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Abstract. In this study, an artificial intelligence (AI)-assisted model predictive control (MPC) 
method is developed for enhancing the thermal efficiency of solar water heating systems 
(SWHS). The efficiency of solar water heating systems depends on solar irradiance, water 
temperature, and environmental factors, which can be addressed by developing a machine 
learning (ML)-based predictive MPC method. A predictive method is developed for predicting 
outlet water temperature based on solar irradiance and water temperature, while an MPC 
method is developed for improving efficiency. The simulation results have demonstrated that 
an AI-based MPC method can predict outlet water temperature with high accuracy for a given 
prediction horizon during changes in solar irradiance, with high agreement between expected 
and predicted values. The predictive method has an R² value of 0.9844, indicating high 
accuracy in predicting outlet water temperature.  Thus, this study showed that artificial 
intelligence model predictive control can improve the efficiency of solar water heating systems. 
Moreover, the results indicate that the solar water heating system can still accurately predict 
outlet water temperature despite changes in solar irradiance. Therefore, the efficiency of solar 
water heating systems can be improved by implementing an artificial intelligence model 
predictive control.  

Keywords: Solar Water Heating Systems, Model Predictive Control, Artificial Intelligence, 
Solar Irradiance, Outlet Water Temperature 

1. Introduction

Solar water heating systems, which provide a renewable and cost-effective option, face the 
challenges of solar radiation, temperature, and user demand, which are difficult to predict [1]. 
Conventional control strategies, such as thermostatic and PID control, have been implemented 
in solar water heating systems but have not been able to respond effectively to the challenges, 
which have resulted in inadequate hot water, excessive temperatures, and energy losses [2]. 
Therefore, there is a need to come up with an efficient and intelligent control strategy that can 
improve the intelligence of the solar water heating system, improve the efficiency of the system, 
and ensure the system works effectively and efficiently to provide hot water to the end users 
regardless of the weather conditions. One such efficient and intelligent control strategy is the 
integration of the model predictive control, which is a superior and advanced control strategy 
that makes use of the model of the process to predict the behaviour of the system [3], with the 
capabilities of Artificial Intelligence to forecast solar and hot water demand [4]. 
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1.1 Background on SWHS to AI-MPC 

Solar water heating systems also have performance issues. The major problem is the two 
types of variation in the solar radiation and hot water demand. Solar radiation varies during the 
day and also during the seasons. At the same time, hot water demand also changes in 
unpredictable ways due to the usage patterns. Conventional control systems use reactive 
control devices like thermostats, which react to the existing temperature differences. This 
reactive control method causes three types of problems for the users: increased energy bills 
due to increased usage of the auxiliary heater, temperature fluctuations during use, and 
damage to the equipment due to overheating. 

These limitations have also been found in many studies. According to the study [5], the 
inefficiency in the solar water heating system is due to the poor control mechanism. Most solar 
water heating systems operate at less than 45% of their actual potential. Solar thermal 
conversion is possible up to 70% efficient under lab conditions, and solar photovoltaic 
conversion is 17% efficient under lab conditions. Model Predictive Control is a method that can 
solve the problem theoretically using the model of the system. This method can optimise 
performance in the future. However, the implementation of the MPC method is difficult in 
practice due to the requirement of a lot of computing power using the physical model, such as 
Computational Fluid Dynamics (CFD). 

In recent times, promising directions have been found by researchers. Shaban et al. [6] 
demonstrated that solar system efficiency can be increased by 18-22% through AI-based 
thermal management. Senjaliya and Tejani [7] designed autonomous energy management 
systems that can enhance solar system performance for hybrid buildings. Zhang [8] 
demonstrated that solar systems can be described by surrogate models with minimal 
computational power requirements for complex thermal systems.  

In this paper, the implementation gap is addressed by combining Artificial Intelligence with 
Model Predictive Control for solar water heating systems. The proposed method uses an AI-
based surrogate model that reduces computational power requirements by 85% compared to 
physical modelling [8]. 

1.2 Artificial Intelligence (AI) Framework 

According to Afan et al. [9], artificial intelligence means computer systems that learn from data 
and make predictions or decisions without being given the precise physical formulas for the 
tasks. The current work's use of the model is based on a multi-layer Long Short-Term Memory 
(LSTM) for managing the weather-related inputs, as well as the previous data from the process. 
The input layer consists of the solar irradiance, temperature, flow rate, and states. Three 
stacked LSTM layers extract temporal features and learn system dynamics. The output layer 
predicts future outlet temperature values used by the Model Predictive Controller. This 
structure addresses the computational gap identified in advanced thermal control systems, 
where high-fidelity physical models impose heavy processing demand, as discussed by Zhang 
et al.  [8] and Eze et al. [10]. LSTM networks capture time-dependent behaviour and nonlinear 
thermal interactions, which improve predictive control performance in energy storage systems, 
as demonstrated by Lee et al. [11]. This architecture supports rapid prediction while preserving 
the dynamic representation required for real-time MPC implementation. Figure 1 shows the 
artificial intelligence architecture with the three LSTM layers. 
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Figure 1. Artificial Intelligence architecture 

1.3 Model Predictive Control as a Superior Framework 

There is growing evidence to support the view that a predictive approach is necessary [8]. 
Model Predictive Control is defined as an advanced control method that uses an explicit 
dynamic model of a system to predict its future behaviour over a defined horizon [3]. It then 
finds the best sequence of control actions to decrease a cost, using only the first step and then 
repeating the process. 

An important description of the engineering view of MPC was provided by Schwenzer et 
al. [3]. Their objective was to discuss the main ideas and the benefits of the MPC for practical 
applications. They discussed the theory and the practice of the MPC in the context of industrial 
case studies. The main findings were that the receding horizon principle works by first 
predicting the system's future states, followed by the best choice of actions, and finally, the 
first step and repetition of the process. The outcome is the ability to anticipate the future and 
the system's behaviour. They also discussed the fact that the constraints are handled by the 
MPC, which is an important advantage compared to the PID controller. However, the main 
disadvantage of the study is that it does not specifically relate to solar thermal systems. 

The practical view of the MPC being applicable to solar thermal systems is supported by 
the following recent studies by Wei and Calautit [12]. Zhang et al. [8] applied the view to the 
solar water heating system. The objective of the study was to implement the MPC for the solar 
water heating system. The method for the study involved developing a physical model of the 
solar water heating system and developing the MPC controller. The results showed that the 
auxiliary energy consumption could be reduced by 18.7% compared to the traditional 
controller. The disadvantage of the study is that it requires significant computer power. 

Recently, Wei and Calautit [12]  tested the view by assessing the feasibility of the MPC for 
the solar thermal system in buildings with varying occupancy. The objective of the study was 
to assess the feasibility of the MPC for the solar thermal system. The method for the study 
involved simulation-based tests. The findings demonstrated that MPC effectively balanced 
energy supply and demand. It used thermal energy storage to shift solar heat from periods of 
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low use to periods of high demand. The study provided evidence that MPC can manage the 
dual variability of solar supply and user demand. The work of Zhang et al. [8] and Wei and 
Calautit [12] together show a clear trend. MPC moves the system from reactive energy use to 
proactive energy management. 

1.4 Solar Water Heating System integrated with AI-MPC 

A Solar Water Heating System integrated with an Artificial Intelligence-based Model Predictive 
Controller is shown in Figure 2. The system consists of solar collectors, circulation pumps, 
heat meters, a heat exchanger, dual storage tanks, a mixing chamber, and a domestic hot 
water outlet. The collectors absorb solar radiation and transfer heat to a working fluid. The fluid 
passes through a heat exchanger and transfers thermal energy to the storage tanks. The tanks 
store stratified hot water for later use, while the mixing chamber regulates outlet temperature 
before supply to the shower. 

Figure 2. Solar Water Heating System integrated with AI-MPC 

The AI-MPC controller supervises the entire system. It receives real-time measurements 
from temperature sensors, flow meters, and heat meters. It also processes historical 
meteorological and operational data through a trained LSTM model. This is achieved through 
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the prediction of the outlet temperature and the demand. The prediction is then used to 
optimise the pump running, the tank charge, and the sharing of the heat. This predictive 
approach replaces the traditional PID or differential control. This traditional approach responds 
to the temperature change. According to Schwenzer et al. [3], MPC takes a predictive approach 
to the future behaviour of the system. It also addresses the problem of constraints. Zhang et 
al. [8] proved the predictive approach to be effective in reducing extra energy consumption. It 
also improves the efficiency of the solar water heaters. 

Through the integration of AI into MPC, the system minimises pump running, extra energy 
consumption, and maintains a constant temperature. This approach addresses the problem of 
the limits of the accuracy of the physics-based approach while maintaining the dynamic 
accuracy, as noted by Eze et al. [10] and Lee et al. [11]. 

1.5 Synthesis and Identification of the Challenges 

Increasingly, there is evidence that the major issues with solar water heating are all 
interconnected and system-related. Studies by Shukla et al. [1] and Raisul Islam et al. [13] 
have shown that solar technology has significant potential and marketability, but have also 
shown that solar technology has a major flaw, which is its sensitivity to change. The 
intermittence of solar technology means that the energy is not always available in a predictable 
manner, owing to the day-night cycle, clouds, and seasons. Thus, the energy supply is not 
stable. The energy demand is also not predictable, owing to the fact that the number of people 
using the water varies depending on the time of day and the people’s individual habits. 

Sadhishkumar and Balusamy [5] have made the crucial connection between the major 
inefficiencies in solar water heating and their major flaw, which is the lack of proper control 
strategies. They have shown that conventional control strategies, such as thermostatic control, 
are not appropriate for solar water heating systems. These conventional control strategies only 
respond to what is happening at present, such as the difference in temperatures, but cannot 
respond to what could happen in the future. Thus, there is a major bottleneck when the 
dynamic nature of the solar water heating system is met with the static conventional control 
strategies. 

Most studies have been conducted to improve the hardware of the solar water heating 
system, and many studies have supported the fact that the solar water heating system could 
be made more efficient by improving the hardware. However, some studies have not taken 
into consideration the combined effect of the unstable nature of the solar water heating system 
and the unstable nature of the energy demand. The unstable nature of the solar water heating 
system and the unstable nature of the energy demand have to be met by a "brain" that could 
make the necessary predictions. 

These four reviews, collectively, tell an interesting story of evolution. Shukla et al. [1] and 
Raisul Islam et al. [13] introduce us to the capabilities and limitations of this technology. Then, 
Sadhishkumar and Balusamy [5] inform us that it was the simplicity of control that was 
responsible for failing to address this limitation adequately. And, finally, Eze et al. [10] bring us 
up to speed on what is current with this technology, including what has been holding up an 
even more intelligent control solution: striking an appropriate balance between precision 
modelling and speed calculations. This research work will address that limitation by developing 
an AI-based solution for model predictive control. 

In brief, what this relevant literature collectively indicates is that solar water heating is an 
important solution but has one significant limitation: it works but is impaired by its inability to 
deal with changes in the real world, changes that solar power and variable demand introduce 
into the world of water heating. This results in three problems for those who own this type of 
water heating solution: it costs more to operate than other forms of water heating, it is less 
comfortable than other forms of water heating, and it has a shorter lifespan than other forms 
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of water heating. The next part of this thesis will examine more closely these conventional 
control mechanisms, providing a basis for comparison with the more intelligent control solution 
that will be discussed later in this thesis. 

2. Methodology 

The paper has followed the objectives set out at the beginning of the work. Each step has been 
carried out in an orderly manner so that we can get good data and have an understanding of 
the solar water heating system before proceeding with the AI-based Model Predictive Control. 
The major steps include data collection, data processing and filtering, and system analysis for 
control loop identification. 

2.1 Data acquisition 

Acquisition of historical data from the Southern African Renewable Heating and Cooling 
Training & Demonstration Initiative (SOLTRAIN+) facility at one of the University of Botswana's 
solar thermal systems. This data was sourced directly from the Winsol software and will form 
the empirical foundation for the entire work. 

The data included key operational and environmental parameters such as solar irradiance 
(W/m2), buffer bottom temperature (oC), buffer centre temperature (oC), buffer top temperature 
(oC), ambient temperature (oC), pump flow rate (L/min), and pump and auxiliary heater 
operating status (on or off). 

The dataset captures variations in both weather and demand conditions. There are parts 
where the solar irradiance temperature is high, signifying long availability of solar intensity. 
And instances where the temperature of the solar collector is low, signifying lower solar 
intensity. In cases where the pump was running, and the solar intensity was low, it signifies 
higher demand parts, and where there was high temperature in the collector with an off pump, 
it signified low demand. The data set was provided as part of the work resources and contained 
a large amount of data recorded in three months. Before any analysis could begin, the received 
dataset was examined to understand its structure, units, sampling intervals and the relationship 
between measured variables. This preliminary inspection helped identify potential 
inconsistencies and guided the preprocessing steps that followed. Table 1 shows the abridged 
dataset for outlet temperature collected from one of the SOLTRAIN+ facilities at the University 
of Botswana. 

Table 1. Abridged data for outlet temperature prediction. 

1/Ana.1 - 
1:461_T.collector 

1/Ana.2 - 
2:461_T.buffer_bot 

1/Ana.4 - 
4:461_T.buffer_top Time Date 

61.7 56.5 56.8 12:36:43 PM 3/20/2025 
61.4 56.7 56.8 12:38:43 PM 3/20/2025 
71.9 56.7 56.8 12:40:43 PM 3/20/2025 
73.3 56.7 57.1 12:42:43 PM 3/20/2025 
69.1 56.8 57.2 12:44:43 PM 3/20/2025 
71.2 56.9 57.3 12:46:43 PM 3/20/2025 
71.0 57.1 57.5 12:48:43 PM 3/20/2025 
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2.2 Data filtering and Preprocessing 

The dataset contained many parameters, of which some were not necessary for the intended 
goals. Therefore, the dataset was cleaned, filtered, and arranged to include only the essential 
parameters for future system modelling and control. 

The process was implemented using Python programming with various data science tools 
like Pandas, NumPy, and Matplotlib. The main steps included in the data preprocessing are 
as follows: 

Data import and inspection: The dataset was imported into Python with the help of Pandas. 
Each column of the dataset was inspected to determine whether it was essential for the solar 
water heating system. Also, metadata like unit values and column names were inspected to 
ensure that they are consistent. 

Column selection: A Python code was developed to eliminate unwanted parameters from 
the dataset and retain essential ones. Parameters like collector temperature, bottom buffer 
temperature, and top buffer temperature are essential for the solar water heating system. 
Therefore, these parameters alone are included in the dataset. 

Data cleaning: Missing data points were identified, and linear interpolation was used to 
estimate missing values. Outliers caused by sensor faults were removed using statistical 
methods. 

Visualisation and verification: Using Matplotlib, a graph of the temperature of the collector 
and the temperature at the top of the buffer was plotted to confirm the integrity and physical 
realism of the processed data. This helped verify that the filtering and cleaning procedures had 
not distorted the natural system behaviour. 

Through this process, the dataset was refined into a reliable and structured form; only 
buffer top, bottom, collector temperature, data and time were selected out of the dataset, 
suitable for the later development of predictive models and control algorithms. 

2.2 Data filtering and Preprocessing 

A typical solar water heating system with AI–MPC has the following components: solar 
collector, storage tank, circulation pump, and auxiliary heater. hot-water demand/load, sensors 
for temperature, flow, irradiance, and ambient temperature, an AI predictor for future 
disturbances, and an MPC optimiser for future control actions. A convenient control-oriented 
structure is: 

AI predictor → future disturbances → MPC → pump/heater commands 

where the AI block predicts: 
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with G : solar irradiance; aT : ambient temperature; Lm : load flow rate; ,in LT : inlet cold-water 
temperature. Using sequence models such as LSTM for day-ahead prediction in solar 
heating has been reported in recent literature [14]. 
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The control-oriented physical model starts with a lumped-parameter energy balance 
model. Useful solar heat gain is approximated by, 

 ( ) ( ) ( ) ( )( )0sol c c c aQ t A G t U T t T tη = − −   (2) 

giving the energy balance on the collector as, 

 
( ) ( ) ( ) ( )( )c

c sol c p c t
dTC Q t m t c T t T t
dt

= − −
 (3) 

where ( )cT t  is the collector fluid temperature, ( )tT t  is the tank temperature, ( )cm t  is the 

collector loop mass flow rate, c c pC M c= is thermal capacitance, cA is the collector area, 0η is 

the optical efficiency, cU is the collector loss efficiency, ( )aT t  is the ambient temperature, and

( )G t  is the solar irradiance. The tank energy balance is given as, 

 

 
( ) ( ) ( ) ( )( ) ( ) ( ) ( )( ) ( ) ( )( )t

t aux c p c t L p t cw t t t a
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 (4) 

Where t t pC M c= is the tank thermal capacitance,  tU is the tank heat loss coefficient, tA  is 

the tank area, auxQ is the auxiliary heat input, ( )Lm t  is the hot water demand flow rate, and

( )cwT t  is the cold water makeup temperature. The nonlinear bilinear state-space equations 
are in the form, 
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 (6) 

In compact matrix form, the nonlinear bilinear equations (5) and (6) could be rewritten in 
the form, 

 ( ) ( ) ( )0 1 , , , ,cx A x A m x Bu Ed x u d f x u dφ= + + + + = 
 (7) 

where φ  collects nonlinear coupling terms if you choose a linearised representation. The 
classical MPC is easiest with a linear discrete model. The standard deviation needed before 
discrete-time MPC design is given by the Jacobian matrices as, 
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 (8) 
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2.2 Discrete-time prediction model 

Guided by the following approximations,  

 , ,d s d s d sA I AT B BT E ET≈ + ≈ ≈  (11) 

The discrete-time prediction model is derived using the sampling time 𝑇𝑇𝑠𝑠 as, 

 1k d k d k d kx A x B u E dδ δ δ δ+ = + +  (12) 

The output equation becomes, 

 k ky C xδ=  (13) 

For hot-water control, we usually choose,  

 ,k t ky T=   (14) 

When the tank temperature is controlled, we have, 

 [ ]0 1C =  (15) 

The “AI” in AI–MPC normally does not replace the optimiser. It only provides improved 
forecasts or a surrogate model. In the AI disturbance forecasting, an LSTM or GRU predictor 
gives, 

 ( )| 1 1
ˆ , ,..., , ,... , 1,...,k i k k k k k pd N d d u u i Nθ+ − −= =  (16) 

These forecasts are then inserted into the MPC prediction equations. This AI-assisted 
forecasting setup is consistent with recent solar-heating MPC studies that use sequence-to-
sequence LSTM for future weather and load prediction [14]. When an AI is used as a plant 
surrogate model, instead of the physics model, the AI may learn, 

 ( )1 , ,k k k kx f x u dθ+ =  (17) 

Or 

 ( )1 , ,k k k ky g y u dθ+ =  (18) 
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This is useful when the true process is strongly nonlinear or difficult to model. Data-driven 
nonlinear predictive control for solar thermal systems has been explored in recent studies [15]. 
At time 𝑘𝑘, MPC solves over prediction horizon 𝑁𝑁𝑝𝑝 and control horizon 𝑁𝑁𝑢𝑢: 

 { }1,....,
min

k k Nuu u
J

+ −∆ ∆  (19) 

With cost 
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1 1
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+ + + + + + + +
= = =

 = − − + ∆ ∆ +  ∑ ∑ ∑
 (20) 

where the first term: temperature tracking, the second term: smooth control movement, the 
third term: penalises energy use or excessive pumping/heating, and setT  is the desired hot 
water temperature. For this system, 
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A realistic solar water heating MPC uses constraints such as, 
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2.3 Full AI–MPC optimisation problem 

The final problem solved every sampling instant is, 

 { }1,....,
min

k k Nuu u
J

+ −∆ ∆   
subject to 

 1| | | |
ˆ

k i k d k i k d k i k d k i kx A x B u E d+ + + + += + +  (23) 

plus constraints (22). Then only the first control action is applied: 

 ( ) *
|k ku k u=  (24) 

and the horizon shifts forward at the next sample. That is the receding-horizon principle. The 
MPC is widely regarded as useful for thermal storage and solar-based systems: it anticipates 
future weather and demand, rather than reacting only after deviations occur [16]. 
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3. Results and Discussion 

3.1 The Correlation of Heat Map 

The correlation of the heat map in Figure 3 shows how strongly the collector, buffer bottom 
and buffer top temperatures are related. The strong positive correlation shows consistent 
interaction across the system, confirming that these parameters are suitable for artificial 
intelligence modelling. When the collector temperature increases, the buffer bottom 
temperature also increases, because the buffer bottom temperature is heated in the collectors, 
thus having a positive correlation of 0.56, signifying a higher correlation. The correlation 
between the buffer bottom and the buffer top is 0.54, showing a positive correlation signifying 
that positive conduction of heat by the bottom heats the buffer top. The correlation between 
the buffer top and the collector top is 0.03, signifying a negative correlation. This is because 
the buffer top and the collector are not directly connected, hence a negative correlation. In 
actuality, all the temperatures increase proportionally; this consistency confirms the 
parameters are suitable for artificial intelligence training, neural network will suitably learn 
patterns from the historical data. If the temperature of the collector is high, then AI can 
confidently predict the outlet temperature to be high, hence helping in optimising the pump flow 
rate using model predictive control. 

Figure 3. Correlation of heatmap 

3.2 Model Validation and Performance Analysis of the AI-MPC SWHS 

The training was done on solar intensity and outlet temperature on much lower timesteps, and 
the system training was much more efficient as compared to training on higher time steps. 
Figure 4 compares the predicted outlet temperature generated by the AI-MPC model with the 
actual measured outlet temperature. The scatter plot demonstrates that the predicted values 
closely match the actual measurements, with the points clustered tightly around the line of 
equality. The coefficient of determination obtained from the analysis is 𝑅𝑅2 = 0.9844. This 
indicates that approximately 98.44% of the variability in the actual outlet temperature is 
explained by the predictive model. In regression modelling and predictive analytics, an 𝑅𝑅2 
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value above 0.90 is generally considered an excellent representation of system behaviour, 
especially for complex physical systems involving environmental disturbances [17]. 

The high value of 𝑅𝑅2 demonstrates that the AI-MPC model accurately captures the thermal 
dynamics of the solar water heating system. Model Predictive Control operates by predicting 
future system outputs over a finite prediction horizon and optimising control inputs to minimise 
deviations from the desired performance [18]. When combined with artificial intelligence 
techniques such as machine learning or neural networks, the predictive capability of the 
controller is significantly enhanced because the AI component can learn complex nonlinear 
relationships between solar radiation, system states, and thermal outputs. The small 
dispersion of points around the predicted values in the graph suggests that the developed 
model exhibits both low bias and low variance, meaning that it neither consistently 
overestimates nor underestimates the outlet temperature across the operating range. 

Figure 4. Model performance of the predicted outlet temperature against the actual outlet temperature 

Figure 5 evaluates the predictive performance of the model for solar radiation intensity 
itself by comparing the predicted solar intensity with the actual solar intensity. The analysis 
produced an exceptionally high coefficient of determination of 𝑅𝑅2 = 0.9998. This value implies 
that 99.98% of the variation in the measured solar intensity is accurately captured by the 
predictive model. Such a near-perfect correlation indicates that the model is extremely effective 
in learning the temporal pattern of solar radiation variations. Solar irradiance is influenced by 
several environmental factors, including atmospheric conditions, cloud movement, solar angle, 
and time of day. Accurately predicting solar intensity is therefore essential for optimising solar 
thermal systems because the available solar energy directly determines the system’s heat 
generation capability. 

The extremely high 𝑅𝑅2 value obtained for solar radiation prediction suggests that the AI 
component of the AI-MPC framework successfully learns the environmental dynamics 
influencing solar irradiance. Reliable prediction of solar intensity is particularly important in 
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predictive control applications because MPC relies on future system forecasts to determine 
optimal control actions. When solar radiation predictions are highly accurate, the controller can 
anticipate energy availability and adjust system operation accordingly to maintain stable outlet 
temperatures and maximise thermal efficiency. Previous studies have shown that accurate 
solar radiation forecasting significantly improves the performance of solar thermal and 
photovoltaic energy management systems [19] [20]. 

Figure 5. Model performance of the predicted solar intensity against the actual solar intensity 

3.2 Multi-Step Prediction Performance of the AI-MPC SWHS 

Figure 6, Figure 7 and Figure 8 depict the predictions for the outlet temperature and solar 
intensity, using the AI-based Model Predictive Control model, under different operating 
conditions for the solar water heater system. The results demonstrate the response of solar 
radiation and the system’s temperature. Multi-step predictions play a critical role in the 
predictive control system, enabling the system to predict future disturbances, hence improving 
the control of the system [18] [20]. 

In Figure 6, the operating condition is low, with the inlet temperature at 20°C and solar 
radiation at 25 W/m². As depicted, the outlet temperature decreases slightly before gradually 
increasing to stabilise at approximately 45-46°C. On the other hand, the solar intensity 
gradually increases. However, the rate at which the solar intensity increases is greater than 
the rate at which the outlet temperature increases. This is due to the heat capacity of the fluid 
and the solar collector, which causes the system to respond slowly to the solar radiation. This 
is a normal occurrence for solar energy, where the temperature response is gradual due to the 
heat capacity of the solar collector [21]. 
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Figure 6. System prediction on the inlet temperature of 20 °C and an intensity of 25 W/m² 

In Figure 7, the outlet temperature increases and then stabilises at around 56-57°C, given 
moderate conditions of 50°C and 60 W/m² solar intensity, yet the solar intensity slowly 
decreases. This demonstrates the concept of thermal storage because the stored heat within 
the collector and the fluid maintains the outlet temperature high even when the solar intensity 
is lower [19]. 

Figure 7. System prediction on the inlet temperature of 50 °C and an intensity of 60 W/m² 
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In Figure 8, the high conditions of 100°C and 120 W/m² solar intensity are given, and the 
outlet temperature increases rapidly to 79°C and then slowly drops to the end of the horizon. 
At the same time, the predicted solar intensity drops sharply. The slow drop of the outlet 
temperature, even as the solar intensity drops rapidly, demonstrates the concept of thermal 
inertia because the stored heat affects the outlet temperature. 

Figure 8. System prediction on the inlet temperature of 100 °C and an intensity of 120 W/m² 

In general, as the inlet temperature increases, the predicted outlet temperature increases, 
which aligns with the concept of heat transfer. However, the outlet temperature responds 
slowly to the solar intensity due to the storage within the collector and the fluid. Smooth 
prediction curves indicate that the AI-MPC model successfully predicts the nonlinear dynamics 
of the solar collector system because the model provides stable and sensible multi-step 
predictions. 

4. Conclusion 

The study offers a framework for an artificial intelligence-assisted model predictive control to 
enhance the prediction and heat performance of the solar water heating system. The 
framework combines the predictions from the machine learning algorithm with the model 
predictive controller to address the dynamic nature of solar radiation and environmental 
conditions, which are normally encountered in solar water heating systems. The prediction 
model demonstrates a robust capacity to predict the outlet water temperature based on the 
solar radiation levels. The simulation results show that the predicted outlet temperatures align 
with the thermal trends of the solar water heating process. The accuracy of the prediction 
model is confirmed by the high R-squared value (R2 = 0.9844), which demonstrates the close 
relationship between the predicted and actual outlet water temperatures. Thus, the accuracy 
of the prediction model demonstrates the capacity of the AI-MPC framework to accurately 
predict the nonlinear thermal behaviour of the solar water heating system. Additionally, the 
prediction model demonstrates the capacity of the solar water heating system to maintain a 
constant outlet water temperature despite the increase in solar intensity. 

 

15



Oboletse al. | Int Sustain Ener Conf Proc 2 (2026) "ISEC 2026 – 4th International Sustainable Energy 
Conference" 

With the integration of AI and model predictive control, a promising method is provided to 
boost the efficiency and accuracy of the prediction and control in solar thermal systems. This 
method is also beneficial in the efficient control and prediction of heat in renewable energy 
technologies, as the changes in solar radiation are the major factors affecting the overall 
output. 

Based on the results, the proposed method is promising in the development of smart solar 
water heating technologies and can be used in the development of smart renewable energy 
technologies. For better improvement in the control and prediction accuracy, the control 
strategy may be implemented in a real-time solar thermal system, and the effects of more 
environmental factors, such as ambient temperature and flow rate, may be incorporated. This 
will boost the use of intelligent predictive control in the development of sustainable energy 
technologies. 
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