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ABSTRACT 

High-efficiency, wide-range high-pressure-ratio centrifugal compressors for gas turbines are in high demand in the 
aviation industry. Although the centrifugal compressor impeller efficiency could exceed 90%, the stage efficiency 
remains so low that approaches for more efficient diffusion are urgently needed. Optimizing the diffuser vane angle and 
thickness is the main effective method for improving the diffusion performance. In this paper, an ultra-high-pressure-
ratio centrifugal compressor with vaned diffusers was numerically studied, and the machine learning algorithm, 
XGBoost, was employed to optimize the blade angle and blade thickness of the vaned diffuser. Three operating points at 
100% rotational speed were chosen as the optimization objects to maintain the choke mass flow and surge margin. An 
active learning approach was introduced to the iterative process, which increased the possibility of finding the global 
optimal solution. The results showed that compared with other surrogate models, the adopted optimization method in this 
paper reached the global minimal with fewer iterations and comparable accuracy as the Computational Fluid Dynamics 
results. With the same diffuser inlet and outlet radius, the surge margin was almost unchanged, but the peak stage 
efficiency increased by 1.03%. The influence of aerodynamic parameters and design parameters of the optimized diffuser 
on the stage performance was discussed. This research could provide guidance and reference for the design and 
optimization of ultra-high-pressure-ratio centrifugal compressors with vaned diffusers. 
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0 INTRODUCTION 
 
With high pressure ratios, compact structure, good reliability, and wide operating range, centrifugal compressors are 

widely used in small and medium-sized aircraft engines and gas turbines. Better performances and wider operating 
ranges are desired for centrifugal compressors. However, the high unsteady airflow of the impeller outlet causes strong 
unsteady interactions between the centrifugal impeller and the diffuser, resulting in harsh working conditions for the 
diffuser. Therefore, the design of a compact, high-efficiency, and low-loss vaned diffuser is very challenging, which 

http://www.gpps.global/


2 

constitutes a major technical obstacle for the ultra-high-pressure-ratio centrifugal compressors(Moustapha, 2003, Krain et 
al., 2008). 

Over the past 30 years, high-performance vaned diffusers have been the focus of the research community. Designs 
such as half guide vanes(Hoshino et al., 1985, Yoshinaga et al., 1987), low solidity vanes(Mukkavilli et al., 2002), pipe 
diffusers(Han et al., 2014), and leading-edge slots(Zhang et al., 2019) could improve the performance of diffusers. 
However, for experienced engineers, constantly modifying and optimizing blade geometry is tedious and time-
consuming. The increasing availability of high-speed computers and the concurrent progress in developing and 
understanding efficient algorithms have given prominence to numerical optimization methods, which preclude human 
intervention and automatically search for the optimal results. Nevertheless, one cannot get much information from the 
flow field structure without a geometric-aerodynamic analysis(Hehn et al., 2018). 

Meanwhile, it is expected that the compressor performance could be enhanced at different operating points. Another 
significant advantage of numerical optimization is that multiple variables can be optimized simultaneously, which is 
difficult for humans as the demands of each condition must be balanced. However, the increasing number of design 
variables could easily invoke the curse of dimensionality(Bengio et al., 2013), in which the required number of samples 
increases exponentially. There is yet to be a perfect solution for high-dimensional optimization problems. The current 
approach is the surrogate models, which could effectively reduce the researching time. There commonly adopted 
methods in surrogate models include support vector regression (SVR) (Çevik et al., 2015, Yan et al., 2020), 
Kriging(Chen et al., 2018, He et al., 2020), Artificial Neural Network (ANN)(Derakhshan et al., 2018, Wang et al., 
2018), and the Proper Orthogonal Decomposition (POD)(Zhu et al., 2020). For the application of the surrogate model in 
the design of a centrifugal compressor, a special mention must go to the work of Pierret at the VKI (von Karman Institute 
for Fluid Dynamics), who combined ANN with simulated annealing algorithm(Pierret and Van den Braembussche, 1998) 
and genetic algorithms(Pierret et al., 2000) to enhance the aerodynamic performance of the blade. Based on these 
methods, Van den Braembussche and Verstraete optimized several different centrifugal compressors and obtained good 
results(Van den Braembussche, 2006, Van den Braembussche et al., 2012, Verstraete et al., 2010). A similar optimization 
method is also used in the Numeca Design3D software, a relatively mature tool for optimizing centrifugal 
compressors(Starke et al., 2015, Barsi et al., 2014). 

However, most of the previously mentioned optimization methods require less human intervention in the 
optimization process. As a result, the association between the blade parameters and the aerodynamic remains unclear, 
which is not conducive to experience accumulation. Currently, artificial intelligence alone is not ideal for handling 
complex engineering problems. Therefore, a certain degree of human participation is necessary. When introducing the 
increasingly popular machine learning into the turbomachinery community, the high sample size and time requirements 
remain a key issue. Therefore, a surrogate model lower sample size requirement, higher global search speed, and 
comparable accuracy to the Computational Fluid Dynamics (CFD) simulation is desperately needed. 

This paper aims to evaluate the stage performance of an ultra-high-pressure-ratio centrifugal compressor with 
different diffuser blade parameters and provide valuable insights into the design of high-performance vaned diffusers. 
The diffuser design underwent a multi-point, multi-objective optimization. The newly proposed Extreme Gradient 
Boosting Decision Tree (XGBoost) machine learning algorithm was used to construct the high-precision regression 
model. The MaxLIPO algorithm with the trust region method was used to find the optimal solution. A double 
convergence criterion is proposed to guarantee the reliability of the results. The designers were introduced into the design 
loops, and a dynamic point addition strategy is adopted to find the global optimal solution efficiently. The optimization 
algorithm actively learned the experience of the designers through continuous iteration, which dramatically reduced the 
costs of the fund, effort, and time. Finally, the optimized blade and flow field are evaluated. The design criteria of ultra-
high-pressure-ratio centrifugal compressors are produced, which may guide the design of diffusers. 

 

1 THE BASELINE COMPRESSOR 
The object of study is an ultra-high-pressure-ratio centrifugal compressor designed and tested by the Institute of 

Engineering Thermophysics, Chinese Academy of Sciences. The impeller adopts doubles splitter blades, and the whole 
stage design pressure ratio is 11.5. The key parameters were shown in Table 1. The meridian flow channel and the three-
dimensional model were illustrated in Figure 1. 
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Table 1 Design parameters of the centrifugal compressor 
Compressor Stage 

Total pressure ratio π=11.5 
Isentropic efficiency ηi =80.4 % 

Impeller 
Rotating speed N =36000 r/min 
Number of blades ZI=10full+(10+10)splitter 
Inlet tip diameter D1=225mm 
Exit diameter D2=363 mm 
Back sweep angle β=29 deg 
Exit blade height b2=9.75mm 

Radial Diffuser 
Number of vanes ZD=21 
Blade height b3=9mm 
Leading edge radius R3=193.5mm 
Trailing edge radius R4=264mm 
Inlet metal angle α=14 deg 

Axial Diffuser 
Number of vanes ZA=75 
Blade height b5=7.5mm 

 

 
Figure 1 Centrifugal compressor meridional channel and 3D model 

2 OPTIMIZATION METHOD 
The optimization methods adopted in this article are the XGBoost(Chen and Guestrin, 2016) and 

MaxLIPO(Malherbe and Vayatis, 2017) algorithms. The CFD solver was NUMECA FineTurbo. The optimization began 
with the geometry parameterization that provided the design variables. Then an initial database was established, and a 
high-precision CFD solver was used for performance prediction. Subsequently, the XGBoost regression model was used 
to establish the relationship between the compressor’s aerodynamic performance parameters and the diffuser’s geometric 
parameters; the MaxLIPO algorithm with the trust region method was used to search for the optimal solution. After each 
iteration, the optimization region moved towards the optimal region so that the total time spent in the design loops could 
be minimized. The designer was introduced into the design loop, and the algorithm was allowed to learn from the 
designer’s experience during the iterations so that the global optimal solution could be found. When falling into a local 
optimal solution, the designer should give another optimization direction. Compared with only using machine learning 
algorithms, the human-in-the-loop method could solve the global optimization problem with fewer sample points. The 
optimization program was developed using the Python programming language, and the high-precision CFD simulation 
results of all samples were acquired from the supercomputing center. The optimization process was shown in Figure 2. 
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Figure 2 The design optimization procedure 

2.1 Geometry parameterization and the Initial database 
In general, each blade section was obtained through the blade angle distribution and the blade thickness distribution 

of the camber line. The leading edge and the trailing edge must remain constant throughout the optimization process to 
ensure the consistency of the blade geometry. The blade angle distribution and thickness distribution at the hub of the 
diffuser were identical to those at the shroud. Two sixth-order Bezier curves were utilized to describe the diffuser blade 
angle distribution and thickness distribution, respectively, as shown in Figure 3a, 3b. The points (X0, B0), (X5, B5), (X6, 
T0), and (X10, T5) were kept unchanged considering the stage matching. The remaining control points were adjusted in 
the y-direction to give the 8 variables. The variation range constraints were typically the aerodynamic and strength 
requirements. The blade shape should satisfy the aerodynamic design criteria. The strength of the blade should be high 
enough that it would not break under the working loads. Table 2 showed the variation range of different design 
parameters. 
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(a) Blade angle distribution (b) Blade thickness distribution 

Figure 3 Centrifugal compressor diffuser blade angle distribution, thickness distribution, and the 
corresponding control points 

Table 2 The variation range of the design variables 
Blade angle Blade thickness 

B1 [57,72] T1 [2,6] 
B2 [55,70] T2 [5,11] 
B3 [50,65] T3 [6,15] 
B4 [50,65] T4 [13,22] 

 
The sample distribution must be reasonable to ensure that the initial database is efficient and effective. An efficient 

sample distribution must have good space-filling and projection characteristics to ensure the good regression accuracy of 
the regression model(Jin et al., 2003). One effective sampling method for multidimensional design variables is the Latin 
Hypercube sampling(Stein, 1987), which divides the design range of each variable into equal intervals and collects the 
sample points from each interval. A total of 200 sampling points were obtained, which constituted the initial database. 

2.2 The CFD Model and Numerical verification  
In the optimization process, the CFD simulation results were needed to establish the database. Therefore, the 

numerical method was verified before the optimization. In this paper, the CFD domain included one passage of the stage, 
containing the impeller, the radial diffuser, and the axial diffuser. The NUMECA CFD software was used for the 
calculations. Spatial discretization was achieved with the cell-centered Jameson finite volume explicit scheme, and 
temporal discretization was performed via a fourth-order Runge-Kutta scheme. One-equation Spalart-Allamaras (SA) 
was selected as the turbulence model. A multi-grid scheme was employed to reduce the computation time. 

The total pressure, the total temperature, and the airflow angle (axial intake) were specified at the domain inlet. 
When the parameter change was below 0.1%, and the difference between the inlet and outlet mass flow was below 0.1%, 
the calculation was considered convergent. Non-slip and adiabatic wall boundary conditions were used. The mixing plane 
was applied between the rotary and stationary domains. 

The structured grid was generated in AutoGrid to mesh all domains, and mesh refinement was applied to the blade 
surfaces and the endwalls. The y+ was set around 2 at the wall surfaces to ensure boundary layer resolution. The mesh 
orthogonality at the radial and axial diffuser inlets was ensured by the Z-lines. After grid dependency analysis, the final 
mesh elements count of all domains was about 324 million, where that of the impeller was 224 million, that of the radial 
diffuser was 52 million, and that of the axial diffuser was 48 million. The computational grid of the centrifugal 
compressor is shown in Figure 4. The same mesh topology and mesh size were adopted during the optimization loops. 
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Figure 4 The computational grid of the centrifugal compressor 

The experimental data set was from the Ultra-high-pressure-ratio centrifugal compressor test rig built by the 
Institute of Engineering Thermophysics, Chinese Academy of Sciences. The ultra-high-pressure-ratio centrifugal 
compressor performance comparison between the CFD prediction and the experimental results at 70%, 80%, 90%, 
and 100% of the designed speed is shown in Figure 5. The satisfactory agreement was obtained at low speeds. 
However, the predicted pressure ratios at 90% and 100% of the designed speed were 7.02% and 5.11% higher than 
those of the experiment results. The reason for that may be the inaccurate calculation of the shock wave. The same 
discrepancies were also reported by previous researchers(Yi et al., 2014, Mangani et al., 2012). He and Zheng 
detailedly discussed the influencing factors of pressure ratio prediction and pointed out that the discrepancies in the 
predicted pressure ratios at 90% and 100% of the designed speed were within the margin of error(He and Zheng, 
2017). 

 

Figure 5 Comparisons between calculation and experiment 
2.3 Operating Points and Objective Functions 
At least three operating points are necessary to maintain the working range and increase the compressor 

efficiency at the designed speed. During the optimization loops for CFD prediction, the backpressures of the 
investigated points were kept the same as the datum case.  

The objectives and constraints in the current research are listed as follow: 
(1) To maximize the isentropic efficiency at the design point OP1; 
(2) To maximize the isentropic efficiency at the near surge point OP2; 
(3) To constrain the choke mass flow change at OP3 within 0.3%. 
All computations were conducted at nominal speed, as shown in Figure 5.  
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The general approach for multiple optimization objectives was to convert them into a single-objective function 
and consider the weighted sum of each objective function. Therefore, the optimization problem to accomplish the 
preset objectives can be expressed as: 
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Where ω11, ω12, ω13, ω21, ω22, ω23, ω31, ω32, ω33, ω1, ω2, and ω3 represent the different weight factor; the subscript 
op1, op2, and op3 are the three operating points mentioned above; the superscript ref denotes the reference value. 

The optimization process in this paper is then transformed into a constrained optimization problem as follows: 
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Where the superscript L denotes the lower limit, U denoted the upper limit. 
During CFD prediction, the cases that cannot reach convergence at OP2 were removed from the initial database. 

Cases that cannot satisfy the flow rate difference of below 0.3% at OP3 were also eliminated. A total of 182 samples 
remained in the initial database. 

2.4 The surrogate model 
2.4.1 The XGBoost regression model 

XGBoost is a machine-learning algorithm initially proposed by chen(Chen and Guestrin, 2016) in 2016. Although 
the essence of XGBoost is the Gradient Boosting Decision Tree (GBDT), it aims to maximize the training speed and 
efficiency. Following the principle of Gradient Boosting, the XGBoost algorithm starts with weak learning and then 
produces a sequence of weak classifiers, which are then combined to create a strong classifier with high stability and 
reliability(Zhong et al., 2020). Each weak classifier is generated by fitting the residuals between the predicted value and 
the actual value, as expressed with the following formulas: 
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Where F is the set of k regression trees, ( )q xω is the score of leaf node q. 
The objective function of the XGBoost algorithm is defined as: 

 

1 1
( , ) ( )
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i ki
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The decision tree of the XGBoost algorithm is generated based on the structural risk minimization principle for 
minimizing the objective function. In Formula 1.4, the objective function (Obj) consisted of two parts: the loss function 
representing the inconsistency between the predicted value (  iy ) and the actual value ( iy ) and the regularization item 
representing the model complexity.  

According to Formula 1-5, the regularization item also comprises two sections: the first ( Tγ ) controlling the number 

of leaf nodes, and the L2 regularization item ( 21
2
λ ω ) controlling the weight of leaf nodes. 

 21( )
2

f Tψ γ λ ω= +  (1-5) 

Then, at each iteration s, the predicted value (  s

iy ) equals the function of the previous iteration (  ( 1)s

iy
− ) plus a new sub-

model ( ( )s if x ) trained at the sth iteration. As a result, Formula 4 can be rewritten as:  
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Hence, the optimal fs(xi) must be found to ensure there is a minimum objective function value. Although the Obj is 
so complex for conventional methods to optimize it, introducing Taylor’s Formula24 could overcome this quandary. Due 
to the introduction of Taylor’s Formula, the loss function of the XGBoost algorithm should be at least two-order 
differentiation. 

Compared with Gradient Tree Boosting, the XGBoost algorithm adopts a better-regularized method to control 
overfitting, which significantly reduces the data size and improves the robustness of the model. Therefore, the XGBoost 
algorithm is used as a surrogate model in this paper for the regression of the aerodynamic performance of the ultra-high-
pressure-ratio centrifugal compressor diffuser vanes. 

2.4.1 The MaxLIPO algorithm with the trust region method 

Although optimization algorithms are widely used in aerospace engineering, many are sensitive to hyperparameter 
settings. In this study, hyperparameter selections were classified into the following three aspects: 

(1) The guess selection based on the user’s common sense or intuition and continuous trying; 
(2) The random selection by computers; 
(3) The partial selection based on known initial values. 
Parameter selection for Point 1 and Point 2 is based on the blind method. The only difference is a human or a 

machine. The local optimal value for Point 3 could be easily found with a given initial value, but the global optimal 
solution is difficult to obtain. Meanwhile, it is hard to get a good initial value in complex aerospace engineering. 

Malherbe proposed the LIPO algorithm with simpler operations, fewer parameters, and higher search accuracy to 
solve the problem above. The principle of the LIPO algorithm is to ensure the segmented upper boundary of f(x) and use 
it to determine the value of x in each step of optimization. With sample points x1, x2, …, xt obtained, the upper bound of 
f(x) is: 

 21...
( ) min( ( ) ) d

i ii t
U x f x k x x x R

=
= + − ∈    (1-7) 

Although the MaxLIPO algorithm could quickly find the optimal range in the global model, it could not quickly 
pinpoint the optimal solution, a problem shared by many derivative-free optimization algorithms. Powell’s 
method(Powell, 2003) has been introduced to address such issues, which fits a surface near the optimal value and then 
takes the next iterate as the maximizer of that quadratic surface within some distance of the current best point. Therefore, 
the model is considered accurate in a small region called the trust region. The local convergence of Powell’s method is 
very favorable, and the local optimal value could be found through a few iterations. In this paper, the MaxLIPO 
algorithm is used to automatically select the hyperparameters and search for the optimal value range of the objective 
function. The trust region method is used to quickly obtain the optimal value. 

2.5 The human-in-the-loop adding-point strategy: Active Learning 
The convergence of the algorithm was evaluated according to the double convergence criterion shown in Figure 2, 

where δ1 and δ2 are set to 0.001. If one of the two convergence criteria is not satisfied, the next iteration is performed with 
the dynamic adding point strategy adopted in advance. The dynamic adding-point strategy is to set the optimal solution of 
the model from the previous iteration as the number of new sample points and the sampling space in the current iteration. 
Here the triggering conditions of the dynamic adding-point strategy include: 

(1) The dynamic adding-point strategy reducing the sampling space; 
In this paper, the convergence of the algorithm is evaluated according to the double convergence criterion shown in 

Figure 2, where δ1 and δ2 are set to 0.001. If one of the two convergence criteria is not satisfied, the next iteration is 
performed with reduced sample space and spatial points extracted on the new space. 

(2) The dynamic adding-point strategy increasing the sampling space. 
The current computer intelligence cannot completely replace the experienced designer. As the whole optimization 

process is a black box, it is unclear whether the optimization result is the global optimal or local optimal, which is a 
drawback of the current machine learning algorithm. Completely removed from the whole optimization process, the 
human designers cannot learn any optimization experience or evaluate the correctness of the machine-derived results. 
Current methods to obtain global optimization results include increasing the number of sample points, setting reasonable 
penalty functions, and setting more stringent convergence conditions, all of which consume a lot of time and funds. 

As an attempt to locate the global optimal solution, this paper adopts an expert model, which combines the designer 
with the machine learning algorithm. Therefore, the program could learn from the designer’s experience in the 
continuous iterations and adjust its optimization direction to obtain the global optimal solution. As shown in Figure 2, 
after the program produces an optimal solution, the designer determines whether it is the global optimal by detailed flow-
field analysis. If it is not the global optimal, the designer would expand the design space and specify a new optimization 
direction and range for the optimization program. The specific implementation is as follows: 

The i+1th sample space 1 11 ( , )
L U
i ii x x+ ++ =X
 

 is derived from the dynamic range of the ith sample space ( , )
L U
i ii x x=X
 

, as 
can be expressed as: 
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where 1
L
iX +



 is the lower boundary vector of the i+1th iteration control variable, 1
U
iX +



 is the upper boundary vector 
of the i+1th iteration control variable, iX

∗  is the optimal point vector of the parametric variable derived from the ith 
iteration, and 1iλ +  is the proportionality coefficient of the ith sample space to the ith space. Meanwhile, as the sampling 
space approaches the initial space boundary, the initial boundary should be considered the final boundary to prevent the 
boundary in the optimization process from exceeding the maximum control boundary. 

The sample number after changing the space is: 
1i iN nN+ =                                            (1-9) 

where N is the number of sample points, and n is the proportionality coefficient of the number of the i+1th samples 
to the ith samples. 

When 0 1
0 1n

λ≤ ≤
 ≤ ≤

, the dynamic adding-point strategy reducing the sampling space applies, when max

max

1
1 n n

λ λ≤ ≤
 ≤ ≤

, the 

dynamic adding-point strategy increasing the sampling space applies. λmax and nmax are set according to the sampling 
space to 3 and 2, respectively.  

2.6 Reliability judgment 
Each training result is validated by the Mean Absolute Error (MAE) and the coefficient of determination (R2). As the 

standard deviation of the residuals, MAE measures the average distance between the predicted result and the original 
data. As the proportion of the explained variation to the total variation, R2 donates the goodness of fitting. MAE and R2 
are defined as follows: 
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3 RESULTS AND DISCUSSION 
3.1 The optimization result 

A total of 505 designs with converged results at all operating points were generated in the optimization process. 
Figure 6 shows the values of a reference penalty Wp and the efficiency values of OP1 and OP2, where a low value of Wp 
signifies a good overall performance. Each point represents a case. All points are projected onto each plane to better 
represent the optimization value. The black point is the Baseline. Some optimization points could be considered 
improved with a lower penalty Wp than the Baseline. The optimal point can be found in the bottom right corner.  

 
Figure 6 Global optimization results 
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The whole optimization process took 14 iterations, of which the optimization directions of the 7th and 12th iterations 
were adjusted with the expert model. The final global R2 is 0.81. The XGBoost regression model training curve during 
the last iteration is shown in Figure 7 to verify the fitting accuracy around the optimal value, where a very small MAE 
appeared at around 50 iterations. Figure 8 shows the 45-degree regression line. Due to the dynamic adding-point strategy, 
the sample points are densely distributed near the optimal value and the 45-degree line, which indicates that the 
regression accuracy is high. The number of sample points in the non-optimal region is sparse, which reduces the number 
of global sample points and dramatically saves the optimization time. However, the global R2 is low. 

  
Figure 7 The XGBoost training curve Figure 8 The 45-degree regression line of the test set 

The blade profiles of the optimal point and the Baseline were displayed in Figure 9. Compared to the Baseline, the 
pressure side thickness of the optimal blade profile decreased significantly from the throat to the trailing edge. On the 
contrary, the suction side thickness increased from the middle to the trailing edge. The blade angle of the blade profile 
slightly decreased at the trailing edge. 

 
Figure 9 Blade profiles of the Baseline and the Optimized 

 
Figure 10 shows the influence of different design variables on compressor stage performance. Although the 

importance of different design parameters to compressor stage performance was not explicitly explored, the sensitivity 
distribution of the different parameters was obtained as a byproduct of performance optimization. 
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Figure 10 Weight coefficient of characteristic variables 

 
The total scores of B1, B2, B3, and B4 are significantly higher than those of T1, T2, T3, and T4, indicating that the 

blade angle distribution has a more significant influence on compressor performance than the blade thickness. The scores 
of B1 and B2, and T1 and T2 are higher than those of B3 and B4, and T3 and T4, respectively, indicating that geometric 
parameters of the leading edge have a greater influence on compressor performance. More specifically, the total scores of 
design parameters B1 and B2 are higher than those of T1 and T2, indicating that at the leading edge, the blade angle 
distribution has a greater influence on compressor performance. On the contrary, the total scores of T3 and T4 are higher 
than those of B3 and B4, which means that at the diffuser channel, the blade thickness distribution has a more significant 
influence on compressor performance than the blade angle distribution. The main reason is that the leading edge angle 
distribution greatly influences the blockage factor and the boundary layer displacement thickness. Due to the leading 
edge shock, a slight angle change would significantly impact the compressor performance, making the blade angle the 
dominant factor. At the diffuser channel, the airflow velocity is low, which leads to the boundary layer thickening. The 
blade thickness becomes the dominant factor of compressor performance. Therefore, a reasonable blade thickness 
distribution could effectively inhibit the development of the boundary layer. 

Figure 11 shows the comparison between the optimized and Baseline diffusers and the comparison between the 
Baseline compressor and the one with matched diffuser vanes. At 100% speed, the optimal point achieved an efficiency 
improvement of about 1.03% at OP1 and 0.9% at OP2. The mass flow rate at OP3 increased by 0.23%. In addition, the 
compressor performances at non-design speed were higher than the Baseline.  

 

  
Figure 11 Performances Comparison between Baseline and Optimized 

 

3.2 CFD result analysis 
Since the main reason for compressor stage performance changes is the changes in the diffuser blades, it is 

necessary to analyze the flow conditions of the diffuser. Figure 12 shows the distribution of the blockage factor B, the 
pressure recovery coefficient Cp, and the total pressure loss coefficient w inside the diffuser. The optimized diffuser has a 
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higher pressure recovery coefficient, which is 5.74% higher than the Baseline diffuser. The total pressure loss coefficient 
at the diffuser outlet is 4.14% lower than that of the Baseline diffuser, caused by a different aerodynamic (loss) behavior. 

 

 
Figure 12 Diffuser performance comparison at OP1 

According to Runstadler(Runstadler et al., 1975), aerodynamic blockage B is an essential parameter of diffuser 
performance. In radial diffusers, the aerodynamic blockage is usually caused by a non-uniform radial velocity 
distribution. The aerodynamic blockage is defined as: 

1 eff

geom

A
B

A
= −                                               (1-12) 

It is clear from Formula (1-12) that the key to calculating the blockage factor is to capture the boundary and 
accurately delineate the blockage region. Garrison and Cooper(Garrison and Cooper, 2009) introduced an efficient 
method to determine the blockage region, i.e., to determine whether the region is blocked by evaluating the magnitude of 
the gradient ▽(ρVm), which is defined as follows:  

2 2( ) ( )( ) ( ) ( )m m
m

V VV
r t
ρ ρρ ∂ ∂

∇ = +
∂ ∂

                                  (1-13) 

where ρVm is the momentum of the airflow along the flow direction, r denotes the radial direction, and t denotes the 
circumferential direction. Therefore, the following inequality is used in this paper to determine the size of the blockage 
region:   

( ) / ( ( )) 1m m mass aveV Vρ ρ −∇ ∇ >                                   (1-14) 
where mass-ave denotes the mass average of the cross-section where this parameter is located. 
As shown in Figure 12, the blockage drops rapidly at R3. In other words, a fast mixing process occurs at R3. 

However, the mixing process of the optimized diffuser was more thorough with a smaller blockage. After R3, the 
blockage of both compressors decreases and then increases, probably due to the shock boundary layer interaction at the 
supersonic leading edge, which produced extra losses and throat blockage. 
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Figure 13 The entropy, Vm, and Vt at OP1 

The purpose of vane optimization is to efficiently convert the kinetic energy of the mass flow from the impeller into 
pressure energy. Therefore, the aerodynamic parameters of the flow channel are vital for the diffuser performance. The 
Entropy and the radial and tangential velocities were studied to understand the aerodynamic parameter variation in the 
diffuser. 

Vt and Vr of the diffuser vanes are defined as follows: 
 

2 2

x y

r

xV yV
V

x y

+
=

+
                             (1-15) 

2 2

y x

t

xV yV
V

x y

−
=

+
                             (1-16) 

The velocity along the meridian channel direction Vm is related to the channel area, as defined as follows: 
2 2

m r z
V V V= +                                 (1-17) 

For a radial diffuser, the velocity along the z-direction is projected to zero in the XOY plane. Thus,│Vm│=│Vr│. 
Sections are taken uniformly from the diffuser inlet to the outlet along the meridian flow channel direction to 

describe the variation of the flow parameters along the diffuser flow channel. Formulas (1-16) and (1-17) are substituted 
into Formulas (1-18) and (1-19) to obtain the velocity integral of different sections. 
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∫

∫
                                (1-19) 

Similarly, for each surface along the meridian flow channel direction, integration is applied to obtain its entropy, as 
shown in Figure 13. 

At the impeller exit (R=R2), the entropy and velocity distribution are the same, indicating that the optimized diffuser 
has less influence on the upstream. As the airflow moves to R3, the entropy, Vt, and Vm show significant changes, i.e., a 
sudden increase in entropy, a steep drop in Vt, and a slower drop in Vm. The main reason is that the kinetic energy of the 
gas flow is mainly from Vt, and the diffuser distributed along the circumferential direction has a stronger effect on the 
deceleration of Vt, which is an important stage of deceleration and compression (as shown in Figure 12, the static 
pressure rises rapidly). The optimized diffuser has a more pronounced deceleration effect on the airflow in the inlet 
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section of the diffuser. However, the entropy remains essentially the same as that of the baseline diffuser, indicating that 
the optimized blade is better adapted to the airflow in the diffuser inlet. Although the velocity decrease trend in the 
expansion channel is relatively smooth, the optimized diffuser shows lower Vt, Vm, and smaller entropy than the baseline 
diffuser. Therefore, the optimized diffuser has better aerodynamic performance. 

CONCLUSIONS 
In this paper, the XGBoost machine learning regression model with a trust region optimization model is used to 

optimize an ultra-high-pressure-ratio centrifugal compressor diffuser. The following conclusions are drawn: 
(1) With the XGBoost machine learning algorithm, the MaxLIPO trust region optimization algorithm, and active 

learning, the proposed model could obtain the global optimal solution in fewer iteration steps. When used in the blade 
aerodynamic optimization, the optimization accuracy is comparable with the CFD simulation. 

(2) A diffuser blade optimization process is proposed, an optimization model is established based on the proposed 
process, and the optimal diffuser profile is obtained in the selected parameter space. The optimized diffuser is matched 
with the original impeller, and the peak efficiency is increased by 1.03% at 100% of the designed speed while the margin 
of the centrifugal compressor is kept constant. 

(3) For the diffuser design, the leading edge (semi-vaneless area) blade angle distribution has the most significant 
impact on the compressor performance, followed by the leading edge blade thickness distribution. The interference at the 
ultra-high-pressure-ratio centrifugal compressor diffuser leading edge shock wave boundary layer is so strong that a 
small leading edge geometry change would significantly impact the flow in the channel. For the diffusion channel, blade 
thickness distribution significantly impacts compressor performance, mainly because the main flow velocity is low. 
Therefore, the development of the boundary layer could be effectively inhibited through refined control of the blade 
thickness distribution. 

OUTLOOK 
At the time of writing this article, the experimental investigation of the optimized diffuser is in its manufacturing 

phase. The comparison between experimental and numerical results will be further studied in the following papers. 

NOMENCLATURE 
 
π Total pressure ratio 
ηi Isentropic efficiency 
N Rotating speed 
ZI Number of blades 
D1 Inlet tip diameter 
D2 Exit diameter 
β Back sweep angle 
b2 Exit blade height 
α Inlet metal angle 
ω Weight factor, 
L Lower boundary limit 
U Upper boundary limit 
m Mass flow rate 
Ma Mach number 
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