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 The rapid expansion of utility-scale solar photovoltaic infrastructure poses 

critical operational challenges for maintaining reliability across large, 

dispersed networks. Conventional manual inspection and reactive 

maintenance approaches are increasingly ineffective, leading to reduced 

energy yield, increased downtime, and higher operational costs. This study 

presents a systematic review and meta-analysis evaluating the performance 

of autonomous robotic swarm technologies for predictive maintenance in 

solar farms, following PRISMA 2020 and Cochrane methodologies. A total 

of 20 eligible studies were analyzed using random-effects modeling, forest 

plot interpretation, subgroup evaluation, publication bias assessment, and 

sensitivity analysis. Results indicate a significant pooled effect size (Hedges 

g = 7.80) with substantial improvements in detection accuracy, efficiency, 

and cost reduction, supported by low publication bias and strong robustness. 

The discussion emphasizes the theoretical and practical implications of 

decentralized multi-agent coordination, while highlighting the limitations of 

heterogeneous methodologies and limited real-world validation. The study 

concludes that swarm robotics offers transformative potential for scalable, 

intelligent maintenance ecosystems and recommends future research that 

includes large-scale field deployments and standardized evaluation 

frameworks. 
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1. INTRODUCTION 

The accelerating global transition toward deep decarbonization has driven an unprecedented 

expansion of utility-scale solar PV deployment, with installed capacity projected to exceed 4,800 GW by 

2030 and supply nearly 16% of the world's electricity. This rapid escalation introduces complex operational 

challenges related to maintaining geographically dispersed assets distributed across vast terrains containing 

millions of interconnected components [1], [2]. Traditional O&M workflows, which rely heavily on manual 

inspection and scheduled maintenance cycles, are proving increasingly incompatible with the operational 

scale and dynamic performance requirements of modern solar farm environments. The consequences of 

maintenance inefficiency manifest in substantial energy losses, reduced reliability, and escalating operational 

expenditures that directly threaten long-term investment viability [3], [4]. 

Conventional maintenance strategies, such as manual fault inspection and reactive response 

mechanisms, impose significant limitations when applied to large-scale PV infrastructure [5], [6]. Labor-

https://creativecommons.org/licenses/by-sa/4.0/
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intensive field operations often lead to inconsistent detection accuracy, prolonged diagnostic processes, and 

extended repair cycles, allowing failure propagation beyond localized components. Prior studies demonstrate 

that soiling accumulation alone can reduce annual energy yield by 20–40% in arid climates, while undetected 

hotspot clusters or degraded connectors may contribute an additional 15–25% reduction in power output [7], 

[8]. Moreover, traditional O&M can consume nearly 25% of total revenue while still failing to prevent 

unexpected downtime events that disrupt system reliability and compromise power continuity [9], [10]. 

In response to these obstacles, emerging research advances predictive, autonomous, and data-driven 

maintenance paradigms integrating distributed robotics and swarm intelligence [11], [12]. These approaches 

combine edge AI-enabled perception, deep learning for anomaly classification, and decentralized multi-agent 

reinforcement learning to enable real-time monitoring, adaptive task allocation, and dynamic decision-

making across complex PV infrastructures [13], [14]. Evidence shows that robotic swarm systems 

significantly enhance maintenance efficiency, safety, and scalability by enabling autonomous inspection, 

continuous removal of soiling, and localized fault diagnosis without the limitations imposed by human 

intervention. The increasing focus on robotic swarms underscores their transformative potential to establish 

proactive and self-optimizing O&M ecosystems [13], [14]. 

Despite significant progress, the current literature reveals heterogeneity in methodologies, 

evaluation metrics, and real-world implementation, limiting consistent comparative evaluation. This study 

distinguishes itself by integrating edge AI with multi-agent RL in a unified predictive maintenance 

framework that enables real-time, decentralized coordination. Table 1 summarizes representative studies on 

swarm coordination, UAV diagnostics, and hybrid robotic platforms, though most remain limited to 

simulations or small-scale experiments [15], [16]. Existing research rarely addresses fully decentralized 

coordination with real-time learning or evaluates scalability and techno-economic feasibility. Unlike prior 

reviews, this work links edge intelligence with distributed RL to address latency, scalability, and autonomy 

challenges in PV maintenance. This review consolidates advances in swarm robotics, edge AI, and multi-

agent learning into a unified framework for next-generation solar PV systems [17]-[19]. 

 

 

Table 1. Summary of current research on autonomous robotic swarms and AI-driven predictive maintenance 

for utility-scale solar PV systems 
Reference Method Key findings (concise) Limitation 

[20] Collective intelligence model 

integrating meta-heuristic search 
with consensus-based swarm 

control 

The model enhances coordination efficiency 

and improves optimization performance even 
with small swarms, demonstrating strong 

adaptability in dynamic environments such as 

marine scenarios. 

High computational demand 

and limited real-world testing. 

[21] MSRCPC multi-target search using 

virtual force modeling and RS-

TVCS distributed communication 

The algorithm improves the stability of multi-

target search, obstacle avoidance, and 

decentralized coordination, outperforming 
existing search frameworks in simulations. 

Results are simulation-only 

and dependent on environment 

parameters. 

[22] UAV-based thermal & RGB 

imaging with photogrammetric 
analysis 

UAV inspections detect PV faults (hotspots, 

cracks, shading, string failures) more rapidly 
and accurately than manual inspection, 

enabling continuous monitoring at large 
scales. 

UAV operations are 

constrained by battery life, 
weather variability, and 

regulatory limitations. 

[23] Integrated drone–ground robot 

system using CNN-LSTM for fault 
detection and DQN reinforcement 

learning for cleaning 

The system achieves 91.8% fault-detection 

accuracy and 92–93% cleaning efficiency, 
increasing panel energy output by up to 31% 

in field trials. 

Requires intensive sensor 

calibration, is sensitive to 
environmental fluctuations, 

and demands high edge-

computing capability. 

 

 

Although recent review articles have examined UAV-based inspection, swarm robotics, AI-enabled 

fault diagnosis, and edge-computing technologies for photovoltaic maintenance, these topics are generally 

discussed as separate research domains. Consequently, previous studies mainly provide qualitative overviews 

with limited quantitative evidence regarding their combined impact on predictive maintenance performance. 

In contrast, this study establishes a unified framework integrating autonomous robotic swarms, edge artificial 

intelligence (edge AI), and multi-agent reinforcement learning (MARL) for utility-scale photovoltaic 

systems. Unlike previous reviews, it employs a random-effects meta-analysis to quantify pooled effect sizes, 

heterogeneity, and publication bias, and to assess robustness through sensitivity analysis. This quantitative 

approach provides statistically validated evidence beyond what descriptive synthesis can provide. Therefore, 

the study offers a comprehensive reference framework for developing scalable, decentralized, and intelligent 

predictive maintenance systems for next-generation photovoltaic infrastructure. 
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2. METHOD 

2.1.  Information sources and protocol framework 

The systematic review and meta-analysis were conducted in accordance with PRISMA 2020 

guidelines and guided by Cochrane methodological principles to ensure transparency, reproducibility, and 

scientific rigor [24], [25]. A structured search strategy was applied in Scopus, the Web of Science Core 

Collection, and the IEEE Xplore Digital Library, covering studies published between January 2020 and 

October 2025. Boolean logic was used to combine domain-focused terminology spanning robotic systems, 

solar PV infrastructure, predictive maintenance mechanisms, and AI-driven optimization to enhance 

precision and prevent inflation of unrelated records [26]-[28]. Additional literature sources were identified 

through backward and forward citation tracking, supported by manual screening of bibliographic references 

to reinforce dataset completeness. The operational sequence of database querying, screening, and validation 

is visually represented in Figure 1 as the primary workflow structure. Data management, statistical 

computation, and visualization for the meta-analysis were performed using Python (Version 3.12) within the 

Jupyter Notebook environment. Statistical analyses, including pooled effect size estimation, heterogeneity 

assessment, sensitivity analysis, and publication bias visualization, were implemented using the Pandas 

(v2.2), NumPy (v1.26), SciPy (v1.13), Statsmodels (v0.14), and Matplotlib (v3.9) libraries to ensure 

computational reproducibility and analytical transparency. 

 

2.2.  Hierarchical screening and eligibility validation 

A hierarchical two-stage screening pipeline was implemented, consisting of a structured title–abstract 

review followed by a full-text evaluation to verify eligibility for inclusion. Two reviewers performed 

independent screening, and disagreements were resolved through adjudicated consensus to maintain objectivity 

and methodological consistency. Eligibility determination adhered to the PICOS framework, enabling 

systematic categorization of studies focusing on utility-scale solar PV deployments employing autonomous 

robotic systems powered by edge-AI, ML, or multi-agent reinforcement learning for predictive maintenance. 

Inter-rater reliability was assessed using Cohen’s kappa (κ = 0.87), indicating substantial agreement and 

reinforcing the robustness of the filtering process. All exclusion decisions and justification records were 

documented to ensure procedural auditability [29], [30]. Furthermore, a standardized screening checklist and 

predefined eligibility criteria were consistently applied throughout the review process to minimize reviewer 

bias, enhance methodological transparency, and improve the reproducibility of study selection. 

 

2.3.  Bias risk assessment and meta-analysis modeling framework 

The risk of bias was evaluated using the Cochrane Risk of Bias Tool, adapted for technology-testing 

research, to assess the validity of randomization, deviations from the intervention, missing outcome data, 

measurement reliability, and selective reporting. A random-effects meta-analysis model was implemented 

using the DerSimonian–Laird estimator to incorporate expected statistical heterogeneity across study designs 

and operational conditions. Pooled effect size values were calculated using (1)-(4) [21], [31], [32]: 
 

𝜃̄𝑅𝐸 =
∑𝑤𝑖

∗𝜃𝑖

∑𝑤𝑖
∗  (1) 

 

With weighting defined as (2). 
 

𝑤𝑖
∗ =

1

𝑆𝐸𝑖
2+𝜏2

 (2) 

 

Where 𝜏2 represents between-study variance. Heterogeneity was quantified using Cochran’s Q and I² 

through: 
 

𝑄 = ∑𝑤𝑖(𝜃𝑖 − 𝜃̄)2 (3) 
 

𝐼2 = (
𝑄−𝑑𝑓

𝑄
) × 100% (4) 

 

Interpretive thresholds are categorized as low (<25%), moderate (25–50%), substantial (50–75%), and 

considerable (>75%) heterogeneity. These metrics establish the robustness of effect estimation and ensure the 

validity of aggregated inference [33]-[35]. A complementary sensitivity assessment was introduced to 

address the lack of parameter-level evaluation, focusing on reinforcement learning architectures, edge AI 

constraints, and swarm coordination strategies. It examines how decentralized policies, edge latency, and 

inter-agent communication affect the stability of pooled effects. Although quantitative meta-regression is 

limited by inconsistent reporting, this approach strengthens technical depth, improves generalizability, and 

aligns the framework with real-world deployment conditions in utility-scale solar PV systems. 
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Figure 1. PRISMA 2020 flow diagram for systematic review of autonomous robotic swarms in solar farm 

predictive maintenance 
 

 

3. RESULT 

3.1.  Risk of bias evaluation in included studies 

The assessment of methodological quality across the 20 studies included in this systematic review 

demonstrates an overall strong level of evidence supporting the reliability of results in autonomous robotic 

swarm research for predictive maintenance in utility-scale solar farms [22], [36]. The evaluation using the 

Cochrane RoB 2 tool indicates that 76.7% of domain assessments were categorized as low risk. In 

comparison, 23.3% were classified as having some concerns, and no studies were rated as high risk. The 

highest certainty was observed in the domains of missing data and measurement, each achieving 90% low 

risk, reflecting strong consistency in data handling and outcome validity [17], [37], [38]. The visualization 

presented in Figure 2 highlights that most studies maintain robustness in experimental design, though overall 

judgment indicates that 65% of studies still present moderate methodological caution due to cumulative 

minor issues, particularly within the randomization and deviations domains [6], [18]. 
 

3.2.  Meta-analysis and forest plot interpretation 

The forest plot analysis in Figure 3 shows a statistically significant positive pooled effect size 

(Hedges g = 7.80), supporting the superior detection accuracy of autonomous robotic swarms in predictive 

maintenance applications in utility-scale solar farms. The 95% confidence interval ranging from 7.60 to 8.00 

confirms substantial precision and minimal overlap of intervals across individual studies, indicating 

consistent performance improvements enabled by edge AI and multi-agent reinforcement learning 

architectures [5], [39]. The p-value of < 0.001 confirms the statistical significance of these findings, 

reinforcing the reliability of the observed effect size across the 20 included studies. However, the reported 

heterogeneity level of 54.91% reflects substantial variability, suggesting differences in robotic hardware 

configurations, sensor fusion models, environmental testing conditions, and task coordination strategies 

contributing to performance dispersion across studies [8], [40]. 
 

3.3.  Publication bias evaluation using funnel plot analysis 

The funnel plot analysis presented in Figure 4 demonstrates a symmetrical distribution of study 

effect sizes around the pooled estimate, indicating an absence of substantial publication bias within the 

selected studies investigating autonomous robotic swarms for predictive maintenance in utility-scale solar 
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farms [18], [38], [41]. The evenly distributed points across the 95% confidence region suggest that the 

included research reflects balanced reporting of both extensive and small-sample studies rather than selective 

publication of positive outcomes. The pooled effect size of 7.708, along with the narrow standard error range 

(0.052–0.090), further supports high precision and methodological consistency across the 15 studies 

analyzed. Visual inspection, therefore, validates a low risk of publication bias, reinforcing the strength and 

credibility of the meta-analytic findings regarding detection accuracy performance [9], [11], [29]. 
 
 

 
 

Figure 2. Risk of bias analysis of included studies using the Cochrane RoB 2 framework 
 

 

 
 

Figure 3. Forest plot analysis of detection accuracy effect size for autonomous robotic swarms 
 
 

 
 

Figure 4. Funnel plot analysis for publication bias assessment in autonomous robotic swarm studies 
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3.4.  Subgroup analysis of autonomous robotic swarms for predictive maintenance in solar farms 

Subgroup analysis demonstrated notable variation in performance outcomes among aerial systems, 

ground robots, and AI reinforcement learning models, particularly across detection accuracy, efficiency 

improvements, and cost-reduction metrics [39], [42]. The pooled results identified detection accuracy as the 

strongest contributor, with an effect size of 8.000, while cost reduction showed a significant pooled effect of 

2.867, and efficiency improvement reached a moderate effect size of 2.333, reflecting practical operational 

benefits [37], [43]. Heterogeneity patterns revealed that aerial systems provided the most consistent performance, 

whereas ground robots exhibited the highest variability, particularly in efficiency improvement (I² = 62.7%), 

indicating sensitivity to field deployment conditions. These findings, visually summarized in Figure 5, confirm 

that all technologies deliver meaningful enhancements for predictive maintenance in solar farms, supporting 

their integration within next-generation autonomous photovoltaic asset management systems [38], [44]. 
 

3.5.  Sensitivity analysis of autonomous robotic swarm models for predictive maintenance robustness 

The sensitivity analysis using the leave-one-out method demonstrated that the pooled effect size 

remained largely stable across 20 studies, with values ranging from 7.760 to 7.857 and confined within the 

predefined stability zone of 7.778–7.818 [45], [46]. A total of 15 studies demonstrated minimal influence and 

remained consistent, while only 5 were categorized as influential; however, none caused a meaningful deviation 

from the original pooled estimate of 7.798, indicating structural reliability. The low coefficient of variation 

(0.29%) and narrow effect size distribution confirm that the results are not dependent on any single study and 

therefore show moderate robustness and strong internal validity [47], [48]. As illustrated in Figure 6, these 

outcomes reinforce the generalizability of the meta-analysis findings and support the reliability of autonomous 

robotic swarm technologies in predictive maintenance applications for solar farm operations [49], [50]. 
 

 

 
 

Figure 5. Comparative subgroup effect sizes and heterogeneity levels of autonomous robotic swarm 

technologies in predictive maintenance 
 

 

 
 

Figure 6. Leave-one-out sensitivity analysis for robustness assessment of pooled effect sizes 
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4. DISCUSSION 

4.1.  Theoretical, practical, and hardware-level implications 

The synthesis of findings confirms that autonomous robotic swarms significantly advance predictive 

maintenance in utility-scale solar farms by integrating decentralized optimization and multi-agent RL to 

enhance system intelligence and autonomy. The large effect sizes for detection accuracy and cost reduction 

indicate that distributed coordination improves adaptability, reduces latency, and strengthens operational 

resilience in dynamic PV environments. From a practical standpoint, swarm robotics accelerates fault 

detection, reduces reliance on manual inspection, and increases asset availability, thereby optimizing 

maintenance cycles. However, system performance is fundamentally governed by power electronic 

subsystems, including motor drives, power converters, and energy storage, which directly influence 

efficiency and reliability. Motor drive performance determines mobility precision and energy consumption 

under variable terrain conditions, while converter topology and switching behavior critically affect energy 

efficiency, EMI, and thermal stress. Energy storage stability further defines operational continuity, 

particularly under fluctuating loads and environmental stress. As highlighted in Table 2, these 

interdependencies underscore that the effectiveness of swarm intelligence is inseparable from the 

performance of power electronics. Therefore, scalable deployment requires co-design strategies that integrate 

RL-based coordination with high-efficiency converters, optimized motor control, and adaptive energy 

management to ensure robust, energy-aware autonomous PV maintenance systems. Furthermore, large-scale 

deployment in utility-scale solar farms requires addressing system scalability and ensuring compliance with 

grid codes and utility standards, particularly regarding interoperability, communication protocols, and grid 

stability integration, to enable seamless adoption in real-world energy infrastructure. 

 

 

Table 2. Hardware-level challenges and technological considerations in autonomous robotic swarm systems 

for solar PV maintenance 
Component Key challenges Impact on system performance Potential solutions 

Motor drive 

system 

Nonlinear terrain interaction, 

variable load, energy inefficiency 

Reduced mobility accuracy, 

increased energy consumption 

Sensorless control, FOC strategies, 

adaptive drive algorithms 

Power converter Switching losses, EMI, suboptimal 
topology selection 

Reduced efficiency, increased 
thermal stress 

Wide-bandgap devices, high-
frequency converters, optimized 

topology design 

Energy storage Battery degradation under high 
temperature, limited capacity 

Reduced operational time, 
inconsistent performance 

Advanced battery management 
systems, hybrid energy storage 

Thermal 

management 

Heat accumulation, limited cooling 

space 

Component degradation, reduced 

lifespan 

Passive cooling, heat sinks, and 

advanced thermal materials 
Embedded 

control 

Real-time processing constraints, 

computational load 

Latency in decision-making, 

reduced coordination efficiency 

Edge AI optimization, hardware 

acceleration (FPGA, ASIC) 

 

 

4.2.  Limitations of the literature 

Although the meta-analysis provides strong evidence supporting the performance of autonomous 

robotic swarms, several limitations must be acknowledged to ensure accurate interpretation. Many of the 

included studies rely on simulated environments or controlled experimental testbeds rather than real full-

scale deployments, limiting external generalizability across diverse field conditions. Variability in sensor 

configurations, communication protocols, and swarm coordination frameworks also introduces performance 

inconsistency, reflected in moderate-to-high heterogeneity index values. Additionally, limited long-term 

operational evidence and insufficient standardized evaluation metrics hinder comprehensive benchmarking 

across technologies. Most studies omit converter efficiency, motor losses, and thermal cycling in robotic 

systems. This creates a gap between algorithmic performance and real energy-constrained behavior, limiting 

comparability and industrial relevance. 

 

4.3.  Research gaps and future directions 

This review identifies several critical research gaps that require attention to advance the maturity 

and industrial readiness of autonomous robotic swarm systems for solar farm maintenance. Empirical field 

validation remains limited, underscoring the need for multidisciplinary, real-world trials that integrate 

environmental variability, mission complexity, and long-duration operational testing. Future research should 

focus on developing unified performance metrics, robust fault-tolerant architectures, and adaptive multi-

agent learning frameworks that can scale across large photovoltaic infrastructures. Furthermore, integrating 

cybersecurity protections, interoperable communication standards, and techno-economic optimization is 

essential to enable safe, efficient, and commercially viable deployment. Future work should model motor 

efficiency, switching behavior, and thermal stress. This enables realistic evaluation of swarm robotics under 

energy constraints and supports scalable industrial deployment. 
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5. CONCLUSION 

This systematic review and meta-analysis establish that autonomous robotic swarms significantly 

enhance predictive maintenance performance in utility-scale solar PV systems by integrating decentralized 

coordination and multi-agent RL with edge-based intelligence. The results demonstrate consistent 

improvements in detection accuracy, operational efficiency, and cost reduction, confirming the effectiveness 

of distributed decision-making in complex and dynamic energy infrastructures. Beyond solar PV, these 

findings indicate broader applicability in renewable energy systems where predictive maintenance is critical, 

including wind farms, hybrid microgrids, and energy storage networks. The ability of swarm-based systems 

to operate autonomously, adapt to environmental variability, and process data locally positions them as key 

enablers of intelligent energy management and resilient infrastructure operations. From a systems 

perspective, the performance of such architectures is closely linked to power-electronics efficiency, 

underscoring the need to integrate control intelligence with optimized hardware design to ensure scalable, 

energy-aware deployment. 

Despite these contributions, several challenges remain that limit large-scale implementation. The 

scarcity of real-world deployment studies, combined with methodological heterogeneity and the absence of 

standardized evaluation metrics, limits the generalizability of results and their industrial adoption. Moreover, 

the dominance of simulation-based studies highlights the urgent need for large-scale empirical validation 

under diverse environmental conditions to improve external generalizability and ensure reliable real-world 

performance.  Future research should prioritize large-scale experimental validation under realistic operating 

conditions and develop unified benchmarking frameworks to enable consistent performance comparison. 

Additionally, integrating cybersecurity mechanisms, interoperable communication systems, and techno-

economic optimization is essential to ensure reliable, commercially viable deployment. Expanding the 

application of swarm intelligence toward integrated renewable energy ecosystems will further strengthen its 

role in enabling autonomous, efficient, and sustainable predictive maintenance solutions. 
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