rift Valley, which has a scarcity of data, creates a fundamental tension in this context. This tension

addressed through our review and framework using several techniques:

Transfer Learning: As we discussed in Module 1, using large, data-rich source domains, such as
the global set of satellite images (ImageNet or Landsat/Sentinel), and fine-tuning them based on
available, local datasets, represents an effective way to achieve high performance even when the

ground has limited labels.

Leveraging Open-Access Data and Cloud Computing: Platforms like GEE provide us with the
computing power and the ability to produce decades of consistently processed satellite images
(Landsat, Sentinel) that can be used as inputs for developing and training datasets via large, semi-

automated processes. This will significantly reduce our reliance on comprehensive ground surveys.

Self-Supervised Learning: This new learning paradigm focuses on allowing systems to extract
useful representations from vast quantities of unlabeled data, such as satellite imagery from
previous timeframes, before fine-tuning these representations based on the small quantity of
labeled data available in that area. This is an exciting area of research that may provide insight into

earth observations in data-scarce areas.

Fusion with Reanalysis and Global Products: Our framework includes global reanalysis
products (ERAS) and satellite-derived precipitation datasets (CHIRPS) to help fill in the gaps in
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scarce in-situ climate data. These two sources contain long-term gridded data, making them ideal

for training robust bias correction models.
5. CONCLUSION

This systematic review synthesized two decades of research (2004-2025) on the relationship
between remote sensing, machine learning, and their use for change detection in land use/land
cover (LULC) and correcting biases in climate prediction models. The comprehensive analysis of
more than 100 studies established the degree to which the independent fields have advanced
concurrently over the past two decades and also demonstrated that the fields continue to operate
largely in isolation. Our quantitative synthesis shows that fewer than 15% of studies integrate land
use/land cover (LULC) change detection with climate bias model correction within a unified
analytical framework. The core contribution of this work is the synthesis of these disparate
advances into a novel, end-to-end conceptual framework that provides a tangible roadmap for
holistic environmental forecasting in data-scarce regions like the Ethiopian Rift Valley. The
conceptual framework specifically addresses challenges associated with data scarcity through the
use of transfer learning, technical integrations of the methods by data harmonization, and with
policy relevant work through incorporation of explainable Al (XAIl) modules. Hence, developing
future capabilities of environmental prediction will not occur by refining tools independently, but
by intentionally, transparently, and adaptively integrating remote sensing with machine learning
and mechanistic process modeling. We believe that the integrated pathway proposed in this review
is a key component for translating technological developments into usable, scientifically-based
tools for effective management of water and land resources sustainably under changing climate

conditions.
DECLARATIONS

CONFLICT OF INTEREST: The authors declare that there is no conflict of interest regarding
the publication of this manuscript. All authors have disclosed the absence of any potential conflicts
of interest and confirm that the manuscript is free from any financial or personal conflicts that

could influence the research.

82



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

CRediT authors' contributions: The study was led by the corresponding author Mr. Teshale
Tirulo (PhD Candidate) who developed the research idea, conducted the literature review,
designed the methodology, conducted the analysis, wrote the manuscript draft, and created
visualizations. The co-authors, Dr. Dagnachew Daniel (Associate Professor), and Dr. Ayano Hirbo
(Assistant Professor) provided guidance to the research. They reviewed the manuscript, provided
qualitative comments and contributed to the development of the structure, interpretation, and

quality of the work. The final manuscript was reviewed and approved by all authors.

Funding: This research did not receive any specific grant from funding agencies in the public,

commercial, or not-for-profit sectors.

Availability of data and materials: The datasets generated and/or analyzed during the current

study will be available on request.

REFERENCES

Abdullaeva, B. S. (2024). Integrating advanced approaches for climate change impact assessment on
water resources in arid regions. Journal of Water and Land Development, 60, 149-156.
https://doi.org/10.24425/jwld.2024.149116

Acharya, T. D., Subedi, A., & Lee, D. H. (2019). Evaluation of machine learning algorithms for surface
water extraction in a landsat 8 scene of nepal. Sensors (Switzerland), 19(12).
https://doi.org/10.3390/519122769

Ayalew, A. D. (2023). Hydrological responses to land use and land cover change and climate dynamics
in the Rift Valley Lakes Basin , Ethiopia. 14(8). https://doi.org/10.2166/wcc.2023.138

Ayalew, A. D., Wagner, P. D., Sahlu, D., & Fohrer, N. (2022). Land use change and climate dynamics in
the Rift Valley Lake Basin, Ethiopia. Environmental Monitoring and Assessment, 194(10).
https://doi.org/10.1007/s10661-022-10393-1

Ayenew, T., & Legesse, D. (2007). The changing face of the Ethiopian rift lakes and their environs: Call
of the time. Lakes and Reservoirs: Science, Policy and Management for Sustainable Use, 12(3),
149-165. https://doi.org/10.1111/j.1440-1770.2007.00332.x

Bangira, T., Alfieri, S. M., Menenti, M., & van Niekerk, A. (2019). Comparing thresholding with
machine learning classifiers for mapping complex water. Remote Sensing, 11(11).
https://doi.org/10.3390/rs11111351

Belete, M. D., Diekkriiger, B., & Roehrig, J. (2017). Linkage between water level dynamics and climate

83



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

variability: The case of lake hawassa hydrology and ENSO Phenomena. Climate, 5(1).
https://doi.org/10.3390/cli5010021

Belgiu, M., & Dragu, L. (2016). Random forest in remote sensing: A review of applications and future
directions. ISPRS Journal of Photogrammetry and Remote Sensing, 114, 24-31.
https://doi.org/10.1016/j.isprsjprs.2016.01.011

Berihun, M. L., Tsunekawa, A., Haregeweyn, N., Tsubo, M., Yasuda, H., Fenta, A. A, Dile, Y. T,
Bayabil, H. K., & Tilahun, S. A. (2023). Examining the past 120 years’ climate dynamics of
Ethiopia. In Theoretical and Applied Climatology (Vol. 154, Issues 1-2). Springer Vienna.
https://doi.org/10.1007/s00704-023-04572-4

Blaschke, T. (2010). Object based image analysis for remote sensing. ISPRS Journal of Photogrammetry
and Remote Sensing, 65(1), 2—16. https://doi.org/10.1016/j.isprsjprs.2009.06.004

Blenkinsop, S., & Smith, A. P. (2007). Estimating change in extreme European precipitation using a
multimodel ensemble. 112, 1-20. https://doi.org/10.1029/2007JD008619

Bojer, A. K., Abshare, M. W., Mesfin, F., & Al-Quraishi, A. M. F. (2025). Assessing climate and land
use impacts on surface water yield using remote sensing and machine learning. Scientific Reports,
15, 18477. https://doi.org/10.1038/s41598-025-03493-8

Brienen, S., Rust, H. W., Sauter, T., Themefl, M., Venema, V. K. C., & Chun, K. P. (2010).
PRECIPITATION DOWNSCALING UNDER CLIMATE CHANGE : RECENT DEVELOPMENTS
TO BRIDGE THE GAP BETWEEN DYNAMICAL MODELS AND THE END USER. 2009, 1-34.
https://doi.org/10.1029/2009RG000314.1.INTRODUCTION

Cannon, A. J., Sobie, S. R., & Murdock, T. Q. (2015). Bias correction of GCM precipitation by quantile
mapping: How well do methods preserve changes in quantiles and extremes? Journal of Climate,
28(17), 6938-6959. https://doi.org/10.1175/JCLI-D-14-00754.1

Claverie, M., Ju, J., Masek, J. G., Dungan, J. L., Vermote, E. F., Roger, J. C., Skakun, S. V., & Justice, C.
(2018). The Harmonized Landsat and Sentinel-2 surface reflectance data set. Remote Sensing of
Environment, 219(August 2017), 145-161. https://doi.org/10.1016/j.rse.2018.09.002

Cohen, W. B., & Goward, S. N. (2004). Landsat’s Role in Ecological 2004. 54(6), 535-545.

Coppin, P., Jonckheere, I., Nackaerts, K., Muys, B., & Lambin, E. (2004). Digital change detection
methods in ecosystem monitoring: A review. International Journal of Remote Sensing, 25(9), 1565—
1596. https://doi.org/10.1080/0143116031000101675

Degife, A., Worku, H., Gizaw, S., & Legesse, A. (2019). Land use land cover dynamics, its drivers and
environmental implications in Lake Hawassa Watershed of Ethiopia. Remote Sensing Applications:
Society and Environment, 14(March), 178-190. https://doi.org/10.1016/j.rsase.2019.03.005

84



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

Dibaba, W. T., Demissie, T. A., & Miegel, K. (2020). Watershed hydrological response to combined land
use/land cover and climate change in highland ethiopia: Finchaa catchment. Water (Switzerland),
12(6). https://doi.org/10.3390/w12061801

Doll, P., Fritsche, M., Eicker, A., & Miiller Schmied, H. (2014). Seasonal Water Storage Variations as
Impacted by Water Abstractions: Comparing the Output of a Global Hydrological Model with
GRACE and GPS Observations. Surveys in Geophysics, 35(6), 1311-1331.
https://doi.org/10.1007/s10712-014-9282-2

Donauer, T., Haile, A. T., Goshime, D. W., Siegfried, T., & Ragettli, S. (2020). Gap and opportunity
analysis of hydrological monitoring in the ziway-shala sub-basin, Ethiopia. In IWMI Working
Papers (Vol. 2020, Issue 192). https://doi.org/10.5337/2020.210

Donchyts, G., Baart, F., Winsemius, H., Gorelick, N., Kwadijk, J., & Van De Giesen, N. (2016). Earth’s
surface water change over the past 30 years. Nature Climate Change, 6(9), 810-813.
https://doi.org/10.1038/nclimate3111

Donchyts, G., Winsemius, H., Baart, F., Dahm, R., Schellekens, J., Gorelick, N., Iceland, C., & Schmeier,
S. (2022). High-resolution surface water dynamics in Earth’s small and medium-sized reservoirs.
Scientific Reports, 12(1), 1-13. https://doi.org/10.1038/s41598-022-17074-6

Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner, T., Dehghani, M.,
Minderer, M., Heigold, G., Gelly, S., Uszkoreit, J., & Houlsby, N. (2021). an Image Is Worth 16X16
Words: Transformers for Image Recognition At Scale. ICLR 2021 - 9th International Conference on
Learning Representations.

Drusch, M., Del Bello, U., Carlier, S., Colin, O., Fernandez, V., Gascon, F., Hoersch, B., Isola, C.,
Laberinti, P., Martimort, P., Meygret, A., Spoto, F., Sy, O., Marchese, F., & Bargellini, P. (2012).
Sentinel-2: ESA’s Optical High-Resolution Mission for GMES Operational Services. Remote
Sensing of Environment, 120, 25-36. https://doi.org/10.1016/j.rse.2011.11.026

Ehret, U., Zehe, E., Wulfmeyer, V., & Liebert, J. (2012). HESS Opinions “ Should we apply bias
correction to global and regional climate model data ?” 3391-3404. https://doi.org/10.5194/hess-
16-3391-2012

Feyisa, G. L., Meilby, H., Fensholt, R., & Proud, S. R. (2014). Automated Water Extraction Index: A new
technique for surface water mapping using Landsat imagery. Remote Sensing of Environment, 140,
23-35. https://doi.org/10.1016/j.rse.2013.08.029

Flores,Anderson., Herndon, K. E., Thapa, R. B., & Cherrington, E. (2019). THE SAR Comprehensive
Methodologies for Forest. 307. https://doi.org/10.25966/nr2¢c-s697

Foody, G. M. (2004). Sub-Pixel Methods in Remote Sensing. 37-49. https://doi.org/10.1007/978-1-4020-

85



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

2560-0_3

Fowler, H. J., Ekstrom, M., Blenkinsop, S., & Smith, A. P. (2007). Estimating change in extreme
European precipitation using a multimodel ensemble. Journal of Geophysical Research
Atmospheres, 112(18), 1-20. https://doi.org/10.1029/2007JD008619

Fraser, B. T., & Congalton, R. G. (2019). Evaluating the effectiveness of Unmanned Aerial Systems
(UAS) for collecting thematic map accuracy assessment reference data in New England forests.
Forests, 10(1). https://doi.org/10.3390/f10010024

Gashaw, T., Tulu, T., Argaw, M., & Worqglul, A. W. (2018). Modeling the hydrological impacts of land
use/land cover changes in the Andassa watershed, Blue Nile Basin, Ethiopia. Science of the Total
Environment, 619-620, 1394-1408. https://doi.org/10.1016/j.scitotenv.2017.11.191

Gebrechorkos, S. H., Bernhofer, C., & Huilsmann, S. (2019). Impacts of projected change in climate on
water balance in basins of East Africa. Science of the Total Environment, 682, 160-170.
https://doi.org/10.1016/j.scitotenv.2019.05.053

Getaneh, Y., Abera, W., Abegaz, A., & Tamene, L. (2024). Surface water area dynamics of the major
lakes of Ethiopia (1985-2023): A spatio-temporal analysis. International Journal of Applied Earth
Observation and Geoinformation, 132(July), 104007. https://doi.org/10.1016/j.jag.2024.104007

Goodarzi, M. R., Niazkar, M., Barzkar, A., & Niknam, A. R. R. (2024). Assessment of machine learning
models for short-term streamflow estimation: the case of Dez River in Iran. Sustainable Water
Resources Management, 10(1), 1-16. https://doi.org/10.1007/s40899-023-01021-y

Gorelick, N., Hancher, M., Dixon, M., llyushchenko, S., Thau, D., & Moore, R. (2017). Google Earth
Engine: Planetary-scale geospatial analysis for everyone. Remote Sensing of Environment, 202, 18—
27. https://doi.org/10.1016/j.rse.2017.06.031

Giindlz, A., & Orman, Z. (2025). Hyperspectral Image Classification Using a Hybrid RNN-CNN with
Enhanced Attention Mechanisms. Journal of the Indian Society of Remote Sensing, 53(2), 613-629.
https://doi.org/10.1007/s12524-024-02011-z

Haile, G. G., Tang, Q., Hosseini-Moghari, S. M., Liu, X., Gebremicael, T. G., Leng, G., Kebede, A., Xu,
X., & Yun, X. (2020). Projected Impacts of Climate Change on Drought Patterns Over East Africa.
Earth’s Future, 8(7), 1-23. https://doi.org/10.1029/2020EF001502

Hailu, B. T. (2019). “Spatio Temporal Lake Level Change of Lake Abijata, Ethiopia: A Remote Sensing
Approach.” Environmental Analysis & Ecology Studies, 6(1).
https://doi.org/10.31031/eaes.2019.06.000627

Hempel, S., Frieler, K., Warszawski, L., Schewe, J., & Piontek, F. (2013). A trend-preserving bias
correction &ndash; The ISI-MIP approach. Earth System Dynamics, 4(2), 219-236.

86



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

https://doi.org/10.5194/esd-4-219-2013

Herold, M., Mayaux, P., Woodcock, C. E., Baccini, A., & Schmullius, C. (2008). Some challenges in
global land cover mapping: An assessment of agreement and accuracy in existing 1 km datasets.
Remote Sensing of Environment, 112(5), 2538-2556. https://doi.org/10.1016/j.rse.2007.11.013

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horanyi, A., Mufioz-Sabater, J., Nicolas, J., Peubey,
C., Radu, R., Schepers, D., Simmons, A., Soci, C., Abdalla, S., Abellan, X., Balsamo, G., Bechtold,
P., Biavati, G., Bidlot, J., Bonavita, M., ... Thépaut, J. N. (2020). The ERAS5 global reanalysis.
Quarterly Journal of the Royal Meteorological Society, 146(730), 1999-2049.
https://doi.org/10.1002/qj.3803

Jiang, L., Zhang, B., Han, S., Chen, H., & Wei, Z. (2021). Upscaling evapotranspiration from the
instantaneous to the daily time scale: Assessing six methods including an optimized coefficient
based on worldwide eddy covariance flux network. Journal of Hydrology, 596(March), 126135.
https://doi.org/10.1016/j.jhydrol.2021.126135

Jin, Z., Shang, J., Zhu, Q., Ling, C., Xie, W., & Qiang, B. (2020). RFRSF: Employee Turnover Prediction
Based on Random Forests and Survival Analysis. Lecture Notes in Computer Science (Including
Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), 12343
LNCS, 503-515. https://doi.org/10.1007/978-3-030-62008-0_35

Kuhn, M., & Johnson, K. (2013). Applied Predictive Modeling with Applications in R. In Springer (Vol.
26). http://appliedpredictivemodeling.com/s/Applied_Predictive_Modeling_in_R.pdf

Lai, G., Chang, W. C., Yang, Y., & Liu, H. (2018). Modeling long- and short-term temporal patterns with
deep neural networks. 41st International ACM SIGIR Conference on Research and Development in
Information Retrieval, SIGIR 2018, 95-104. https://doi.org/10.1145/3209978.3210006

Legesse, D., Vallet-Coulomb, C., & Gasse, F. (2004). Analysis of the hydrological response of a tropical
terminal lake, Lake Abiyata (main Ethiopian rift valley) to changes in climate and human activities.
Hydrological Processes, 18(3), 487-504. https://doi.org/10.1002/hyp.1334

Li, J., Ma, R, Cao, Z., Xue, K., Xiong, J., Hu, M., & Feng, X. (2022). Satellite Detection of Surface
Water Extent: A Review of Methodology. Water (Switzerland), 14(7), 1-18.
https://doi.org/10.3390/w14071148

Lu, D., Mausel, P., Brondizio, E., & Moran, E. (2004). Change detection techniques. International
Journal of Remote Sensing, 25(12), 2365-2401. https://doi.org/10.1080/0143116031000139863

M. C. Hansen, P. V. Potapov, R. Moore, M. Hancher, S. A. Turubanova, A. Tyukavina, D. Thau, S. V.
Stehman, S. J. Goetz, T. R. Loveland, A. Kommareddy, A. Egorov, L. Chini, C. O. Justice, & J. R.
G. Townshend. (2013). High-Resolution Global Maps of 21st-Century Forest Cover Change.

87



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

Science, 342(6160), 846-850.

Maxwell, A. E., Warner, T. A., & Fang, F. (2018). Implementation of machine-learning classification in
remote sensing: An applied review. International Journal of Remote Sensing, 39(9), 2784-2817.
https://doi.org/10.1080/01431161.2018.1433343

Mengistu, A. G., Woldesenbet, T. A,, Dile, Y. T., Bayabil, H. K., & Tefera, G. W. (2023). Modeling
impacts of projected land use and climate changes on the water balance in the Baro basin, Ethiopia.
Heliyon, 9(3), €13965. https://doi.org/10.1016/j.heliyon.2023.e13965

Meresa, H., Zhang, Y., Tian, J., Ma, N., Zhang, X., Heidari, H., & Naeem, S. (2023). An Integrated
Modeling Framework in Projections of Hydrological Extremes. In Surveys in Geophysics (Vol. 44,
Issue 2). Springer Netherlands. https://doi.org/10.1007/s10712-022-09737-w

Mersha, A. N., Bantider, A., Alamirew, T., Alemayehu, T., & Zeleke, G. (2023). Water Resources
Management and Use in the Central Rift Valley Basin, Ethiopia. https://www.wlrc-eth.org

Meyer, H., & Pebesma, E. (2022). Machine learning-based global maps of ecological variables and the
challenge of assessing them. Nature Communications, 13(1), 1-4. https://doi.org/10.1038/s41467-
022-29838-9

Mila, C., Ludwig, M., Pebesma, E., Tonne, C., & Meyer, H. (2024). Random forests with spatial proxies
for environmental modelling: Opportunities and pitfalls. Geoscientific Model Development, 17(15),
6007-6033. https://doi.org/10.5194/gmd-17-6007-2024

Mulu, B. A., Zimale, F. A., & Kebede, M. G. (2024). Remote Sensing-Based Long-Term Assessment of
Water Dynamics and Influencing Factors in Abaya and Chamo Lakes, East African Rift Valley,
Ethiopia. Air, Soil and Water Research, 17. https://doi.org/10.1177/11786221241299932

Musie, M., Momblanch, A., & Sen, S. (2021). Exploring future global change-induced water imbalances
in the Central Rift Valley Basin, Ethiopia. Climatic Change, 164(3-4).
https://doi.org/10.1007/s10584-021-03035-x

Niyogisubizo, J., Zhao, K., Meng, J., Pan, Y., Didi, R., & Wei, Y. (2025). Attention-Guided Residual U-
Net with SE Connection and ASPP for Watershed-Based Cell Segmentation in Microscopy Images.
Journal of Computational Biology : A Journal of Computational Molecular Cell Biology, 32(2),
225-237. https://doi.org/10.1089/cmb.2023.0446

Okirya, M. (2025). Evaluating Bias Correction Methods Using Annual Maximum Series Rainfall Data
from Observed and Remotely Sensed Sources in Gauged and Ungauged Catchments in Uganda.

Page, M. J., McKenzie, J. E., Bossuyt, P. M., Boutron, |., Hoffmann, T. C., Mulrow, C. D., Shamseer, L.,
Tetzlaff, J. M., Akl, E. A, Brennan, S. E., Chou, R., Glanville, J., Grimshaw, J. M., Hrébjartsson,
A, Lalu, M. M, Li, T., Loder, E. W., Mayo-Wilson, E., McDonald, S., ... Moher, D. (2021). The

88



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

PRISMA 2020 statement: An updated guideline for reporting systematic reviews. Bmj, 372.
https://doi.org/10.1136/bmj.n71

Pekel, J. F., Cottam, A., Gorelick, N., & Belward, A. S. (2016). High-resolution mapping of global
surface water and its long-term changes. Nature, 540(7633), 418-422.
https://doi.org/10.1038/nature20584

Pelletier, C., Webb, G. I., & Petitjean, F. (2019). Temporal convolutional neural network for the
classification of satellite image time series. Remote Sensing, 11(5), 1-25.
https://doi.org/10.3390/rs11050523

Pham-Duc, B., Nguyen, H., Phan, H., & Tran-Anh, Q. (2023). Trends and applications of google earth
engine in remote sensing and earth science research: a bibliometric analysis using scopus database.
Earth Science Informatics, 16(3), 2355-2371. https://doi.org/10.1007/s12145-023-01035-2

Piani, C., Haerter, J. O., & Coppola, E. (2010). Statistical bias correction for daily precipitation in
regional climate models over Europe. 187-192. https://doi.org/10.1007/s00704-009-0134-9

Prodromou, M., Gitas, I., Mettas, C., Tzouvaras, M., Danezis, C., & Hadjimitsis, D. (2025). Comparative
Analysis of Supervised Machine Learning Algorithms for Forest Habitat Mapping in Cyprus.
Sustainability (Switzerland), 17(13), 1-32. https://doi.org/10.3390/su17136021

Reichstein, M., Camps-Valls, G., Stevens, B., Jung, M., Denzler, J., Carvalhais, N., & Prabhat. (2019).
Deep learning and process understanding for data-driven Earth system science. Nature, 566(7743),
195-204. https://doi.org/10.1038/s41586-019-0912-1

Res, C., Willmott, C. J., & Matsuura, K. (2005). Advantages of the mean absolute error ( MAE ) over the
root mean square error ( RMSE ) in assessing average model performance. 30, 79-82.
https://doi.org/10.3354/cr030079

Rodriguez-Galiano, V., Sanchez-Castillo, M., Chica-Olmo, M., & Chica-Rivas, M. (2015). Machine
learning predictive models for mineral prospectivity: An evaluation of neural networks, random
forest, regression trees and support vector machines. Ore Geology Reviews, 71, 804-818.
https://doi.org/10.1016/j.oregeorev.2015.01.001

Senatore, A., Fuoco, D., Maiolo, M., Mendicino, G., Smiatek, G., & Kunstmann, H. (2022). Journal of
Hydrology : Regional Studies Evaluating the uncertainty of climate model structure and bias
correction on the hydrological impact of projected climate change in a Mediterranean catchment.
Journal of Hydrology: Regional Studies, 42, 101120. https://doi.org/10.1016/j.ejrh.2022.101120

Simpson, G. L. (2018). Modelling palacoecological time series using generalised additive models.
Frontiers in Ecology and Evolution, 6(OCT), 1-36. https://doi.org/10.3389/fev0.2018.00149

Son, N. T., Le Huong, H., Loc, N. D., & Phuong, T. T. (2022). Application of SWAT model to assess

89



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

land use change and climate variability impacts on hydrology of Nam Rom Catchment in
Northwestern Vietnam. Environment, Development and Sustainability, 24(3), 3091-3109.
https://doi.org/10.1007/s10668-021-01295-2

Teutschbein, C., & Seibert, J. (2012). Bias correction of regional climate model simulations for
hydrological climate-change impact studies : Review and evaluation of different methods. Journal of
Hydrology, 456457, 12—29. https://doi.org/10.1016/j.jhydrol.2012.05.052

Themelil, M. J., Gobiet, A., & Heinrich, G. (2011). Empirical-statistical downscaling and error
correction of regional climate models and its impact on the climate change signal.
https://doi.org/10.1007/s10584-011-0224-4

Tola, T. L., Zhang, K., Chukalla, A. D., Liu, L., Ezaz, G. T., Elsadek, E. A., & Abdallah, M. (2024).
Spatiotemporal lakes surface area changes over 35 years and potential causes in the Central Rift
Valley, Ethiopia. Journal of Hydrology: Regional Studies, 54(June), 101863.
https://doi.org/10.1016/j.ejrh.2024.101863

Tolessa, T., Senbeta, F., & Kidane, M. (2017). The impact of land use/land cover change on ecosystem
services in the central highlands of Ethiopia. Ecosystem Services, 23(November 2016), 47-54.
https://doi.org/10.1016/j.ecoser.2016.11.010

Truneh, L. A., Matula, S., & Batkova, K. (2024). An analysis of the impacts of land use change on the
components of the water balance in the Central Rift Valley sub-basins in Ethiopia. Sustainable
Water Resources Management, 10(2), 1-22. https://doi.org/10.1007/s40899-024-01050-1

Vandal, T., Kodra, E., & Ganguly, A. R. (2019). Intercomparison of machine learning methods for
statistical downscaling : the case of daily and extreme precipitation. 557-570. Vandal, T., Kodra,
E., & Ganguly, A. R. (2019). Intercomparison of machine learning methods for statistical
downscaling : the case of daily and extreme precipitation. 557-570.

Vrac, M. (2018). Multivariate bias adjustment of high-dimensional climate simulations : the Rank
Resampling for Distributions and Dependences (R 2 D 2) bias correction. 3175-3196.
https://doi.org/10.5194/hess-22-3175-2018

Wagpner, P. D., Sahlu, D., & Fohrer, N. (2023). Unveiling Hydrological Dynamics in Data-Scarce
Regions: 1 A Comprehensive Integrated Approach 2 1 Ayenew D. August.
https://doi.org/10.5194/egusphere-2023-1895

Wang, F., & Tian, D. (2022). On deep learning - based bias correction and downscaling of multiple
climate models simulations. Climate Dynamics, 59(11), 3451-3468. https://doi.org/10.1007/s00382-
022-06277-2

Woldemariam, G. W., Tibebe, D., Mengesha, T. E., & Gelete, T. B. (2022). Machine-learning algorithms

90



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

for land use dynamics in Lake Haramaya Watershed, Ethiopia. Modeling Earth Systems and
Environment, 8(3), 3719-3736. https://doi.org/10.1007/s40808-021-01296-0

Wondrade, N., Dick, @. B., & Tveite, H. (2014). GIS based mapping of land cover changes utilizing
multi-temporal remotely sensed image data in Lake Hawassa Watershed, Ethiopia. Environmental
Monitoring and Assessment, 186(3), 1765-1780. https://doi.org/10.1007/s10661-013-3491-x

Wu, X., Zhao, R., Chen, H., Wang, Z., Yu, C., Jiang, X., Liu, W., & Song, Z. (2024). GSDNet:
A deep learning model for downscaling the significant wave height based on NAFNet.
Journal of Sea Research, 198(January), 102482.
https://doi.org/10.1016/j.seares.2024.102482

Wubneh, M. A., Worku, T. A., Fikadie, F. T., Aman, T. F., & Kifelew, M. S. (2022). Climate
change impact on Lake Tana water storage, Upper Blue Nile Basin, Ethiopia. Geocarto
International, 37(25), 10278-10300. https://doi.org/10.1080/10106049.2022.2032397

Wulder, M. A., Loveland, T. R., Roy, D. P., Crawford, C. J., Masek, J. G., Woodcock, C. E.,
Allen, R. G., Anderson, M. C., Belward, A. S., Cohen, W. B., Dwyer, J., Erb, A., Gao, F.,
Griffiths, P., Helder, D., Hermosilla, T., Hipple, J. D., Hostert, P., Hughes, M. J., ... Zhu, Z.
(2019). Current status of Landsat program, science, and applications. Remote Sensing of
Environment, 225(March), 127-147. https://doi.org/10.1016/j.rse.2019.02.015

Xu, H. (2006). Modification of normalised difference water index (NDWI) to enhance open
water features in remotely sensed imagery. International Journal of Remote Sensing,
27(14), 3025-3033. https://doi.org/10.1080/01431160600589179

Yilmaz, E. O., & Kavzoglu, T. (2025). An In-depth Investigation of OBIA Classification with
High-Resolution Imagery: Unravelling the Explanations Behind Deep Learning and
Machine Learning. International Archives of the Photogrammetry, Remote Sensing and
Spatial Information Sciences - ISPRS Archives, 48(M-6-2025), 317-324.
https://doi.org/10.5194/isprs-archives-XLV1I1-M-6-2025-317-2025

Zhang, Q., Gan, Y., Zhang, L., She, D., Wang, G., & Wang, S. (2022). Piecewise-quantile
mapping improves bias correction of global climate model daily precipitation towards
preserving quantiles and extremes. International Journal of Climatology, 42(15), 7968—
7986. https://doi.org/10.1002/joc.7687

Zhong, H., Wu, C., & Xiao, Z. (2025). LRNet: Change Detection in High-Resolution Remote
Sensing Imagery via a Localization-Then-Refinement Strategy. Remote Sensing, 17(11), 1-

91



Teshale et al ./EJWST. Volume:9 : 61-92 /2026 (ISSN: 2220 — 7643)

23. https://doi.org/10.3390/rs17111849

Zhu, R., Yang, L., Liu, T., Wen, X., & Zhang, L. (2019). Hydrological Responses to the Future
Climate Change in a Data Scarce Region , Northwest China : Application of machine
learning models. Water, 11(8), 1588. https://doi.org/10.3390/w11081588

Zhu, X. X,, Tuia, D., Mou, L., Xia, G.-S., Zhang, L., Xu, F., & Fraundorfer, F. (2017). Deep
learning in remote sensing: a review. December.
https://doi.org/10.1109/MGRS.2017.2762307

Zhu, Z., & Woodcock, C. E. (2014). Continuous change detection and classification of land
cover using all available Landsat data. Remote Sensing of Environment, 144, 152-171.

https://doi.org/10.1016/j.rse.2014.01.011

92



