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Abstract 

Maximum power point tracking (MPPT) plays a vital role in improving the energy 
conversion efficiency of photovoltaic systems. In recent years, intelligent MPPT 
algorithms have advanced rapidly; however, existing studies still lack a sufficiently 
integrated comparison of their performance characteristics, application suitability, and 
engineering practicality. This paper reviews recent advances in intelligent MPPT 
algorithms for photovoltaic systems and classifies them into four categories: rule-based 
control, prediction-learning, search-optimization, and hybrid-collaborative methods. 
These methods are comparatively analyzed in terms of tracking speed, tracking 
accuracy, tracking stability, computational complexity, and application adaptability, 
with further discussion of typical operating scenarios such as dynamic irradiance 
variation, partial shading, and resource-constrained control platforms. The review 
indicates that rule-based methods are generally easier to implement in real-time 
environments, prediction-learning methods show advantages under dynamic 
conditions, search-optimization methods are more suitable for multi-peak conditions 
such as partial shading, and hybrid-collaborative methods offer stronger overall 
potential under complex operating conditions. Overall, the selection of an MPPT 
method should be made in accordance with specific operating conditions, control 
objectives, and engineering constraints 
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1. Introduction 

With the development of new energy technologies, solar photovoltaic (PV) power generation 

has attracted extensive attention because of its cleanliness and renewability. In PV systems, 

the output power of PV modules is strongly influenced by solar irradiance, ambient 

temperature, and partial shading, causing the maximum power point (MPP) to shift 

continuously with external operating conditions. Therefore, maximum power point tracking 

(MPPT) plays an important role in improving the energy conversion efficiency and 

operational performance of PV systems[1-2]. Conventional MPPT methods, such as perturb and 

observe (P&O) and incremental conductance (INC), have been widely adopted because of 

their simple structure and ease of implementation. However, under complex conditions such 

as dynamic irradiance variation and partial shading, these methods are prone to insufficient 

tracking speed, relatively large steady-state oscillations, and convergence to local optima. To 

overcome these limitations, intelligent techniques, including fuzzy logic, neural networks, 
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swarm-based optimization, and multi-method integration, have gradually been introduced 

into MPPT control, thereby promoting the continuous development of intelligent MPPT 

algorithms[1-4]. In recent years, intelligent MPPT algorithms have evolved into several 

technical routes, including rule-based control, prediction-learning, search-optimization, and 

hybrid-collaborative methods. Existing review studies have mainly focused on method 

classification and principle description, whereas a comprehensive comparison of different 

algorithms in terms of performance characteristics, adaptability to application scenarios, and 

development trends still deserves further summarization[2-4]. Accordingly, this paper reviews 

recent advances in intelligent MPPT methods for photovoltaic systems from the perspectives 

of algorithm classification, performance comparison, and application analysis, and further 

summarizes their future development trends. 

2 Classification and Basic Principles of Intelligent MPPT Algorithms 

2.1 Rule-Based Control MPPT Methods 

Rule-based control MPPT methods regulate the operating point of photovoltaic systems 

according to predefined control rules and are characterized by explicit control logic, simple 

structure, and relatively low implementation difficulty[3-4]. Among them, fuzzy logic control is 

a representative approach. This type of method does not rely on an accurate mathematical 

model and exhibits a certain level of adaptability to system nonlinearity and parameter 

uncertainty; therefore, it is often used to improve dynamic response and reduce steady-state 

oscillations[3][5-6]. Overall, rule-based control methods are structurally simple and relatively 

easy to implement in real time, although their adaptability under complex operating 

conditions is usually limited[3-6]. 

2.2 Prediction-Learning MPPT Methods 

Prediction-learning MPPT methods establish a mapping between operating states and the 

maximum power point based on sample data, thereby enabling rapid estimation of the target 

operating point[7-8][26]. Artificial neural networks (ANNs) are among the earliest methods 

applied in this category, while RNN-, LSTM-, and GRU-based methods further enhance the 

utilization of temporal information and therefore usually show promising dynamic response 

capability under rapidly varying irradiance and temperature conditions[9][11-12][28]. The main 

advantage of this category lies in its ability to learn complex nonlinear relationships and 

reduce energy loss caused by repeated perturbations. Its limitations are that performance 

depends strongly on the quality of training data and model structure, and the complexity of 

model training and deployment is relatively high[7][11-12]. 

2.3 Search-Optimization MPPT Methods 

Search-optimization MPPT methods mainly rely on swarm intelligence optimization or 

heuristic search strategies to perform global optimization over candidate operating points, so 

as to obtain the optimal control variable corresponding to the maximum power point [13-14][29]. 

Under partial shading conditions, the P-V curve of a photovoltaic array usually exhibits 

multiple peaks, which requires stronger global search capability. To illustrate this issue more 

intuitively, Figure 2-1 presents a schematic of the multi-peak P-V curve and the global search 

process under partial shading. 
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Figure 1:Schematic illustration of the multi-peak P-V curve and global search under partial shading conditions 

 

(The curve and search trajectory in the figure are schematic only and are used to illustrate the 

difference between local search and global search under partial shading conditions.) As 

indicated in Figure 2-1, methods such as PSO, GWO, and SSA gradually approach the optimal 

solution through population updating and usually show clear advantages under partial 

shading and multi-peak power curve conditions[14-18][31]. However, they also generally require 

more iterative computation, which imposes higher demands on controller resources and 

parameter tuning. 

2.4 Hybrid-Collaborative MPPT Methods 

Hybrid-collaborative MPPT methods combine two or more methods with different principles 

in order to exploit their respective strengths and compensate for the shortcomings of a single 

algorithm[19][20-25][32-33]. Their basic idea is usually to employ one method for rapid localization 

or coarse search and then use another method for fine adjustment or local optimization, so as 

to achieve a better balance among tracking speed, tracking accuracy, and operational stability. 

The main advantage of this category lies in its superior overall performance and stronger 

adaptability under complex operating conditions, whereas its limitation is higher structural 

complexity and greater difficulty in parameter design and engineering implementation[19-

25][32-33]. 

2.5 Comparison of the Characteristics of Different Methods 

Overall, the four types of intelligent MPPT methods differ significantly in terms of underlying 

principles, control strategies, and implementation pathways, and therefore exhibit different 

characteristics in tracking speed, tracking accuracy, operational stability, implementation 

complexity, and application adaptability. Rule-based control methods are structurally simple 

and relatively easy to implement in real time[3-6]. Prediction-learning methods usually show 

good predictive and responsive potential in dynamic environments[7-12]. Search-optimization 

methods possess strong global search capability and are particularly suitable for complex 

multi-peak operating conditions such as partial shading[13-18]. Hybrid-collaborative methods, 

through complementary mechanisms, offer greater potential in overall performance, but also 

introduce higher structural complexity and engineering implementation difficulty[19][22-25]. 

Therefore, no single type of method is absolutely superior regardless of application context; 

its suitability depends on specific operating conditions, control objectives, and 

implementation constraints. 
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Table 2-1 further summarizes the main characteristics, advantages, limitations, and applicable 

scenarios of different types of methods. 

Table 1:Comparison of the characteristics of different intelligent MPPT methods 

Method type Summary 

Rule-based control 

FLC and expert-rule methods. Simple structure and good real-

time capability, but limited adaptability under complex 

conditions. 

Prediction-learning 

ANN, RNN/LSTM/GRU, and RL methods. Good dynamic 

response and nonlinear mapping capability, but strong 

dependence on training data and deployment conditions. 

Search-optimization 

PSO, GWO, and SSA methods. Strong global search capability 

under multi-peak conditions, but relatively high 

computational burden. 

Hybrid-collaborative 

FLC-ANN, FLC-PSO, and P&O-PSO methods. Better overall 

performance through complementary mechanisms, but higher 

implementation complexity. 

3 Performance Comparison of Intelligent MPPT Algorithms 

Because differences exist among published studies in terms of test platforms, operating 

conditions, and the definitions of evaluation metrics, this paper does not attempt to make 

simple horizontal comparisons of specific numerical results reported in different works. 

Instead, different types of intelligent MPPT methods are compared from the perspectives of 

tracking speed, tracking accuracy, tracking stability, computational complexity, and application 

adaptability. Specifically, tracking speed focuses on the response rate after operating 

conditions change; tracking accuracy reflects the degree of convergence to the maximum 

power point; tracking stability characterizes the smoothness of operation near the maximum 

power point; and computational complexity and application adaptability further indicate the 

engineering feasibility of an algorithm under different hardware conditions and operating 

scenarios. 

3.1 Comparison of Tracking Speed 

Tracking speed reflects how fast an MPPT algorithm approaches a new maximum power point 

after operating conditions change and is an important indicator of dynamic performance. 

Overall, rule-based control methods usually exhibit fast initial responses; prediction-learning 

methods, relying on data-driven estimation, often show strong potential for rapid tracking in 

dynamic environments; search-optimization methods usually respond more slowly under 

rapidly changing conditions because they require iterative optimization; and hybrid-

collaborative methods place greater emphasis on balancing rapid localization with subsequent 

adjustment[3][5-6][7-12][13-18][19][22-25]. Among these methods, temporal modeling approaches 

such as RNN, LSTM, and GRU are generally more suitable for dynamic irradiance 

scenarios[9][11-12][28]. In contrast, although search-optimization methods such as PSO, GWO, and 

SSA tend to have relatively slower initial responses under multi-peak conditions, they still 

offer advantages from the perspective of effectively reaching the target maximum power 

point[14-18][30-31]. 
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3.2 Comparison of Tracking Accuracy 

Tracking accuracy mainly reflects the degree to which an algorithm converges to the 

maximum power point and is usually associated with metrics such as steady-state error, MPPT 

efficiency, and target-point deviation. The accuracy of rule-based control methods mainly 

depends on control rules and parameter settings, whereas prediction-learning methods can 

usually achieve better target-point estimation accuracy when training data are sufficient and 

the model is well matched to the operating conditions[3-4][7-12]. The advantage of search-

optimization methods in terms of accuracy is mainly reflected in their ability to identify the 

global maximum power point under complex operating conditions, especially under partial 

shading, where they are less likely than local-search methods to remain trapped at local 

peaks[13-18]. Hybrid-collaborative methods, through the complementarity of different 

algorithms, usually demonstrate relatively good overall accuracy under complex conditions 

such as dynamic irradiance and partial shading, although their performance depends on the 

design of the hybrid structure and the quality of parameter coordination[19][22-25]. 

3.3 Comparison of Tracking Stability 

Tracking stability mainly reflects the fluctuation level and sustained holding capability of an 

algorithm when operating near the maximum power point. Rule-based control methods 

usually show relatively good local steady-state smoothness, while prediction-learning 

methods can also effectively reduce output fluctuations when the model is well adapted, 

because they reduce the need for continuous perturbation[3][5-6][7-12]. Search-optimization 

methods may introduce some fluctuations under single-peak conditions because of iterative 

search, but under multi-peak operating conditions such as partial shading, they usually exhibit 

better global stability in terms of overall output performance because they are more capable 

of identifying the true global maximum power point[14-18]. Hybrid-collaborative methods place 

greater emphasis on balancing dynamic and steady-state performance in complex 

environments, and can reduce oscillations and improve sustained stable operation through 

rapid localization followed by fine adjustment[19][22-25]. 

3.4 Comparison of Complexity and Application Adaptability 

Computational complexity and application adaptability are also important aspects in 

evaluating intelligent MPPT methods. Rule-based control methods usually have clear 

structures and relatively simple computational procedures, and therefore require fewer 

controller resources and show good feasibility in engineering implementation[3-6]. Prediction-

learning methods usually provide fast outputs during online operation, but require substantial 

effort in offline training, parameter optimization, and model deployment[7-12]. Search-

optimization methods generally require population-based iterations and therefore have 

relatively high computational complexity, although they show clear advantages under partial 

shading and multi-peak power curve conditions[13-18]. Hybrid-collaborative methods, because 

they combine two or more classes of algorithms, usually have the highest complexity, but they 

also exhibit better overall adaptability under complex operating conditions such as dynamic 

irradiance, partial shading, and parameter uncertainty[19][22-25][32-33]. Different types of 

intelligent MPPT methods place emphasis on different aspects of performance and 

engineering applicability, and the choice of method should therefore be made by jointly 

considering operating conditions, control objectives, and controller resource constraints. To 
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provide an overall view of these differences, Table 3-1 summarizes the key performance 

dimensions and typical application scenarios of different types of methods. 

Table 2:Performance comparison of different types of intelligent MPPT methods 

Method type Speed Accuracy Stability Complexity 
Typical 

scenarios 

Rule-based control Fast Moderate Good Low 

Resource-

constrained 

systems 

Prediction-learning Fast High Good 
Medium-

High 

Dynamic 

irradiance 

conditions 

Search-optimization Moderate* High* Good* High 

Partial 

shading 

conditions 

Hybrid-collaborative Fast High Good High 

High-

performance 

complex 

scenarios 

Note: Particularly under complex multi-peak operating conditions. 

As shown in Table 3-1, no type of intelligent MPPT method is absolutely superior regardless of 

scenario. Its suitability depends on a comprehensive trade-off between performance 

requirements and engineering constraints. 

4 Application Analysis of Intelligent MPPT Algorithms 

4.1 Common Sources of Differences in the Literature 

In studies on intelligent MPPT algorithms, differences in experimental results and 

performance conclusions are frequently observed. Such differences arise not only from the 

algorithms themselves, but also from factors such as photovoltaic system models, validation 

platforms, test conditions, and the definitions of evaluation metrics. Variations in system scale, 

device parameters, control periods, and simulation or experimental platforms may lead to 

different performances of the same algorithm across studies. Meanwhile, test conditions can 

also significantly affect comparative results. In particular, under partial shading conditions, 

different studies often adopt different shading patterns and irradiance distributions[29], and 

algorithm performance therefore tends to be highly scenario-dependent. In addition, the 

definitions and statistical criteria for tracking time, MPPT efficiency, steady-state error, and 

power fluctuation are not always consistent across studies. For these reasons, the results 

reported in the literature are more suitable for trend identification and characteristic 

summarization than for direct horizontal ranking without considering the specific context. 

4.2 Performance Under Dynamic Irradiance Conditions 

Dynamic irradiance conditions constitute an important scenario for evaluating the practical 

applicability of MPPT algorithms. When solar irradiance changes rapidly, the maximum power 

point shifts accordingly, and this scenario therefore mainly concerns response speed, tracking 

accuracy, and operational stability. Overall, rule-based control methods usually exhibit fast 
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initial responses; fuzzy logic control, for example, often shows better dynamic response than 

conventional fixed-step methods under abrupt irradiance changes[3][5-6], although its 

performance depends strongly on control rules and parameter settings. Prediction-learning 

methods are generally more suitable for this scenario, because they can estimate a new target 

operating point rapidly through data-driven learning[7-12]. In particular, temporal modeling 

methods such as RNN, LSTM, and GRU often demonstrate good response capability and 

tracking accuracy under rapidly fluctuating irradiance conditions[9][11-12], although their 

effectiveness still depends on training data quality and model generalization capability. By 

contrast, search-optimization methods usually require multiple iterations to update candidate 

solutions and therefore are more likely to suffer from response lag under rapid irradiance 

changes[13-18]. Hybrid-collaborative methods, on the other hand, can balance response speed 

and stability through a “fast localization + subsequent adjustment” strategy[19][22-25]. 

Therefore, under dynamic irradiance conditions, prediction-learning and hybrid-collaborative 

methods generally show stronger application potential, whereas rule-based control methods 

still retain practical value in resource-constrained systems. 

4.3 Performance of Different Algorithms Under Partial Shading Conditions 

Partial shading is a typical complex operating condition in photovoltaic systems. When PV 

modules are subjected to non-uniform irradiance, the array P-V curve usually exhibits 

multiple peaks[29]. Under such conditions, an algorithm must not only track the operating 

point but also avoid being trapped at local optima, making global search capability particularly 

important. In this scenario, rule-based control methods remain essentially local regulation 

approaches. When multiple peaks appear on the power curve, these methods often have 

difficulty distinguishing between local maximum power points and the global maximum 

power point, and are therefore more likely to remain trapped in a locally optimal region[3-4]. 

The performance of prediction-learning methods depends strongly on the coverage of the 

training data. If the samples adequately cover different shading patterns and irradiance 

distributions, these methods can improve tracking capability under multi-peak conditions to 

some extent[7-12]; however, when actual operating conditions deviate from the range 

represented in the training data, their ability to identify the global maximum power point may 

deteriorate. In contrast, search-optimization methods perform iterative population-based 

search over the entire candidate space and are therefore less likely to remain trapped near 

local peaks, usually making them more capable of approaching the global maximum power 

point[13-18]. Hybrid-collaborative methods further enhance overall performance under 

complex operating conditions by combining prediction, local adjustment, and global search 

mechanisms, thereby balancing global optimization with subsequent regulation[19][22-25]. 

Therefore, under frequent partial shading and highly variable operating conditions, search-

optimization and hybrid-collaborative methods generally demonstrate greater application 

potential. 

4.4 Method Selection Recommendations for Typical Scenarios 

The above analysis indicates that different intelligent MPPT methods exhibit distinct 

applicability across typical operating scenarios, and practical method selection should 

therefore be based on a comprehensive consideration of operating conditions, control 

objectives, and hardware resource constraints. For scenarios with significant dynamic 
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irradiance variation, system performance is mainly determined by response speed, dynamic 

tracking capability, and recovery performance; in such cases, prediction-learning methods 

usually show good potential, while hybrid-collaborative methods are more advantageous in 

balancing dynamic performance and subsequent steady-state performance[28][32]. For 

scenarios with frequent partial shading, MPPT must deal with multi-peak P-V curves and the 

risk of local optima, making global search capability the key consideration in method 

selection. Under such conditions, search-optimization methods are generally more suitable for 

global maximum power point tracking, while hybrid-collaborative methods often provide 

better overall potential when both dynamic response and steady-state performance are 

required[29][31][33]. By contrast, resource-constrained control platforms place greater emphasis 

on computational burden, real-time implementation difficulty, and implementation cost. In 

such cases, rule-based control methods are generally more feasible from an engineering 

perspective, whereas systems with some degree of data support and lightweight model 

capability may also consider relatively simple prediction-learning methods. In addition, for 

complex engineering scenarios requiring high tracking speed, tracking accuracy, and 

operational stability simultaneously, a single method is often insufficient to satisfy all 

performance requirements. Hybrid-collaborative methods are usually more favorable for 

achieving overall performance optimization, especially in scenarios where dynamic irradiance 

variation and partial shading may occur alternately and where high overall performance is 

required[32-33]. Therefore, method selection should not be made in an absolute manner 

without considering the specific application background, but rather through targeted 

decisions based on scenario characteristics and engineering constraints. The adaptation of 

different intelligent MPPT methods under typical application scenarios is illustrated in Figure 

4-1. 

 

 

 
Figure 2:Schematic illustration of the adaptation of intelligent MPPT methods under different application scenarios 

It should be noted that the adaptation relationship shown in Figure 4-1 is qualitative rather 

than absolute, and the final method selection should still be comprehensively determined 

according to system scale, control objectives, operating conditions, and hardware resource 

constraints. 
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5 Research Challenges and Development Trends 

5.1 Main Challenges Faced by Current Intelligent MPPT Algorithms 

Although intelligent MPPT algorithms have shown considerable application potential in 

photovoltaic systems, current research still faces several common challenges. First, a single 

algorithm usually cannot simultaneously balance tracking speed, tracking accuracy, 

operational stability, and implementation complexity, and each type of method exhibits both 

clear advantages and evident limitations. Second, under the combined influence of dynamic 

irradiance, partial shading, temperature fluctuation, and load variation, the stability and 

adaptability of existing methods still need further improvement, and problems such as 

response lag, mistracking, or increased output fluctuation may still occur[29][31][33]. In addition, 

engineering implementation remains an important constraint on practical deployment. 

Although some methods perform well in simulations or experiments, they often face 

challenges such as high computational burden, complex parameter tuning, and insufficient 

real-time capability when implemented on resource-constrained controller platforms[28][33]. 

5.2 Development Trends and Research Implications of Intelligent MPPT 

Algorithms 

According to current research progress, the development of intelligent MPPT algorithms is 

mainly reflected in hybrid collaboration, lightweight and real-time implementation, enhanced 

scenario adaptability, and deeper integration of data-driven and control-based methods. 

Hybrid collaboration will remain an important direction[32-33]. Since a single algorithm can 

hardly achieve a comprehensive balance among speed, accuracy, stability, and complexity, a 

reasonable combination of prediction, search, rule-based control, and local adjustment 

mechanisms is expected to achieve better overall performance under complex operating 

conditions[30][32-33]. At the same time, lightweight and real-time implementation will become 

key requirements for the engineering application of intelligent MPPT algorithms. Future 

research should focus not only on performance improvement, but also on model size, 

computational burden, parameter tuning difficulty, and online implementation capability. As 

application scenarios continue to expand, the adaptability of algorithms to complex operating 

environments, such as dynamic irradiance variation, partial shading, temperature fluctuation, 

and load variation, will also need to be continuously enhanced [29]. In addition, the integration 

of data-driven and control-based methods will continue to deepen[26-28][32]. Prediction-

learning methods are advantageous in state estimation and trend prediction, whereas 

conventional control and optimization-based search methods are effective in local adjustment 

and global optimization. Their combination is expected to further improve the overall 

performance of MPPT algorithms. Future studies should also pay greater attention to 

consistency in algorithm evaluation and application-oriented analysis, and should strengthen 

the unified description of typical operating conditions and evaluation criteria so as to improve 

the comparability and reference value of research results[29]. Overall, the development of 

intelligent MPPT algorithms should not be limited to improving a single performance index, 

but should place greater emphasis on balancing overall performance with engineering 

feasibility. 
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6 Conclusions 

This paper reviews recent advances in intelligent MPPT algorithms for photovoltaic systems. 

The related methods are categorized into four types, namely rule-based control, prediction-

learning, search-optimization, and hybrid-collaborative methods, and are analyzed from the 

perspectives of performance comparison and application scenarios. Overall, different types of 

intelligent MPPT methods have their own strengths and limitations, and their applicability 

depends on specific operating conditions, control objectives, and hardware constraints. Rule-

based control methods are simple to implement, prediction-learning methods are more 

suitable for dynamic environments, search-optimization methods are more appropriate for 

complex multi-peak operating conditions, and hybrid-collaborative methods show greater 

potential in overall performance. Future research may further focus on hybrid collaboration, 

lightweight implementation, real-time capability, and enhanced scenario adaptability, while 

placing greater emphasis on engineering feasibility and application reliability of intelligent 

MPPT algorithms. 
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