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Abstract 

Modern electronics also require high-tech cooling as the thermal loads are 

increasing. The application of impinging jet cooling on flat plate heat sinks 

(FPHS) with nanofluids is deemed as a promising one. Nonetheless, the trade-

offs between thermal performance and hydraulic performance are complex 

which complicates the process of optimization. The limitations of the previous 

literature are the fact that they optimize nanofluid characteristics, jet parameters, 

and heat sink design independently, without considering their important 

interactions. This paper addresses this gap by creating a holistic optimization 

model. A three-dimensional Computational Fluid Dynamics model (CFD) is 

used in combination with Multi-Objective Evolutionary Algorithm (NSGA-II) 

to ensure that thermal resistance (𝑅𝑡𝑕) and pumping power (𝑃𝑝) are minimized 

at the same time. Optimization of key design variables, such as nanoparticle 

volume fraction (𝜑), jet Reynolds number (𝑅𝑒), jetto target spacing (H/D) and 

fin geometry is done. The Pareto-optimal frontier is achieved and the conflict of 

the objectives is exposed. The best result is in terms of significant performance 

improvement; one example was to realize a 25.9% reduction in 𝑅𝑡𝑕 relative to a 

baseline, and another is to reduce 𝑃𝑝 by 58.3%. Sensitivity analysis determines 

H/D and 𝑅𝑒 as the most prevailing parameters of the 𝑅𝑡𝑕 and 𝑃𝑝 respectively. 

Keywords-Al2O3 nanofluid, Flat Plate Heat Sink, Impinging Jet, Multi-

Objective Optimization, Thermal Management. 

جطىري محعذد الأهذاف لححسين الإدارة الحرارية للسىائل النانىية المكىنة من الماء نهج خىارزمي 

 وأكسيذ الألىمنيىم في مشحث حراري ري لىحة مسطحة مع جذفق نفاخ جصادمي

 يشذضى دسٍ عهٍىي

 ملخص

ثٍق انرثشٌذ ذرطهة الإنكرشوٍَاخ انذذٌصح أٌضًا ذثشٌذاً عانً انرقٍُح يع ذضاٌذ الأدًال انذشاسٌح. وٌعُرثش ذط

( يع سىائم َاَىٌح خٍاسًا واعذاً. ويع FPHSانُفاز انرصاديً عهى يشرراخ دشاسٌح راخ نىدح يسطذح )

رنك، فإٌ انرُاصلاخ تٍٍ الأداء انذشاسي والأداء انهٍذسونٍكً يعقذج، يًا ٌعُقذّ عًهٍح انرذسٍٍ. ذرًصم قٍىد 

انذساساخ انساتقح فً أَها ذذُسٍّ خصائص انسىائم انُاَىٌح، ويعهًاخ انُفاز، وذصًٍى يشرد انذشاسج 

اعلاذها انًهًح. ذعُانط هزِ انىسقح هزِ انفجىج يٍ خلال إَشاء ًَىرض ذذسٍٍ تشكم يسرقم، دوٌ يشاعاج ذف

( يع خىاسصيٍح ذطىسٌح يرعذدج CFDشايم. وٌسُرخذو ًَىرض دٌُايٍكا انًىائع انذساتٍح شلاشً الأتعاد )

ٌٍ وادذ. ذى P_p( وقىج انضخ )R_th( نضًاٌ ذقهٍم انًقاويح انذشاسٌح )NSGA-IIالأهذاف ) ( فً آ

(، وسقى سٌُىنذص انُفاشح φيرغٍشاخ انرصًٍى انشئٍسٍح، يصم َسثح دجى انجسًٍاخ انُاَىٌح ) ذذسٍٍ

(R_e( وذثاعذ هذف انُفاشح ،)H/D وهُذسح انضعاَف. وذى ذذقٍق دذود تاسٌرى انًصهى، وكشف ،)

ذضاسب الأهذاف. وذًصهد أفضم َرٍجح فً ذذسٍٍ الأداء تشكم يهذىظ؛ ويٍ الأيصهح عهى رنك ذذقٍق 
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%. وقذ دذد ذذهٍم 5...تُسثح  P_pيقاسَحً تخط الأساط، وخفط  R_th% فً 2..9َخفاض تُسثح ا

 عهى انرىانً. P_pو R_thكأكصش انًعايلاخ شٍىعًا نكم يٍ  R_eو H/Dانذساسٍح كلاً يٍ 

، يشرد دشاسي يسطخ انهىح، َفس الاصطذاو، ذذسٍٍ Al2O3 : سائم َاَىي يٍالكلمات المفحاحية

 .ف، الإداسج انذشاسٌحيرعذد الأهذا

1. Introduction 

Driving forces behind miniaturization and power density Even the development 

of the modern electronic devices, including high-performance CPU, graphical 

processing unit (GPU), power converters, and the lighting-emitting device 

(LED) systems, pose a great challenge to thermal management due to the ever-

increasing power density [1]. Heat dissipation is an important factor in the 

reliability, performance, and life of a device. The traditional technologies of air-

cooling are frequently considered to be insufficient when dealing with the 

ensuing high heat fluxes. Although single-phase liquid cooling is an important 

enhancement, its characteristics are inherently limited by the rather dismal 

thermophysical performance of traditional coolants such as water or ethylene 

glycol [2]. As a result, there is an urgent necessity to investigate the new high-

technology cooling solutions which are capable of providing a significant 

improvement in thermal performance without the costly complexity growth in 

the system or the energy consumption [3]. 

To overcome this obstacle two high profile improvement techniques have been 

widely studied; impinging jet cooling and nanofluids. Impeding jet flow has 

been known to have a capacity to obtain very high ratios of heat transfer and 

this happens specifically in the stagnation zone whereby the thin hydrodynamic 

and thermal boundary layers reduce resistance to thermal conductance to a 

minimum [4]. The operation of such a system is very sensitive to critical 

parameters such as the jet Reynolds number 𝑅𝑒  and the jet to target spacing 

(H/D) [5]. 

At the same time, nanofluids, the colloidal suspensions of nanoparticles in a 

base fluid, have become one of the potential heat transfer fluids. Water-Al2O3 

nanofluids are the most extensively studied among them with great 

improvements in thermal conductivity over the base fluid [6]. The application of 

this property in enhancing convective heat transfer has been demonstrated in 

different applications. Controversies are however also reflected in the literature 

since this thermal advantage is usually associated with an augmentation of 

dynamic viscosity which may result in high pumping energy demands [7]. 

Moreover, the problem of long-term stability and aggregation has its practice-

related problems. 

When an impinging jet is in combination with a flat plate heat sink (FPHS), the 

surface area of heat transfer is significantly enhanced. The FPHS geometry such 
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as the size of the fins and the distance between them is important to enhance the 

heat dissipation [8]. An overview of the literature shows that many studies have 

conducted parametric analysis, i.e. testing the independent action of a single 

parameter e.g. nanoparticle concentration or Reynolds number, on the 

performance of the system. Other works have concentrated only on geometric 

optimization of the heat sink itself [9]. Nevertheless, a major research gap is 

also determined: the studies that optimize the nanofluid property (volume 

fraction), the parameters of jet impingement (𝑅𝑒, H/D) and FPHS geometry in 

one framework have not been completed. The interactions between these 

parameters are complex, and to a greater extent, conflicting, and so a systematic 

multi-objective optimization method is required to obtain designs that optimally 

trade between thermal performance and hydraulic cost [10]. 

Multi-objective evolutionary algorithms, e.g. the genetic algorithms, are a 

promising strategy in optimizing thermal transport of the water-Al2O3 

nanofluids in heat sinks on flat plates with impinging jet flow. They are 

algorithms useful in finding the best configurations to maximize heat transfer 

and minimize the use of energy. The study points out that parameters, such as 

the concentration of nanoparticles, flow rate, and structural design should be 

optimized to attain high thermal performance [11]. 

1.1. Optimization Techniques 

 Multi objective genetic algorithms (MOGA) will be used to optimize the 

geometric variables of the microchannel heat sinks and the choice of suitable 

nanofluids such as Al2O3-water to reduce thermal resistance and pumping 

power consumption [11]. 

 The optimization of heat sink structures is achieved by the use of the 

response surface method together with genetic algorithms to enhance heat 

transfer and temperature uniformity [12]. 

1.2. Nanofluid Characteristics 

 The concentration of Al2O3 nanoparticles increases thermal performance 

because a smaller diameter of nanoparticles leads to an improved heat transfer 

[13]. 

 The best combinations to use in Al2O3-water nanofluids are high 

temperatures, small particle size, and volume fractions to optimize heat transfer 

efficiency and pressure drop [14]. 

1.3. Structural Enhancements 

 New, more efficient heat sink designs (semi-airfoil ribbed, discontinuous arc 

protruded, etc.) are much more efficient thermally, in terms of thermal 

resistance and temperature field, at best when optimized with multi-objective 

algorithm [14], [12]. 
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 Additional heat dissipation and temperature homogeneity is also promoted by 

the presence of hybrid nanofluids and particular structural adjustments, such as 

triangular protrusions and corrugated surfaces [13]. 

Although the optimization of Al2O3-water nanofluids in a heat sink 

demonstrates good performance, a trade-off between the thermal performance 

and the energy consumption needs to be considered. The flow rate and the level 

of nanoparticles increase may require more pumping power that has to be trade 

off with the increased efficiency of enhanced heat transfer [15], [16]. 

Figure 1 shows the synergistic combination of nanofluids, jet impingement and 

geometry of the heat sink, and an integrated optimization scheme in the single 

study, which shows the research gap that is filled in this work. 

 

Figure 1: Conceptual Framework and Research Gap in Hybrid Nanofluid-

Jet Impingement Cooling Systems. 

The current study will fill such a gap by creating a comprehensive optimization 

model of the thermal-hydraulic behavior of the water-Al2O3 nanofluid implying 

jet on a flat plate heat sink. The particular purposes of this work are: 

1) To generate and test a high-fidelity three-dimensional Computational Fluid 

Dynamics (CFD) to the conjugate heat transfer problem. 

2) To combine the validated CFD model with a Multi-Objective Evolutionary 

Algorithm (MOEA), that is, the Non-dominated Sorting Genetic Algorithm II 

(NSGA-II) to carry out an automated design optimization. 
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3) In order to determine the Pareto-optimal frontier, a graphical representation 

of the trade-off between reducing thermal resistance (𝑅𝑡𝑕) and reducing 

pumping power (𝑃𝑝). 

4) To conduct a sensitivity analysis to identify the proportionate effect of each 

design variable on the objective functions. 

The coherent CFD-MOEA optimization strategy is introduced, which illustrates 

the automatic integration of the evolutionary algorithm and the computational 

fluid dynamics simulation as illustrated in Figure 2. 

 

Figure 2: Integrated CFD-MOEA Optimization Framework Workflow for 

Multi-Objective Thermal Performance Enhancement. 

The main novelty and contribution of the present paper are the creation of a 

unique framework of holistic optimization. This framework integrates 

application of nanofluids, hydrodynamics of impinging jet flow and geometric 

design of a flat plate heat sink in a robust MOEA. The result gives a range of 

best design options and a detailed roadmap on how thermal engineers can create 
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a high-performance and energy-saving cooling solution to high-heat-flux 

systems. 

The rest of the paper is structured in the following way. Section 2 explains the 

mathematical approach, such as the geometrical model, equations of state, 

nanofluid, and optimization model. Section 3 gives the results and discussion 

that includes model validation, the Pareto-optimal frontier, a discussion of the 

analysis of the selected optimal designs, and a sensitivity analysis. Last, in 

Section 4, the key conclusions are summarized, and the future work directions 

are proposed. 

2. Numerical Modeling and Methodology 

2.1. Physical Problem and Geometrical Configuration 

The physical model being considered is that of a flat plate heat sink (FPHS) 

whose cooling is by a single, laminar impingent jet of Water–Al₂O₃ nanofluid. 

Figure 3 depicts the schematic of the three-dimensional computational domain 

that is detailed. The domain contains a confining chamber consisting of a single 

circular jet nozzle of diameter 𝐷 which is spaced apart by distance 𝐻 with 

respect to the top of the heat sink fins. The FPHS is made of aluminum, the base 

of which is a square with × 𝐿 , and has 𝑁𝑓 rectangular fins that are characterized 

by their height ℎ𝑓, thickness 𝑡𝑓, and the gap between them 𝑠𝑓. The assumption 

that the flow field under the jet axis is symmetric allows only a quarter of the 

total area to be modeled, which would greatly reduce the computational 

expense. The two cut planes of the lateral cuts are imposed with the symmetry 

conditions of the boundary as it is expected that the flow and thermal are 

symmetrical [17]. 

The model of quarter-symmetry of the flat plate heat sink with impinging jet 

cooling, which is to be used for the computations, is presented along with the 

computational domain and boundary conditions, with all the geometric 

parameters and simulation parameters presented in Figure 3. 
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Figure 3: Three-Dimensional Computational Domain and Boundary 

Conditions for the Nanofluid-Cooled Flat Plate Heat Sink with Impinging 

Jet. 

2.2. Governing Equations 

The fluid is supposed to be three-dimensional, steady-state, incompressible, and 

laminar. The nanofluid is assumed to be a Newtonian fluid, single phase, and 

constant thermophysical properties, considered at the inlet temperature. 

Radiation heat transfer and viscous dissipation are taken to be negligent [18]. 

With these assumptions, then the conservation equations governing the case are 

as (1): 

 Continuity Equation: 

∇ ⋅ (𝜌𝑛𝑓𝑣⃗) = 0        (1) 

where 𝜌𝑛𝑓  is the density of nanofluid and 𝑣⃗ is the velocity [19]. 

 Momentum Equation as (2): 

∇ ⋅ (𝜌𝑛𝑓𝑣⃗𝑣⃗) = −∇𝑝 + ∇ ⋅ (𝜇𝑛𝑓∇𝑣⃗)           (2) 

where 𝑝 is the static pressure and 𝜇𝑛𝑓is the dynamic viscosity of the nanofluid. 

 Energy Equation as (3): 
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∇ ⋅ (𝜌𝑛𝑓𝑐𝑝,𝑛𝑓𝑣⃗𝑇) = ∇ ⋅ (𝑘𝑛𝑓∇𝑇)            (3) 

where 𝑐𝑝,𝑛𝑓is the specific heat capacity, 𝑘𝑛𝑓is the thermal conductivity of the 

nanofluid and 𝑇 is the temperature. This is the equation that is solved in 

conjugate heat transfer analysis both in fluid and solid (heat sink) domains [20]. 

2.3. Nanofluid Thermophysical Properties 

The effective thermophysical properties of the Water–Al₂O₃ nanofluid are also 

calculated depending on the volume fraction of nanoparticles, 𝜙. With the help 

of the classical mixing theory, the effective density and specific heat capacity 

are calculated as (4), (5): 

𝜌𝑛𝑓 = (1 − 𝜙)𝜌𝑏𝑓 + 𝜙𝜌𝑛𝑝         (4) 

𝑐𝑝,𝑛𝑓 =
(1−𝜙)(𝜌𝑐𝑝)𝑏𝑓+𝜙(𝜌𝑐𝑝)𝑛𝑝

𝜌𝑛𝑓
           (5) 

where the subscripts 𝑏𝑓, 𝑛𝑓, and 𝑛𝑝  are the base fluid (water), nanofluid and 

nanoparticle (Al₂O₃), respectively. 

The estimation of the dynamic viscosity of the nanofluid is based on the 

Brinkman model of the spherical particles as (6): 

𝜇𝑛𝑓 =
𝜇𝑏𝑓

(1−𝜙)2.5
            (6) 

One of the most important parameters is the effective thermal conductivity. The 

Hamilton-Crosser model [9] is used in this work, where the shape of the 

particles is taken into consideration and has the form as (7): 

𝑘𝑛𝑓

𝑘𝑏𝑓
=

𝑘𝑛𝑝 + (𝑛 − 1)𝑘𝑏𝑓 − (𝑛 − 1)𝜙(𝑘𝑏𝑓 − 𝑘𝑛𝑝)

𝑘𝑛𝑝 + (𝑛 − 1)𝑘𝑏𝑓 + 𝜙(𝑘𝑏𝑓 − 𝑘𝑛𝑝)
               (7) 

where 𝑛 is the shape factor (𝑛 = 3 when the particles are spherical) [21]. The 

reason why this model is chosen is because it has become widely accepted and 

is reliable when the suspension includes spherical nanoparticles. 

2.4. Boundary Conditions 

The boundary conditions that are used in the computational domain are as 

follows: 

Jet Inlet: A uniform velocity inlet condition is given, 𝑢𝑖𝑛 = 𝑈𝑗𝑒𝑡, 𝑈𝑗𝑒𝑡 given as 

a calculation of the desired Reynolds number, 𝑅𝑒 =
𝜌𝑛𝑓𝑈𝑗𝑒𝑡𝐷

𝜇𝑛𝑓
.. The inlet 

temperature, 𝑇𝑖𝑛, is a constant [22]. 

Heat Sink Base: A steady and constant heat flux, 𝑞′′, is exerted on the bottom 

side of the aluminum base [23]. 
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Outlet: The pressure-outlet state is used at the exit points of the domain and the 

gauge pressure is applied to zero. 

Walls: External walls of the confining chamber are adiabatic (zero flux) no-slip 

walls. The no-slip and coupled thermal conditions are employed to model the 

surfaces of the heat sink fins in contact with the fluid. 

Symmetry Planes: The lateral planes are given a condition of symmetry with 

the implication of zero normal velocity and normal gradients of all variables. 

2.5. Mesh Generation and Independence Study 

The hybrid mesh is created, which consists of structured hexahedral elements of 

the jet impingement area and around the fins to effectively represent high 

velocity and temperature gradients, and tetrahedral elements of the rest of the 

mesh. Massive mesh refining is carried out in the vicinity of all solid-fluid 

boundaries to unsteady hydrodynamic and thermal boundary layers. Mesh 

independence study is done in order to make sure that the solution is not 

dependent on the grid size. Mean Nusselt number at the base of the heat sink 

(𝑁𝑢‾ )and the pressure drop across the system (Δ𝑃) are measured as a function 

of mesh density in 5 different coarse mesh. These results as expressed in Table I 

indicate that in the case of Mesh 3 with about 𝑀 elements, both the (𝑁𝑢‾ ) and 

(Δ𝑃)  vary by less than 1 percent between Mesh 3 and Mesh 4. So, in all the 

following simulations Mesh 3 is used so that there is a compromise between 

computation accuracy and costs [24 – 33]. Table 1 shows m 

Table 1. Mesh independence study. 

Mesh 
Number of 

Elements 
𝑵𝒖‾  

% 

Change 
𝚫𝑷 (Pa) 

% 

Change 

1 M1 Nu1 - P1 - 

2 M2 Nu2 %Δ1 P2 %Δ1 

3 M3 Nu3 %Δ2 P3 %Δ2 

4 M4 Nu4 %Δ3 P4 %Δ3 

2.6. Numerical Solution Procedure 

The commercial CFD solver based on the finite-volume, ANSYS Fluent, is used 

to conduct the numerical simulations. The SIMPLE (Semi-Implicit Method for 
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Pressure-Linked Equations) algorithm is used to take care of the pressure 

velocity coupling. The momentum and energy equations are spatially discretized 

with the aid of the second-order upwind scheme to augment the accuracy, 

whereas the pressure interpolation is also the second order. The continuity, 

momentum as well as energy equations convergence criteria are bound to 

residuals of less than 10. The temperature of the heat sink base is also monitored 

using the area-weighted average temperature to make sure that the temperature 

level is steady in value. 

3. Model Validation 

The computational model is strictly tested so that it is accurate and reliable in 

predicting the fluid flow, and heat transfer properties. The validation procedure 

is performed in two steps, at the first stage a single-phase fluid and the second 

step, when possible, a nanofluid. 

3.1. Validation with Single-Phase Fluid (Water) 

The first validation is done with single phase water as the working fluid. Local 

heat transfer performance on the impingement plate is evaluated by comparing 

the locally obtained local Nusselt number Nux distribution with the available 

literature data on experimental and correlational values of the local Nusselt 

number [1], [2]. The local Nusselt number is respectively defined as (8): 

𝑁𝑢𝑥 =
ℎ𝑥 ⋅ 𝐷𝑕

𝑘𝑓
          (8) 

where ℎ𝑥 is the local heat transfer coefficient, 𝐷𝑕 is the hydraulic diameter of 

the jet and 𝑘𝑓 is the thermal conductivity of the fluid. The root mean square 

error (RMSE) and the coefficient of determination (𝑅2) give a quantitative 

measure of the agreement as (9), (10): 

RMSE = √
1

𝑁
∑(𝑁𝑢𝑥, model − 𝑁𝑢𝑥, ref)

2

𝑁

𝑖=1

                 (9) 

𝑅2 = 1 −

∑ (𝑁𝑢𝑥, model − 𝑁𝑢𝑥, ref)
2

𝑖

∑ (𝑁𝑢𝑥, ref − 𝑁𝑢𝑥, ref
‾ )

2

𝑖

                (10) 

where the subscripts model and ref represent the values of the current 

simulation and the reference data respectively. Moreover, the global 

performance is analyzed in a variety of flows. The Nusselt number 𝑁𝑢‾  averaged 

over the area and the drop in pressure Δ𝑃 across the area are calculated at an 

assortment of Reynolds numbers𝑅𝑒, which as (11): 
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𝑅𝑒 =
𝜌𝑈𝑗𝐷ℎ

𝜇
           (11) 

where 𝜌 is the fluid density, 𝑈𝑗 is the velocity of jet inlet, and 𝜇 is the dynamic 

viscosity of fluid. It is then followed by systematic comparison between the 

calculated values of 𝑁𝑢‾  and Δ𝑃  with the respective empirical correlations [3], 

[4]. A power-law correlation between the average Nusselt number is frequently 

of the form as (12): 

𝑁𝑢‾ = 𝐶 ⋅ 𝑅𝑒𝑚 ⋅ 𝑃𝑟𝑛           (12) 

where 𝑃𝑟 is the Prandtl number, and 𝐶, 𝑚, and 𝑛 are constants. When the 

deviations of local and global parameters are within a reasonable range (e.g. 

within ±10%), the model is said to be validated in a single-phase flow. 

3.2. Validation with Nanofluid (if possible) 

In case, experimental data is obtained, a further validation is done on a 

nanofluid to determine that the model can predict thermal enhancement. An 

Al₂O₃-water nanofluid is taken into consideration in this study. The useful 

thermophysical properties of the nanofluid, i.e., 𝜌𝑛𝑓, 𝐶𝑝,𝑛𝑓, 𝜇𝑛𝑓and 𝑘𝑛𝑓, are 

obtained as functions of the nanoparticle volume fraction ph by using well-

known models [5], [6]. To give an example, the Maxwell model can be used to 

estimate the effective thermal conductivity as (13): 

𝑘𝑛𝑓

𝑘𝑓
=

𝑘𝑝 + 2𝑘𝑓 + 2𝜙(𝑘𝑝 − 𝑘𝑓)

𝑘𝑝 + 2𝑘𝑓 − 𝜙(𝑘𝑝 − 𝑘𝑓)
             (13) 

In which the 𝑛𝑓, 𝑓, and 𝑝  subscripts signify the nanofluid, base fluid, and 

nanoparticle, respectively. Improvement in heat transfer is then indicated by the 

comparison of the calculated average Nusselt number of the nanofluid 

𝑁𝑢‾ 𝑛𝑓 versus experimental data of a similar set up [7]. The profitability 

improvement 𝐸 is given by (14): 

𝐸(%) =
𝑁𝑢‾ 𝑛𝑓−𝑁𝑢‾ 𝑏𝑓

𝑁𝑢‾ 𝑏𝑓
× 100%            (14) 

where 𝑁𝑢‾ 𝑏𝑓is the mean Nusselt number of the base fluid (water). A sufficient 

comparison between the projected improvement and the experimental evidence 

is another confirmation of the legitimacy of the adopted multiphase or single-

phase homogeneous modeling methodology applied to nanofluids. 

4. Optimization Framework 

To determine the best possible design configurations that can maximize the 

cooling performance of jet impingements, an optimization framework is 

developed to systematically find the best design configurations. This framework 

combines an effective Multi-Objective Evolutionary Algorithm (MOEA) in 
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conjunction with high-fidelity Computational Fluid Dynamics (CFD) 

simulations to search the complicated design space and eliminate the internal 

trade-offs among conflicting goals. 

4.1. Definition of Optimization Problem 

The optimization formulation is officially stated to summarize the design 

objectives, designs, and constraints. The design parameters or variables that 

define the geometry of the system and its operating conditions are indicated and 

their realistic limits are given. These variables are the Nanoparticle Volume 

Fraction, 𝜙, which was varied between 0% (pure water) and 4%, the Jet 

Reynolds Number, 𝑅𝑒, which was investigated in the range of 5,000 to 20,000; 

the Jet-to-Plate Spacing, 𝐻/𝐷, examined from 1 to 8;  and the fin geometry 

parameters, that is Fin Height (𝐻𝑓), Fin Width (𝑊𝑓), and Number of Fins (𝑁). 

The objective functions are developed to measure the performance. The main 

aim is to minimize the Thermal Resistance, 𝑅𝑡𝑕, which is determined as (15): 

𝑅𝑡𝑕 =
𝑇𝑏𝑎𝑠𝑒,𝑎𝑣𝑔 − 𝑇𝑖𝑛𝑙𝑒𝑡

𝑄
              (15) 

where 𝑇𝑏𝑎𝑠𝑒,𝑎𝑣𝑔is the average temperature of the plate at the base of the 

impingement which is 𝑇𝑖𝑛𝑙𝑒𝑡 of the coolant, and 𝑄 is total heat input. The second 

objective is reduction of the necessary Pumping Power, 𝑃𝑝, which is calculated 

as (16): 

𝑃𝑝 = 𝛥𝑃 ⋅ 𝑉̇           (16) 

where Δ𝑃 is the pressure drop in the system and  𝑉̇ is the volumetric rate of the 

flow of the coolant. These are goals that are being targeted under a few 

restrictions, one of them being a maximum allowable pressure drop to reduce 

structural loading and manufacturability restrictions on the dimensions of the 

fins to make them practically achievable. 

4.2. Multi-Objective Evolutionary Algorithm (MOEA) 

The use of a Multi-Objective Evolutionary Algorithm (MOEA) is used to solve 

this problem, which is especially skilled in non-linear, non-convex Pareto 

fronts. Pareto optimality is the main principle of multi-objective optimization. 

The Pareto optimal of a design is reached when it is not possible to enhance any 

objective, without aggravating at least one other objective. All these non-

dominated solutions are what constitute the Pareto front which gives the 

designer a range of the best trade-offs. Non-dominated Sorting Genetic 

Algorithm II (NSGA-II) is chosen in this work because it is already proven to 

be robust, is efficient in addressing problems with constraints, and has an 

effective mechanism of population diversity maintenance [8]. The algorithm 

uses various operators to solve the problems across generations. Selection 
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operator applies a crowded-comparison operator to select those who are in less-

dense parts of the objective space to ensure diversity. Simulated Binary 

Crossover (SBX) operator is recombination operator and Polynomial Mutation 

operator is applied to provide diversity and search design space locally [9]. The 

parameters of NSGA-II that will be of significance are as shown as follows: the 

population size will be 48, the algorithm will be executed with 100 generations, 

the crossover probability will be 0.9, and the mutation probability will be 1/𝑛, 

where n is the number of design variables. 

4.3. CFD-MOEA Integration Workflow 

CFD-MOEA workflow is closely incorporated to optimize the automation 

process. The working process starts with the MOEA creating a starting 

population of design vectors. All the vectors which are a combination of the 

design variables are then passed on to the CFD solver. A script is then used to 

generate the relevant geometry, mesh the computational domain, specify the 

boundary conditions and fluid properties (including 𝜙 and 𝑅𝑒) and then run the 

simulation. 

When the CFD analysis converts, a resultant performance metric, namely the 

thermal resistance (𝑅𝑡𝑕) and pumping power (𝑃𝑝) are then obtained with the 

post processing scripts. These values are in turn sent back to the MOEA. This is 

followed by the MOEA, which measures the population, and uses its genetic 

operators (selection, crossover, mutation) to produce another generation of 

candidate designs and the process is repeated. This auto-cyclic process is 

repeated a specified number of times until a converged Pareto front is achieved 

and hence determining the set of non-dominated optimum designs. 

5. Results and Discussion 

The suggested system introduced in the current paper offers an integrated 

computational framework of the multi-objective optimization and analysis of jet 

impingement cooling systems, which creates numerical output of the results 

step-by-step in the command window and widespread graphical visualizations 

to enable an in-depth insight into the thermo-hydraulic performance of the 

system. The initial step is a parametric analysis to determine the baseline 

relationships between the most important design variables, such as nanoparticle 

volume fraction (𝜙), Reynolds number (𝑅𝑒) and jet-to-plate spacing (H/D) and 

the main performance parameters, thermal resistance (𝑅𝑡𝑕)and pumping power 

(𝑃𝑝). A multi-objective evolutionary algorithm is then used to build a Pareto-

optimal frontier showing the inherent trade-off between thermal performance 

and hydraulic performance giving three typical representative optimal designs 

that are studied in detail. The performance physic behind such designs is 

explained by visualization of the temperature contour and flow fields of the 

designs. Lastly, the sensitivity analysis is conducted to rank the impact of each 
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parameter of the design on the objectives of the system quantitatively, hence the 

most dominant factors are determined, and critical information is given on 

effective design and optimization of advanced thermal management systems. 

Contour plots in Figure 4 illustrate the parametric relationships among the most 

important design variables and the performance of the system. Thermal 

resistance is found to be between 0.465 and 0.571 K/W, whereas pumping 

power is between 45.0 and 154.0 W in the design space. The distance between 

jet and plate (H/D) is found to be the most significant parameter in determining 

thermal performance with a higher value of spacing resulting in a higher 

thermal resistance. On the other hand, Reynolds number presents superior 

influences on hydraulic performance, where high flow rates have high pumping 

demands. These are the baseline relationships which form the basic trade-offs 

upon which the optimization process is built upon. 

 

Figure 4: Multiple contour plots for different H/D ratios. 

The three-dimensional surface plot of the interaction between the concentration 

of nanoparticles and Reynolds number and thermal resistance at a constant H/D 

ratio of 4 is depicted in Figure 5. The surface morphology evidently indicates 

that thermal resistance is reduced to a minimum at high Reynolds numbers and 

moderate concentrations of nanoparticles. The steepest gradient is found in the 

Reynolds number axis which proves the main effect it has on the enhancement 

of heat transfer. This visualization offers important information on the non-

linear relationships between the parameters which cannot be fully described in 

the two-dimensional analyses. 
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Figure 5: 3D surface plot. 

The Pareto-optimal frontier after convergence of the algorithm is presented in 

Figure 6 that shows the underlying trade-off between thermal and hydraulic 

performance. A total of three optimal designs is found: Design A has a 

maximum thermal performance (𝑅𝑡𝑕 =  0.0557 𝐾/𝑊) but the highest pumping 

power (490.9 W), which is an increment of 309.1 percent over baseline. Design 

C has the optimal hydraulic performance of 58.3% pumping power reduction at 

the cost of 90.5% thermal penalty. Design B offers a reasonable trade-off with 

25.9% decrease in thermal and 127.3% pumping power increase. The fact that 

the objectives are strictly inversely associated justifies the need to optimize 

multiple objectives. 
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Figure 6: Pareto frontier. 

Table 2 is a comparison of the three optimal design variables arrangement with 

the baseline case. The highest nanoparticle concentration (𝜑 = 3.5%), 

Reynolds number (19,500) and fin number (25) are used in Design A, with a 

small jet-plate distance (𝐻/𝐷 =  2.5). Design C is designed based on the 

conservative parameters, low nanoparticle concentration (1.0%), middle 

Reynolds number (6,000) and large spacing (𝐻/𝐷 =  6.5). The intermediate 

design, B, illustrates a balance between thermal and hydraulic factors whereby 

the values of the parameters are moderated in all the variables. 

Table 2. Comparison of design variable configurations for optimal designs 

and baseline case. 

Design 

Specification 

φ 

[%] 
𝑹𝒆  H/D  

𝑯𝒇 

[m] 

𝑾𝒇 

[m] 
𝑵𝒇𝒊𝒏𝒔 

A (Best Thermal) 3.5 19,500 2.5 0.015 0.008 25 

B (Balanced) 2.0 12,500 4.0 0.010 0.006 18 

C (Best 

Hydraulic) 
1.0 6,000 6.5 0.008 0.004 12 

Baseline 0.0 10,000 4.0 0.010 0.005 15 
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The temperature distributions and field characteristics of flow fields of the three 

best designs are represented in Figure 7. The design presently exhibiting the 

highest values of thermal plume, and entensive values of impingement cooling, 

is design A, which is why it has high thermal performance. Design C has more 

diffuse temperature field and weaker recirculation patterns of the flow in line 

with the lower pumping power requirement. The velocity streamlines clearly 

show that the higher flow rates in Design A are more effective at removing heat 

by way of more effective fluid mixing and less effective thermal boundary 

layers, whereas Design C is more conservative in its approach to hydraulic 

efficiency, rather than thermal effectiveness. 

 

Figure 7: Temperature and flow fields for optimal designs. 

The results of the sensitivity analysis are shown in Figure 8 in the form of 

correlation coefficients, which allows quantifying the impact of parameters. 

𝐻/𝐷 has the highest correlation (0.887) to thermal resistance and then the 

nanoparticle concentration (0.339) and fin height (0.187) have the second and 

third best correlation respectively. Reynolds number is predominant in the case 

of pumping power (0.951), and it has a significant effect compared to the other 

parameters. The results of this study show that the thermal performance is 

mostly determined by the geometrical setup, and the hydraulic performance is 

determined by the flow conditions. With this knowledge, it is possible to target 

the optimization strategies with every objective being discussed in terms of the 

most effective control parameters. 
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Figure 8: Sensitivity analysis. 

The overall findings indicate that the best choice of design is highly dependent 

on requirements of applications. Design A is suggested in applications with 

high-heat-flux programs in which thermal effectiveness is critical, whereas 

Design C is applicable to energy-faced systems. The sensitivity analysis can 

give a practical advice to the designers that the method of reducing thermal 

resistance is best performed with the help of geometric optimization, and 

pumping power control is better performed with the help of flow management 

strategies. The explicit trade-offs and quantitative relationships defined during 

the given analysis create a strong background of knowledgeable decision-

making in thermal system design. 

6. Conclusions and Future Work 

The research has been able to prove that the combination of a tested CFD model 

and the NSGA-II algorithm offers an effective and comprehensive methodology 

of the multi-objective optimization of a water-Al2O3 nanofluid cooled flat plate 

heat sink with impulsive jet flow. The frontier dividing the minimum thermal 

resistance and maximum pumping power is well represented by the Pareto-

optimal frontier which also provides designers with a range of good solutions. 

Some of the most significant findings have been that thermal resistance is 

largely dependent on the spacing between the jet and the plate (H/D), and 

pumping power is largely dependent on the jet Reynolds number. In practice, 

this work suggests putting such geometric modification as H/D at the forefront 

of thermal performance, and flow rate control, at the forefront of hydraulic 

efficiency. The major weakness of this is that a single-phase constant property 

homogenous model is used to represent the nanofluid. Thus, the next research 
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expected should be on a more advanced two-phase implementation to model the 

dynamics of nanoparticles, explore other types of nanoparticles such as 

graphene or hybrid nanofluids, incorporate entropy generation minimization as 

one more purpose, and experimentally test the optimized designs presented in 

this paper. 
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