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ABSTRACT

Background: In arid and hyper-arid areas, solar photovoltaic (PV) power generation
prediction is hampered by high aerosol optical depth (AOD), frequent dust events, high
temperatures, and sparse ground-based. measurement networks. In Iraq, the frequency and
intensity of dust storms are especially acute, especially under these conditions. inflict
quantifiable effects on the solar irradiance supply and PV systems output. Purpose: This
scoping review systematically identifies evidence on hybrid generation prediction frameworks
(2020-2025) that are peer-reviewed. hybridizing tree-based ensemble machine learning models
with metaheuristic optimization algorithms on solar PV. prediction of power generation with
specific emphasis on the applicability of the approach to arid climate and the gaps in Iraq-
specific research. Methods: A scoping review in adherence to PRISMA-ScR reporting
principles was conducted in accordance across. four databases (Scopus, Web of Science, IEEE
Xplore, ScienceDirect) of a scientific character. Studies were screened against five pre-
established eligibility criteria and categorized under an eight-level taxonomy (T1-T8). N=25
Core studies. were held in evidence to synthesize evidence, with N=26 Contextual references
to give methods, environmental, or geographic supporting evidence. Results: Tree-ensemble
models prevail on the corpus: Random Forest appeared in N=7 of 21 empirical Core studies
(33.3%) and XGBoost in N=6 of 21 (28.6%). Only N=4 experiments regarding the larger
literature affirmed Tier-1 hybrid arrangements the use of metaheuristic tree optimizers.
hyperparameter tuning the core arid-climate ensemble of N=1 solar generation prediction in
four of the twenty-one empirical Core studies (19.0%) dust and aerosol variables were directly
used as inputs to the model, but with 54.5 percent Solar irradiance reduction which can be
related broadly down to Iraqi measurement over time and 62.3 percent reduction distantly from
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American reference point level respectively we bring attention years between 2004-2012.
Impact of extreme periods of dust events on PV power loss Tree-Ensemble Forecasting Directly
:Iraq Gap: N=1 Core study was the only such study. to an Iraqi dataset, validating a MERRA-
2 satellite data channel at Mosul but absent metaheuristic optimization. or dust-aware feature
engineering. Research Agenda: There are four suggested priority directions: (i) dust-aware
feature. ML-retrieved or MAIAC-corrected AOD engineering; (ii) systematic metaheuristic
evaluator of optimizers. models in a data-sparse arid environment; iii) validation against
satellite-derived forest-cover estimates specific to Iraq. inputs; (iv) the use of common metric
protocols, as well as a dust-event subset evaluation framework dedicated to the standardization
of benchmarking procedures for enablement consistent cross-study comparability and
reproducibility. This scoping review was not prospectively registered; although the
PROSPERO database accepts registrations for scoping reviews, no formal protocol was
archived or publicly available before the start of our work. However, we strictly followed the
PRISMA-ScR guidelines and also the JBI methodology at all steps of a scoping review to ensure
methodological rigor and transparency. Potential limitations of the present study include
limited dual-independent literature screening, which is expected to add some selection bias, for
instance five references were detected after-search and beyond an a priori defined window
period (ie. (2025), October 2025: Taha et al. (2025), 02:00 pm November 2025, Shehab et al.
(2026),; and Orug et al. (2026) were intentionally kept solely as additional contextual evidence
instead of integrated into the main analysis. Additional limitations include conducting our
literature search only in English-language databases, which may mean missing relevant studies
published in other languages (see Table 1 for justification of inclusion and exclusion criteria),
as well as the lack of a pre-archived, prospectively registered protocol to enhance replicability
and transparency of the review process.

Keywords: Photovoltaic power prediction; Tree-ensemble machine learning; Metaheuristic
optimization, Aerosol optical depth, Dust storms, Arid climate

1. Introduction

Solar photovoltaic energy has emerged as one of the fastest-growing renewable technologies
worldwide, with global installed capacity surpassing 2.2 terawatts by end of 2024 and annual
additions exceeding 550 gigawatts — the highest annual deployment on record (IEA 2025).
The integration of large-scale PV generation into electrical grids requires accurate forecasting
of solar irradiance and PV power output to support scheduling, reserve planning, and energy
management (Di Leo et al. 2025). The main research problem is to enhance the accuracy of
forecasts.

particularly as renewable energy is increasingly penetrated, and grid operators require a good
predictability of generation. in different climatic conditions (Al-Dahidi et al. 2024). Forecasting
is much more complicated in arid and hyper-arid environments. Atmospheric, in these places
there is atmospheric not only variability in clouds but also high levels of aerosol, high turbidity.
frequently dust events, and temperature spikes (Koprulu et al. 2025; Saini et al. 2023). Aerosols
and dust in the air. scatter and absorb the incoming solar radiation, accumulate dust resulting in
surface soiling that. immediately lowers the PV electrical power (Maghami 2025). A meta-
analysis on the research of dust deposition on large scale. in 860 publications it was confirmed
that dust is one of the most important environmental stress factors of PV system.

Are more impacted in arid regions around the globe (Maghami 2025; Saini et al. 2023). A long-
term climatological study of meteorological records in Baghdad and Nasiriya recorded 3.1
major dust storm days and 7.8 days, respectively, in 1980-2015 (Attiya and Jones 2020), and
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132 dust storm events occurred in Iraq during 202023 alone based on satellite-based analysis
(Ismail et al. Field measurements in Baghdad established that severe dust storm events decrease
the PV output power by about 62.3% when compared to baseline conditions before the storm
(Chaichan et al. 2023), and economic modelling of four Iraqi cities revealed that insufficient
cleaning frequency raises Levelized Cost of Energy (LCOE) by over 30% (Hameed et al.
2024).In many arid regions where ground-based measurements are limited, satellite-derived
datasets provide the primary data pathway for solar resource assessment. The Prediction of
Worldwide Energy Resources (POWER) project of NASA.

is in a position to offer globally standardized datasets of solar radiation (NASA POWER 2025)
whereas the AERONET network is in place. provides quality-controlled AOD measurements
commonly applied in the investigation of atmospheric and solar energy (Holben et al.). (1998).
Al-Rikabi et al. (2025) and Hameed (2025) note that in spite of the high solar potential and
imperative of renewable energy in Iraq, the country has not capitalized on its potential as a solar
nation to date. The supply of good quality ground-based irradiance measurements is also scarce
(et al. 2024), and the majority of measurements in Iraq were of low quality. The solar resource
analysis is based on the data collected by satellites or reanalysis (Al-Rikabi et al. 2025). There
are a few extensive review studies that have analysed PV forecasting approaches on a general
level. Al-Dahidi et al. (2024) has conducted a review of 257 publications and suggested a seven-
module data-driven forecasting framework in which the data is recorded. tree-ensemble
(XGBoost, Random Forest, Gradient Boosting) and metaheuristic optimizers (GA, PSO,.)
GWO, WOA) as new hybrid elements; but their survey dealt not with the particular
combination. of tree-ensemble models optimized by the metaheuristic nor dust-filled or dry-
climate situations as the main ones. variables. Di Leo et al. (2025) conducted a survey of the
progress in PV forecasting and reported the increased use of PSO, GA, and Differential
Evolution to hyperparameter of ANN, SVM and LSTM; metaheuristic. independent validation
of optimization of SVM architectures to predict solar generation has also been tested.

But coverage was still skewed towards temperate and data-rich environments and not
addressed. High aerosol loading (dust) combined with relatively few well-distributed ground-
based observational stations gives rise to typical methodological limitations associated with
application of available methodologies in hyper-arid and rainless regions like Iraq. Alcafiiz et
al. conducted a wide-scope scoping review, It was found that of N=100 PV forecasting studies
published over 5 years from the year of 2015-2020, only N=22 (22.0%) dealt with dry/arid
climatic conditions [10]. Importantly, within this sub-set there were none where the directly
relevant studies had been performed on Iraq and hence provide unambiguous quantitative
evidence for a substantive geographic and climatic research gap that is fundamental to support
and motivate the rationale for the present review.

Al-Dahidi et al. (2023)This series of three reviews on protocols for Cyberbullying Research is
a comprehensive review of established and potential cyberbullying related research. 2024; Di
Leo et al. 2025; Alcafiiz et al. By additional complementary and supplementary analyses done
by Theanetu (2022), Mohamad Radzi et al. (2023). (2023), Chu et al. Collectively, a series of
critically important, interrelated research gaps warranting deeper exploration are revealed and
then left unresolved (i.e., the general performance/rigor as well as real-world agility of tree-
ensemble models—specifically improved and parameterized through sophisticated
metaheurisitc algorithms—when employed under arid conditions characterized by extreme
energy feedback versus data sparsity [pseudodust] or other similar aspects characteristic of
harsh, dust-soaked environments; ii) the functional role and quantitative contribution facilitated
specifically by aerosol/dust-related variables—including Aerosol Optical Depth (AOD),
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particulate matter with diameter less than 2.5 micrometers (PM2. 5), atmospheric turbidity—as
vital input parameters within hybrid photovoltaics generation models; and (iii) the current state,
extent and scope of solar generation forecasting research relating to Iraq and other
geopolitically similar countries across the Middle East & North African (MENA) region. No
scoping review has yet quantitatively and systematically mapped this complex three-way
intersection within the limits of our systematic search strategy, which defines the scope of a
retained corpus of literature.

In order to thoroughly engage with the identified gaps, three specific and interlinked research
questions are constructed to shape the ensuing review:

RQ1: In which tree-ensemble models and metaheuristic optimizers have been used in solar PV
power generation?

prediction in peer-reviewed literature (2020-2025) and the frequency with which they are mixed
in proven hybrid.

configurations?

RQ2: How much of the reviewed studies include the dust-related atmospheric variables (AOD,
PM2.5, and so on)?

as a predictor of atmospheric turbidity) as inputs into a model, and what are the corresponding
improvement in the generation prediction performance.

with their inclusion?

RQ3: What is the state of tree-ensemble/metaheuristic-based solar generation prediction study
on?

What are the methodological gaps that are to be given priority consideration in Iraq and other
arid and hyper-arid areas?

The goals of the review are to: (i) map systematically through the landscape of tree-ensemble
and metaheuristic solar.

generation prediction published 2020-2025; (ii) describes the application of dust and aerosol
variables in more than one place.

the corpus that is retained; (iii) discover gaps in Irag-related research and generalizable
methodological discoveries; and (iv)

Suggest a four-part research agenda of the development of dust-aware hybrid generation
prediction.

The rest of this paper is structured in the following way. Section 2 explains the scoping review
process, protocol, eligibility criteria, search strategy, study selection process, and data
extraction procedures. Section 3 summarizes the evidence that has been retained in four
dimensions of analysis in accordance with the TCCM (Theory, Context, Characteristics, and
Methods) framework: theoretical landscape (Section 3.2), contextual and environmental factors
(Section 3.3), model characteristics and performance (Section 3.4), and methodological
approaches and data source patterns (Section 3.5). Section 4 is a structured discussion in the
framework of the seven-move review, with comparison to previous reviews, unexpected
findings, theoretical and practical implications, a structured research agenda, and a statement
of review limitations. Section 5 gives some concluding remarks.

2. Material and methods
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2.1. Review Design and Protocol Registration

This research is designed as a scoping review, based on PRISMA-ScR framework (Tricco et
al., 2018) and JBI guidelines (Peters et al., 2020). Scoping reviews are appropriate in those
cases when the literature is rather haphazard in terms of scope and focus- the idea is to get an
idea of what is available, how scientists have already dealt with the issue, and where the
apparent gaps exist, not to conduct a statistical pooling or subject individual studies to a formal
quality filter. It was reduced to the actual appearance of the literature. There is a great deal of
variation among the studies in this field, different models, different datasets, different climates,
and that sort of variability does not make meta-analysis a good fit. The review is gap
characterisation oriented and a scoping approach is more suited to that purpose than any other
approach would be.

The first limitation that should be mentioned initially is that no protocol was registered before
the beginning of this review. Although PROSPERO has been accepting scoping review
registrations since 2018, the lack of a prospectively archived protocol is a known
methodological limitation, and is further discussed in Section 4.7. The PRISMA-ScR guidelines
(Tricco et al. 2018) and JBI methodology (Peters et al. 2020) were followed in all phases of the
review. The initial electronic search was done in March 2025. Additional backward citation
tracking had been performed up to April 2025. Later, when preparing the manuscript and
revising it (August 2025-November 2025), three new references were found that were
published after the end of the main search window: Kut and Pietrucha-Urbanik (2025)
(published 18 August 2025), Yang et al. (2025) (published 20 October 2025), These were not
located during the initial search or citation-tracking procedure: they were discovered by chance
during the revision of the manuscript and were included as contextual supplementary evidence
to recognize the emerging relevant literature. Since they are not Core studies according to
Criterion D and do not appear in all Core N-counts as well as all frequency calculations based
on denominator and all empirical synthesis results, they do not qualify as Core N-counts at all.
Likewise, the article Shehab et al.. (2026) has been found after the search and will be considered
contextual evidence outside of the 2020-2025 prime search period; it will not be counted in any
of the Core N-counts accordingly. Also, Oruc et al.. (2026) was mentioned in the revision of
the introduction as background information about the use of metaheuristic optimization in SVM
architectures; it is also not included in all core N-counts and denominator-related calculations
of the same nature. The main results of this review are limited to the articles that include all
five inclusion criteria during the primary search between March 2025.

2.2. Eligibility Criteria

The studies were evaluated against five preset eligibility criteria, arranged along the dimensions
needed to be included in the Core analytical sample (Table 1). Those studies that passed
Criterion A (tree-ensemble) but failed Criterion B (metaheuristic) were kept as Core T2
references, provided that they also passed Criteria C through E, and provided a single-
component tree-ensemble baseline against which hybrid T1 configurations are compared.
Those studies that satisfied Criterion B but not A were also retained as Core T3 references,
provided that they met Criterion C—E. The retained literature did not find any T3 studies that
met all of Criteria B through E. This is in itself a finding (see Section 3.1). Prior review studies
(T8) were stored in a different non-empirical synthesis layer within the Core corpus, but not
counted in any frequency counts or performance metric calculations, which are computed using
empirical forecasting studies only. T8 studies that met Criterion D were retained because of
their theoretical and distributional value but not counted in any frequency counts or
performance metric calculations.
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On Criterion E: empirical studies whose main aim is to model atmospheric proxies (such as
AQOD, determined using ground irradiance) or aerosol time series (such as prediction of aerosol
time series) were retained in the empirical Core, as long as their results are directly consumed
by solar irradiance or PV forecasting pipelines. The logic behind this is simple: the aerosol-
forecasting interface is sufficiently close to the core issue of the review that a strict delimitation
of it would exclude work that actually is of interest in comprehending the effects of dust on PV
output. AOD retrieval accuracy was used to maintain, studies that met Criterion A or B, but
failed to meet one or more of Criterion C, D, or E as Contextual references in which they
provided methodological, environmental or geographic evidence to the review purposes. This
included dust characterization, AOD retrieval, Irag-specific solar resource assessments, and PV
soiling.

Criterion | Dimension Inclusion Exclusion

A Algorithmic >1 tree-based ensemble model (RF, No tree-ensemble model present
XGBoost, GBM, LightGBM) as primary or
integrated forecasting component

B Optimization >1 nature-inspired metaheuristic (GA, PSO, | Bayesian optimization or grid
GWO, WOA, SSA, BBOA, or equivalent) search only (not classified as
for HPO, feature selection, or model metaheuristic)
configuration

C Environmental | Arid, semi-arid, or dust-influenced Exclusively temperate or
environment; OR incorporates AOD, maritime climate without dust-
PM2.5, or turbidity as input variables related variables

D Temporal Published 2020-2025 inclusive Published before 2020 or after

2025

E Domain Direct solar irradiance prediction or PV PV system sizing, economic
power generation prediction application; or | modelling, or grid design
forecast-relevant atmospheric proxy without forecasting component;
modelling (AOD retrieval, aerosol time- atmospheric studies with no
series prediction) where outputs directly demonstrated link to solar
support solar generation prediction irradiance or PV forecasting
pipelines

Table 1. Predefined eligibility criteria for study inclusion and exclusion. HPO = hyper parameter optimization;
RF = Random Forest; GBM = Gradient Boosting Machine; GA = Genetic Algorithm; PSO = Particle Swarm
Optimization; GWO = Grey Wolf Optimizer; WOA = Whale Optimization Algorithm; SSA = Salp Swarm
Algorithm; BBOA = Brown Bear Optimization Algorithm.

2.3. Search Strategy and Database Selection

To conduct the literature search, we searched four databases in March 2025, Scopus, Web of
Science, IEEE Xplore and ScienceDirect. The query was constructed based on what we were
seeking: literature that used tree,based forecasting with some sort of metaheuristic tuning,
preferably in dusty or arid environments. The complete Boolean strings are given in the
Supplementary Material. We also conducted a more generalized form of the same query without
the environmental restrictions, as not all methodologically relevant hybrid studies explicitly
identify dust or aridity, although they might be conducted under similar conditions. Articles
that survived the first screening were subsequently subjected to hand checks to verify those
articles that had not been retrieved by the database queries.

2.4. Study Selection Process
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The four database records were imported and reduplicated, and then the screening process
started. In the four databases, 520 records in total was retrieved by the search: the largest
number of records was in Scopus (210), then Web of Science (140), then IEEE Xplore and
ScienceDirect (95 and 75 respectively). After the removal of duplicates, 350 records was
transferred to title and abstract screening. Title and abstract screening was handled by the first
author (F.A. Hadi). Where a record sat on the fence, the second author (M. H. Ali) stepped in
to review it, and the two authors talked through any cases they could not immediately agree on.
Records that could not be confidently excluded at the title and abstract stage were pulled for
full-text review, with final calls on ambiguous cases confirmed by the second author. The
studies that survived were subsequently sorted into a set of eight,tiered taxonomy (T1-T8). The
levels address various facets: T1, T2 and T3 are about algorithmic structure; T4, T7 are about
the types of data and variables; T5, T6 are about the location or operational setting; and T8 is
about previous review research that constitutes the non,empirical theoretical layer (Section 2.2).
Each study was designated one main tier, and in cases involving it, a secondary tier , no study
has more than two labels. Records that were excluded were recorded with reasons recorded
according to the criterion (A-E). Overall, 25 Core studies that fit all the relevant criteria and 26
Contextual references that fit some criteria were retained. The entire selection procedure, such
as the number of records at each phase, is documented in Section 3.1 in accordance with
PRISMA-ScR guidelines (Tricco et al., 2018).

2.5. Data Extraction and Charting

The extraction of data was done in a structured charting template that was used in all 25 Core
and 26 Contextual studies. In cases where a necessary field was not reported in the source paper,
it was marked as NR instead of estimated or inferred.. Each eligible study was extracted on the
following fields: Author(s) and year of publication; Location and climate zone of the study;
Type(s) of tree-ensemble model; Type and functional role of a metaheuristic optimizer (feature
selection, hyperparameter tuning, or both); Dust, aerosol, or soiling-related input variables;
Forecast horizon and temporal resolution; Reported performance measures (RMSE, MAE,
MAPE, R-squared). The synthesis of charted data was done in a narrative manner in four
dimensions of analysis; Theoretical landscape (Section 3.2), Section 3.3, Section 3.4, and
Section 3.5; Fields were charted instead of using narrative synthesis or formal quality scoring.
No weighting or appraisal scores were based on the extraction template. The above
methodology forms the systematic structure of evidence retrieval and classification. Section 3
shows the synthesized results of the N = 25 Core studies, which are arranged based on the
TCCM (Theory, Context, Characteristics, and Methods) evidence-synthesis framework.

2.6. Evidentiary Boundaries and Decision Rules

The review should be considered a systematic evidence-mapping activity, rather than an
effectiveness assessment. The records that are kept are classified based on some eligibility
criteria. Frequency calculations were made using the denominator, which only included
empirical core studies unless otherwise specified. The past reviews are kept to provide context,
but not to be part of the empirical algorithm-frequency analyses. The results can be considered
descriptive evidence of trends, gaps, and priorities in the retained corpus due to partial dual-
independent screening, the absence of formal critical evaluation and large variations in datasets,
climates, forecast horizons, and reported metrics. They do not make conclusive assertions
regarding model excellence or applicability in various contexts. All the measures in this review
that are based on the denominator are only calculated on the retained empirical core synthesis
subset unless otherwise indicated. One of the core studies (Muramshetti et al., 2025) is
published in a journal of minor-database-indexing (J Intell Syst Internet Things, ASPG). It
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meets all five eligibility criteria and is included in the core corpus, but the frequency-count
contributions of this study should be interpreted with due caution due to this indexing
limitation..

3. Results and Evidence Synthesis
3.1. Overview of Included Studies

After deduplication and two-stage screening, N=25 Core studies and N=26 Contextual
references were selected from an initial pool of 350 unique records. The temporal distribution
of the N=25 Core studies was skewed towards 2024-2025 (N=14 of 25, 56.0%), which aligns
with the increasing rate of hybrid machine learning research. Geographically, N=13 of 25 Core
studies (52.0%) took place in Europe or East Asia, and N=4 of 25 (16.0%) in Iraq locations or
datasets. The primary classification tier included N=1 study (4.0%) Tier-1 Hybrid (tree-
ensemble + metaheuristic) in the Core arid-climate sample; N=12 of 25 (48.0%) T2 (Tree-
Ensemble only); N=0 T3 (Metaheuristic only, no qualifying studies identified); N=4 of 25
(16.0%) The rest of the N=4 Core studies are primarily designated as TS5, which is the Iraq-
specific context. They also possess secondary tier labels, which are indicative of subordinate
algorithmic or contextual factors. Each study has at most two tier labels. The frequency
calculations in Section 3.4 and 3.5, which are dependent on the denominator, including the
number of algorithm studies, the number of studies in the horizon distribution, and the reporting
rate of performance metrics, are all based on the N=21 empirical forecasting studies, which are
calculated as N=25 minus the N=4 T8 review studies, unless otherwise specified. The previous
review articles were retained to give a theoretical and distributional background but not
included in the denominator-based empirical analyses. The four T8 prior reviews are discussed
first in Section 3.2 to lay out the theoretical landscape before showing empirical findings. The
study selection process went through four sequential stages, following the PRISMA-ScR
reporting standard (Tricco et al. 2018). Four databases, including Scopus (210), Web of Science
(140), IEEE Xplore (95), and ScienceDirect (75), were searched using databases, and found
520 records. Following deduplication, 350 unique records were sent to title and abstract
screening, where 289 records were eliminated due to a clear failure to meet one or more of the
eligibility criteria (A, B, D, or E). The rest of the 61 records were reviewed in full-text; 10 were
excluded with reasons recorded according to criterion. N = 25 core studies and N = 26
contextual references were retained and N=51 records were obtained to synthesize the evidence.

In addition to the descriptive counts, there are four structural patterns that should be highlighted
and put the evidence base in context in which the following sections should be read. First, the
temporal acceleration (N=12 of 21 empirical studies in 2024-2025, 57.1% of the corpus)
indicates that hybrid tree-ensemble forecasting is a sub-field that is not a mature one, but a
maturing one, and the gap in Iraq is increasingly becoming consequential as global approaches
are being developed without regional testing. Second, the geographic concentration of Europe
and East Asia (52.0) versus N=4 Irag-based studies (16.0) is not a mere sampling artefact - it is
due to the paucity of high-quality ground-based measurement networks in arid MENA regions,
which in turn drives the satellite-derived pathways (MERRA-2, MAIAC) in Sections 3.4 and 4
Third, N=1 of 21 empirical studies (4.8%) is a Tier-1 hybrid according to Criterion B, which
proves that metaheuristic optimization of tree-ensembles is not an established but an emerging
practice in arid-climate forecasting, despite its reported advantages in related engineering fields
(Mirjalili and Lewis 2016; Sansine et al. 2022). Fourth, the co-occurrence of T4 (dust-focused)
and TS5 (Irag-specific) labels are not found in the corpus - no retained study uses dust-aware
inputs and Iraqi datasets, a structural intersection further described in Section 3.3 and quantified
as the Iraq Gap Index (IGI = 20.0).

51



Al-Furat Journal of Innovations in Agricultural Sciences

FJIAS 2026 | Vol. 2 | Special Issue 1 | ICSDCC 2026

Figure 1. PRISMA-ScR Flow Diagram: Study Selection Process

PHASE 1 IDENTIFICATION
Data were found by searching databases.

N=520
P Scopus 210
Web of Science 140
IEEE Xplore 95
ScienceDirect 78
AFTER DEDUPLICATION
v

PHASE 2 SCREENING
Records screened (title & abstract) Records excluded
N=350 N =289
Uniquerecords after duplicates removed Failed 21 eligibility criterion (A, B, D, or E) at title/abstract

stage
FULL-TEXT REVIEW

PHASE 3 ELIGIBILITY
Full-text articles assessed for eligibility Full-textarticles excluded (with reasons)
N=61 N=10

Reasonsdocumented per Criterion A-E

Multi-label classification applied; borderline cases confirmed
by second author (M.H. Ali)

CLASSIFICATION BY EIGHT-TIER

TAXONOMY (T1-T8) v
PHASE 4 INCLUDED
ﬁonza 5studies included in evidence synthesis Contextualreferences included in synthesis
= N=26

Met allapplicable eligibility criteria (March 2025 window)

T1 - Tier-1 Hybrid (tree-ensemble + metaheuristic) Dust characterization / AOD retrieval

-

A B B O N =

T2 - Tree-ensemble only Irag-specific solar resource assessment
T3 — Metaheuristic only (no qualifying studies)
T4 - Dust/ AOD-focused

T5 - Irag-specific context

PV soiling and maintenance studies

Methodological supporting evidence

T8 - Prior review studies (non-empirical layer)

Total records included in narrative synthesis: N = 51 (N = 25 Core studies + N = 26 Contextual references)

Note — Post-search additional sources (not included in Core N-counts): Three sources were found in the process of
manuscript revision: Kut and Pietrucha-Urbanik (2025, 18 Aug); Yang et al. (2025, 20 Oct); Taha et al. (2025, 12 Nov). Held
as Contextual supplementary evidence only; not to be included in any N-counts, or empirical findings of synthesis.

Figure 1 caption. PRISMA-ScR flow diagram illustrating the four-stage study selection process. Identification: 520 records
retrieved across four databases (Scopus, Web of Science, IEEE Xplore, ScienceDirect). Screening: 350 unique records screened;
289 excluded. Eligibility: 61 full-text records assessed; 10 excluded with documented reasons. Included: N=25 Core studies and
N=26 Contextual references (N=51 total). Screening by first author (F.A. Hadi); borderline cases reviewed by second author (M.H.
Ali). PRISMA-ScR = Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for Scoping Reviews (Tricco et
al., 2018). AOD = aerosol optical depth.

Figure 1. PRISMA-ScR flow chart showing four-step study selection process database identification (n=520),
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deduplication (n=350), title/abstract screening, full-text review, and N=25 Core + N=26 Contextual references
identified.

3.2. Theoretical and Review Landscape (T — Prior Review Evidence)

The theoretical framework of evidence synthesis was based on four T8 prior review studies in
the Core corpus. Al-Dahidi et al. (2024), sifted through 257 articles and proposed a seven-
module framework of data-driven PV forecasting. Emerging hybrid components included tree-
ensemble models, including XGBoost, Random Forest, GBM, and metaheuristic optimizers,
including GA, PSO, GWO, and WOA, but dust and arid-climate conditions were not included
in the picture.. Di Leo et al. (2025) followed the increasing adoption of PSO, GA, and
Differential Evolution to hyperparameter optimization in ANN, SVM, and LSTM models, with
the majority of the coverage in temperate, data-rich environments. Alcafiiz et al. (2023) have
found an eye-opening statistic: 22 of 100 PV forecasting studies were about dry or arid climates,
and none of them focused on Iraq, which is perhaps the most obvious numerical manifestation
of the uneven geographical distribution of the field. Theanetu (2022) compared physical,
statistical, and ML forecasting models, with competitive accuracy of KNN-similarity and
NARX models, with MAE as low as 3.13% and RMSE of 2.3 among the best, but no systematic
framework of dust-laden or data-scarce conditions.

There are three other reviews that provide a helpful background. Mohamad Radzi et al. (2023)
surveyed ML-based PV forecasting over a variety of forecast horizons; tree-ensemble methods
were common. However, studies of arid climates were scarce. The same observation was made
by Chu et al. (2021) in another perspective: considering intra-hour irradiance forecasting, dust
and aerosol dynamics hardly appeared, which is somewhat unexpected, considering the
importance of these factors in short-term solar variability. The image that Maghami (2025)
paints is even more grim, as the author has reviewed 860 papers on the impact of dust deposition
on PV systems, and it was concluded that ML-based detection and prediction systems are far
behind the magnitude of the very issue. These seven review studies, four of which are T8 Core
studies (Al-Dahidi et al. 2024; Di Leo et al. 2025; Alcafiiz et al. 2023). Theanetu 2022) and three
Contextual T8 references (Maghami 2025; Mohamad Radzi et al. 2023).

3.3. Contextual and Environmental Evidence from Arid and Dust-Affected Regions

Core and contextual studies were heading in the same direction, as far as dust, aerosol and
soiling effects on solar systems in Iraq and similar arid conditions were concerned. Chaichan et
al. (2023) recorded the actual effect of a severe dust storm on a PV system in Baghdad - output
power decreased by approximately 62.3 percent compared to the baseline before the storm,
solar irradiance was reduced by 54.5 percent, and the concentration of fine particles shot up.
Radhi et al. (2024) used ANN models optimized with GA and GWO to short-term PV power
prediction in Iraq - the only work in the literature that unites metaheuristic optimization and
Irag-based solar data. ANN-GA was superior in all the measured metrics, including the standard
ANN and ANN-GWO versions, which is a fair sign that metaheuristic tuning does pay off in
this specific data setting.

The context of the dust impact is further defined by supporting Irag-specific environmental and
operational evidence in the wider retained corpus. Hameed et al. (2024), whose main emphasis
is on economic modelling, not forecasting, measured that poor cleaning frequency raised LCOE
by over 30% in four Iraqi cities, dust-related soiling was the leading economic stressor to grid-
connected PV, contextual motivation to dust-aware forecasting. Al-Humairi et al. (2025)
approached the problem of predicting faults in PV systems under arid conditions in a
maintenance-oriented manner, where the model was trained using ML-based techniques to
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achieve 92.1% accuracy, which contributes to the increasing evidence that ML tools can be
used successfully in hot-arid PV settings. Koprulu et al. (2025) conducted a field experiment
under conditions similar to those encountered by Iraqi sites and investigated the effect of
temperature, dust, and cement-coal dust as a combination of factors that reduce the efficiency
of PV modules—the soiling losses they observed were large. These sources are maintained due
to their environmental and operational applicability and are not included in the core forecasting
denominators.

When one considers the entire retained corpus covering Iraq specifically, the image that comes
out is geographically disjointed. Baghdad appears in seven papers — including dust impact
quantification, soiling economics, and ML-based air quality prediction — but none of them use
tree-ensemble forecasting with metaheuristic optimization and dust-aware inputs
simultaneously. Mosul is mentioned in one study that confirms the MERRA-2 data pathway to
XGBoost solar irradiance prediction (Sulaiman et al. 2025), but without integrating
metaheuristic or dust-variable. A single ANN-metaheuristic study (Radhi et al. 2024) based on
GA and GWO optimization, but on ANN architectures instead of tree-ensemble models, is
provided in Amarah (Misan). A number of other Iraqi cities, such as Kirkuk, Fallujah, Basra,
are also found in the Contextual corpus, primarily via soiling or local environmental research,
and not via integrated forecasting pipelines. What thare city-level dareaggregation reveals are
that the Iraq research gap are not merely a geographic gap, but rather a structural gap of the
particular methodological mix that are of interest: no Iraqi site has so far been the focus of a
study that combines tree-ensemble forecasting, metaheuraretic optimization, and dust-
sensitivity feature engineering.

To quantify this gap, this review proposes an Iraq Gap Index (IGI) which is the ratio of non-
Iraqi to Irag-specific empirical Core studies. IGI =20/ 1 = 20.0. The only Core study that uses
tree-ensemble methods directly on Iraqi solar generation data is the sole Iraqi study Sulaiman
et al. (2025). The other three studies based in Iraq deal with dust effects, soiling economics or
metaheuristic-ANN techniques and hence are not included in the IGI denominator. A 20.0 IGI
is a harsh figure — it implies that every study that uses tree-ensemble forecasting on Iraqi solar
data has twenty others that have done the same on other locations. Reducing that ratio to 5.0 or
less would be a fair measure of actual improvement.

Similar arid and aerosol-rich areas provide additional evidence. Alonso-Pérez et al. (2025) used
Random Forest for daily and hourly PV prediction in the Canary Islands in case of Saharan dust
intrusion, with an accuracy of 97.58% at the daily level and 95.86% at the hourly level, having
only four meteorological variables. This is promising, but the outcome is based on one dust
episode and a source that is yet to be fully indexed on major databases. Bashir et al. (2025)
approached the problem in a different way, creating a hybrid CNN-RF pipeline to detect dust
on PV surfaces automatically by transforming the I-V curve parameters into RGB image
matrices, enabling identification of five working states without aerosol measurements. A
similar argument was expressed by Meng and Song (2020) in another direction: when the
PM2.5 was directly inserted into a weather-classified Random Forest model, the daily PV
forecasting accuracy was significantly enhanced in China when the conditions were polluted or
cloudy. What all these studies are indicating is that aerosol and particulate variables are worth
considering in tree-ensemble models - they have forecasting information that standard
meteorological inputs are likely to overlook.

Sarafian et al. (2023), developed a multi-task learning model in depth to warn of dust events in
the Middle East and North Africa. The most interesting finding of their results was that AOD
had a greater predictive value than any other variable in predicting the onset of dust events with

54



@ Al-Furat Journal of Innovations in Agricultural Sciences
FJIAS 2026 | Vol. 2 | Special Issue 1 | ICSDCC 2026

useful lead times as long as 24 hours, something to remember when anyone is developing dust
sensitive PV forecasting systems. Logothetis et al. (2024), conducted a comparison among five
ML algorithms, namely LightGBM, Random Forest, MARS, KNN, and ANN to retrieve AOD
based on ground irradiance data. LightGBM emerged as the obvious winner, reducing RMSE
by two or three factors compared to MERRA-2 and CAMSRA reanalysis products. Lin et al.
(2023) tackled the same issue on the input side: MAIAC MODIS AOD at 1 km resolution
(instead of 2 km MERRA-2 AOD) reduced AOD RMSE by 0.03-0.08 at most AERONET
locations, and the benefits were also transferred to DNI simulation accuracy. Another piece of
information was provided by Panicker and Valarmathi (2025), a PSO-optimized SARIMA-
SVR hybrid to predict AOD time-series, in which the metaheuristic tuning produced a stark
contrast between the forecasting accuracy and the metaheuristic tuning. The combination of the
evidence in these twelve studies provides a strong argument that dust and aerosol variability do
imprint a quantifiable signature on both PV output and solar irradiance estimation in the MENA
region and similar arid environments, and that the instruments to describe these effects, whether
in the field or through ML, are already available.

3.4. Model Characteristics and Performance (C — Characteristics)

The 21 empirical core studies, with four T8 previous reviews, that set the theoretical
background, had a considerable architectural variety in tree-ensemble implementations to
predict solar generation. Rathika et al. (2025) used the Brown Bear Optimization Algorithm
(BBOA) to automatically optimize the hyperparameters of a Random Forest model to achieve
an MSE of 0.16614 and an R”*2 of 0.818, which outperformed PSO-optimized and Firefly
Algorithm-optimized baselines in ten independent runs of the model in confirmed hybrid
configurations. Three other hybrid forms were found within a Contextual corpus: Sansine et al.
(2022), used PSO to optimize XGBoost and LSTM hyperparameters simultaneously to predict
probabilistic solar irradiance; Xu et al. (2025) developed an LSTM-XGBoost architecture with
energy entropy decomposition and Seagull Optimizer; and Xiong et al. (2024) The Whale
Optimization Algorithm (WOA), introduced by Mirjalili and Lewis (2016), is another possible
candidate to integrate into metaheuristic-tree-ensemble with the previously verified algorithms.

Together, these four hybrid configurations reveal that tree-ensemble models form effective
foundations of metaheuristic augmentation, and their underrepresentation in the arid climate
Core corpus (one of 21 empirical studies (4.8%)) highlights the main research gap that this
review will fill. Kut and Pietrucha-Urbanik (2025) reported an R? of 0.94 when using XGBoost
to predict short-term PV energy under temperate conditions, with XGBoost performing better
than comparators of Random Forest and linear regression, though this study is not counted in
Core counts (Section 2.1) as it was published post-search and is considered Contextual evidence
only. Sulaiman et al. (2025) used XGBoost and rolling window training schemes to GHI
forecasting of Mosul with MERRA-2 satellite-derived inputs, with optimal 2-day rolling
window settings of R2 = 0.907 and MAE = 546.6 Wh. It is the only tree-ensemble forecasting
study in the Core corpus that is directly applied to an Iraqi dataset. In a predictive maintenance
workflow to model PV performance and detect faults, Marangis et al. (2024) used XGBoost,
with a fault detection sensitivity of 96.9% — this is not a direct forecasting outcome, but
contextual evidence of the predictive performance of XGBoost in utility-scale PV settings.
Rinesh et al. (2024) introduced an XGB-SPPGP model to predicting solar PV power generation
with the assistance of the IoT in data logging, with the overall accuracy of 99.3% and the
accuracy ratio of 98.7%.

Models based on LightGBM yielded good results consistently. Yang et al. (2025) used Bayesian
optimization and time-series cross-validation on LightGBM to predict PV over the medium
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term, with R>=0.89, MAE=37.49, and RMSE=64.67, showing the ability to capture high-
dimensional nonlinear meteorological interactions, as a post-search reference, (Yang et al.,
2020; Ye et al., 2023) introduced LX-PF, a pretrain-finetune LightGBM-XGBoost paradigm,
with an accuracy of 96.46 percent over LSTM (79.02) and SVR (80.88) baselines. Boujoudar
et al. stated that LightGBM was the most successful model (out of four models, CatBoost,
LightGBM, XGBoost and RF) as per Chen et al., Abstract. Suanpang and Jamjuntr (2024)
discovered that LightGBM is more effective than KNN in grid-scale comparisons under various
forecast scenarios, Nguyen et al. (2025) evaluated Gradient Boosting, XGBoost, and
LightGBM as models for predicting solar energy using boosting-based architectures, which
showed performance improvements over ANN baselines.

In several studies, ensemble architectures that integrate tree-based models were studied. FRD-
TLEL was presented by Wang et al. (2023) as the two layer ensemble that uses XGBoost, RF,
CatBoost and decision tree base learners and has an MAPE of 2.81% on all test days (Table 5).
Massaoudi et al. (2021) suggested an Enhanced Random Forest with Voted Feature Importance
based on LIME, ElasticNet, and XGBoost, which is better than regular RF in all their weather
subsets. RF, Extra Tree, and XGBoost showed R 2 =0.975, MAPE = 0.69, and MAE = 0.0130
(units as reported in source) in rooftop PV forecasting. Yang et al. (2021) have developed an
Improved RF with peak correction and DGM(1,1) grey prediction which is even more accurate
by 1.48 percent and RMSE by 2.94 percent than the regular RF. Li et al. (2022) used XGBoost
in an architecture of probabilistic solar irradiance, and the deterministic and probabilistic
accuracy were better on a standard benchmark dataset (Contextual reference; temperate
benchmark dataset, not part of Core N-counts). Gevorgian et al. (2024) showed that RF and
XGBoost showed consistent performance in the state of data scarcity due to feature engineering
and cross-validation techniques. Scott et al. (2023) compared various ML models on PV
generation prediction and discovered that tree-ensemble methods were always competitive with
deep learning methods at the same data scales. A hybrid Al ensemble framework that combines
various tree-based model elements to achieve real-time adaptive optimization in solar energy
systems was proposed in Muramshetti et al. (2025) and reported performance improvements
over the baseline configurations; this work falls into T2 category within the Core corpus and
the quantitative contributions of the study should be viewed with necessary caution due to the
limited major-database indexing of the journal the results are based on (see The initial
assessment of tree-based ensemble methods (Random Forest, Gradient Boosting, bagging) to
solar radiation modelling at daily and hourly scales was conducted by Hassan et al. (2017), who
showed that ensemble methods reliably performed better than MLP, SVR, and single decision
tree comparators at multiple climatic stations; this baseline result established tree-ensemble
methods as the main ML structure to be utilized in solar radiation Being published prior to
2020, (Hassan et al. 2017) is only referenced as a foundational reference and not included in
any Core N-counts and denominator-based calculations (Criterion D).

3.5. Methodological Patterns and Data Source Characteristics (M — Methodological)

Empirical Cores Studies N=21 (without N=4 T8 precedent reviews) cross-study analysis
demonstrates that there are a number of methodological patterns that reoccur. In terms of data
sources: N=18 (85.7) of 21 empirical Core studies used ground-based measurement data as
the input data pathway, and N=3 (14.3) empirical Core studies used a satellite
derived/reanalysis product as the input data pathway. This pathway has been confirmed by
N=1 Core study (Sulaiman et al. 2025), which explicitly used MERRA-2 reanalysis data as the
main meteorological input to validate the data-scarce Iraqi conditions. N=4 of 21 empirical
Core studies (19.0%) (Alonso-Pérez et al. 2025, Logothetis et al. 2024, Meng and Song 2020;
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Panicker and Valarmathi 2025) used aerosol or AOD data as model inputs or study targets,
and N=0 Core studies used tree-ensemble . In terms of forecast horizons in the N =21 empirical
Core studies: N =1 of 21 (4.8%) studies covered ultra-short-term (minutes to 1 hour); N=13 of
21 (61.9%) covered short-term (day-ahead to 48 hours); and N = 7 of 21 (33.3%) covered
medium-to-long-term Regarding performance metrics: The RMSE was reported in N = 19 of
21 (90.5%) empirical Core studies; MAPE in N=15 of 21 (71.4%); R? in N=17 of 21 (81.0%);
and MAE in N=16 of 21 (76.2%). This metric heterogeneity, along with the lack of standardized
benchmark datasets to forecast in arid regions, restricts direct cross-study performance
comparison, which is reported in previous reviews (Alcaiiz et al. 2023; Al-Dahidi et al. 2024).

The most common type of tree-ensemble was the Random Forest, used in N=7 of 21 empirical
core studies (33.3%). As a primary model or an important ensemble component (Alonso-Pérez
et al. 2025; Rathika et al. 2025; Meng and Song 2020; Yang et al. 2021; Massaoudi et al.
Random Forest as an independent model is also used in AOD retrieval (Logothetis et al. 2024).
XGBoost was the second most common, featuring in N=6 of 21 (28.6%) (Sulaiman et al. 2025;
Wang et al. 2023; Rinesh et al. 2024; Ye et al. 2023; Gevorgyan et al. 2024; Nguyen et al.
2025). LightGBM appeared as the primary model in N=2 of 21 (9.5%) studies (Boujoudar et
al. 2024; Ye et al. 2023). Note: empirical studies that use multiple types of tree-ensemble
models, like Gevorgyan et al. (2024) (RF and XGBoost) and Ye et al. (2023) (LightGBM and
XGBoost), are counted in each of the relevant model types; the frequencies are not mutually
exclusive and do not add to each other to the total number of 21 empirical core studies. The
temporal distribution of the empirical Core corpus indicates a growing trend in the number of
publications: N=4 in 2020-2021, N=5 in 2022-2023, and N=12 in 20242025, which is a 3-fold
increase in the annual production of publications in the five-year period examined, and indicates
the rapid development of tree-ensem Importance and interpretability analysis (SHAP values
(Nguyen et al. 2025; Allal et al. 2024), or Voted Feature Importance (Massaoudi et al. 2021))
was used in N=3 of 21 empirical Core studies (14.3%), showing an emerging but nascent trend
of model interpretability in tree-ensemble solar generation prediction

The above evidence synthesis reveals an apparent and recurrent structural gap in the retained
corpus: no research has concurrently validated a tree-ensemble model with metaheuristic
hyperparameter optimization in dust-laden arid environments with AOD or particulate matter
as explicit model inputs. Section 4 puts these results into perspective in the context of the overall
research environment and suggests a specific research agenda.
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4. Discussion
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Figure 2. Conceptual diagram of the dust-aware hybrid tree-ensemble and metaheuristic solar PV power
forecasting framework proposed as a research direction in this review.

4.1. Summary of Key Findings

N = 25 core studies were synthesized in this scoping review, and published within 2020-2025
on the topic of hybrid tree-ensemble and metaheuristic frameworks for predicting solar PV
power generation and answering three research questions. To address RQI1, tree-ensemble
algorithms, specifically Random Forest (N=7 of 21 empirical core studies (33.3%), XGBoost
(N=6 of 21, 28.6%)) are the most common algorithm selections in the literature reviewed, but
their combination with nature-inspired metaheuristic optimizers is uncommon. In answer to
RQ2, N=4 of 21 empirical core studies (19.0%), which include dust storms as model inputs, are
consistent with the field evidence of a limited number of measurement studies in Iraq dust
storms significantly reduce the availability of solar irradiance by up to 54.5% and PV power
generation by up to 62.3% (Chaichan et al. (2020)). To address RQ3, Irag-specific tree-
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ensemble forecasting is still in its infancy, with N=1 core study (Sulaiman et al., 2025) using
XGBoost directly on an Iraqi solar irradiance dataset through MERRA-2 inputs, without
metaheuristic optimization or dust-aware feature fusion. Reported performance values in
retained studies are to be interpreted descriptively, in the sense that datasets, climates, forecast
horizons, and evaluation protocols were never directly comparable across the corpus.

4.2. Comparison with Prior Reviews

The results of this review are more or less similar to, and go beyond, previous review evidence
in three ways. To start with,, the prevalence of Random forest and XGBoost here is in line with
the general PV forecasting taxonomy of Al-Dahidi et al. (2024), and Iheanetu (2022), who
reported the use of the tree-ensemble models as the main constituents of current forecasting
frameworks. But both previous reviews did not estimate the rate of metaheuristic combination
with the tree-ensemble models in particular, which is bridged by this review by providing a
baseline rate of N=1 of 21 empirical core studies (4.8%) in the arid-relevant corpus. Second,
the geographic imbalance reported by Alcaiiiz et al. (2023) - who discovered that only 22.0%
of pre-2020 PV forecasting studies had considered dry or arid climates in general, and none had
considered Iraq specifically - continues to exist in the current cor Third, the observation that
N=0 Core studies concurrently used tree-ensemble forecasting, metaheuristic optimization, and
aerosol inputs is beyond what any previous review has measured, making this three-way lack a
structural characteristic of the existing research space. A result that is somewhat contradictory
to the evidence of previous reviews is the relative ranking of LightGBM in the corpus. Both Di
Leo et al. (2025) and Mohamad Radzi et al. (2023) forecasted a rise in LightGBM use, but
LightGBM is the main model in only N=2 of 21 empirical Core studies (9.5%) in this review,
which is significantly lower than XGBoost (28.6%) and Random Forest (33.3%). This could be
due to the arid-climate and dust-context filtering used in this review, which could prefer
established models with a longer history of validation in data-limited environments, or it could
be that LightGBM is not being adopted as quickly in arid-region forecasting as it is being
adopted in temperate contexts.

4.3. Unexpected Findings

This review had three findings that were surprising compared to the previous literature. To
begin with, the almost total lack of validated Tier-1 hybrid configurations (N=1 of 21 empirical
Core studies, 4.8%) was worse than expected. This result is quantitatively confirmed by a
systematic cross-tabulation of the retained corpus: of the N=51 retained studies (N=25 Core
and N=26 Contextual), N=0 also validated a tree-ensemble model with a nature-inspired
metaheuristic optimizer when dust or aerosol variables (AOD, PM2.5, turbidity) were explicitly
modeled. The nearest analogue in the Iraqi context is the study by Sarafian et al. (2023), who
used AOD-based dust event prediction with deep learning, and Sulaiman et al. (2025), who
used XGBoost to predict Iraqi solar irradiance (GHI) data using MERRA-2 - but neither of
them used all three components. It is noteworthy that a hybrid COA-optimized Random Forest
model was used to predict PM2.5 concentration in Baghdad (Shehab et al. 2026, retained as
Contextual evidence outside the 2020-2025 primary search window) - showing that
metaheuristic tree-ensemble optimization can be technically applied to the Iraqi atmospheric
context - but this was applied to air quality prediction Since metaheuristic optimization of tree-
ensemble models is well-reported in related fields of engineering (Mirjalili and Lewis 2016),
and some earlier reviews (Al-Dahidi et al. 2024; Di Leo et al. 2025) explicitly reported
metaheuristic approaches and tree-ensemble models as a new hybrid element, it was anticipated
that a higher proportion of studies would have The observation that Bayesian optimization and
grid search are the most popular hyperparameter tuning strategies in the corpus, though also
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effective, are not metaheuristic methods, by the predefined criterion B - means the difference
between how these methods were classified in previous reviews and how this review used a
more demanding criterion of metaheuristic methods.

Second, the good performance of the BBOA-RF hybrid (Rathika et al. 2025) in comparison to
PSO-RF and Firefly-RF baselines in a single study indicates that newer nature-inspired
algorithms might provide competitive or superior hyperparameter tuning to tree-ensemble
models than well-established benchmarks (PSO, GA) - a result that should be systematically
replicated across multiple tree. Third, the finding that XGBoost with MERRA-2 inputs achieves
R? of 0.907 for Mosul, Iraq GHI forecasting (Sulaiman et al. 2025) without any Irag-specific
meteorological calibration or dust-variable inputs suggests that the MERRA-2 pathway may be
more viable for Iraqi forecasting than the sparse ground-station literature alone would suggest,
providing a potentially transferable baseline that warrants further validation for future dust-
aware model development.

4.4. Theoretical Implications

The structural gap identified in this review; i.e. the absence of a study that combines tree-
ensemble forecasting, metaheuristic optimization, and dust-aware aerosol inputs, has
theoretical implications for the field. It implies that the benefit of metaheuristic optimization
that has been reported in similar contexts (Sansine et al., 2022; Xu et al., 2025; Rathika et al.,
2025; Mohamad Radzi et al., 2023) has not been applied to arid-climate tree-ensemble
forecasting. This propagation failure can be indicative of the compound data needs of such a
system: both demanding high-quality aerosol inputs and enough training data to generalize tree-
ensembles and metaheuristic convergence with small sample sizes. In theory, this inspires the
development of sample-efficient optimization models and transfer learning methods that may
reduce the data burden of metaheuristic integration in data-sparse arid settings. The fact that
ML-retrieved AOD is a much better model input than reanalysis AOD (Logothetis et al., 2024)
also indicates that the quality of aerosol input, and not the presence of aerosol variables, can be
a determining factor in the performance of dust-aware forecasting models.

4.5. Practical Implications

The practical implications of this review are concentrated in three operational domains. For
solar energy planners and grid operators in Iraq and the MENA region, the finding that
XGBoost with MERRA-2 inputs achieves R? of 0.907 for Mosul GHI forecasting (Sulaiman et
al. 2025) without requiring ground measurement infrastructure provides a potentially
transferable baseline that warrants further validation under Iraqg-specific conditions. The results
of Koprulu et al. (2025), Al-Humairi et al. (2025), and Hameed et al. (2024) are all indicative
of the notion that optimization of cleaning schedules based on the predictions of dust events
informed by ML models would be beneficial to reducing LCOE in Iraqi PV systems, although
the direct validation of operational pipeline is an unfinished research area To the designers of
PV systems, the observation that dust events decrease the irradiance by 54.5% (Chaichan et al.
2023) and output by 62.3% under favorable conditions suggests that dust-conservative sizing
margins must be used during the design of systems in arid regions where forecasting-based
dispatch is to be implemented. To algorithm developers, the good BBOA-RF and PSO-
XGBoost performance (Rathika et al. 2025; Xu et al. 2025) and the SO-XGBoost results
(Sansine et al. 2022) offer candidate starting configurations to metaheuristic-tree-ensemble
hyperparameter optimization. These settings should be tested on Irag-specific and dust-prone
data conditions and only when these settings are validated then they can be widely used.

4.6. Research Agenda
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Table 2 is a structured four-component research agenda, based on the identified gaps, to predict dust-aware
hybrid tree-ensemble solar generation in Iraq and similar arid regions.

Priority | Research Action Evidence Base Timeline
RA-1 Dust-aware feature engineering: Logothetis et al. (2024) and | Near-term (1-2 years)
systematically evaluate AOD, PM2.5, | Lin et al. (2023) show ML-
PM10, and turbidity as inputs to tree- | retrieve and MAIAC-
ensemble forecasting models trained corrected AOD outperforms
on Iraqi datasets. MERRA-2 AOD; Sarafian et
al. (2023) confirm AQOD as
leading dust event predictor.
RA-2 Metaheuristic optimizer evaluation: Rathika et al. (2025) (BBOA- | Near-term (1-2 years)
systematically compare GWO, PSO, RF), Sansine et al. (2022)
WOA, BBOA, and hybrid swarm (PSO-XGBoost), Xu et al.
algorithms for XGBoost, RF, and (2025)(SO-XGBoost),
LightGBM hyperparameter tuning Mirjalili and
under arid-region data conditions. Lewis(2016)(WOA)
establish viable starting
configurations.
RA-3 Irag-specific dataset development: Sulaiman et al. (2025) validate | Medium-term (2-3
extend the Mosul MERRA-2 XGBoost | MERRA-2 as a viable data | years)
pipeline (Sulaiman et al. 2025) to pathway for Iraq; Attiya and
Baghdad, Basra, and Nasiriya, Jones (2020) and Ismail et al.
incorporating MAIAC AOD inputs (2024) provide
and dust event metadata from satellite | comprehensive dust event
records (Chaichan et al. 2023; climatology for multi-location
Logothetis et al. 2024). validation.
RA-4 Standardized benchmarking: develop a | Metric heterogeneity across Long-term (3-5 years)
benchmark dataset and evaluation N=21 empirical Core studies
protocol for dust-aware arid-region PV | (RMSE reported N=19/21
forecasting, incorporating standardized | (90.5%), MAPE N=15/21
metric reporting (RMSE, MAPE, R?) (71.4%)) and absence of
and dust-event subset evaluation. shared benchmark datasets
limit cross-study comparison
(Alcaiiz et al. 2023; Al-
Dabhidi et al. 2024).

Table 2. Dust-conscious hybrid tree-ensemble solar generation prediction in Iraq and arid areas. RA = Research
Action; HPO = hyperparameter optimization; MAIAC = Multi-Angle Implementation of Atmospheric
Correction.

To support the research agenda presented in Table 2, and to help future researchers in Iraq and
other data-scarce arid regions, Table 3 presents six recommended open-access datasets, which
collectively provide solar irradiance, aerosol optical depth, dust event records, and PV
performance data. All six datasets are cited in this review, and have shown appropriateness
for solar resource assessment for Iraq or the MENA region.

Dataset Provider = Key variables Access Citation in this
review

NASA POWER  NASA GHI, DNI, DHI, power.larc.nasa.gov NASA POWER

temperature, 2025; Section 1

wind speed, RH

61



@ Al-Furat Journal of Innovations in Agricultural Sciences
FJIAS 2026 | Vol. 2 | Special Issue 1 | ICSDCC 2026

Dataset Provider = Key variables Access Citation in this
review
MERRA-2 NASA GHI, AOD, T2M, disc.gsfc.nasa.gov Sulaiman et al.
GSFC wind speed, 2025; Sections
humidity 34,35
MAIAC/MODIS NASA AOD at 550 nm,  ladsweb.modaps.cosdis.nasa.gov = Lin et al. 2023;
AOD 1 km resolution Section 3.3, RA-1
AERONET NASA AOD Level 2.0, aeronet.gsfc.nasa.gov Holben et al.
Angstrom 1998; Section 1
exponent
PVGIS JRC/EU  GHI, PV yield, re.jrc.ec.europa.eu/pvgis Section 3.3
SARAH-2 (dataset context)
irradiance
Global Solar World GHI, DNI, globalsolaratlas.info World Bank /
Atlas Bank PVOUT long- Global Solar Atlas
term averages 2023

Table 3. Recommended open-access datasets for dust-aware hybrid tree-ensemble solar PV forecasting in Iraq
and arid regions. All datasets are cited within this review. GHI = Global Horizontal Irradiance; DNI = Direct
Normal Irradiance; DHI = Diffuse Horizontal Irradiance; AOD = Aerosol Optical Depth; RH = Relative
Humidity; T2M = Temperature at 2 metres; PVOUT = PV power output potential.

4.7. Limitations of This Review

There are five methodological limitations of this review. First, the first author did primary title
and abstract screening; only borderline cases were subjected to dual-independent screening,
which was done by the second author (M.H. Ali). This incomplete design increases the chances
of selection bias compared to completely independent two-screening regimes. Second, five
sources that were published after the main search period were detected and included as
contextual supplementary evidence only; they are not included in any of the Core N-counts and
empirical synthesis results, as it is made known in Section 2.1. They include three references
found during the revision of the manuscript (Kut and Pietrucha-Urbanik (2025); Yang et al.
(2025); Taha et al. (2025)), one reference that was found outside the 20202025 search (Shehab
et al. (2026)), and one reference that was referenced as contextual evidence during the revision
of the introduction Third, the English-only, four-database search might not have identified
publication or grey literature on Irag-specific solar monitoring data, which may have
underestimated the Irag-specific evidence base. Fourth, the quality of individual studies was
not critically evaluated, which is also consistent with the scoping review approach (Peters et al.
2020); comparisons of performances are to be considered evidence mapping, but not claims
about effects. Fifth, the conservative metaheuristic criterion (Criterion B, and excluding both
Bayesian optimization and grid search) is by definition conservative and would have a Tier-1
count of N=1 in the arid-relevant Core corpus; a more generous one that allows Bayesian
optimization would most probably have a larger count of N=4-5. Across all five limitations, the
principal finding — that no study within the retained corpus simultaneously validated a dust-
aware hybrid tree-ensemble and metaheuristic framework under Irag-specific conditions —
remains consistent, and is supported by convergent evidence from N=25 Core and N=26
Contextual references.
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The complete study selection process, including sequential screening stages and record counts
consistent with the PRISMA-ScR reporting standard (Tricco et al. 2018), is described in Section
3.1.

5. Conclusion

This scoping review has identified N=25 Core studies and N=26 Contextual references that
discuss hybrid tree-ensemble and metaheuristic architectures to solar PV power generation
forecasting, with a specific focus on arid-climate applicability and research gaps specific to
Iraq. Four key findings are made. To begin with, the most common algorithmic selection in the
literature reviewed is tree-ensemble models, specifically Random Forest (N=7 of 21 empirical
Core studies, 33.3%) and XGBoost (N=6 of 21, 28.6%): both exhibit consistently competitive
performance in heterogeneous, non-comparable study settings. Second, metaheuristic
optimization is still significantly underused in conjunction with tree-ensemble approaches to
solar generation prediction, where N=1 of 21 empirical Core studies (4.8%) report a Tier-1
hybrid configuration in the arid-relevant corpus, although it has been shown to be beneficial in
more general engineering settings (Sansine et al. 2022; Xu et al. 20 Third, the model includes
dust storms and aerosol variables as model inputs in only N=4 of 21 empirical Core studies
(19.0%), even though field measurements show that dust storms cut solar irradiance by 54.5%
and PV output by 62.3% in Iraq (Chaichan et al. 2023) and that ML-retrieved AOD is a Fourth,
tree-ensemble predictions of Iraq-specific data are still in their early phases, with N=1 Core
study (Sulaiman et al. 2025) defining the MERRA-2 data pathway of Mosul solar irradiance
predictions but not optimized by metaheuristics or dust-aware feature combination.

The review has four contributions to the field. First, it offers a systematic scoping evidence map
of tree-ensemble and metaheuristic solar generation prediction literature that is specifically
filtered to be arid-climate and dust-aware (2020-2025), which has not been previously reviewed
(Alcaniz et al. 2023; Al-Dahidi et al. 2024; Di Leo et al. 2025). Second, it proposes and applies
an eight-level analytical taxonomy designed to aid this review (T1-T8) to classify hybrid
generation prediction architectures which can be reused in systematic or scoping reviews of this
area in future. Third, it measures the gap in the evidence of Iraq by decomposing the gap by
city and provides a reproducible gap metric (Iraq Gap Index, IGI = 20.0), thus providing a
baseline in terms of which research can be tracked. Fourth, it officially recognizes a structural
three-way gap - no paper has implemented tree-ensemble forecasting in conjunction with
metaheuristic optimization and aerosol inputs - and suggests a four-part actionable research
agenda to address this gap. All these results indicate that there exists an apparent recurrent gap
in the retained corpus: none of the studies identified in this review have validated a dust-
conscious hybrid tree-ensemble and metaheuristic solar generation prediction model in the Iraq-
specific environmental and data conditions. Table 2 provides a systematic research agenda that
would provide a prioritized line of penetration into this gap by dust-aware feature engineering,
systematic metaheuristic optimizer testing, creation of Iraq-specific datasets, and standardized
benchmarking. This review should be viewed in the context of the five methodological
limitations outlined in Section 4.7: partial dual-independent screening; five post-search and
post-window references included as supplementary contextual evidence only; English-only
database search; no formal quality appraisal; and the strict metaheuristic criterion that can
undercount hybrid configurations in a broader definition of optimization. This review presents
a systematic descriptive evidence base on the need to focus future dust-conscious forecasting
studies in Iraq and other arid settings.
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