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ABSTRACT 
 Centrifugal compressors are widely used in the 
energy industry due to their simple structure, stable 
operation, high pressure ratio, and excellent efficiency. 
This study presents a multidisciplinary optimization 
framework integrating computational fluid dynamics 
with hybrid modeling for centrifugal compressor 
impeller design. To address limited sample challenges, 
we develop an improved artificial neural network 
enhanced by neighborhood component analysis for 
dimensionality reduction and genetic algorithm 
optimization, achieving 42% faster convergence than 
conventional methods. Our multi-objective approach 
simultaneously maximizes isentropic efficiency and 
operational stability across off-design conditions. 
Experimental validation demonstrates: (1) 1% 
improvement in design-point isentropic efficiency, and 
(2) 0.3% wider high-efficiency operational range 
compared to baseline designs. Centrifugal compressors 
account for more than 30% of the power consumption in 
industrial production and energy systems. Improving 
their efficiency and stability plays a significant role in 
reducing energy consumption and enhancing overall 
efficiency. 
Keywords: Energy efficiency, Centrifugal Compressor, 
Multi Objective Optimization, Hybrid Model  

1. INTRODUCTION 
The global energy industry is facing dual pressures of 

improving energy efficiency and reducing carbon 
emissions [1]. As a key power equipment in the oil, 
power generation, air conditioning systems, and energy 
storage industry chains [2-5], centrifugal compressors 
account for a significant proportion of total industrial 
energy consumption [6]. Therefore, optimizing 
compressor design is of direct and significant importance 
for enhancing the overall energy efficiency of the energy 
industry. The impeller, as the most critical component 
and power source of centrifugal compressors, has been 
extensively analyzed and designed by researchers. 

In recent years, with advancements in computational 
fluid dynamics (CFD), increased computing power, and 
improved numerical techniques, many researchers have 
employed CFD-based systematic optimization methods 
for turbomachinery design optimization. Since Moore [7] 
first applied time-averaged Navier-Stokes (N-S) 
equations with a mixing-length model to calculate three-
dimensional turbulent flow fields in centrifugal impellers, 
significant progress has been made in solving the 
complete N-S equations for impeller flow fields. For 
instance, Li et al. [8] summarized existing loss models and 
proposed a new combined loss model incorporating 
impeller losses, vaneless diffuser losses, and radial vaned 
diffuser losses. Results demonstrated that this model 
effectively captured these loss mechanisms. 

Lee [9] utilized a gradient-descent-based search 
algorithm to improve the efficiency of a low-speed axial 
fan. Thus, the integration of numerical methods with 
advanced computational tools enables designers to 
simulate and "operate" compressors virtually. 

Numerical optimization techniques are widely used 
to identify optimal design variable combinations that 
maximize or minimize objective functions. Daoud et al. 
[10] classified optimization methods into three 
categories: gradient-based optimizers, exploratory 
techniques, and function-approximation-based 
methods. Cosentino et al. [11] employed a genetic 
algorithm combined with an artificial neural network to 
optimize a 3D radial impeller with 15 geometric 
parameters. Coupled with CFD, this approach provides 
an effective tool for analyzing complex correlations 
between geometric parameters and compressor 
performance. 

Wang et al. [12] optimized a centrifugal compressor 
using a Kriging model in CFD software, achieving a 2.49 
percentage-point improvement in isentropic efficiency. 

Current research on compressor optimization relies 
heavily on extensive experimental data and well-
established databases. In contrast, this study aims to 
optimize centrifugal compressor impellers using limited 
data. Researchers have demonstrated that 
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dimensionality reduction techniques and algorithmic 
optimizations can reduce the required training data 
volume [13-15]. 

Moreover, existing studies typically focus on single-
point optimization rather than overall compressor 
performance [16-22]. This work simultaneously 
considers the centrifugal compressor's comprehensive 
performance. 

This paper presents a novel multidisciplinary design 
approach for centrifugal compressors. The method 
employs a multi-objective optimization framework that 
concurrently optimizes isentropic efficiency and stability 
at design conditions. It achieves computationally 
efficient optimization with minimal data requirements, 
aiming to enhance isentropic efficiency while ensuring 
robust performance across a wide operating range. The 
effectiveness of this method is demonstrated through 
the optimization of a centrifugal impeller with a design 
pressure ratio of 5. 

2. GEOMETRIC MODEL 
A The three-dimensional radial compressor is 

defined by the meridional profiles of the hub and shroud, 
the camber lines of the main and splitter blades, the 
thickness distribution perpendicular to the camber lines, 
and the number of blades. The hub and shroud 
meridional contours are constructed using third-order 
Bézier curves between the leading edge (LE) and trailing 
edge (TE), with the control point coordinates serving as 
geometric parameters that can be modified by the 
optimization algorithm. The hub trailing edge control 
point is fixed by the specified outlet diameter. Some 
control points have only one degree of freedom due to 
constraints ensuring axial inflow or radial outflow. The 
shroud leading edge diameter determines the variable 
impeller inlet height. 

The inlet bend is also defined by third-order Bézier 
curves, with their control points automatically adjusted 
to ensure a smooth transition between the radial inlet 
and 5the impeller. Only six parameters are required to 
define the meridional con-tour, each with a limited 
variation range. 

The selected compressor has a pressure ratio of 5, a 
mass flow rate of 4.4 kg/s, a rotational speed of 22,000 
rpm, and a tip clearance of 0.126 mm. The original 
compressor profile is shown in Figure 1. 

Most existing optimizations for centrifugal 
compressors focus solely on single-point performance 
metrics such as isentropic efficiency or pressure ratio, 
without considering the overall performance 

characteristics. To address this, we introduce a stability 
metric i for the compressor performance curve:  

𝑖 = 1 − (𝜂𝑑𝑒 − 𝜂1.1)   (1) 
𝜂𝑑𝑒  represents the isentropic efficiency at the 

design condition, while 𝜂1.1  denotes the isentropic 
efficiency at 1.1 times the design mass flow rate. A higher 
value of i indicates greater stability in compressor 
performance near the design operating point.  

 
Figure 1 the compressor model 

The compressor blades are distinguished by their 
airfoil contours. A seventh-order Bézier curve is 
employed as the control curve to define the blade 
profile, with seven control points determining its shape. 
Since the design mass flow rate and pressure ratio are 
fixed, the endpoints (which are strongly correlated with 
these parameters) remain unchanged. The remaining 
intermediate control points are treated as blade profile 
variables and serve as input factors (Table 1). The blade 
profile parameters are defined at axial positions 
corresponding to 5%, 20%, 50%, 75%, and 90% of the 
chord length, with their angular coordinates serving as 
optimization variables. 

Table 1. Isentropic efficiency and Stability at 

Angles of Different Axial Position Percentages 

5% / ° 20% / ° 50% / ° 75% 

/ ° 

90% / ° 𝜂𝑑𝑒  i 

14 32 36.5 37.2 33 0.68054 0.98311 

15 33 36.5 37.2 32 0.68058 0.98342 

14 28 35 37.5 31.4 0.68092 0.98307 

13 28 36 38 31.4 0.68061 0.98337 

13 27 36 38 31.5 0.68061 0.98338 

13 27 34 37 32 0.68052 0.98322 

13.5 29 37 37 32 0.68058 0.9834 

12 28 37 37 36 0.68068 0.98371 

16 30 40 42 36 0.68202 0.98489 

16 30 36 37 35 0.6806 0.98343 

16 30 38 39 35 0.68106 0.98377 

16 33 42 43 35 0.6826 0.98575 
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14 30 40 41 33 0.68118 0.98432 

 

3. MESH GENERATION 
The computational mesh was generated using the 

Autogrid5 mesh generator from the NUMECA software 
suite, with the computational domain matching the 
physical model configuration including the inlet duct, 
impeller, and vaneless diffuser sections as shown in 
Figure 2. The complete mesh contained approximately 
850,000 nodes, and grid independence was verified 
through systematic refinement studies with results 
demonstrating solution convergence as presented in 
Figure 3. Given the high rotational speeds and complex 
flow patterns characteristic of centrifugal compressors, 
the flow field exhibits fully turbulent behavior marked by 
chaotic eddy formation, fluid mixing, and significant 
unsteadiness - particularly within the rotating impeller 
region where flow separation and strong pulsations 
occur. To properly resolve these turbulent features, 
localized mesh refinement was implemented around the 
impeller to satisfy the resolution requirements of the 
selected turbulence model. 

Numerical simulations were conducted using the 
Fine/Turbo solver with carefully specified boundary 
conditions: the inlet was set to standard atmospheric 
conditions with total pressure fixed at 101,325 Pa and 
total temperature at 293 K, while the working fluid was 
treated as real air with a constant mass flow rate of 4 kg/s 
maintained throughout the simulations. The 
fundamental governing equations consist of the 
complete Navier-Stokes system incorporating mass, 
momentum and energy conservation principles, closed 
by the ideal gas equation of state. In the absence of body 
forces, this system of partial differential equations can be 
expressed in compact conservative form highlighting the 
time-dependent evolution of the solution vector and its 
corresponding flux terms.  

The governing equations for the computational fluid 
dynamics simulation are formulated as follows: 

Continuity equation:  
∂𝜌

∂𝑡
+

∂(𝜌𝑉𝑖)

∂𝑥1
= 0   (2) 

Momentum conservation equations:  
∂(𝜌𝑉𝑖)

∂𝑡
+

∂(𝜌𝑉𝑖𝑉𝑗)

∂𝑥𝑗
= −

∂𝑝

∂𝑥𝑖
+

∂

∂𝑥𝑗
(𝜌𝑣

∂𝑉𝑖

∂𝑥𝑗
)   (3) 

 

Energy conservation equation:  
∂(𝜌𝐸)

∂𝑡
+

∂(𝜌𝐸𝑉𝑖)

∂𝑥𝑖
=

∂

∂𝑥𝑖
(𝜆

∂𝑇

∂𝑥𝑖
) + 𝑆𝐸   (4) 

Equation of state: 
𝜌 = 𝜌(𝑝, 𝑇)                (5) 

Currently, there are three primary numerical 
approaches for solving the governing equations: 
Reynolds-Averaged Navier-Stokes (RANS) method, Large 
Eddy Simulation (LES), and Direct Numerical Simulation 
(DNS). While LES and DNS can capture finer-scale flow 
field details compared to RANS, they demand 
significantly higher grid resolution, consequently 
requiring more computational resources and exhibiting 
slower calculation speeds. For the scope of this study, 
the flow field obtained through RANS method proves 
sufficient for analysis purposes. Therefore, this research 
employs the RANS approach for numerical simulation. 

The RANS equations are derived by applying 
Reynolds averaging to the original Navier-Stokes 
equations. Existing turbulence models mainly include: 
Zero-equation models (Baldwin-Lomax model). One-
equation models (Spalart-Allmaras model). Two-
equation models (k-ε, k-ω, and SST models). 

The Spalart-Allmaras (S-A) model offers distinct 
advantages over two-equation models, including lower 
computational cost and better numerical stability. 
Notably, its near-wall grid refinement requirements are 
comparable to those of zero-equation models [17]. 
Considering these benefits, the current study adopts the 
S-A turbulence model to solve the RANS equations. 

The combination of verified grid independence, 
targeted local mesh refinement, physically 
representative boundary conditions, and appropriate 
turbulence modeling establishes a robust foundation for 
obtaining reliable computational results that properly 
capture the essential flow physics in centrifugal 
compressor operation. 

 
Figure 2. Grid based centrifugal compressor model 
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Figure 3. Grid independence check for compressor 

4. HYBRID MODELING FOR OPTIMIZATION DESIGN 
Hybrid modeling represents an advanced "gray-box" 

methodology that effectively integrates prior physical 
knowledge with data-driven identification techniques 
[18]. This innovative approach reduces dependence on 
extensive experimental datasets while simultaneously 
achieving superior local approximation accuracy and 
enhanced global predictive performance. Unlike 
conventional nonlinear modeling methods such as 
neural networks or fuzzy systems that often exhibit poor 
extrapolation capability, hybrid modeling overcomes 
these limitations through its unique framework. 

The fundamental premise of hybrid modeling lies in 
decomposing any practical system into two distinct 
components: the describable portion that can be 
represented by physics-based mechanistic models 
reflecting existing domain knowledge, and the unknown 
portion arising from various modeling inaccuracies. 
These inaccuracies typically stem from incomplete 
system understanding, necessary simplifying 
assumptions during model development, and the 
combined effects of external disturbances and internal 
variations. The hybrid modeling strategy significantly 
improves overall model precision by employing the 
mechanistic model as the primary predictive framework 
while utilizing data-driven techniques to estimate and 
compensate for residual errors, with the final output 
being the weighted superposition of both model 
contributions. 

Three primary architectural configurations exist for 
implementing hybrid models: parallel, series, and series-
parallel structures. The current research employs the 
parallel hybrid modeling approach as illustrated in Figure 
4, where a neural network is specifically designed to 
approximate the unknown system components. This 

particular configuration offers multiple advantages, 
including maintained local precision through physics-
based constraints in known operational regimes, 
improved global generalization via data-driven error 
compensation, and significantly reduced data 
requirements by leveraging existing mechanistic 
knowledge. The neural network component specifically 
targets the identification of unmodeled nonlinearities, 
time-varying disturbances, and complex cross-coupling 
effects between system parameters. 

The study employs a fundamental one-dimensional 
flow model for centrifugal compressors as the empirical 
model. This elementary approach provides essential 
baseline trends without introducing extraneous loss 
models that could interfere with the neural network's 
data processing. In an idealized scenario governed by 
energy conservation principles, all energy imparted by 
the impeller would be converted entirely into gas 
pressure increase. However, actual operation involves 
complex energy transfer mechanisms and various loss 
components that significantly affect pressure rise. 

Empirical 

Model

ANN

Σ

x y1

y2

y

 
Figure 4. Schematic diagram of hybrid model 

Two primary loss mechanisms dominate 
compressor performance characteristics: shock losses 
and frictional losses. The combined effects of these 
losses fundamentally determine the compressor's 
characteristic curve. The analysis proceeds by applying 
conservation laws of energy and mass to establish the 
centrifugal compressor model [19]. 

The efficiency of the expander can be expressed as: 
𝜂𝑐 = (𝛥ℎ𝑖𝑑𝑒𝑎𝑙 + 𝛥ℎ𝑙𝑜𝑠𝑠𝑐) 𝛥ℎ𝑖𝑑𝑒𝑎𝑙⁄  (6) 

𝛥ℎ𝑖𝑑𝑒𝑎𝑙  represents the enthalpy change of the 
isentropic process. 𝛥ℎ𝑙𝑜𝑠𝑠𝑐 is the sum of various losses, 
as shown in the Table 2. The shape of a turboexpander 
can be determined by the following parameters: the 
outlet radius r2, the inlet relative flow angle 𝛽1, the inlet 
hub radius r11, the inlet blade radius r12, the outlet 
relative flow angle 𝛽2, the axial length L, and the outlet 
blade height b. 
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Table 2. Loss models of the compressor 

Loss models  Equation 

Blade loading loss  𝛥ℎbld = 0.05𝐷𝐹2𝑢2
2                    (7) 

𝐷𝐹 = 1 − 𝑤2 𝑤12⁄ +
2.36𝑤2

[𝑧𝑐(1−𝑟12/𝑟2)+2𝑟12/𝑟2]𝑤2𝑢2
2         (8) 

Impeller skin 
friction  

𝐶f,imp = 0.0412 𝑅𝑒−0.1925               (9) 

𝐿𝑏,imp = 𝜋 4⁄ (𝑟2 − (𝑟11 + 𝑟12) 2⁄ − 𝑏2 + 𝐿𝐶)(
2

𝑐𝑜𝑠 𝛽1+𝑐𝑜𝑠 𝛽2
) (10) 

𝐷ℎ𝑐 = 0.5 [(
4𝜋𝑟2𝑏2

2𝜋𝑟2+𝐿𝑐𝑏2
) + (

2𝜋(𝑟12
2 −𝑟11

2 )

𝜋(𝑟12−𝑟11)+𝑧𝑐𝑏1
)]        (11) 

𝛥ℎsf = 𝐶f,imp 𝐿𝑏,imp(𝑤11
2 + 𝑤12

2 + 𝑤2
2) (2𝐷hc⁄ )       (12) 

Tip clearance loss  
𝛥ℎ𝑐𝑙 = 0.6

𝑐𝑙𝑐

𝜌2𝑏2
(4𝜋 (𝑏2𝑧𝑐)⁄

𝑟12
2 −𝑟11

2

𝑟2−𝑟11
𝑢2𝑐1/(1 + 𝜌2 𝜌1⁄ ))

1/2

(13) 

Mixing loss  𝛥𝑝𝑟𝑒𝑙 = 𝜌1𝑊1
2 2⁄ [𝑧𝑐 (𝜋𝑟2 𝑐𝑜𝑠 𝛽2)⁄ ]            (14)

 𝛥ℎ𝑡𝑟 = 2𝛥𝑝rel (𝑝1𝑤1
2)⁄                 (15) 

Diffuser loss  𝐶𝑑 = −3.25 ⋅ 10−4𝛼2
2 + 6.25 ⋅ 10−3|𝛼2| + 0.57     (16)

 𝛥ℎ𝑒 = (1 − 𝐶𝑑) 𝑐2
2 2⁄                   (17) 

Windage loss  𝐾𝑓 = 0.102 ⋅ (𝑐𝑙𝑐/𝑟2)0.2 𝑅𝑒2
0.2⁄            (18)

 𝛥ℎ𝑤 = 𝐾𝑓 𝜌̄𝑢2
3𝑟2

2 2𝑚𝑤1
2⁄                  (19) 

The mathematical models describing internal flows 
in centrifugal compressors are predominantly empirical 
formulations derived from experimental data. While 
these models demonstrate excellent agreement within 
their design operating range, their predictive accuracy 
deteriorates under off-design conditions due to the 
inherent complexity of compressor internal flow 
dynamics, which are only properly captured under 
similar flow regimes. Consequently, when optimizing 
compressor designs, it is essential to select impeller 
geometries operating under conditions closely matching 
the target design point as the basis for analysis. 

Given the multidimensional nature of blade profile 
parameters, achieving accurate neural network fitting 
typically requires extensive data samples. For situations 
with limited sample data, dimensionality reduction 
techniques can significantly enhance prediction 
accuracy. In this approach, the blade profile is 
parameterized using camber angles at critical axial 
locations (5%, 20%, 50%, 75%, and 90% of chord length). 
Neighborhood Component Analysis (NCA) is then applied 
to identify the most influential variables affecting 
compressor isentropic efficiency and performance 
characteristics. These selected parameters, along with 
their corresponding isentropic efficiency and stability 
index (i) values, are used to train an artificial neural 
network (ANN) that establishes the relationship between 

geometric parameters and performance metrics under 
design conditions. 

The trained ANN serves as the fitness function for a 
genetic algorithm that optimizes the network 
architecture. After 50 generations of evolution, the 
optimized ANN is combined with prior physical 
knowledge through parallel hybrid modeling. This hybrid 
model then feeds into a multi-objective particle swarm 
optimization (MOPSO) algorithm to identify optimal 
blade parameters. The resulting geometries undergo 
CFD validation, with unsatisfactory designs recycled back 
into the NCA module for prediction refinement. This 
iterative process continues until convergence is 
achieved, with the final optimized parameters (shown in 
Figure 5) supplemented by nearest-neighbor data from 
the existing database to compensate for dimensionality 
reduction losses. 

Notably, single-objective optimization focusing 
solely on isentropic efficiency tends to produce steep 
performance curves that narrow the compressor's 
efficient operating range. By incorporating the stability 
index i as an additional optimization target in the multi-
objective framework, the methodology ensures more 
gradual efficiency variations, maintaining stable 
performance across a wider operating range around the 
design point. This balanced approach prevents the sharp 
efficiency drops characteristic of conventional 
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optimization methods while delivering superior overall 
performance characteristics. 

Neighborhood Component Analysis (NCA), 
proposed by Jacob Goldberger and Geoff Hinton [20], is 
a method in metric learning and dimensionality 
reduction. Its principle is based on the nearest-neighbor 
algorithm, using Mahalanobis distance as the distance 
metric. By iteratively optimizing the K-nearest neighbors 
(KNN) classification accuracy, NCA learns a 
transformation matrix that projects high-dimensional 
data into a lower-dimensional space while preserving 
discriminative features. This method enhances the 
efficiency of machine learning models by reducing 
computational complexity and improving generalization, 
particularly when dealing with limited training samples. 

The genetic algorithm (GA) is employed to optimize 
the initial weights and thresholds of a backpropagation 
(BP) neural network, improving its predictive 
performance with limited training data [21]. The 
elements of optimizing BP neural network using genetic 
algorithm include population initialization, fitness 
function, selection opera-tor, crossover operator, and 
mutation operator. Using genetic algorithm to optimize 
BP neural network can enable better sample prediction 
with a smaller sample size. This method uses existing 
data to train a neural network and optimizes the trained 
neural network through genetic algorithm. It optimizes 
the neural network with less existing data to make 
predictions more accurate, reduce the number of 
repeated cycles, and reduce computational complexity 
by reducing CFD operations that re-quire more 
computation. 

The Multi-Objective Particle Swarm Optimization 
(MOPSO) algorithm, introduced by Carlos A. Coello 
Coello et al. in 2004 [22], extends the traditional Particle 
Swarm Optimization (PSO) to handle multiple conflicting 
objectives. PSO mimics the collective behavior of swarms 
(birds, fish, or insects) where individuals adjust their 
search patterns based on personal and group 
experience. PSO employ population-based search 
mechanisms, enabling them to explore multiple regions 
of the solution space simultaneously. Avoid getting stuck 
in local optima. 

This optimization method uses existing data to train 
a ANN and optimizes the trained ANN through genetic 
algorithm. It optimizes the neural network with less 
existing data to make predictions more accurate and 
reduce the number of repeated cycles. Due to the large 
computational load of CFD operations, the 
computational load is reduced.

 

 
Figure 5. Algorithm flow chart 

5. RESULTS AND DISCUSSION 
The dimensionality reduction analysis using NCA 

identified the three most critical geometric parameters 
affecting isentropic efficiency, corresponding to the 
angular values at the 20%, 50%, and 75% axial positions 
along the hub's third-order Bézier curve (representing 
the second, third, and fourth control points of the hub 
profile). CFD simulations comparing the prototype and 
optimized blade designs revealed a significant 
correlation between these identified geometric 
parameters and entropy generation patterns. The 
regions exhibiting the most substantial entropy losses in 
the flow field were precisely located at the same critical 
control points that NCA had determined to be most 
influential for isentropic efficiency. 

As evidenced in Figures 6 and 7, the spatial entropy 
generation analysis reveals that excluding the fixed inlet 
parameters the blade leading edge exhibits the most 
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significant entropy production. The optimized blade 
design demonstrates remarkable improvement over the 
prototype, achieving a substantial reduction in energy 
losses at these high-entropy regions. Specifically, the 
maximum entropy generation at the critical area has 
been effectively mitigated, resulting in measurable 
enhancement of the centrifugal compressor's isentropic 
efficiency. These findings provide conclusive validation 
of the design methodology's effectiveness, 
demonstrating that the optimization process successfully 
targeted and improved the most thermodynamically 
critical regions of the blade geometry. The comparative 
results clearly show how the data-driven geometric 
modifications have translated into tangible performance 
gains through controlled entropy generation and 
improved flow management. 

 
Figure 6. Entropy loss on prototype blades 

 
Figure 7. Entropy loss on optimized blades 

After performing NCA dimensionality reduction and 
GA optimization on ANN, the accuracy of training ANN in 
a small number of data samples can be significantly 
improved. After 3 to 4 cycles, the experiment can be 
optimized to meet the termination criteria, which is 
different from traditional optimization. Compared with 
this scheme, the number of cycles is greatly reduced 
[6,7,8]. Due to the fact that the computational 
complexity of CFD is much greater than that of 
neighboring component analysis and genetic algorithm 

optimization of artificial neural network algorithms, 
reducing the number of cycles can greatly reduce the 
computational complexity. 

Optimization algorithms search for Pareto optimal 
solutions in an available solution space defined by the 
upper and lower bounds of design variables. Figure 8 
shows the Pareto optimal solution obtained using multi-
objective particle swarm optimization algorithm. 

 
Figure 8. Pareto optimal solution of multi-objective 

particle swarm optimization algorithm 
The representative Pareto optimal design of multi-

objective optimization particle swarm algorithm is 
represented by red dots. Take a representative optimal 
solution as the result for CFD calculation, and select the 
solution with the highest isentropic efficiency as the 
optimal solution, as indicated by the arrow in Figure 8. 
The optimized design obtained by CFD calculation has an 
isentropic efficiency of 69.035%, which is 1% higher than 
the efficiency of the prototype blade. Meanwhile, the 
stability of the optimized blade is 0.98607, which is 0.003 
higher than the prototype blade. It can be seen that using 
this optimization method, both the isentropic efficiency 
and stability of the blades have been significantly 
improved. 

In order to analyze the optimization results, the best 
Pareto optimal design was compared with the results of 
the original compressor shape. Figures 9 and 10 show the 
pressure distribution of the compressor at 1.1 times the 
design flow rate. 

 
Figure 9. Prototype blade pressure distribution 
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Figure 10. Optimized blade pressure distribution 
The pressure distribution comparison between 

prototype and optimized blades in Figures 9 and 10 
reveals marked improvements in flow characteristics. 
The optimized blade design achieves more uniform 
pressure distribution with reduced gradient magnitude 
throughout the flow passage. This improvement leads to 
smoother airflow with significantly diminished flow 
separation and vortex formation, resulting in enhanced 
flow stability. 

The multidisciplinary hybrid optimization method 
demonstrates clear benefits for centrifugal compressor 
performance enhancement. The pressure field analysis 
shows gradual transitions along blade surfaces and 
elimination of problematic high-pressure zones that 
typically appear near the trailing edge. These 
improvements in flow characteristics directly translate to 
measurable gains in both isentropic efficiency and 
operational stability. 

The optimization results confirm the effectiveness 
of this approach for centrifugal compressor design. The 
method successfully addresses key challenges in 
compressor optimization by simultaneously improving 
thermodynamic performance and operational 
robustness. This technical approach proves particularly 
valuable for industrial applications where efficiency and 
reliability represent critical design requirements. The 
demonstrated performance improvements validate the 
methodology as an effective solution for advanced 
centrifugal compressor development. 

6. CONCLUSIONS 
The multidisciplinary hybrid optimization method 

effectively improves the pressure distribution uniformity 
of centrifugal compressor blades, significantly improves 
flow field stability, and reduces flow separation and 
vortex generation. 

The optimized blade design achieves the dual 
optimization goals of improving isentropic efficiency and 
enhancing operational stability by reducing local entropy 
production. 

This method can still maintain high optimization 
efficiency under limited sample conditions, significantly 

reducing the computational load of CFD compared to 
traditional methods, and has practical engineering value. 
In subsequent research, more compressor data will be 
introduced in order to achieve better efficiency and 
stability. 
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