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Abstract: The increasing global demand for energy-efficient cooling systems, combined with the
need to reduce greenhouse gas emissions, has led to growing interest in using low-GWP (global
warming potential) refrigerants. This study conducts a multi-objective optimization of a small-
scale organic Rankine cycle-vapor compression cycle (ORC-VCC) system, utilizing refrigerants
R1233zd, R1244yd, and R1336mzz, both individually and in combination within ORC and VCC
systems. The optimization was performed for nine distinct cases, with the goals of maximizing the
coefficient of performance (COP), maximizing cooling power, and minimizing the pressure ratio in
the compressor to enhance efficiency, cooling capacity, and mechanical reliability. The optimization
employed the Non-dominated Sorting Genetic Algorithm III (NSGA-III), a robust multi-objective
optimization technique that is well-suited for exploring complex, non-linear solution spaces. This
approach effectively navigated trade-offs between competing objectives and identified optimal system
configurations. Using this multi-objective approach, the system achieved a COP of 0.57, a pressure
ratio around 3, and a cooling capacity exceeding 33 kW under the specified boundary conditions,
leading to improved mechanical reliability, system simplicity, and longevity. Additionally, the system
was optimized for operation with a cooling water temperature of 25 °C, reflecting realistic conditions
for contemporary cooling applications.

Keywords: waste heat; multi-objective optimization; organic Rankine cycle; vapor compression cycle;
Non-dominated Sorting Genetic Algorithm III

1. Introduction

The global energy sector is currently confronted with a complex and urgent challenge
that intersects with the domains of climate change, energy efficiency, and human comfort.
Figure 1 depicts the global temperature anomalies from 1880 to 2023, with a comparative
analysis to the 1951-1980 average [1]. The data demonstrate a notable increase in global
temperatures, with the past nine years exhibiting the highest recorded levels. In particular,
the temperature anomaly in 2023 reached 1.17 °C above the average reference period,
indicating an accelerated increase in global temperatures, particularly after the 1980s. This
upward trajectory reflects a growing divergence from the historical norm, with temper-
atures consistently rising over the past few decades. As a consequence of the warming
climate, there is an anticipated surge in the demand for cooling, which will result in a
significant increase in the number of air conditioning units in use worldwide. Higher
ambient temperatures are directly associated with an increased use of air conditioning
systems to maintain comfortable indoor environments, which will contribute to rising
energy consumption. This trend suggests that without the implementation of effective
mitigation strategies, there will be a compounding effect of increased greenhouse gas
(GHG) emissions due to the additional energy required for cooling, which will further
exacerbate the climate crisis.
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Figure 1. Global temperature anomalies (°C compared to the 1951-1980 average).

As the global population continues to grow and urbanization accelerates, the de-
mand for cooling is dramatically increasing, particularly in developing countries with
high-temperature climates [2,3]. The International Energy Agency (IEA) projects that the
global demand for space cooling will triple by 2050. This surge in cooling needs coincides
with an urgent imperative to curtail greenhouse gas emissions. The prevailing cooling
systems, which dominate the market, present a dual challenge in this context. Firstly, these
systems rely heavily on hydrofluorocarbon (HFC) refrigerants, which have global warming
potentials (GWP) that are hundreds to thousands of times greater than that of CO, [4]. It is
anticipated that global emissions of fluorinated greenhouse gases (F-gases) will increase
fivefold between 2005 and 2050 (from 0.7 PgCO; eq. in 2005 to 3.7 PgCO; eq. in 2050) [5].
Secondly, these systems are substantial consumers of electricity, with a tendency to account
for upward of fifty percent of peak electricity demand in climates characterized by higher
temperatures [6]. Such electricity consumption not only places additional strain on power
grids but also indirectly contributes to greenhouse gas emissions in regions where fossil
fuels remain a significant component of the energy mix [7,8]. Moreover, the efficiency of
these conventional systems tends to decline as ambient temperatures increase, creating
a vicious cycle where elevated temperatures lead to augmented energy consumption for
cooling, which in turn contributes to further warming [9]. This multifaceted challenge ne-
cessitates the development of innovative cooling solutions that can simultaneously address
energy efficiency, environmental sustainability, and performance in a warming climate.

In the response to these challenges, integration of the organic Rankine cycle (ORC) and
the vapor compression cycle (VCC) offers a promising advancement in the field of energy
conversion and refrigeration technology. The ORC is renowned for its ability to recover
and convert low-grade waste heat into useful work [10-12], while the VCC is widely used
in refrigeration and air conditioning systems [13-15]. The integrated ORC-VCC system
capitalizes on the strengths of both cycles, enhancing energy efficiency and enabling sub-
stantial waste heat recovery [16]. This pioneering system is especially commendable in that
it unites the turbine and compressor stages on a single shaft, obviating the necessity for
supplementary mechanical and electrical components such as couplings and generators.
Consequently, the system is optimized and simplified, which may result in reduced opera-
tional and maintenance costs. Over the past decade, a substantial body of research has been
conducted on the analysis of different ORC-VCC systems [17-19]. Numerous studies have
explored various aspects of ORC-VCC systems, including thermodynamic modeling [20],
economic feasibility [21], and the selection of working fluids [22]. These endeavors are
driven by the need to improve efficiency and optimize waste heat utilization, particularly
in small-scale applications where energy recovery can result in considerable cost savings
and environmental benefits [22,23]. Recent experimental studies have provided significant
insights into the performance of ORC-VCC systems. In article [24], the authors focused
on the off-design performance of an ORC-VCC system using the low-GWP refrigerant
R1234ze(E). Their experiments demonstrated that the system’s coefficient of performance
(COP) improved from 0.558 at a condenser heat rejection temperature of 30 °C to 0.682
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at 16.6 °C. Additionally, it was observed that higher driving heat source temperatures
enhanced the COP of the ORC, though this also led to a decrease in compressor efficiency.
Another important experimental validation [25] highlighted that the integration of ORC
and VCC in a 264 kWth system achieved a baseline COP of 0.56 with a condenser heat
rejection temperature at 30 °C. The next-generation low-GWP working fluid R1234ze(E)
was used. The study also noted that system performance can be significantly affected by
variations in external conditions such as condenser and evaporator temperatures, which
are critical for real-world applications. Similarly, in work [26], the authors conducted exper-
iments on a thermo-mechanical refrigeration system utilizing ultra-low-temperature waste
heat. Their results showed that system efficiency improved at higher heat source tempera-
tures, with optimal performance achieved at specific conditions. The study emphasized
the importance of selecting appropriate operating parameters to enhance the efficiency
of ORC-VCC systems in practical applications. One of the critical factors influencing the
performance of ORC-VCC systems is the choice of refrigerants. Traditional refrigerants,
while effective, often have high GWDP, posing environmental risks; consequently, there is a
growing interest in adopting low-GWP refrigerants to reduce the environmental impact of
these systems. This shift is essential for aligning energy recovery and cooling technologies
with global sustainability goals [27].

The transition toward low-GWP refrigerants, driven by scientific evidence, regulatory
measures, and market demand, signals the advent of a fourth generation of refrigerants
with the objective of reducing their environmental impact [28,29]. Since approximately
2010, refrigerants with a GWP below 150 have been given priority, in addition to require-
ments for safety, compatibility, and efficiency. It is crucial to maintain high efficiency to
ensure that any potential gains in GWP reduction are not offset by increased greenhouse
gas emissions when efficiency is reduced. The objective of this research is to perform a
multi-objective optimization of a small-scale ORC-VCC system, with a specific focus on
integrating low-GWP refrigerants. A key advancement in this study is the introduction of
greater flexibility in the system design. In previous studies [30], the pressure at the turbine
outlet was restricted to match the compressor inlet pressure; however, this constraint has
been removed, allowing for the independent optimization of these pressures. This change is
crucial for improving the system’s overall performance as it enables more precise tuning for
efficiency and cost-effectiveness. Moreover, this study adopts a more realistic assumption
for the condenser inlet temperature, setting it at 25 °C. This adjustment better represents
the conditions expected in a warming climate and in cooling applications. By considering
a higher inlet temperature, the model more accurately reflects the operational challenges
posed by climate change, leading to a more effective and comprehensive optimization
process. These enhancements—the decoupling of pressure constraints and the updated
temperature assumption—are essential for optimizing the system’s performance in contem-
porary cooling scenarios. Furthermore, there is a notable absence in the extant literature
regarding the optimization of ORC-VCC system parameters, particularly with regard to the
exploration of multiple degrees of freedom and the testing of various objective functions.
The majority of studies have concentrated on a limited number of parameters, frequently
neglecting the intricate interactions between the various components of the system. This
research addresses these shortcomings by employing a comprehensive multi-objective
optimization approach [31,32], incorporating multiple degrees of freedom and evaluating
a range of objective functions. This study examines the potential advantages of utilizing
both single- and dual-fluid configurations within the ORC-VCC system. In the single-fluid
approach, the same working fluid is employed in both the ORC and VCC stages, which
streamlines the system but may constrain optimization potential due to uniform thermody-
namic properties. In contrast, the dual-fluid approach involves the use of distinct fluids
in the ORC and VCC cycles, enabling the selection of optimal thermophysical properties
tailored to each stage.
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2. ORC-VCC Model Optimization Methodology
2.1. System Description and Parameters

The schematic of the thermodynamic cycle of the ORC-VCC system is depicted in
Figure 2 and the T-s diagram in Figure 3. The system consists of an ORC with a regenerator
subsystem and a VCC subsystem. In the course of the analyses, the potential benefits of
employing both single- and dual-working-fluid approaches were explored. The former was
to be utilized in an organic Rankine cycle (ORC), while the latter was to be employed in a
vapor cycle combustion (VCC) system. The assumptions related to the system are detailed
in Table 1. The efficiencies of the machines were selected with a significant safety margin.
The internal efficiencies of both the compressor and turbine were conservatively set at 80%.
The assumed values are lower than those typically reported in the recent literature for
similar low-power turbomachinery.
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Figure 2. Schematic diagram of the ORC-VCC without electricity generation [30].
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Table 1. Efficiency and thermodynamic assumptions of the ORC-VCC system.
Parameter Symbol Unit Value

Chilled water temperature (cold side) T °C 8
Chilled water temperature (hot side) Ty7 °C 12
Cooling water temperature (cold side) T7, T15 °C 25
Heat source mass flow mg kg/s 1
Heat source temperature (hot side) Ty °C 90
Compressor efficiency (VCC) e - 80% [33,34]
Pump efficiency (ORC) Mp - 50% [35]
Turbine efficiency (ORC) Mt - 80% [36,37]

2.2. Optimization Procedure and Algorithm

The optimization methodology for this study integrates advanced multi-objective
optimization techniques using the pymoo library [38], a versatile Python 3.10.2 framework
for multi-objective optimization, alongside a custom-developed code to accurately model
and evaluate the performance of a small-scale ORC-VCC system. This combined approach
enables the precise and efficient exploration of the solution space, addressing the complexity
of the system’s design parameters and objectives.

The ORC-VCC system is modeled using a custom code developed specifically for this
study. This code simulates the thermodynamic behavior of the system, allowing for the
evaluation of key performance indicators. The problem is formulated with 13 decision
variables that directly influence the system’s behavior, each bounded within specified limits
(lower bounds of 0.1 to 50 and upper bounds of 10 to 85). The decision variables and their
boundaries are showed in Table 2. These variables capture the essential parameters that
affect the system’s overall performance.

Table 2. Decision variables and their boundaries for the ORC-VCC system optimization.

Arg. Parameter Symbol Unit Lower Bounds Upper Bounds
X1 Evaporator pinch temperature difference (VCC) ATyee_ev K 3 10
Xo Degree of superheating in evaporator (VCC) ATyee_sup K 3 10
X3 Degree of subcooling in condenser (VCC) ATye sub K 3 10
X4 Regenerator pinch temperature difference (ORC) ATorc_reg K 3 15
X5 Degree of superheating in evaporator (ORC) ATorc_sup K 3 15
Xg Degree of subcooling in condenser (ORC) AT sub K 7 15
Xy Evaporator pinch temperature difference (ORC) ATorc_ev K 3 10
Xg Condenser pinch temperature difference (ORC) ATorc_con K 3 10
X9 Saturation temperature in evaporator (ORC) Tisv °C 50 85
X10 Saturation temperature in condenser (ORC) Tysv °C 25 55
X11 Chilled water mass flow rate (VCC) mig kg/s 0.1 5
X12 Pressure on the inlet of the compressor (VCC) P12 bar 0.1 10
X13 Condenser pinch temperature difference (VCC) ATvyee_con K 3 10

The optimization process targets three primary objectives:

e  Objective Function 1: maximizing the coefficient of performance (COP), a critical
measure of the system’s efficiency in converting energy input into cooling output;

chcfevaporator

f; = COP = 1)

Qorc_evaporator

e  Objective Function 2: maximizing the cooling power, ensuring that the system can
deliver the highest possible cooling capacity;

f2 = chc_evaporator (2)
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e  Objective Function 3: minimizing the pressure ratio in the compressor, which is
crucial for reducing mechanical strain, size, and enhancing the system’s reliability, cost
savings, and longevity.

[ =1 ®)
P11

The optimization tasks are executed using the pymoo library, which is specifically
chosen for its powerful capabilities in handling multi-objective optimization problems.
Pymoo supports a range of evolutionary algorithms, including the Non-dominated Sorting
Genetic Algorithm III (NSGA-III) [39,40] used in this study. The NSGA-III algorithm
is an effective method for solving many-objective optimization problems, comprising
a series of interconnected steps. The algorithm commences with the generation of a
randomly populated initial set of solutions, within defined variable bounds, and the
creation of a set of pre-defined reference points in the objective space, which serve to
guide the search process in a uniform manner. Subsequently, the algorithm performs
non-dominated sorting, categorizing solutions into levels or “fronts” based on Pareto
dominance. The initial front represents the optimal trade-offs among objectives. Each
solution is associated with its nearest reference point by calculating the perpendicular
distance in the objective space, thereby maintaining diversity by ensuring that solutions are
distributed across different regions. The next generation is formed through environmental
selection, whereby solutions are selected from the sorted fronts. In the event that the
population size is exceeded, solutions that are closer to underrepresented reference points
are given preference in order to prevent premature convergence. Genetic operators, such
as crossover and mutation, are employed to introduce variability and explore new areas
within the search space. The algorithm then iterates these steps, namely sorting, association,
selection, and variation, until a termination condition is met. This may be, for example,
the attainment of a pre-defined maximum number of generations or the satisfaction of a
convergence criterion. Through this systematic approach, NSGA-III is able to effectively
discover a diverse set of optimal solutions, thoroughly exploring the trade-offs between
objectives in complex optimization tasks [41,42]. The optimization algorithm has been
successfully applied in various engineering fields [43-45], including combustion chamber
geometry optimization [46], the optimization of proton exchange membrane fuel cell
(PEMFC)-ORC combined heat and power systems [47], and the optimization aimed at
reducing emissions and fuel consumption in high-pressure common-rail diesel engines [48].
These diverse applications demonstrate the algorithm’s versatility and effectiveness in
addressing complex, multi-objective engineering challenges.

The optimization process is initialized by defining the problem through the class,
where the custom code for ORC-VCC system calculations is embedded within the eval-
uation function. This function is called during each iteration of the optimization to as-
sess the performance of each candidate solution according to the three objectives. This
study systematically examines nine cases, each defined by a different combination of
low-GWP refrigerants:

ai: R1233zd (ORC and VCC);

ap: R1244yd (ORC and VCC);

az: R1336mzz (ORC and VCC);

as: R1233zd (ORC), R1244yd (VCC);

as: R1233zd (ORC), R1336mzz (VCC);

ag: R1244yd (ORC), R1233zd (VCC);

ay: R1244yd (ORC), R1336mzz (VCC);

ag: R1336mzz (ORC), R1233zd (VCC);

ag: R1336mzz (ORC), R1244yd (VCC).

These cases are designed to explore the performance impacts of different refrigerant

combinations on the system’s objectives. Each case is optimized separately, providing a
comprehensive comparison across different fluid pairings.
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For each case, the NSGA-III algorithm within pymoo is configured with a population
size of 100. The algorithm uses reference directions generated by the Das—Dennis method,
ensuring a well-distributed search across the three-dimensional objective space. The
optimization runs for 100 generations, during which the population is refined to converge
on a set of non-dominated solutions that offer the best trade-offs between maximizing the
COP, maximizing cooling power, and minimizing the compressor’s pressure ratio.

The combination of the pymoo library with custom ORC-VCC system modeling
provides a powerful and flexible framework for this study. Pymoo’s capabilities in handling
multi-objective problems make it an ideal choice, particularly given the complex, non-
linear relationships between the decision variables and the objectives. The custom code
ensures that the thermodynamic and operational characteristics of the ORC-VCC system
are accurately captured, allowing for precise evaluations of each candidate solution.

This integrated approach allows for a thorough exploration of the design space, leading
to the identification of refrigerant combinations and system configurations that optimize the
critical objectives. The findings are expected to provide valuable insights for the design and
operational strategies of ORC-VCC systems in energy recovery and cooling applications.

3. Results and Discussion

The multi-objective optimization process yielded 90,000 outputs across nine indepen-
dent optimization runs, with 13 decision variables and an objective function comprising
three components. Following data cleansing, 48,642 results were deemed suitable for fur-
ther analysis, with 29 key variables retained for detailed examination. These optimization
runs explored various system configurations and parameter settings, yielding valuable
insights into the system’s behavior and performance under diverse conditions. This process
facilitated the identification of optimal solutions for the ORC-VCC system.

Figure 4 shows the distribution of the 13 decision variables (x; to x13) obtained from
the optimization of the ORC-VCC system. This system was modeled using a custom-
developed code specifically designed to simulate thermodynamic behavior and evaluate
key performance indicators. The optimization process was performed using NSGA-III,
which is well-suited for multi-objective optimization tasks and allows for effective explo-
ration of the decision space to find a set of optimal solutions across competing objectives.
Each decision variable plays a critical role in influencing the system’s behavior, and its
ranges are constrained by specified lower and upper bounds of the optimization process.
The box plot shows the distribution of each decision variable after standardization, provid-
ing a clear representation of its behavior relative to the optimization bounds. The boxes
represent the interquartile range (IQR) for each variable, encapsulating the middle 50%
of the data, while the central line within each box marks the median, providing insight
into the central tendency of the variables. The whiskers indicate the variability outside the
IQR and individual points beyond the whiskers are considered outliers, highlighting the
occurrence of extreme values. The optimization bounds are indicated by different markers:
the lower bounds are represented by white squares with black outlines, while the upper
bounds are marked by white triangles with black outlines. These markers illustrate the
limits within which each variable was allowed to vary during the optimization process. For
several variables, such as x; through x4, the bounds are positioned close to the observed
distribution, indicating that these decision variables were tightly controlled, whereas for
variables such as x9 and xjg, the upper bounds are positioned significantly away from
the median, indicating that greater flexibility was allowed during the optimization. This
indicates that these variables had a wider feasible space to explore in the search for optimal
configurations. The presence of a significant number of outliers for variables such as xs,
X9, X190, and xp; reflects the presence of extreme values identified during the optimization,
possibly corresponding to specific scenarios where these configurations offered distinct
performance advantages. In contrast, other variables, such as xy, Xp, and x3, exhibit less
variability and fewer outliers, suggesting that the optimal values for these variables were
more consistently located within a narrow range.
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Figure 4. The distribution of decision variables in the optimization runs.

A consistent trend is observed in Figures 5-13, whereby the highest (COP) values
are achieved at the lowest feasible compressor pressure ratios. This observation reflects
the inverse relationship between temperature lift and the COP in refrigeration systems.
The temperature lift, defined as the difference between the condenser and evaporator
temperatures, is primarily determined by the operating pressures of the VCC system. Lower
compressor pressure ratios result in a smaller temperature lift, which means the compressor
requires less work to transfer heat from the evaporator to the condenser. Consequently,
the system operates more efficiently, leading to higher COP values. Figures 5-7 illustrate
the relationship between the coefficient of performance, the pressure ratio, and the cooling
capacity for different refrigerants in an ORC-VCC configuration, specifically for R1233zd,
R1244yd, and R1336mzz. All figures show a similar trend, where higher COP values are
predominantly found at lower pressure ratios, which also corresponds to a relatively high
cooling capacity range. For R1233zd (Figure 5), the COP peaks at around 0.5 when the
pressure ratio is between 3 and 6, and the corresponding cooling capacity reaches up to
30 kW. Similarly, for R1244yd (Figure 6), the maximum COP is around 0.4, occurring at
pressure ratios between 3 and 5, with a cooling capacity of around 30 kW. The trend for
R1336mzz (Figure 7) follows a similar pattern, with a maximum COP of about 0.5 achieved
at pressure ratios between 4 and 6, while the cooling capacity reaches up to 35 kW. All three
fluids show a decrease in the COP as the pressure ratio increases beyond 6, suggesting
that the performance of these systems is optimal at moderate pressure ratios. It is evident
that although each working fluid exhibits different behavior, the cooling capacity and COP
decrease at higher pressure ratios, indicating a trade-off between system efficiency and
working fluid selection. In addition, the distribution of data points shows that R1336mzz
has a wider operating range with the highest cooling capacity recorded among the three
fluids. This suggests that R1336mzz may be more suitable for applications requiring higher
cooling capacities, while R1233zd and R1244yd may be advantageous in scenarios where
efficiency is prioritized at lower pressure ratios.
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Figures 8-13 demonstrate the relationship between the COP, pressure ratio, and cooling
capacity for a dual-fluid approach using different fluids in the ORC-VCC. The analysis
explores the impact of combining different fluids—one in the ORC cycle and the other in
the VCC cycle—to optimize system performance for power and refrigeration generation.
Figure 8 represents the combination of R1233zd in the ORC cycle and R1244yd in the VCC
cycle. The maximum COP achieved is around 0.57 at a pressure ratio between 3 and 4, while
the cooling capacity reaches up to 41 kW. This combination shows optimal performance at
lower pressure ratios, with both COP and cooling capacity decreasing significantly beyond
a pressure ratio of 6.

Figure 9 examines the use of R1233zd in the ORC and R1336mzz in the VCC cycle.
The COP peaks at approximately 0.54, again at low pressure ratios (around 3.8-4). The
maximum cooling capacity for this configuration is also around 41 kW. Compared to the
combination in Figure 9, the operational range is slightly broader but the trends in terms of
efficiency and cooling capacity are consistent.

Figure 10 shows the performance of R1244yd in the ORC cycle combined with R1233zd
in the VCC cycle. This pairing shows the highest cooling capacity of the combinations
analyzed, reaching up to 45.16 kW with a peak COP of 0.54 at pressure ratios between
3 and 3.8. This combination could be advantageous for applications where maximizing
cooling capacity is critical.

Figure 11 illustrates the combination of R1244yd in the ORC cycle and R1336mzz in the
VCC cycle. The peak COP for this configuration is about 0.51 at pressure ratios between 3.5
and 4 and the cooling capacity reaches a maximum of about 35.44 kW. Efficiency decreases
above a pressure ratio of 8, indicating that this pair, like the other combinations, works best
at moderate pressure ratios.

Figure 12 explores the use of R1336mzz in the ORC cycle and R1233zd in the VCC
cycle. The maximum COP achieved is around 0.56 at low pressure ratios (3-3.5), while the
cooling capacity is around 39.45 kW. This combination, while still efficient at lower pressure
ratios, shows a lower overall performance in terms of cooling capacity compared to other
combinations, indicating that it may be less suitable for high-power cooling applications.

Figure 13 shows the performance of the combination of R1336mzz in the ORC cycle
and R1244yd in the VCC cycle. The maximum COP is approximately 0.50, with a cooling
capacity of up to 34 kW. This is the lowest cooling capacity observed among the combi-
nations analyzed, suggesting that this pair may be more appropriate in scenarios where
efficiency is prioritized over cooling capacity.

Table 3 irrefutably demonstrates that the dual-fluid approach outperforms the single-
fluid approach in all key parameters, including the pressure ratio, COP, and cooling capacity.
This distinction is particularly evident when comparing cases a;—a3, which employ a single-
fluid approach, with cases az—ag, which utilize a dual-fluid approach. The minimum
pressure ratio observed for the dual-fluid approach (cases as—ay) is 2.97, as seen in case
ag. In contrast, the minimum pressure ratio for the single-fluid approach (cases a;—a3) is
3.25, as observed in case ay. A lower pressure ratio is indicative of a more straightforward
turbocompressor configuration. Lower pressure ratios can reduce the design complexity,
minimize material stress, and potentially lower manufacturing and operational costs. In
dual-fluid cases, the maximum COP is 0.57, which is achieved in case as. In comparison,
the maximum COP for the single-fluid approach is 0.51, as observed in case a3. The higher
coefficient of performance observed in the dual-fluid configuration indicates an overall
improvement in system energy efficiency, suggesting that the dual-fluid approach is more
effective in converting energy inputs into useful cooling. The maximum cooling capacity
for the dual-fluid approach is markedly greater than that of the single-fluid approach,
at 45.16 kW (case ag) compared to 37.94 kW (case a3). This indicates that the dual-fluid
configuration is capable of delivering a significantly higher cooling output, rendering it a
more suitable option for applications requiring high cooling loads. The ORC turbine power
output ranges from 4.93 kW to 6.73 kW, indicating varying levels of energy recovery across
different conditions. This power generation is solely dedicated to covering the energy
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consumption of the compressor. In contrast, the ORC feed pump power consumption
varies between 0.12 kW and 0.25 kW, demonstrating a relatively low energy demand in
comparison to the turbine output. The efficiency of the ORC system exhibits a range of 5.97%
to 8.52%, demonstrating a lack of proportional growth in tandem with the system’s COP.

Table 3. Comparison of best results for specific cases.

Parameter Pressure COP [-] CC:;;lc?tgy ORC Oll{’grflied ORC Case
Ratio [-] (kW] Turbine [kW] (kW] Efficiency [%]

Minimum pressure ratio 2.97 0.41 32.93 4.93 0.12 5.97 ag
(all cases)
Maximum COP (all cases) 3.03 0.57 33.67 5.02 0.18 8.16 ay
Maximum cooling 3.10 0.45 45.16 6.73 0.25 6.43 ag
capacity (all cases)
Minimum pressure ratio 3.25 0.42 29.56 5.10 0.20 6.98 a
(1-3 cases)
Maximum COP (1-3 4.05 0.51 29.51 5.03 0.13 8.52 as
cases)
Maximum cooling 412 0.44 37.94 6.52 0.15 7.49 as

capacity (1-3 cases)

In a related finding [49], the ORC-FTVIC-D (Flash Tank Vapor Injection Cycle) system,
operating with a heat source temperature of 100 °C (90 °C in the present analysis), yielded
a COP below 0.3 with the working fluids R1270 (ORC) and R152a (VCC). An increase
in the heat source temperature to 150 °C resulted in a notable improvement in the COP,
reaching a value of up to 0.55. In contrast, Grauberger et al. [25] reported a COP of 0.65
for a single-fluid system (R1234ze(E)) with a heat source temperature of 91 °C. The main
differences between the presented system and those available in the literature are the
configuration of the system (which includes a shared economizer) and the power output,
which is tenfold higher in the referenced study.

Pareto frontiers for both single-fluid and dual-fluid approaches, focusing on the rela-
tionships between the COP, cooling capacity, and pressure ratio, are shown in Figures 14-16.
These figures are critical for identifying optimal trade-offs between system efficiency (COP)
and performance metrics such as cooling capacity and pressure ratio.
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Figure 14. Pareto frontier for single- and dual-fluid approaches (COP vs. cooling capacity).
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Figure 16. Pareto frontier for single- and dual-fluid approaches (cooling capacity vs. pressure ratio).

Figure 14 compares the COP versus cooling capacity for single-fluid and dual-fluid con-
figurations. Dual-fluid combinations—particularly R1244yd (ORC) with R1233zd (VCC)—
achieve significantly higher cooling capacities, up to 45 kW, while maintaining COP values
in the 0.45-0.5 range. Conversely, single-fluid systems exhibit comparatively lower cooling
capacities, indicating a performance limitation compared to their dual-fluid counterparts.
Figure 15 shows the COP versus pressure ratio for both approaches. Higher COP values
are consistently observed at lower pressure ratios (<10) for all configurations. Dual-fluid
systems show superior performance over a wider operating range, with higher efficiencies
at moderate pressure ratios compared to single-fluid systems, which show a more rapid
decline in the COP with increasing pressure. The relationship between the cooling capacity
and the pressure ratio is shown in Figure 16. Dual-fluid configurations exhibit the highest
cooling capacities at moderate pressure ratios (<10), while single-fluid systems fall short in
maximizing cooling capacity. This underscores the superior ability of dual-fluid systems
to optimize cold generation at efficient pressure conditions. The trends displayed in both
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Figures 15 and 16 exhibit comparable patterns, which can be attributed to the intrinsic
relationship between the COP and cooling capacity. The nature of these trends is associated
with the algorithm’s objective of minimizing the compressor outlet temperature, which
in turn allows for a lower inlet temperature to the VCC evaporator. The specified compu-
tational assumptions, including chilled water temperatures and a lower evaporator inlet
temperature, among others, enable the system to achieve higher cooling capacity values.

The adoption of low-GWP refrigerants presents a significant opportunity to reduce
GHG emissions. As an illustration, the replacement of R245fa (GWP 1030) with analyzed
R1233zd (GWP 1) in air conditioning systems has the potential to reduce refrigerant-related
GHG emissions by approximately 99%. With an average charge of 10 kg per unit and a 2%
annual leakage rate taken into account, the resulting annual emission reduction per unit is
presented below.

Emmission reduction = (GWPhigh — GWPlOW) X released mass of fluid 4)

Emmission reduction = (1030 — 1) x 10 kg x 0.02 = 205.8 COzeq )

The application of this approach to a city with 100,000 units results in an annual
reduction of over 20.58 metric tons of CO, equivalent emissions.

4. Conclusions

This work demonstrates the significant advantages of using an advanced dual-fluid
approach to optimize the performance of a small-scale ORC-VCC system, resulting in
superior energy efficiency and improved environmental sustainability. The optimized
dual-fluid configuration, specifically using R1244yd in ORC and R1233zd in VCC, achieved
significant improvements in all critical parameters:

e  The dual-fluid configuration achieved a high COP of 0.57, indicating high cycle ef-
ficiency. The system delivered a cooling capacity of 45.16 kW, meeting substantial
cooling demands;

o  The reduced pressure ratios lowered mechanical stress and operational complexity,
enhancing system reliability;

o  The dual-fluid setup proved to be more robust and flexible than single-fluid ap-
proaches, offering enhanced system performance and adaptability.

The multi-objective optimization was conducted in an effective manner using the
NSGA-III. The implementation of this sophisticated algorithm enabled the following;:

e  The algorithm facilitated efficient navigation of the complex design space. The al-
gorithm enabled the exploration of a comprehensive range of design variables and
system configurations;

e  The identification of optimal trade-offs was also facilitated. The system enabled a
balance to be struck between three key objectives: maximizing efficiency, increasing
cooling capacity, and minimizing pressure ratios;

e A comprehensive optimization process was employed. The intricate interactions
between system components were successfully captured, resulting in comprehensive
performance enhancements.

In addition, the dual-fluid approach offers significant advances in reducing the envi-
ronmental impact of cooling technologies by minimizing the use of high-GWP refrigerants
while maximizing energy recovery potential. These findings underscore the transformative
potential of dual-fluid ORC-VCC systems for applications requiring both high efficiency
and reduced carbon footprint, supporting the global shift toward sustainable cooling so-
lutions. The findings presented in this work also lay the foundation for future research
on integrated thermal management systems, with a focus on multi-objective optimiza-
tion that bridges the gap between operational performance, environmental responsibility,
and cost-effectiveness.
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