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A B S T R A C T

University campuses operate like small cities, with complex energy demands driven by diverse 
activities, making energy management particularly challenging in extreme climates. Traditional 
energy systems often rely on fossil fuels, leading to inefficiencies, high costs, and increased carbon 
footprints. This study optimizes a solar-powered multi-generation system for a university building 
in the severe hot climate of Dezful, Iran, using a two-step approach. First, the Building Energy 
Optimization Tool (BEopt) was used to select optimal building materials, leading to a reduction in 
total energy demand. Then, Artificial Intelligence algorithms (Neural Networks and Genetic Al
gorithms) were applied to enhance system performance and cost-effectiveness. The Engineering 
Equation Solver (EES) validated the thermodynamic performance of the optimized system. This 
optimized system generates 49.55 GW-hours (GWh) of electricity annually, along with 19.47 
GWh of heating and 13.93 GWh of cooling, producing a surplus of 34.28 GWh (69 % of total 
generation). Compared to the base case, electricity generation increased by over 224 %, cooling 
by 120 %, and heating by more than 3500 %, while CO2 emissions decreased from 37.18 to 35.34 
metric tons/year. The optimized system operates with an exergy efficiency of 23.44 % and a cost 
rate of 14.93 $/h. What sets this study novel is the integration of demand-side improvements with 
AI-enhanced multi-generation systems and thermodynamic validation, creating a practical model 
for achieving net-zero energy on university campuses. This methodology is scalable to more 
complex energy networks, including district energy systems, with future work focusing on real- 
time weather integration and advanced forecasting to improve adaptability and resilience.
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Nomenclature
Abbreviations Definition/Unit L PV panel length (m)
AI Artificial Intelligence ṁi, ṁe Inlet/outlet mass flow rate (kg/s)
ANNs Artificial Neural Networks ˙mair Air mass flow rate (kg/s)
BEopt Building Energy Optimization Tool P0 Ambient pressure (kPa)
CO2 Carbon Dioxide (metric tons/year) Q̇ Heat transfer rate into the control volume (kW)
EES Engineering Equation Solver Q̇PV Useful thermal energy output of PV system (kW)
GAs Genetic Algorithms Tair,in Inlet air temperature (◦C)
GHI Global Horizontal Irradiation (W/m2) T0 Ambient temperature (◦C)
LCC Life Cycle Cost ($) Ul Overall heat transfer coefficient (W/m2.K)
NPV Net Present Value ($) v̇i, v̇e Inlet/outlet velocity (m/s)
PV Photovoltaic Ẇ Work output from the control volume
ZEB Zero Energy Buildings WPV Power generated by PV panels (kW)
Symbol Definition/Unit ηC Conversion efficiency of PV module (− )
A Area of the collector surface (m2) P0 Ambient pressure (kPa)
b PV collector width parameter (m− 1) Z Elevation
BC Width of collector surface Żi, Że Inlet/outlet elevation (m)
˙Cair Specific heat of air Greek symbol Definition/Unit

g Gravitational acceleration (m/s2) φ Maintenance factor
GB Solar beam radiation (W/m2) η Efficiency [− ]
ḣi, ḣe Inlet/outlet specific enthalpy (kJ/kg) σ Stefan–Boltzmann constant [W/m2.K4]
˙hp2 Heat transfer coefficient (second stage), (W/m2.K) ​ ​

1. Introduction

As cities grow and buildings become more complex, global energy demand has been rising sharply, especially with the growing use 
of energy-intensive technologies [1,2]. This demand surge is often paired with difficulties in achieving sustainability goals, particularly 
in lower- and middle-income countries [3,4]. Moreover, stricter energy regulations now require buildings, especially older structures, 
to undergo substantial retrofitting to improve energy performance and meet sustainability targets [5,6]. Among these, university 
campuses stand out as major energy consumers due to their continuous operations across diverse spaces (e.g., laboratories, offices, and 
communal areas) with varying energy demands [7–9]. The literature highlights that research facilities within university campuses 
account for a substantial share of total campus energy consumption due to their intensive operational requirements [10], with some 
studies estimating this share to be approximately 40 % [11]. However, managing energy use in these institutions is complicated by 
aging infrastructure [12,13], characterized by outdated design, inefficient building envelopes, and limited integration of renewable 
energy technologies, significantly restricting their adaptability to modern efficiency standards [14,15]. Such limitations highlight the 
need for energy-efficient retrofitting and renewable energy integration to effectively reduce demand, operational costs, carbon 
emissions, and reliance on fossil fuels [16–18].

Given these challenges related to aging infrastructure and limited renewable integration, dependence solely on conventional en
ergy sources is increasingly inadequate for meeting sustainability goals. Consequently, transitioning toward more integrated, self- 
sufficient solutions, such as Zero Energy Buildings (ZEB), has become essential [19,20]. ZEB systems balance their energy con
sumption with on-site renewable energy generation, achieving net-zero carbon emissions [21–24]. Among various renewable energy 
sources, solar power stands out as a choice due to its wide availability, scalability, and ability to generate clean energy on-site, making 
it particularly effective in regions with abundant solar radiation year-round [25–28]. For instance, a solar-based multi-generation 
system achieved notable energy (13.93 % and 14.1 %) and exergy efficiencies (11.18 % and 10.93 %) under real climatic conditions in 
the severe hot climates of Doha and Bushehr [29]. Another study demonstrated the feasibility of a flexible solar-hydrogen multi-
generation system operating effectively across Iran’s diverse climates, showing the highest exergy efficiency (26.3 %) and lowest cost 
rate ($6.08/h) in Bandar Abbas, underscoring the adaptability and environmental benefits of such systems in varied weather contexts 
[30]. To support ZEB objectives, solar-powered multi-generation systems, capable of simultaneously providing cooling, thermal en
ergy, and electricity, have gained popularity as versatile solutions [31–35], even for large-scale and energy-intensive environments 
[36,37]. These systems hold excellent potential for minimizing environmental impact, particularly in university campuses [38,39]. For 
example, one study reported a CO2 reduction of 2026.5 metric tons/year [37]. Nonetheless, relying on a single renewable source may 
not guarantee a stable energy supply, particularly during periods of reduced solar output. Therefore, adopting a holistic approach that 
emphasizes demand-side efficiency and optimized multi-generation systems performance is critical [40–42]. In this context, ad
vancements in energy modeling and Artificial Intelligence (AI) present valuable strategies for enhancing energy performance, 
improving system resilience, and facilitating renewable energy integration, thereby promoting cost-effective and sustainable energy 
management.

To operate such integrated renewable solutions, advanced energy modeling and optimization tools are critical in accurately pre
dicting building performance, guiding effective strategies for both demand reduction and renewable energy integration. Regarding 
energy modeling, previous studies have explored various approaches to enhance building energy performance, with a strong emphasis 
on reducing heating and cooling loads while improving efficiency, cost-effectiveness, and sustainability [38,43,44]. For example, a 
reliable model was developed using Artificial Neural Networks (ANNs) trained on a dataset of 12,960 simulated residential building 
scenarios, demonstrating 98 % accuracy in estimating annual cooling loads at the early design stage [45]. Simulation-based ap
proaches using software such as EnergyPlus, TRNSYS, and the Building Energy Optimization Tool (BEopt) have been widely employed 
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to analyze energy consumption patterns and optimize building performance [46,47]. Among these tools, BEopt has been particularly 
effective for whole-building energy performance assessment [48,49], as it utilizes a steady-state modeling approach that simplifies 
computations while maintaining accuracy in evaluating strategies. Unlike EnergyPlus and TRNSYS, which focus on detailed transient 
simulations and dynamic load analyses [50,51] with higher correlations with hourly measurements [52], BEopt streamlines the 
optimization process by balancing computational efficiency with practical design insights, making it particularly suited for early-stage 
energy assessments and demand-side management [53,54]. While modeling software, like BEopt, effectively optimizes demand-side 
energy performance by reducing building loads and improving efficiency, achieving a well-balanced and resilient energy system re
quires a complementary approach that evaluates thermodynamic behavior and multi-generation system performance [55,56]. As an 
example, a solar-driven multi-generation system for a university campus was optimized using a combination of building energy 
simulation (BEopt), thermodynamic analysis via the Engineering Equation Solver (EES), a tool widely employed to optimize energy 
distribution and balance power, heating, and cooling loads [55,57,58], and machine learning-based multi-objective optimization 
targeting exergy efficiency and cost [59]. This integrated approach achieved an exergy efficiency of 25.69 % and a cost of $10.15/h, 
demonstrating how coupling BEopt-driven demand reduction with EES-based thermodynamic modeling provides a robust energy 
strategy that reduces consumption while improving system reliability and cost-effectiveness [59]. Together, these tools enable more 
informed and integrated energy planning for high-performance buildings.

Building on this integrated modeling foundation, recent studies have increasingly incorporated AI-based multi-objective optimi
zation techniques, such as ANNs and Genetic Algorithms (GAs), to improve efficiency, lower costs, and reduce CO2 emissions [60–63]. 
Past research shows that AI-based optimization has significantly boosted both energy and exergy efficiency in Refs. [58,64,65], 
lowered cost rates [30,66], and reduced CO2 emissions by thousands of metric tons/year [30,58,67]. ANNs are particularly effective in 
capturing complex, non-linear energy system behaviors [68], optimizing energy generation under varying conditions [66,69,70], 
while GAs excel in exploring large solution spaces and identifying optimal configurations for systems with multiple objectives [71–73]. 
For instance, in a recent study, a multi-generation system integrated with a desalination unit for a smart building was thermody
namically analyzed and optimized, achieving an energy efficiency of 46.66 % and a cost of purified water of $4.49/m3, using 
ANN-based demand prediction and Genetic Algorithm optimization [74]. Similarly, another study employed ANN-based thermody
namic and thermoeconomic modeling combined with GA optimization to enhance a solar–geothermal cogeneration system, achieving 
43.5 % exergy efficiency, boosting net power and cooling capacities, and reducing electricity and cooling costs by 12.1 % and 41.9 % 
[60]. Given the potential of these AI techniques, integrating GA and ANN with BEopt for demand-side energy reduction and EES for 
multi-generation system analysis can offer a resilient, cost-effective, and sustainable energy management framework. Yet, most studies 
treat demand reduction and system optimization separately, lacking a unified approach, critical for energy-intensive settings like 
university campuses.

To address this research gap, this study presents a unified optimization framework that integrates these previously isolated 
methodologies. It applies AI-driven optimization to a real-world case study of a university building in Dezful, Iran, aiming to maximize 
system efficiency, reduce costs, and ensure resilience. A hybrid approach combining demand-side optimization (BEopt), thermody
namic analysis (EES), and AI-based optimization (GA and ANN) is implemented to enhance system performance. The novelty lies in 
integrating multi-objective AI optimization with thermodynamic validation, bridging demand-side and supply-side strategies to 
develop a scalable, data-driven framework for achieving net-zero energy in educational institutions. Although the case study is set in a 
hot climate, the methodology is adaptable to buildings with varying thermal properties and climates. By retraining the neural network 
with site-specific building data, climatic variables, and occupancy profiles, the system can be customized for broader applications. This 
flexibility supports implementation across temperate, cold, or mixed climates. This paper is structured as follows: Section 2 outlines the 
methodology, including optimization techniques, simulation tools, and analytical approaches. Section 3 describes the system design 
and optimization, with validation. Section 4 presents results and discussion. Section 5 outlines study limitations and future directions. 
Section 6 concludes with key findings and their implications for achieving net-zero energy in educational institutions.

2. Methodology

This section describes the utilized methodology, which consists of demand-side optimization (Section 2.1), supply-side optimi
zation (Section 2.2), and the overall research framework (Section 2.3).

2.1. Demand-side optimization

The demand-side optimization focuses on minimizing the building’s energy loads through envelope and material improvements 
before integrating renewable energy systems. BEopt is used to simulate building energy performance under local climate conditions 
(sourced from Meteonorm [75]), while EES is employed to complement BEopt by validating the thermodynamic accuracy of simulated 
loads. EES applied first-law energy balance calculations to verify and refine heating, cooling, and power demands, enhancing the 
accuracy of BEopt’s steady-state results. Key steps include: 

1. Energy Load Calculation: BEopt is used to simulate annual building energy demand, while EES refines these results by evaluating 
instantaneous power needs and validating thermal behavior based on building envelope characteristics.

2. Material Optimization: BEopt is used to run parametric analyses in order to identify high-performance envelope materials, while 
EES verifies the corresponding reductions in peak loads.
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3. Performance Comparison: The optimized design is benchmarked against the baseline case to quantify improvements in cooling, 
heating, and electricity demand.

This process generates a validated and thermodynamically consistent demand profile that serves as the input for the supply-side 
system modeling and AI-driven optimization.

2.2. Supply-side optimization

The supply-side analysis models and optimizes a solar-powered multi-generation system to meet the optimized building’s energy 
demand. EES is used to build a detailed thermodynamic model of the system, incorporating climatic data from Meteonorm to simulate 
performance under realistic climate conditions. The system includes components such as Photovoltaic (PV) panels and condensing 
chillers to provide electricity, heating, and cooling. To identify the most effective system configurations, a hybrid optimization 
framework is applied using AI, integrating ANNs and GAs, to efficiently explore the complex, non-linear design space. Key steps 
include: 

1. Thermodynamic Modeling in EES: EES simulates the thermodynamic performance of the multi-generation system across a range 
of design configurations. This includes calculating electricity generation, thermal output, and overall system efficiency based on PV 
area, orientation, thermal collector size, and other design variables.

Fig. 1. Methodological framework.
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2. ANN Training and Prediction: The simulation results from EES are used to train ANNs, which learn the complex relationships 
between design inputs and performance outputs (e.g., exergy efficiency and cost rate). Once trained, the ANN serves as a fast 
predictive model to evaluate new design scenarios.

3. GA Optimization: GAs use the ANN as a surrogate model to perform multi-objective optimization, searching for the optimal 
combination of system parameters that maximize exergy efficiency while minimizing cost.

Fig. 2. Layout of the case study building.
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4. Validation and Final Evaluation: The final design selected by the GA is validated by running a high-fidelity simulation in EES to 
confirm that the predicted performance metrics are held under thermodynamic principles. This ensures the optimized design is 
both practically viable and thermodynamically consistent.

This framework ensures the system meets refined loads efficiently and cost-effectively, supporting practical deployment for the case 
study building and climate.

2.3. Whole methodology

This study develops a holistic, scalable, and data-driven framework for optimizing multi-generation renewable energy systems in 
university campuses and large-scale settings, ensuring sustainability, energy efficiency, and cost-effectiveness. Demand-side optimi
zation is achieved using BEopt and EES, incorporating Meteonorm climate data to optimize building materials and energy loads, 
thereby reducing cooling, heating, and electricity demand. On the supply side, a solar-powered multi-generation system is modeled 
using EES, with ANNs developing predictive models and GAs refining system parameters to enhance overall performance and oper
ational stability. Finally, the optimized system is benchmarked against previous designs, with performance improvements assessed 
based on exergy efficiency, cost-effectiveness, and emissions reduction, ensuring a robust and validated approach to achieving ZEB 
goals.

Fig. 1 shows how this methodology brings together energy modeling, AI-based optimization, and thermodynamic analysis to 
connect demand-side efficiency with renewable energy supply, offering a comprehensive solution tailored for university energy 
systems.

Fig. 2. (continued).
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3. Solar-powered multi-generation system design and optimization

This section is divided into two parts. Section 3.1 presents the case study, detailing its layout, dimensions, and material specifi
cations. It also includes an analysis of climatic data and weather parameters, which are integrated into the BEopt software to determine 
the optimal building materials. This section also evaluates the cooling, heating, and electricity demand of the optimized building. 
Section 3.2 focuses on supply-side optimization, where a solar-powered multi-generation system is modeled using EES. ANN and GA 
are applied to refine system performance, ensuring optimal energy efficiency and cost-effectiveness.

3.1. Case study and energy demand analysis

In this study, the Engineering and Technology Building at the Islamic Azad University of Dezful (IAUD) is selected as the case study 
due to its high energy demand, extreme climatic conditions, and potential for optimization. The building comprises three floors with a 
total conditioned area of approximately 7270 m2, as illustrated in Fig. 2. Located in Dezful City with extremely hot summers and mild 
winters (BSh, Köppen classification), the building is exposed to extreme thermal conditions, with maximum hourly temperatures 
reaching 55.6 ◦C in July and minimums dropping to 5.3 ◦C in January, making energy efficiency a critical design and operational 
concern. Its diverse functional spaces, including classrooms, laboratories, and offices, require continuous cooling, heating, and 
electricity, presenting an opportunity for energy performance enhancement. Fig. 2 shows the building’s location, external views, and 
three-floor model and layout, including classes and offices.

As mentioned earlier, BEopt is a cost-effective tool for optimizing whole-building energy performance by modeling key parameters 
such as dimensions, design, occupancy, and location. It balances computational efficiency with practical insights, making it ideal for 
early-stage energy assessments and demand-side management. Table 1 presents essential details about the dimensions of the case 
study, based on the actual structure. These specifications provide a foundation for designing a replacement building that aligns with 
the existing faculty’s size and layout.

Fig. 3 presents the energy optimization flowchart for the case study, outlining the process of calculating energy loads, optimizing 
material selection, and improving efficiency. This approach aims to reduce energy consumption and minimize environmental impact 
while supporting the design of a sustainable replacement for the existing faculty building.

Fig. 4 presents the monthly variations in key climatic parameters for Dezful, Iran, obtained from Meteonorm, highlighting their 
impact on the performance of the solar multi-generation system. The ambient temperature follows a distinct seasonal pattern, peaking 
at 39.6 ◦C in July and dropping to 11.3 ◦C in January, with prolonged high temperatures from April to September, increasing cooling 
demand. The dew point, representing moisture in the air, remains relatively stable but peaks at 12.8 ◦C in August, influencing latent 
cooling loads. Relative humidity decreases from winter (72.38 % in January) to summer (20.3 % in June), correlating with increased 
air dryness, which impacts evaporative cooling efficiency. Wind speeds fluctuate throughout the year, reaching 3.55 m/s in June, 
indicating a potential for integrating wind-assisted cooling strategies alongside solar energy. Higher wind speeds during summer 
contribute to faster moisture evaporation, further reducing relative humidity. Solar radiation, a critical driver of energy generation, 
exhibits a maximum Global Horizontal Irradiation (GHI) of 293.01 W/m2 in June and a minimum of 108.08 W/m2 in December, 
following the temperature trend. Diffuse irradiation, crucial for PV efficiency under cloudy conditions, remains moderate throughout 
the year, peaking at 231 W/m2 in September. The interaction between these parameters significantly affects the system’s efficiency; 
high GHI in summer enhances power generation but increases cooling demand, while lower winter irradiation necessitates optimized 
energy storage. Wind and humidity variations further influence system performance, particularly in balancing heating and cooling 
loads. This climatic analysis highlights the necessity of advanced optimization approaches to dynamically adjust system operations for 
efficiency and sustainability.

To design the proposed case study for optimal energy efficiency, various material types were evaluated using BEopt, considering 
their impact on energy demand reduction. Table 2 details the most effective features and materials identified through this process, 
ensuring a well-balanced combination of durability, sustainability, and energy-saving potential.

Fig. 5 illustrates the total monthly comparison of energy demand between the base case study and the optimized case study 
building. The optimized case study demonstrates clear energy performance improvements, particularly in cooling and total electricity 
use. Peak cooling demand in July was reduced from 2238.86 MWh in the base case to 1891.19 MWh in the optimized model, a 15.5 % 
reduction. In December, cooling demand dropped from 1077.08 MWh to 860.70 MWh, marking a 20.1 % improvement. Similarly, total 
electricity consumption declined across all months, with the July peak falling from 1371.44 MWh to 1169.70 MWh (a 14.7 % 
reduction), and the November low decreasing from 275.25 MWh to 213.03 MWh.

Table 1 
Dimensions of the case study building.

Information Unit Value

Ground and First Floor Length m 110
Ground and First Floor Width m 51
Ground and First Floor Infrastructure m2 5670
Length of Second Floor m 80
Width of Second Floor m 20
Second Floor infrastructure m2 1600
Number of Floors – 3
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Lighting energy demand also benefited from the optimization, particularly during periods of high daylight availability. In January, 
lighting demand was reduced from 582.16 MWh to 582.17 MWh (almost unchanged), but notable reductions occurred in mid-year 
months, dropping from 259.65 MWh to 184.91 MWh in May, and from 290.50 MWh to 291.63 MWh in July. These savings are 
influenced by improved daylight access and interior reflectivity from optimized material selection. Seasonal changes play a major role 
in shaping all energy demands, with hot summers driving high cooling needs and longer daylight hours contributing to reduced 
lighting use. Overall, the optimized model improves energy efficiency and comfort, underscoring the importance of climate-responsive 
design.

Fig. 6 illustrates the thermal contours of energy consumption, showing hourly and monthly variations across cooling, heating, 
lighting, and total electricity demand. Cooling demand exhibits the highest intensity from June to August, peaking at over 120,000 
kWh (red zones) during the day between 10:00 a.m. and 6:00 p.m., aligning with extreme summer temperatures in Dezful. Conversely, 
heating demand remains negligible throughout the year, with sporadic usage in January and December, reaching a maximum of 3800 
kWh in the early morning hours (light blue zones). Lighting energy usage follows a distinct pattern, with peaks between 6:00 a.m.–8:00 
a.m. (before working hours) and 6:00 p.m.–10:00 p.m. (after work hours), exceeding 74,000 kWh in winter months (yellow-red zones), 
indicating greater reliance on artificial lighting due to reduced daylight. Total electricity demand mirrors cooling trends, with peak 
usage exceeding 160,000 kWh in July and August, predominantly during daytime hours, as indicated by deep red regions. The 
transition from blue to red in the cooling and electricity contours highlights seasonal load shifts, emphasizing the importance of 
optimized building design and energy-efficient strategies to reduce peak demand, minimize operational costs, and maintain indoor 
comfort.

Table 3 summarizes the annual energy consumption of the optimized case study building, presenting the distribution of energy 
usage across cooling, heating, lighting, and total electricity demand. Cooling demand represents the largest energy component at 
6326.109 MWh, making up approximately 41.4 % of the total electricity usage, reflecting Dezful’s extreme summer temperatures. In 
contrast, heating accounts for the smallest energy consumption, representing just 0.04 % of total demand, confirming the minimal 
need for space heating due to the region’s mild winters. Lighting energy usage accounts for 32.84 % of total consumption, emphasizing 
the need for efficient lighting systems, particularly during the winter months when artificial lighting is used more extensively. The total 
electricity demand shows the importance of integrating energy-efficient solutions across all end-uses, reinforcing the need for opti
mized cooling strategies, improved passive design techniques, and advanced lighting controls to reduce peak loads and enhance 
overall energy efficiency in university campus operations.

Table 4 presents a comparative analysis of energy costs, usage, and CO2 emissions for the base and optimized building models, 
highlighting both economic and environmental outcomes. While the optimized building shows a slightly higher Life Cycle Cost (LCC) 
of $239,571.30 compared to $224,315 for the base case, it achieves a reduction in annualized energy costs from $6478 to $6162.48 
and yields a favorable Net Present Value (NPV) of -$15,275.52 over its lifespan. Energy performance improvements include a 1.26 % 
reduction in annual energy consumption, 0.93 % savings in source energy, and a 0.91 % reduction in CO2 emissions, decreasing from 
37.18 to 35.34 metric tons/year. Although these improvements are modest, they validate the effectiveness of the proposed strategy and 
suggest that further enhancements, such as demand-side management, energy storage, or additional renewable integration, could 

Fig. 3. Methodological flowchart for energy load calculation and optimization of the case study.
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Fig. 4. Monthly variations in weather factors in dezful.
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amplify the benefits. These insights underscore the need for continued optimization to maximize long-term cost-effectiveness and 
decarbonization, setting the stage for the next section, which introduces the multi-generation solar energy system and its role in 
advancing sustainability.

3.2. Solar multi-generation system optimization

The multi-generation system used in this study is central to achieving the dual objectives of exergy efficiency and cost for the case 
study building. By simultaneously generating cooling, heating, lighting, and electricity, the system effectively meets diverse energy 
demands while reducing reliance on external energy sources. This section provides a detailed evaluation of the system’s design, 
components, and integration with the optimized building structure, emphasizing its energy generation capacities, operational effi
ciencies, and flexibility to seasonal variations in energy consumption.

Fig. 7 illustrates the schematic of the proposed solar-powered multi-generation system, which integrates PV panels, a compressor, a 
condenser, an evaporator, and a thermal valve to optimize energy distribution. The solar farm harnesses renewable energy through an 
array of PV panels, generating electricity to power the compression-based cooling system while also supporting heating demands. The 
generated electricity drives the compressor, which circulates the working fluid through the system. The condenser extracts and de
livers thermal energy for heating applications, while the evaporator provides cooling to the building. A thermal expansion valve 
regulates refrigerant flow, ensuring optimal thermal efficiency. This integrated system effectively balances heating and cooling loads, 
reducing dependence on grid-supplied electricity and enhancing the building’s energy resilience. The strategic use of solar energy in 
this multi-generation configuration ensures efficient energy utilization, lowering operational costs and minimizing the carbon foot
print of the university campus.

Artificial Intelligence Neural Networks (ANNs) consist of interconnected artificial neurons that process information similarly to 
biological neurons, enabling them to recognize complex data patterns and optimize learning processes [76,77]. Fig. 8 illustrates the 
ANN methodology used in this study, integrating a structured training flowchart with a schematic representation of the network’s 
architecture. The figure presents a step-by-step training process for a feedforward, backpropagation ANN, beginning with input 
initialization, data formatting, and dataset division into training, testing, and validation subsets. The network iteratively trains by 
adjusting weights and biases while minimizing total error, validated against a final target threshold, if the error remains above this 
threshold, training continues; otherwise, the network proceeds to simulation. This figure also depicts the neural network structure, 
comprising input, hidden, and output layers, where neurons in the hidden layer apply weighted sums (W) and biases (B) to incoming 
signals before passing them through an activation function. This structure enables the ANN to capture non-linear relationships in 
energy consumption and optimization variables, ensuring accurate performance predictions and informed decision-making in the 
proposed system.

This study evaluated the solar farm thermally by applying mass and energy calculations to each control volume. To streamline the 
analysis while ensuring meaningful results, the following assumptions were made: 

• Steady-state conditions are assumed, eliminating transient effects.
• Uniform water flow is considered throughout the pipes, ensuring consistent thermal exchange.
• No dust accumulation is assumed on the PV panels to prevent efficiency reductions.

Table 2 
Optimal building materials for energy efficiency.

Element Optimal Material Unit Value

Windows Back Windows = High-SHGC – –
Window Areas – in2 20
Door Fiberglass – –
Door Areas – in2 1440
Wall Sheathing OSB, R-15*PS – –
Exterior Finish Aluminum, Light – –
Interzonal Walls R-13 Fiberglass Batt in 16
Wood Stud Uninsulated in 24
Double Wood Stud R-45 Fiberglass, Gr-1, Centered in 24
Steel Stud R-19 Fiberglass Batt in 24
Interior Shading Summer = 0.7, winter = 0.7 – –
Eaves – in 24
Overhangs First Story, All Windows in 24
Floor Mass Gypsum Concrete in 2
Exterior Wall Mass PCM Drywall – –
Partition Wall Mass Drywall in 2*5.8
Ceiling Mass PCM Drywall – –
Carpet Carpet % 40
Finished Roof R-47.5 SIPs – –
Roof Material Metal, Light – –
Lighting LED % 60
Pier & Beam Ceiling R-19 Fiberglass Batt – –
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• Negligible side heat losses are considered, focusing energy calculations on primary thermal exchanges.
• Constant convective heat transfer coefficients are applied externally and internally along the panel surfaces to simplify the heat 

transfer model.
• Radiation exchange at the back of the panels is excluded, as its impact is relatively small compared to direct solar irradiation.
• Energy transfer is modeled as quasi-steady-state, allowing the use of simplified thermodynamic equations while maintaining 

accuracy.

Fig. 5. Total monthly energy demand of the base case (a) and optimized case (b).
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These assumptions reduce computational complexity while ensuring precise performance evaluation. The fundamental equations 
for this analysis are available in the relevant literature [62,78]. The key input parameters used in the thermodynamic analysis of the 
solar farm are summarized in Table 5.

The thermodynamic analysis follows fundamental energy balance principles to evaluate the solar farm’s performance. Equation (1)
demonstrates how the first law of thermodynamics is applied to each control volume and provides the basis for analyzing energy 
interactions within the proposed solar PV-thermal system. 

Q̇ − Ẇ+
∑

i
ṁi ×

(

hi +
vi

2

2
+ gZi

)

−
∑

e
ṁe ×

(

he +
ve

2

2
+ gZe

)

=
dECv

dt
(1) 

Here, Q̇ is the heat transfer rate into the control volume? Ẇ is the work done by the system, ṁi and ṁe are mass flow rates at the 
inlets and outlets, h is the specific enthalpy, v is velocity, g is gravitational acceleration, Z is elevation, and ECv is the total energy within 
the control volume. This foundational equation. The measure of useful energy generated by the solar PV panels is calculated using 

Fig. 6. Thermal contour map showing annual energy distribution for the optimized case study.

Table 3 
Total annual energy usage of the optimized case study building.

Energy Usage Unit Value

Cooling MWh 6326.109
Heating MWh 5.462
Lights MWh 4996.305
Total Electricity MWh 15,267.484

Table 4 
Energy costs, consumption, and CO2 emissions for base and optimized building.

Parameter Unit Base Case Optimized Case

LCC $ 224,315 239,571.3
Annualized Energy Costs $/yr 6478 6162.48
Annual Energy Savings %/yr – 1.26
CO2 Emissions Metric tons/yr 37.18 35.34
Annual Source Energy Savings %/yr – 0.93
NPV of Energy-Related Costs $ – − 15,275.52
AnnualCO2 Savings %/yr – 0.91
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Equation (2): 

Q̇PV =
ṁair × Cair

Ul
×
(
hp2g ×Z×GB

)
− Ul ×

(
Tair,in − T0

)
×

(

1 −
exp(− b × Ul × L)

ṁair × Cair

)

(2) 

Equation (2) estimates the amount of heat transferred from the PV panel to the surrounding air, considering the air mass flow rate, 
specific heat capacity, solar irradiance, and system geometry. In this equation, Q̇PV is the useful thermal energy output (kW), ṁair is the 
air mass flow rate (kg/s), Cair is the specific heat of air (kJ/kg.K), Ul is the overall heat transfer coefficient (W/m2.K), hp2g is the 
secondary heat transfer coefficient, GB is the beam solar radiation (W/m2), Tair,in is the inlet air temperature (◦C), T0 is the ambient 
temperature (◦C), b is a collector width parameter (m− 1), and L is the panel length (m).

The electrical power output generated by PV panels is determined using Equation (3). 

WPV =
ηC × GB × BC×taug × A

10
(3) 

Equation (3) provides a direct estimate of the electricity produced under given solar conditions. WPV is the electrical power 
generated by the PV system (kW), ηC is the PV module’s conversion efficiency, taug is the transmissivity of the glass cover, and A (b× L) 
is the surface area of the collector (m2).

Equation (4) calculates thermal efficiency, which represents the proportion of incoming solar energy that is successfully converted 
into useful thermal energy. It serves as a key performance indicator for assessing the heat recovery capability of the PV system. 

ηth =
Q̇PV

GB × A
(4) 

In this equation, ηth is the thermal efficiency.

3.3. Empirical validation of PV simulation results

To ensure the reliability of the simulation results, validation was conducted by comparing the PV subsystem outputs from the 
present study with empirical data from a previously published study [79], which validated TRNSYS by estimating electricity yields 
from a fixed-slope 90 Wp PV panel installed in Cape Town, South Africa. Their model predictions, based on nearby weather station 
data, were closely aligned with actual measured yields, achieving kappa values of 0.722 and 0.944 at 90 % and 80 % acceptance ratios, 
respectively. The regression coefficient for modeled versus measured incident solar energy on a horizontal plane was 0.782, confirming 
the predictive strength of the simulation. In the current study, PV output data from 18 days showed strong agreement with the 
reference study findings [79], with most values differing by less than ±0.02 kWh, thereby validating the numerical accuracy of the 
current simulation framework for PV performance modeling.

Table 6 shows that the daily power differences remained within ±6.3 %, with most deviations falling below ±3 %. The consistency 
of this agreement highlights the robustness of the current simulation methodology in accurately predicting PV energy yields under 

Fig. 7. Schematic of the proposed solar farm.
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Fig. 8. Neural network training flowchart and architecture for energy optimization.

Table 5 
Input data for solar farm analysis.

Parameter Unit Value

T0
◦C 25

P0 kPa 101.3
n – 80
Tsun

◦C 6000
ṁair kg/s 1.9
Ul W/m2 K 4.71
L m 2.5
b m 0.8
A m2 2
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real-world climatic conditions. This validation strengthens confidence in the proposed multi-generation system’s design and confirms 
the applicability of the modeling framework to performance estimation and decision-making for renewable energy integration.

4. Results and discussion

The section presents the study’s findings, emphasizing the impact of multi-objective optimization on enhancing energy perfor
mance within the case study. By integrating advanced optimization techniques, the study simultaneously evaluates multiple objec
tives, energy efficiency, cost reduction, and environmental impact. This holistic approach ensures a well-balanced energy strategy that 
meets the building’s diverse operational demands while maximizing the potential of the proposed solar-powered multi-generation 
system. Section 4.1 provides a detailed analysis of the optimization outcomes, examining the influence of each optimized variable on 
system performance and overall sustainability.

4.1. Multi-objective optimization

This research utilized a combination of neural network methods and algorithms to optimize the solar farm’s performance, aiming to 
enhance efficiency while reducing costs. The optimization parameters in Table 7 were carefully selected to balance energy generation, 
space constraints, and economic feasibility. The range for the number of panels ensures scalability while avoiding excessive instal
lation costs. The panel dimensions were optimized to maximize solar capture without exceeding practical design limitations. The 
efficiency range reflects realistic advancements in PV technology, ensuring that the selected panels align with commercially viable 
options. By optimizing these variables, the study achieves an effective trade-off between performance, cost, and space utilization, 
enhancing the feasibility of the proposed system.

The goal of this optimization is to enhance system performance by improving technical parameters, such as exergy efficiency, while 
simultaneously minimizing costs. Table 8 presents the optimal values for the four decision variables used in the technical and economic 
optimization, along with the corresponding optimal values of the objective functions. The optimization results indicate that an optimal 
PV panel configuration consists of 120 panels with a width of 2 m2, a length of 3.5 m2, and an efficiency of 40 %, ensuring a well- 
balanced trade-off between energy generation and system feasibility. The objective function results demonstrate that the exergy ef
ficiency was optimized to 23.45 %, within the range of 11.4 %–38.02 %, while the cost rate settled at $14.93/h, balancing affordability 
and efficiency. This optimization was conducted using 500 data points, extracted from the system modeling solution, which were 
processed through a neural network and refined using meta-heuristic algorithms. The large dataset improves the accuracy of the 
optimal solution, ensuring a robust balance between energy efficiency and economic feasibility.

Fig. 9 illustrates the variation range of the objective functions, exergy efficiency and cost rate, along with their optimal values. The 

Table 6 
Comparison of simulated PV outputs with validated TRNSYS data.

Day PV Power (kWh) Deviation (%)

Present Paper Referenced Study [79]

1 0.5 0.5 0
2 0.73 0.74 − 1.35
3 0.58 0.56 3.57
4 0.62 0.64 − 3.13
5 0.56 0.53 5.66
6 0.63 0.66 − 4.54
7 0.54 0.52 3.85
8 0.63 0.64 − 1.56
9 0.61 0.6 1.67
10 0.7 0.74 − 5.41
11 0.64 0.63 1.59
12 0.51 0.5 2.00
13 0.49 0.48 2.08
14 0.6 0.64 − 6.25
15 0.7 0.68 2.94
16 0.65 0.66 − 1.52
17 0.63 0.64 − 1.56
18 0.58 0.56 3.57

Table 7 
Optimization parameters ranges.

Variable Unit Lower Bound Upper Bound

PV Panel Number – 80 160
PV Panel Width m2 0.5 3.5
PV Panel Length m2 2.5 4.5
PV Panel Efficiency % 30 50

E. Assareh et al.                                                                                                                                                                                                        Journal of Building Engineering 108 (2025) 112939 

15 



Table 8 
Optimal amount for decision variables and objective functions.

Decision variables Unit Optimum Point N

PV panel number (− ) – 120 500
PV panel width (m2) m2 2 500
PV panel length (m2) m2 3.5 500
PV panel efficiency (%) % 0.4 500

Objective Functions Unit Valid N Optimal Point Minimum Maximum

Exergy efficiency (%) % 500 23.4465 11.4 38.02
Cost rate $/h 500 14.92773 2.275 36.4

Fig. 9. Variation range of objective functions for the optimized multi-generation system.

Fig. 10. Pareto chart: Trade-off between exergy efficiency and cost rate in the optimized case.
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box plots show the distribution of values, where the Interquartile Range (IQR) highlights the spread of results, and the whiskers 
indicate the full range of variation. Exergy efficiency exhibits a broad range, spanning approximately 11.4 %–38.02 %, with an optimal 
value centered around 23.45 %, suggesting significant variability in system performance depending on the selected parameters. 
Similarly, the cost rate varies widely between $2.28/h and $36.4/h, with an optimal cost rate of $14.93/h, emphasizing the trade-off 
between economic feasibility and efficiency. The mean values for both objective functions fall well within their respective ranges, 
confirming the robustness of the optimization approach. These variations underscore the importance of multi-objective optimization in 
balancing technical and economic performance, ensuring that the system operates efficiently while maintaining cost-effectiveness.

Multi-objective optimization is employed to determine optimal trade-offs between conflicting objectives, ensuring a balanced 
solution that enhances system performance. Fig. 10 presents the Pareto chart illustrating the relationship between exergy efficiency 
and cost rate, with a clear positive correlation. The Pareto front demonstrates that as exergy efficiency increases, the cost rate rises 
exponentially, highlighting the trade-off between economic feasibility and technical performance. The fitted equation confirms this 
relationship, while the correlation coefficient (r = 0.99168) indicates a strong dependency between these two variables. This high 
correlation suggests that improving exergy efficiency inevitably leads to a higher cost rate, reinforcing the need for careful parameter 
selection to balance efficiency gains with affordability. The consistency of the Pareto front and the low variance in the solution set 
validate the robustness and accuracy of the optimization process, ensuring that the selected optimal solutions align with practical 
implementation constraints.

Fig. 11 presents histograms illustrating the distribution of exergy efficiency and cost rate, providing insights into the training and 
calculation processes. The cost rate histogram follows a slightly skewed distribution, with a higher frequency of observations around 
lower cost values, while the exergy efficiency histogram exhibits a more balanced distribution centered around moderate efficiency 
levels. Both distributions are overlaid with expected normal curves, showing how the data aligns with a standard distribution. The 
results indicate that while exergy efficiency values are relatively well-distributed, cost rate values show a wider variation, reflecting 
the inherent trade-off in the optimization process. These histograms validate the robustness of the dataset used in the optimization, 
ensuring a well-represented range of possible system performance outcomes.

Fig. 12 depicts the half-normal probability plots for the cost rate and exergy efficiency, illustrating their alignment with expected 
normal distributions. Both plots exhibit a nonlinear trend, particularly at the upper range, indicating slight deviations from perfect 
normality. The cost rate distribution shows a more pronounced deviation at higher values, suggesting greater variability in higher cost 
scenarios. Similarly, the exergy efficiency plot follows a comparable trend, with larger deviations observed at efficiency levels beyond 
35 %. These deviations indicate that while the data follows an approximate normal distribution, some outliers or skewness may be 
present, particularly in the upper range. These findings highlight the importance of considering statistical variations in optimization 
processes to ensure robust and reliable results.

Fig. 13 compares the predicted and actual values for cost rate and exergy efficiency, demonstrating the accuracy of the trained 
predictive model. The optimization process utilized a combination of ANN and GA to enhance predictive accuracy. The regression 
equations for both objective functions show a strong linear correlation, with r = 0.97957 for cost rate and r = 0.99731 for exergy 
efficiency, indicating near-perfect predictive performance. The predicted values closely follow the actual data points, confirming the 
model’s ability to generalize the relationship between optimization parameters and system performance. The high correlation values 
suggest that the applied ANN-GA-based optimization effectively captures the underlying trends, ensuring reliable predictions for cost 
and exergy efficiency under varying conditions. These results validate the robustness of the predictive model, supporting its appli
cation in optimizing the solar-powered system with high accuracy. The close match between predicted and actual values (r = 0.97957 

Fig. 11. Objective functions histogram for the optimized case with expected normal distributions.
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for cost rate; r = 0.99731 for exergy efficiency) suggests that the ANN-GA optimization model is highly accurate and reliable.
Fig. 14 illustrates the normal probability distribution of residuals for exergy efficiency and cost rate, evaluating the goodness-of-fit 

of the predictive model. The normal P-plots indicate a generally S-shaped distribution, with minor deviations at the lower and upper 
tails. The residuals mostly align with the expected normal line, confirming a well-distributed error structure. However, slight de
viations occur beyond the 95th percentile, where residuals tend to be slightly higher for exergy efficiency (>38 %) and cost rate (>35 
$/h), indicating potential outliers in extreme cases. Despite these variations, the majority of residuals remain within ±2 standard 
deviations, ensuring that predictions are statistically reliable. The high correlation values (close to 1.0) further validate the ANN-GA 
model’s predictive accuracy, reinforcing its robustness for optimizing system performance.

Fig. 15 indicates the detrended normal probability plots for cost rate and exergy efficiency, highlighting deviations from the ex
pected normal distribution. The residuals fluctuate around zero, suggesting a generally well-distributed error structure; however, 

Fig. 12. Half-normal probability plots for cost rate and exergy efficiency in the optimized case.

Fig. 13. Predicted vs. Actual Values of Objective Functions in the Optimized System.
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larger deviations are observed at both lower and upper extremes, particularly beyond 35 $/h for cost rate and 38 % for exergy effi
ciency. The residual spread at these extremes suggests the presence of minor nonlinearity or potential outliers influencing the pre
dictions. Despite these variations, the majority of residuals remain within ±1.5 standard deviations, confirming that the predictive 
model effectively captures the general trend with only slight deviations at extreme values. These findings emphasize the robustness of 
ANN-GA optimization while identifying regions where further refinement may enhance predictive accuracy.

The multi-objective optimization conducted in this study effectively enhanced the solar farm’s performance by achieving an 
optimal balance between efficiency and cost-effectiveness. The results highlight that optimizing PV panel parameters, including ef
ficiency, dimensions, and the number of panels, significantly improves energy generation while ensuring economic feasibility. The AI- 
driven optimization approach successfully addressed the trade-offs between exergy efficiency and cost rate, ensuring that the final 
design met both technical performance and budgetary constraints. Statistical analyses, including Pareto front evaluation, probability 

Fig. 14. Normal probability plots of residuals for optimized multi-generation system.

Fig. 15. Detrended normal probability plots for objective functions in the optimized case.

E. Assareh et al.                                                                                                                                                                                                        Journal of Building Engineering 108 (2025) 112939 

19 



distribution analysis, and residual diagnostics, confirm the robustness and reliability of the optimization process. By minimizing 
deviations and aligning predictive models with observed data, the study validates the use of advanced optimization techniques for 
improving energy system performance. The findings emphasize the importance of integrating AI-driven optimization into solar- 
powered multi-generation systems, offering a practical, scalable, and sustainable solution for energy-efficient infrastructure in 
multi-functional environments.

4.2. Economic and environmental impact

This section indicates the economic and environmental impact of the optimal multi-generation system. Fig. 16 illustrates the total 
cost rate distribution for the proposed solar farm, breaking down the financial contribution of its key components: the solar array and 
the compression chiller unit. The analysis reveals that the solar array accounts for the dominant share of total costs, contributing 13.54 
$/h, representing over 94 % of the total operational expenditure. Financial cost calculations were based on a fixed average electricity 
price of 0.15 USD/kWh. The reduction in energy costs was determined by multiplying the total annual electricity savings by this fixed 
tariff rate, without incorporating variable pricing schemes. Net-billing systems, which apply variable energy prices based on time-of- 
use or surplus electricity export rates, were not included in this analysis. This cost is directly linked to the installation and maintenance 
of 120 PV panels, optimized for energy generation efficiency. In contrast, the compression chiller unit incurs a notably lower cost of 
0.892 $/h, contributing only 6 % to the total cost rate. The disproportionate cost distribution highlights the financial priority of PV 
optimization, as reducing panel-related expenses would have the most substantial impact on overall economic feasibility. These 
findings reinforce the need for strategic cost reduction in solar array deployment, ensuring that the system remains both energy- 
efficient and financially sustainable.

Fig. 17 illustrates the environmental benefits of the solar-powered multi-generation system, which significantly reduces CO2 
emissions and environmental costs while meeting the faculty’s energy demands. The system generates a total net output of 49,545.39 
MWh, offsetting emissions that would otherwise reach 10,113.38 tons of CO2 annually, as conventional power plants emit 0.204 tons 
of CO2 per MWh. This reduction translates into $242,721.1 in avoided environmental costs, based on a $24 per ton CO2 rate. Addi
tionally, the project supports green space expansion, providing an estimated 49 ha of environmental benefit. These results highlight the 
system’s dual impact in lowering pollution and promoting sustainability, reinforcing the importance of renewable energy solutions in 
large-scale applications. It is important to note that the CO2 emission analysis in this study focuses solely on operational emissions 
associated with heating, cooling, and electricity consumption. Emissions arising from the full life cycle of the building, including 
construction, material production, and end-of-life stages, were not included in this analysis.

4.3. Solar farm energy output, surplus utilization, and storage

The study examines the solar farm’s heating and cooling outputs, which vary with weather conditions and are directly linked to the 
operation of a compression chiller powered by solar-generated electricity. Fig. 18 illustrates the total monthly cooling, heating, and 

Fig. 16. Cost rate of optimized solar farm components.
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electricity generation, demonstrating seasonal variations in energy production. Cooling output increases significantly from winter to 
summer, peaking at 2378.89 MWh in June, aligning with the high cooling demand during extreme summer temperatures. Conversely, 
heating output follows an inverse trend, reaching 2227.44 MWh in July, as the chiller operates in heat recovery mode to repurpose 
waste heat. Total electricity generation peaks at 6057.53 MWh in June, following the same seasonal pattern. This dynamic balance 

Fig. 17. Environmental benefits of the optimized multi-generation system.

Fig. 18. Total monthly cooling, heating, and electricity generation by the optimized solar farm.
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ensures efficient system performance by matching cooling and heating production with available solar power. The integration of solar 
energy with the compression chiller optimizes energy utilization, enhances system efficiency, and reduces dependence on external 
energy sources, demonstrating a sustainable and self-sufficient multi-generation system designed to meet the energy demands of the 
case study building.

Fig. 19 illustrates the total monthly cooling demand, cooling generation, and stored cooling energy across the year, demonstrating 
the system’s ability to balance energy supply and demand. During the peak summer months of June and July, cooling generation 
reaches 1701.88 MWh and 1593.52 MWh, respectively, aligning with high cooling demand (983.92 MWh in June and 1169.70 MWh in 
July). Even during the highest cooling demand, a portion of the generated cooling energy is still stored, demonstrating the system’s 
resilience and capacity to maintain energy reserves despite increased consumption. The surplus cooling energy (717.95 MWh in June 
and 423.82 MWh in July) is efficiently stored, ensuring an uninterrupted cooling supply. Conversely, in winter (January and 
December), when cooling demand is minimal (13.00 MWh and 26.48 MWh, respectively), the system still generates cooling energy 
(647.96 MWh in January and 611.38 MWh in December), leading to surplus storage (634.96 MWh in January and 584.90 MWh in 
December). These findings demonstrate that the integration of cooling storage can significantly reduce reliance on external energy 
sources while maintaining thermal comfort. This highlights the feasibility of self-sustaining renewable energy solutions for climate- 
adaptive building operations.

Fig. 20 shows the total monthly heating demand, heating generation, and stored heating energy throughout the year. Heating 
demand remains minimal, peaking at 2.71 MWh in January and 2.27 MWh in December, while demand is zero from March to 
November due to the warm climate. Despite this, the system continues to generate heating energy, with the highest production in June 
(2378.89 MWh) and July (2227.44 MWh) when heat recovery processes are maximized. The significant surplus heating generation is 
stored during these months, ensuring efficient thermal energy utilization. This surplus storage plays a crucial role in maintaining a self- 
sufficient and energy-resilient system, as stored heat can be redirected for future use, reducing reliance on external heating sources.

Fig. 21 indicates the total monthly electricity demand, electricity generation, and stored electricity across the year, demonstrating 
the system’s ability to manage supply and demand effectively. Electricity demand, which includes lighting and other loads, follows a 
seasonal pattern, peaking at 1891.19 MWh in July and reaching its lowest level in January (838.32 MWh). Meanwhile, total electricity 
generation is significantly higher, with a peak output of 6057.53 MWh in June, ensuring a surplus that is stored for later use (4397.50 
MWh in June). Even during months of lower demand, such as January (838.32 MWh) and December (860.70 MWh), electricity 
generation remains high (2305.31 MWh and 2172.72 MWh, respectively), leading to substantial storage (1466.99 MWh in January 
and 1312.02 MWh in December). These results highlight the effectiveness of the solar-powered multi-generation system in ensuring 
energy resilience by balancing electricity production and consumption throughout the year. The ability to store surplus electricity 
further reduces dependency on external energy sources and enhances the reliability of renewable power integration.

Fig. 19. Monthly cooling demand, generation, and storage in the optimized case.
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Fig. 20. Monthly heating demand, generation, and storage in the optimized case.

Fig. 21. Monthly heating demand, generation, and storage in the optimized case.
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4.4. Comparison of the optimized system with the base case study

This section evaluates the performance improvements achieved through optimization by comparing the optimized solar-powered 
multi-generation system with the base case, which also incorporates a multi-generation system. The optimization efforts aimed to 
enhance energy production, efficiency, and sustainability while managing operational costs and environmental impact. Table 9 lists 
the key performance metrics for both the base case and optimized system, highlighting improvements in electricity production, heating 
and cooling output, exergy efficiency, operational costs, and environmental impact.

Table 9 indicates that the optimization process resulted in a substantial increase in total electricity production, rising by 224.52 %, 
demonstrating the system’s enhanced capacity to meet the university campus’s energy needs while generating a surplus of 34.28 GWh 
for potential grid export. This surplus energy not only strengthens the institution’s energy security but also presents opportunities for 
financial returns. Heating and cooling outputs have also significantly improved, with heating increasing from 5.5 MWh to 19,470 
MWh, a remarkable rise, while cooling output has increased by 120.16 %, from 6326.1 MWh to 13,927.7 MWh over a year. These 
results highlight the system’s ability to efficiently provide both thermal and electrical energy, ensuring year-round indoor comfort 
while reducing reliance on external energy sources. Despite this, a slight decline in exergy efficiency from 25.69 % to 23.44 % is 
observed, likely due to increased system complexity and energy throughput, which introduce additional inefficiencies. However, these 
trade-offs are outweighed by the significant improvements in overall energy performance, with the system now operating at a greater 
capacity and resilience. The operational cost has increased from $10.15/hour to $14.92/hour, reflecting the expanded scale and 
performance of the system. Nevertheless, the large surplus electricity generation can offset these costs by reducing dependence on grid 
electricity or by enabling energy sales, improving the system’s long-term economic feasibility.

The optimized solar-powered multi-generation system presents a scalable and sustainable solution for university campuses and 
other large-scale facilities. Its ability to generate and store surplus energy further strengthens both its economic and environmental 
benefits, making it a feasible model for cost-effective and energy-efficient campus management. The optimized system contributes to 
environmental sustainability by reducing CO2 emissions from 37.18 to 35.34 metric tons/year for the three-story faculty building. 
While the reduction is modest, the increased reliance on renewable energy sources ensures long-term carbon footprint mitigation. The 
LCC ($) has increased slightly from 224,315.6 to 239,571.3, a reasonable trade-off considering the enhanced energy production and 
cost savings from reduced grid dependency. Moreover, the optimized system’s potential for surplus energy utilization enhances its 
long-term financial viability, reinforcing its role as a practical pathway toward energy resilience and sustainability in university 
campuses.

4.5. Scalability and system flexibility

The optimized solar-powered multi-generation system exhibits significant scalability, making it suitable for various building ty
pologies, including university campuses, commercial complexes, and residential communities. The methodology incorporates 
demand-side and supply-side optimization, ensuring adaptability to different energy consumption patterns. The modular approach in 
energy demand optimization, which includes material selection, climatic data analysis, and energy load calculation, allows flexible 
adjustments based on specific site conditions, occupancy levels, and thermal properties. The use of BEopt software enables iterative 
refinement of design parameters to suit varying climatic conditions and energy efficiency goals, while EES ensures thermodynamic 
efficiency across different scales. Importantly, the ANN-GA optimization framework is inherently adaptable to buildings with diverse 
thermal characteristics, such as varying heat capacities, and to a wide range of climatic conditions. By retraining the neural network 
with site-specific climate data, material properties, and occupancy patterns, the system can be fine-tuned for different operational 
scenarios. This adaptability ensures that the proposed energy management strategy is not restricted to hot climates but can be extended 
effectively to temperate, cold, or mixed climates, supporting its broader application in diverse built environments.

The developed ANN-GA optimization framework exhibits a wide scope of applicability. Provided that the model is retrained using 
appropriate site-specific climatic data and building operational parameters, it can be effectively applied not only in hot semi-arid 
regions but also in moderate and colder climates. This adaptability enables the optimization of building energy performance across 
a broad spectrum of environmental conditions, ensuring the system’s relevance for diverse geographic contexts.

Beyond scalability, the system offers high operational flexibility through AI-based optimization using ANN and GA. The ANN model 
allows the system to dynamically adjust its operation based on real-time energy demands. The GA refines these predictions by opti
mizing multiple objectives, including efficiency, cost, and emission reductions. This adaptive framework enables automatic 

Table 9 
Comparison of energy and cost performance in base and optimized multi-generation system.

Parameter Unit Base Case Optimized Case

Cooling Output GWh/Year 6326.1 13.93
Heating Output GWh/Year 5.5 19.47
Total Electricity Production GWh/Year 15,267.5 49.55
Surplus Electricity GWh/Year 4.56 34.28
Exergy Efficiency % 25.69 23.44
Operational Cost $/hour 10.15 14.92
CO2 Emissions Metric tons/yr 37.18 35.34
LCC $ 224,315.6 239,571.3
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reconfiguration of energy generation and distribution, ensuring optimal performance under varying weather conditions, load de
mands, and operational constraints. These capabilities establish the proposed system as a resilient, scalable, and future-ready solution 
for achieving energy efficiency and sustainability in diverse built environments.

4.6. Performance benchmarking against existing systems

This section compares the performance of the optimized solar-powered multi-generation system developed in this study with 
previous works employing various renewable energy-based optimization approaches. Table 10 lists different optimized multi- 
generation systems, their respective optimization methods, and key performance metrics.

Table 10 indicates that the proposed system achieves a significantly higher cooling energy compared to almost all benchmarked 
multi-generation studies, except for offshore renewable systems, which generate substantial cooling energy due to large-scale inte
gration [85]. The proposed system also demonstrates an improved heating output, surpassing all the other systems. The optimized 
system power output (49,545.4 MWh) is also one of the highest among comparable systems, indicating the system’s capability to 
support extensive energy demands in a university campus setting. The only systems with greater outputs are the solar-driven mul
ti-generation system with an absorption chiller [81] and the offshore renewable system [85], both of which benefit from large-scale 
integration or alternative energy sources. Despite its high energy generation, the proposed system maintains a competitive exergy 
efficiency (35.34 %), which is lower than the intelligent solar cogeneration system (44.9 %) [51] but closely aligned with 
high-performance systems such as the hybrid geothermal-solar multi-generation model (37 %) [80] and the solar-driven absorption 
chiller system (35.30 %) [81]. These findings highlight the effectiveness of the optimization approach in enhancing system perfor
mance while balancing energy efficiency and scalability.

5. Limitations and future work

This study assumes steady-state conditions, which exclude transient variations in weather, occupancy patterns, and energy de
mand, potentially limiting real-world applicability. Dust accumulation on PV panels, a factor affecting efficiency, particularly in arid 
and polluted environments, was not considered. Constant convective heat transfer coefficients were also applied, without accounting 
for wind-induced variations in ambient conditions. The exclusion of radiation exchange at the back of the PV panels assumes minimal 
heat loss, potentially leading to an underestimation of thermal inefficiencies. The model treated energy transfer as a quasi-steady-state 
process, which meant it didn’t fully account for the system’s dynamic behavior of energy storage systems that influence peak demand 
management and night-time operation. On the economic side, financial cost calculations were based on a fixed average electricity 
price, without considering dynamic pricing mechanisms such as net-billing tariffs. Furthermore, the environmental assessment focused 
only on operational emissions, without including embodied carbon emissions associated with the building’s full life cycle.

To address these limitations, future studies should integrate transient thermal modeling using TRNSYS or EnergyPlus to capture 
real-time system behavior and improve accuracy. Dust accumulation effects could be addressed through the development of self- 
cleaning PV surfaces or predictive maintenance strategies. Incorporating adaptive convective heat transfer models would improve 

Table 10 
Comparison of the optimized system with previous studies.

Ref System Description Optimization Method Cooling (MWh) Heating (MWh) Electricity 
(MWh)

Exergy 
Efficiency 
(%)

Current 
Study

Optimized solar-powered multi- 
generation

ANN and GA 13,927.7 19,470 49,545.4 35.34

[80] Hybrid geothermal-solar multi- 
generation

Data-driven 
optimization

113.03 – 276.72 37

[81] Solar-driven multi-generation with 
absorption chiller

NSGA-II multi- 
objective optimization

– 9.628 254,744 35.30

[82] Integrated geothermal ORC-based 
with electrolysis & desalination

ANN and GA 67.02 (converted 
from 7.65 MW)

– 14,730 (MW 
converted to 
MWh)

29.69

[83] Solar-integrated co-generation BEopt-based 
optimization

215.3 500 210 25.1

[84] Solar thermal-powered refrigeration Multi-objective 
optimization

473.04 
(converted from 
54 kWh)

– 175.2 (converted 
from 20 kWh)

8.7

[55] Solar-powered multi-generation Multi-objective 
optimization (BEopt & 
EES)

183.37 467.95 166.16 25.18

[85] Multi-energy complementary 
offshore renewable with hydrogen- 
ammonia co-generation

Economic analysis & 
system optimization

546,810 – 33,090 29.10

[51] Intelligent solar cogeneration Tri-objective 
optimization (ML & 
GA)

8.85 (converted 
from 1.01 kWh)

11.99 (converted 
from 1.37 kWh)

– 44.9
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the accuracy of thermal performance predictions by accounting for wind variations. Enhancing the optimization framework with 
dynamic weather and operational data would further increase system responsiveness and reliability. In terms of economic modeling, 
future research should consider dynamic electricity pricing models, including time-of-use rates and net-billing mechanisms, to better 
reflect real-world financial performance. Finally, adopting a full LCC assessment approach is recommended to capture embodied 
carbon emissions, providing a more comprehensive evaluation of the environmental impact of the proposed energy system.

6. Conclusion

To address the high energy demands and environmental challenges of university buildings, this study developed and optimized a 
solar-powered multi-generation system using Artificial Neural Networks and Genetic Algorithms for enhanced efficiency and cost- 
effectiveness. The findings demonstrate that AI-driven optimization can significantly improve energy performance while balancing 
operational costs and sustainability. Key findings include: 

• The optimized system produces 49.55 GWh of electricity annually, far exceeding the university’s energy demand. This surplus can 
reduce dependence on external energy sources, improve grid integration strategies, and provide financial opportunities for surplus 
energy utilization.

• By increasing heating output from 5.5 MWh to 19.47 GWh and cooling output from 6326.1 MWh to 13.93 GWh, the system ensures 
a stable and efficient energy supply for year-round thermal comfort. This highlights the role of multi-generation systems in 
improving building energy resilience while reducing peak load reliance on conventional heating and cooling methods.

• Although exergy efficiency decreased from 25.69 % to 23.44 % compared to the base case, this trade-off reflects the increased 
energy throughput and expanded system scale. This highlights the need for adaptive control strategies in future systems to 
maximize efficiency while maintaining high energy output.

• While operational costs increased from $10.15 $/h to 14.92 $/h due to higher system capacity, the substantial surplus electricity 
offsets expenses, improving the long-term financial viability of the system. CO2 emissions were also reduced from 37.18 to 35.34 
metric tons/year, demonstrating the environmental benefits in institutional settings.

• This study is among the first to integrate an approach combining building energy simulation, thermodynamic validation, and multi- 
objective optimization using AI in a unified framework for campus-scale multi-generation systems in extreme climates, addressing 
both operational performance and economic viability.

• High correlation coefficients (r = 0.97957 for cost rate and r = 0.99731 for exergy efficiency) indicate excellent agreement between 
predicted and actual values, confirming the accuracy of the ANN-GA optimization framework. Residual analysis showed that most 
prediction errors were small and normally distributed, while empirical validation against published solar data further confirmed 
the reliability and generalizability of the model.

Overall, this research shows that AI-driven multi-generation systems can be adapted for larger-scale use, from industrial settings to 
district-wide energy networks. Future research should focus on integrating real-time weather data, dynamic energy forecasting, and 
hybrid renewable solutions to enhance system resilience, adaptability, and economic feasibility in complex energy infrastructures.
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