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Abstract-Maximum Power Point Tracking (MPPT) is critical for optimising energy extraction
from photovoltaic (PV) systems, yet conventional techniques fail under partial shading and
rapidly changing conditions. Between 2017 and 2021, artificial intelligence (Al) — including
neural networks, fuzzy logic, ANFIS, metaheuristics, and deep reinforcement learning —
demonstrated superior tracking performance. This PRISMA-based systematic review
synthesises 65 cross-verified Q1 journal papers. A random-effects meta-analysis of 38 studies
reveals that Al-based MPPT achieves a pooled tracking efficiency of 96.4% (95% CI: 95.2—
97.5%) under partial shading (PSC), an absolute improvement of 7.4% over conventional
Perturb & Observe (P&O). Convergence time is reduced by 58% on average. A Composite
Performance Index (CPI) is proposed as a standardised multi-criteria metric (efficiency,
convergence speed, oscillation, complexity). Deep Deterministic Policy Gradient (DDPQG)
achieves the highest CPI (0.89), followed by Coyote Optimisation Algorithm (0.86) and
Gaining-Sharing Knowledge (0.85). Critical gaps remain: cross-validation across array
configurations is rare, hardware deployment is limited (18% of studies), and standardised
benchmarks are absent. Future research must prioritise hardware-in-the-loop validation,
adaptive learning for PV ageing, and explainable Al.

Keywords: Maximum Power Point Tracking; Photovoltaic Systems; Artificial Intelligence;
Meta-Analysis; Composite Performance Index; Deep Reinforcement Learning; Metaheuristic

Optimisation.

1. Introduction

The global PV capacity exceeded 760 GW by 2020, but energy yield is limited by non-linear
I-V characteristics. Under partial shading, the P-V curve exhibits multiple local maxima;
conventional MPPT algorithms (Perturb & Observe, Incremental Conductance) often trap at

local peaks, causing 10-30% energy loss.
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Between 2017-2021, Al-based MPPT techniques emerged as a transformative solution:
o Artificial Neural Networks (ANN) — map sensors directly to duty cycle.
e Fuzzy Logic (FL) — rule-based, interpretable.
e ANFIS - combines learning with interpretability.
e Metaheuristic optimisation (PSO, GWO, COA, GSK, etc.) — population-based global
search under PSC.
e Deep Reinforcement Learning (DRL) — model-free, continuous control.
This review provides a quantitative, reproducible, and critical synthesis with:
1. A taxonomy of Al-based MPPT.
. Meta-analysis (efficiency, convergence time) with full transparency.

2
3. A Composite Performance Index (CPI) for standardised benchmarking.
4. Hardware implementation analysis.

5

. A prioritised research agenda.

2. Methodology

2.1 Systematic Search (PRISMA 2020)

Databases: Scopus, Web of Science, IEEE Xplore (1 Jan 2017 — 31 Dec 2021).
Search string:

( TITLE-ABS-KEY ( "maximum power point tracking" OR "MPPT" ) AND TITLE-ABS-KEY
( "artificial intelligence" OR "neural network" OR "fuzzy" OR "ANFIS" OR "metaheuristic"
OR "PSO" OR "genetic algorithm" OR "reinforcement learning" ) AND TITLE-ABS-KEY (
"photovoltaic" OR "PV"))

Inclusion: Q1 journal papers, original research, quantitative metrics (efficiency, convergence
time).

Exclusion: conference papers, preprints, non-English, insufficient statistical data.

Initial records: 1,142 — after duplicates (n=187) — title/abstract screening (n=768 excluded)
— full-text assessment (n=122 excluded) — 65 studies included; 38 with sufficient data for
meta-analysis.

A PRISMA flow diagram is provided in Figure 1.

Volume 15, Issue 5, May/2023 83



Dizhen Dizhi Journal ( ISSN:0253-4967)

Identification of studies via databases
(n=1142)

=
4 Duplicates removed
(n=187)

Records after duplicates removed

(n=955)
|
“l,’ Records excluded
(n=768)
Records screened
(n=1955)
!
'vL Full-text articles excluded
(n=122)

Full-text articles assessed
for eligibility {n = 187)

v

v

Studies included in review
(n = 65)

»

Studies included in meta-analysis
(n=38)

Figure 1: PRISMA flow diagram

2.2 Data Extraction & Quality Assessment

Extracted: Al technique, PV configuration, converter, test conditions (uniform/PSC), efficiency
(%), convergence time (s), oscillation (%), implementation complexity (1-5).
Quality assessed via modified JBI  checklist (5 criteria, 0-2  each).
High quality (score >7): 31 studies (47.7%); Medium (4—6): 26 (40%); Low (<3): 8 (12.3%).
2.3 Meta-Analysis Protocol

Random-effects model. Effect sizes:

o Efficiency: Log response ratio vs. P&O baseline. Baseline P&O efficiency taken
as 89% (PSC) and 91% (uniform) based on 12 independent baseline studies (range
85-93%). Sensitivity analysis varied baseline by +3%.

e Convergence time: Standardised mean difference (SMD).

Heterogeneity: 12, Cochran’s Q. Publication bias: funnel plot + Egger’s test. Sensitivity:
exclude low-quality studies.

Important note: Due to heterogeneous experimental conditions (different PV panels,
irradiance profiles, converter topologies), pooled estimates should be interpreted as indicative
of central tendency, not absolute ground truth.

3. Taxonomy of AI-Based MPPT Techniques

Table 1 summarises the five main categories. (Full details in supplementary.)
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Category Algorithms Key Features Key
References
ANN Feedforward, RBF Direct mapping; needs [4,9,12]
training
Fuzzy Logic | Mamdani, Takagi-Sugeno | Rule-based; interpretable [10,11]
ANFIS Hybrid (backprop + LS) | Learning + interpretability [13,14]
Metaheuristic | PSO, GWO, COA, GSK, Population-based global [15-22]
BO, SDO search
Deep RL DQN, DDPG, TD3 Model-free, continuous [23-26]
action
Al-INTEGRATED MPPT SYSTEM BLOCK DIAGRAM
CONTROLLER)
Environmental ANN | Optimal Duty Cycle
= ::cﬁgfoe - (Feedforward, RBF)
Temp) Fuzzy Logic Y
ot Wancen, Teor Sl || o || ooa:
Sensors) (Hybrid backprop + LS) o] o
> (EEEEEE'V) = (Dou?g%ppg% TD3)
(PS0, GWO, GO, GSK,
BO, SDO)
Figure 2 shows the block diagram of an Al-integrated MPPT system.
Mathematical Formulations (Key Examples)
ANN (feedforward):
For an input vector X = [V, I, G, T], the duty cycle output is:
y=f <ZZ1 W]-(Z) f <Z:l=1 Wj(l-l) x; + bj(l)) + b(2)>
where f is a sigmoid or ReLLU activation.
ANFIS (Takagi-Sugeno):
Rule k: If x; is Ay, and x, is By, then f, = prx; + qx, + 1%
Output = weighted average of f;, with firing strengths wy,.
Deep Reinforcement Learning (DQN):
Bellman optimality equation:
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Q'(5,@) = 7(5,@) +ymax Q' (5", @)

where Q is approximated by a deep neural network.

4. Meta-Analysis Results
4.1 Tracking Efficiency

Table 2 summarises pooled results (full study-level data in supplementary Excel).

Condition Pooled Efficiency | 95% CI I (%) | Improvement over P&O
(%) (absolute)
Uniform 97.8 96.9-98.7 42.3 +6.8
irradiance
Partial shading 96.4 95.2-97.5 51.7 +7.4
(PSC)

Sensitivity analysis: Varying baseline P&O efficiency from 85% to 93% changed the pooled
improvement by less than 1.2%, confirming robustness. Excluding low-quality studies reduced
I? to 44.2% under PSC and increased pooled efficiency to 96.7%. Egger’s test (p=0.27)

indicated no significant publication bias.
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Figure 3: Forest plot of individual study effect sizes with 95% Cls.

4.2 Convergence Time

Pooled analysis (28 studies) showed a mean reduction of 58% (95% CI: 52—-64%) compared to

P&O. Fastest: DDPG (0.16 s), GWO (0.18 s), COA (0.17 s). Slowest among Al: FL (0.32 s),

GA (0.29 s).

4.3 Subgroup Analysis by AI Category (PSC)

Category | Pooled Efficiency (%) | 95% CI | I? (%)
ANN 95.8 94.2-97.1 | 38.2
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Metaheuristic

98.3

97.5-99.0

34.7

99.2

98.7-99.6

26.5

Deep RL

Deep RL shows the highest efficiency, but note the small number of studies (n=5) and limited
hardware validation.

4.4 Funnel Plot & Publication Bias

Figure 4 presents the funnel plot. Most studies lie within the pseudo-95% CI, with slight
asymmetry for small studies (Egger’s p=0.27, not significant). Trim-and-fill imputed no
missing studies.
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Figure 4: Funnel plot

5. Composite Performance Index (CPI) — Standardised Benchmark
Because single metrics (efficiency alone) are misleading, we propose the Composite
Performance Index (CPI) — a bounded (0—1) multi-criteria score:

CPI = 0.40 X Ngr+ 0.25 X Nygme + 0.20 X Nyge + 0.15 X Negmp

where:
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® Nesr = Nar/ 99.5% (theoretical maximum efficiency)
® Niime = % (tpgo= 0.45 s under PSC)

e Nyc=1- (Ozj/i“) (maximum acceptable oscillation 5%)

* Neomp =1- (%) (compp; = 1-5, 1 = lowest complexity)

Weight justification: Weights were chosen based on (i) frequency of reporting in the 65
reviewed studies (efficiency reported in 100%, convergence time 85%, oscillation 62%,
complexity 48%), and (ii) engineering relevance (efficiency is the primary yield determinant).
A sensitivity analysis varying each weight by £10% changed the rank order of the top five
techniques by at most one position, confirming robustness.

Table 3 shows CPI values for representative techniques (PSC). All CPI values are rounded to
two decimal places; due to underlying heterogeneity, differences <0.02 should not be

overinterpreted.

Technique | n (%) | t(s) | osc (%) | comp | Negr | Niime | Nosc | Neomp | CPI
DDPG 99.3 | 0.16 0.2 4 0.998 | 0.644 | 0.96 | 0.25 |0.89

COA 98.9 |0.17 0.3 3 0.994 1 0.622 | 0.94 | 0.50 |0.86
GSK 98.8 | 0.18 0.3 3 0.993 1 0.600 | 0.94 | 0.50 |0.85
GWO 98.5 |0.18 0.4 3 0.990 | 0.600 | 0.92 | 0.50 | 0.84
PSO 98.2 10.22 0.5 3 0.987 1 0.511 | 0.90 | 0.50 | 0.80
ANFIS 97.1 |0.25 0.8 3 0.976 | 0.444 | 0.84 | 0.50 |0.76
ANN 95.8 10.28 L.5 3 0.963 | 0.378 | 0.70 | 0.50 | 0.70
FL 942 10.32 L.5 2 0.94710.289 | 0.70 | 0.75 |0.70
P&O 89.0 | 0.45 4.0 1 0.894 | 0.000 | 0.20 | 1.00 |0.61

Interpretation: DDPG offers the best overall performance but requires higher complexity
(comp=4). For resource-constrained systems, GWO or COA (CPI ~0.84-0.86) provide
excellent trade-offs.

6. Hardware Implementation & Real-Time Constraints

Only 18% of reviewed studies implemented Al-based MPPT on physical hardware. Table

4 summarises platforms.

Platform Al Techniques Latency Sampling ADC | Reference
(ms) (kHz) bits
Arduino Uno FL, small ANN 5-10 1 10 [10]
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STM32F4 ANN, ANFTIS, 1-3 5 12 [9]
PSO
dSPACE All <1 20 16 [13]
DS1104
Raspberry Pi4 | DRL (inference) 10-20 1 12 [24]

Critical hardware gaps identified:

Latency constraints: DRL inference on Raspberry Pi adds 10-20 ms, which is
acceptable for slow irradiance changes but problematic for fast cloud transients (<50
ms). No study reported worst-case latency.

Sampling frequency: Most Al controllers use 1-5 kHz sampling. Higher frequencies
(>20 kHz) are needed for high-power inverters but increase computational load.

ADC noise: Only 3 studies quantified the impact of ADC quantisation noise on MPPT
efficiency; noise can reduce effective efficiency by 1-2% in practice.

Memory footprint: FL requires <I KB RAM; ANN needs 2-5 KB; metaheuristics
need <2 KB; DRL inference requires 10—50 KB. No DRL study implemented training

on embedded hardware — all used offline GPU training.

7. Critical Discussion: Successes and Persistent Failures

7.1 What Works Well

Partial shading: Metaheuristics and DRL consistently locate the GMPP (98-99%
efficiency), reducing energy loss by 10-15%.
Dynamic response: Al reduces convergence time by 58% compared to P&O.

Steady-state oscillation: Al reduces oscillation from 3—5% (P&O) to <0.5-1.5%.

7.2 Persistent Failures & Gaps

1.

Cross-validation across configurations: Only 12% of studies tested on more than one
PV array configuration (panel type, series/parallel ratio, shading pattern).

Generalisation claims are unsubstantiated.

2. Hardware deployment: Only 18% implemented on real hardware; DRL hardware
deployment almost non-existent.
3. Lack of standardised benchmarks: No common test protocol (irradiance profiles,

shading patterns, evaluation metrics) — makes cross-study comparison impossible

without normalisation.
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Temperature variation: Only 15% evaluated performance across 0-70°C, despite
temperature strongly affecting V,. and B,y

Long-term reliability: No >1 year field study of Al-based MPPT reported. PV ageing
(increased R, decreased I,;,) may degrade model performance over time.
Computational overhead for metaheuristics: Population-based methods (PSO,
GWO) require 10-50 iterations per update; may be too slow for sub-second irradiance

transients.

7.3 Methodological Limitations of Reviewed Literature

Simulation-only bias: Simulation studies report 1-2% higher efficiency than
experimental ones, due to idealised components and noise-free sensors.

Overly optimistic baselines: Many compare Al to poorly tuned P&O (fixed step, no
adaptive mechanisms), inflating reported improvement.

Lack of statistical reporting: Only 58% reported confidence intervals or standard

deviations, limiting meta-analysis.

8. Future Research Agenda

1.

Standardised benchmarking framework — Public dataset with diverse irradiance
profiles, shading patterns, and array configurations; common hardware reference
design.

Hardware-in-the-loop (HIL) validation — Mandatory experimental validation on PV
emulators or real arrays; report latency, sampling, ADC noise.

Hybrid AI for resource-constrained deployment — Knowledge distillation from DRL
to lightweight ANN; 8-bit quantised networks; reduced-population metaheuristics (3—5
agents).

Adaptive Al for PV ageing — Online learning (recursive least squares, online

sequential ELM) to adapt to parameter drift over years.

. Explainable AI (XAI) — Saliency maps, rule extraction from ANN, confidence

intervals for efficiency predictions.
Long-term field studies — >1 year deployments across multiple climates (desert,

temperate, tropical) to evaluate reliability and adaptability.

9. Conclusion

This systematic review of 65 Q1 journal papers provides a quantitative synthesis of Al-based

MPPT for PV systems. Key findings:
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e Pooled tracking efficiency: 96.4% (PSC) — 7.4% absolute improvement over P&O.

e Convergence time reduction: 58% on average.

e Bestoverall technique (CPI): DDPG (0.89), followed by COA (0.86) and GSK (0.85).
The proposed Composite Performance Index (CPI) enables fair, multi-criteria benchmarking
across studies. However, the literature suffers from simulation-only bias, lack of hardware
validation, and absence of standardised test protocols.

To transition from academic promise to industrial practice, the field must prioritise standardised
benchmarks, hardware-in-the-loop validation, adaptive learning for ageing, and explainability.
With these advances, Al-based MPPT can become the default choice for next-generation PV

inverters, unlocking significant energy yield improvements worldwide.
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