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Abstract  

This study employed the Box-Behnken design and machine learning techniques to model and optimize the nozzle position 

of a cross-flow turbine system. The Box-Behnken design was used to structure the experiment, with nozzle height (365 

mm–461 mm), nozzle distance (102 mm–202 mm), and attack angle (0°–40°) as the predictors (independent factors), and 

efficiency, shaft power, and runner speed as the response variables. A total of 17 experimental runs were obtained from 

the Box-Behnken design. The experimental design was meticulously followed. The runner speed was measured using a 

digital tachometer and recorded for each nozzle positional setting, while the shaft power and efficiency were calculated 

using the appropriate formulae. The responses were optimized, modeled, and analyzed statistically using ANOVA to assess 

how the nozzle positional factors individually and interactively affect the responses. The results of the RSM optimization 

were validated using the machine learning algorithm, Sequential Least Squares Programming (SLSQP). Additionally, the 

responses of the cross-flow turbine were modeled using the Multilayer Perceptron (MLP) algorithm, and its prediction 

performance was compared to that of the RSM model. This comparison was conducted both graphically and statistically 

using performance indices such as mean bias error (MBE), root mean square error (RMSE), Nash-Sutcliffe efficiency 

(NSE), t-statistic, coefficient of correlation (r), and coefficient of determination (R2). The study results showed that each 

nozzle positional factor influences the efficiency, shaft power, and runner speed of the CFT system. Additionally, it was 

observed that the nozzle height and attack angle interactively affect the CFT responses. Using the RSM optimization 

technique, the optimal nozzle position was determined to be: nozzle height = 408.4mm, nozzle distance = 102mm, and 

attack angle = 5°. At this position, the predicted response values were: efficiency = 91.91%, shaft power = 242.367W, and 

runner speed = 406rpm. The SLSQP technique validated the RSM findings by identifying a similar optimal nozzle position: 

nozzle height = 407.99mm, nozzle distance = 102mm, and attack angle = 4.699°. At this position, the predicted response 

values were: efficiency = 91.962%, shaft power = 242.599W, and runner speed = 405.99rpm. Furthermore, holistic 

modeling of the CFT system demonstrated that both RSM and MLP models performed well in estimating CFT responses. 

However, the RSM model surpassed the MLP model, as it had lower MBE, RMSE, and T-statistic values and higher NSE, 

r, and R2 values. Consequently, the developed RSM model is recommended for predicting CFT responses across different 

nozzle positional factors. 

Keywords:  Crossflow turbine, Box-Behnken design, Machine learning, Nozzle position, Optimization. 

1. Introduction 

A cross-flow turbine (CFT) system is a type of impulse turbine that requires a low head and high volumetric flow 

rate application. The CFT system produces shaft power through the action of the water jets from its carefully 

designed nozzle on the upper and lower blade stages (Durgin & Fay, 1984; Achebe et al., 2020; Williams & Pavel, 

2023). Studies have shown that 70% and 30% of water energies are extracted by the upper and lower blade stages 

of the CFT system (Adanta et al., 2018). Considering the high potential of hydropower on the earth’s surface, 

which is covered with about 71% water, and the ocean has about 96.5% water (USGS, 2019; Sritram & 

Suntivarakorn, 2021), there is a need to maximize the efficiency of hydro-turbine systems, especially the CFT 

system due to its fewer design complexities and cost-effectiveness. The CFT system is classified as a small 

hydropower system (SHP) subdivided into Mini (<1MW), Micro (<100kW), and Pico (<10kW) energy levels 

(Energypedia, 2022). Moreover, the energy potentials of SHP systems are still minimally utilized as depicted in 

Figure 1, SHP had a global usage of just 7%.   

https://journals.unizik.edu.ng/index.php/ujeas
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Fig. 1: Global percentage usage of various renewable energy sources (UNIDO, 2016) 

In the design of an efficient CFT system, the design variables of the runner (comprising of the blades, rotor, and 

two wheels/discs) and the nozzle components are imperative as they significantly affect the CFT system's 

performance characteristics. The geometrical factors, flow characteristics, nozzle fluid properties, and the position 

of the nozzle with reference to the blades contribute significantly to the actualization of the cross-flow operation 

of the fluid through the upper blade stage to the lower stage. Several experimental and computational studies have 

been carried out on the optimal nozzle design for higher efficiency actualization.  The effect of some positional 

variables of the nozzle, like the inlet angle or attack angle, nozzle tip distance from the centre shaft, and nozzle tip 

elevation, was investigated by Verma et al. (2017). The study achieved a maximum efficiency of 93% when 

positioned at an attack angle of 8°, nozzle tip distance of 4cm, and at any nozzle tip elevation, but the runner speed 

decreased as the nozzle tip distance was increased while having the nozzle fixed at an elevation of 13cm and 15cm 

from the central shaft axis. The optimal (custom) design tool which is a subset of response surface methodology 

(RSM) was employed to optimize the nozzle position in the study of Achebe et al. (2020), and an optimal position 

of the nozzle was achieved at 5°, 413mm, and 102mm respectively for attack angle, nozzle elevation from the 

runner shaft, and nozzle tip distance from the shaft. Also, the double-type positioned (combination of horizontal 

and vertical) nozzle had a higher efficiency of 81.68% compared to the horizontally and vertically placed nozzles 

due to the absolute flow dynamics operation of the fluid while participating in the second blade stage, which led 

to the maximization of water energy in the second stage (Rantererung et al., 2020). In addition, the nozzle’s 

geometry (throat area, width, length, etc.) was found to affect the CFT’s performance characteristics in the work 

of Oberkampf & Trucano (2002) using the computational fluid dynamics (CFD) technique. Nozzles with relatively 

narrow and converging inlet shapes were discovered to yield better CFT efficiency compared to other nozzle 

shapes investigated (Son et al., 2011). Furthermore, the effect of the nozzle’s attack angle on the efficiency of the 

CFT system was investigated in the studies of (Desai & Aziz, 1994; Nakase et al., 1982; Fiuzat & Akerkar, 1989), 

and a maximum efficiency of 90% was obtained at an attack angle of 22°.  

Despite numerous studies on CFT optimization, there remains a critical gap in the integration of experimental 

design, optimization algorithms, and machine learning validation framework. Most existing works either rely 

solely on experimental approaches or employ computational models without rigorous cross-validation or statistical 

performance benchmarking. Additionally, limited attention has been given to validating RSM-based optimization 

results using constrained nonlinear optimization techniques such as SLSQP, particularly for nonlinear 

hydrodynamic systems. This study addresses these gaps by introducing a hybrid methodology that combines BBD-

based experimentation, RSM optimization, SLSQP validation, and MLP-based predictive modeling. The 

innovative aspect of this work lies in its multi-level validation approach, where optimization results are not only 

statistically validated but also compared across different modeling paradigms, thereby enhancing confidence in 

the derived optimal conditions and improving the reliability of predictive modeling for real-world hydropower 

applications.  

Additionally, this study presents a significant advancement in the optimization of CFT nozzle positional 

performance. The novelty lies in the simultaneous application of these techniques to not only optimize nozzle 

positional parameters but also rigorously validate and compare predictive capabilities using multiple statistical 
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performance indices. Furthermore, this study establishes a comprehensive relationship between nozzle positional 

variables and turbine performance metrics (efficiency, shaft power, and runner speed), thereby providing a more 

holistic and reliable optimization strategy for CFT systems. 

2.0 Materials and Methods 

2.1 Materials/Tools 

The materials/tools used in this study include a digital tachometer, flow rate meter, Design Expert 11.0 software, 

MATLAB 2023 version, and a test site. The Design Expert 11.0 software was used in developing the Box-Behnken 

experimental design. The volumetric discharge of the test site and the speed of the runner shaft were ascertained 

using the flow rate meter and a digital tachometer, respectively. The test site used for the experiment had a head 

of 6.4m and a flow rate of 0.0042𝑚3/𝑠. MATLAB 2023 version was used to model the response variables- turbine 

efficiency, shaft power, and runner shaft speed, and also compare the estimation performance of the models with 

that obtained from the design expert tool. The Anaconda package, which is one of the special packages of the 

Python programming language, was used to validate the optimization results of the RSM technique.  

2.2. Method 

The methodological framework of this study is shown in Figure 2. The detailed explanations of framework 

elements are presented in the sub-sections.  

 

Fig. 2: Framework of research methodology 

2.2.1. Box-Behnken Experimental Design 

An experiment was designed using the Box-Behnken technique and was meticulously followed while measuring 

the various performance variables of the CFT hydro system. Box-Behnken design takes a minimum of three (3) 

categorical factors and duplicates the design for every combination of categorical factor levels, though only when 

categorical factor (s) are added. The independent variables considered in the Box-Behnken design include nozzle 

tip distance from the runner shaft, nozzle elevation from the runner shaft, and the attack/inlet angle, and were 

respectively varied at 102-202mm, 365-461mm, and 0-40°. The response variables that were used to evaluate the 

turbine’s performance at varying nozzle positions were: turbine efficiency, shaft power, and runner shaft speed. 

The design outputted a total of 17 simulations/runs. Table 1 shows the experimental design. 

Table 1: Box-Behnken Experimental Design 

 Factor 1 Factor 2 Factor 3 

Run A: Nozzle distance B: Nozzle height C: Attack angle 

 Mm Mm Degree 

1 152 365 40 

2 152 413 20 

3 102 413 5 

4 202 413 0 
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5 202 461 20 

6 102 413 5 

7 152 365 0 

8 152 461 0 

9 152 461 40 

10 202 413 40 

11 152 413 20 

12 102 461 20 

13 102 413 5 

14 202 365 20 

15 152 413 20 

16 152 413 20 

17 152 413 20 

 

2.2.2. Measurement of the Response Variables of the CFT Hydro System 

The CFT turbine reported in the Achebe et al (2020) study was used for the experimentation. This CFT system 

was designed with a flow head of 5.2m and a flowrate of 0.0015𝑚3/𝑠 but was used at a test site having a flow 

head of 6.4m and a flowrate of 0.0042𝑚3/𝑠. The Box-Behnken design (Table 2) was carefully followed in the 

experimentation operation to accurately measure the performance variables of the hydro system. At a specific 

nozzle height from the shaft, nozzle distance from the shaft, and attack angle, the speed of the runner shaft was 

measured with a digital tachometer and recorded. The same procedure was adhered to in all 17 simulations/runs 

obtained from the Box-Behnken design of the experiment. Fig. 3 shows the measurement activity of the shaft’s 

speed while the turbine is in operation.  

 

Fig. 3: (a) CFT system in operation (b) Measurement of runner shaft speed with a digital tachometer (c) Computer-

aided design model of the CFT system 

The shaft power and turbine efficiency were computed for each nozzle setting using equations 1-2 (Mockmore & 

Merryfield, 1949).  

           𝑃𝑠 = (
⍵𝑄𝑈1

𝑔
)(𝑉1 cos 𝛼1) (1 +

φcos 𝛽2

cos 𝛽1
) = ⍵. 𝑇           (1) 

                                                          𝜂𝑡 =  
𝑃𝑠

𝜌𝑔𝑄𝐻
                                                                         (2) 

Where: φ = 0.98 (an empirical coefficient that is less than 1, used for compensating frictional effect), 𝜔 = angular 

velocity of the turbine shaft (rad/s), Τ = the torque of the turbine shaft (Nm), 𝑔 = acceleration due to gravity 

(9.81𝑚/𝑠2), 𝛼1 = inlet/attack angle of water (degrees), 𝑃𝑠 = shaft power (W), 𝜂𝑡 =  turbine efficiency (%), U1 =
peripheral speed of the runner, Q =  flowrate of the test site (0.0042𝑚3/𝑠), H = head (6.4m), 𝛽𝟏 = outer blade 

c 
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angle (28°), 𝛽𝟐 = inner blade angle (90°), 𝑉1 =  absolute jet velocity = 𝐶𝑉√2𝑔𝐻 = 9.9m/s (𝐶𝑉 = 0.98). 𝐶𝑉 is the 

velocity coefficient that accounts for water losses through the nozzle during flow operation.  

2.2.3. Optimization of the Responses Using RSM and ML Techniques 

The response variables were optimized to obtain the best nozzle position that would give the optimal performance 

characteristics of the responses. The best nozzle position was in reference to independent factors like attack angle, 

nozzle tip distance from the shaft, and nozzle tip elevation from the shaft. The quadratic models obtained from the 

RSM optimization technique for the three responses were employed in the ML system to further compare and 

validate the optimization outputs of RSM. The validation was done using the Sequential Least Squares 

Programming (SLSQP) algorithm. The RSM optimization goals are outlined in Table 2. 

Table 2: RSM Optimization Goals for Each of the Factors 

S/N Factors Goal 

1 Attack angle In range 

2 Nozzle tip distance from the shaft In range 

3 Nozzle elevation from the shaft In range 

4 Efficiency Maximize 

5 Shaft power Maximize 

6 Runner speed Maximize 

 

The SLSQP algorithm was used because of the experimental data's nonlinearity and the need to constrain the 

optimization operation within the minimum and maximum range of values of both the independent and response 

factors.  

2.2.4. Modeling Using Machine Learning Algorithms 

A response prediction model based on the multilayer perceptron (MLP) neural network algorithm was developed 

using the MATLAB 2023 version. For the MLP system, the Levenberg-Marquardt training algorithm was used 

because it best suits the non-linearity pattern of the dataset. From the 17 data points, 70%, 15%, and 15% were 

respectively used for training, validation, and testing of the models. The MLP model had three (3) inputs, ten (10) 

hidden neurons, one (3) output layer, and three (3) outputs as depicted in Figure 4. The fed inputs were the inlet 

angle (C), nozzle tip distance from the shaft (A), and nozzle elevation from the shaft (B), while the target outputs 

include turbine efficiency (𝜂𝑡), shaft power (𝑃𝑠), and runner shaft rpm (𝑆𝑟). The MLP model employed a two-layer 

feed-forward network with sigmoid hidden neurons and linear output neurons capable of fitting multi-dimensional 

mapping problems. The MLP function is expressed in equation 3. 

𝑦(𝑥) = 𝐹(∑ 𝑤𝑖(𝑡).  𝑥𝑖(𝑡) + 𝑏𝐿
𝑖=1 )                                                 (3) 

 

 

Figure 4: The architecture of the MLP model 

Where: y(x) = the output, 𝑥𝑖(𝑡) = input variables in discrete time space t, F = the hidden transfer function, L = 

hidden neurons, 𝑤𝑖(𝑡) = the weight, b = the bias. 

2.2.5. Statistical Validation of the Estimation Models         

To obtain the best-performed model, the estimation performances of the RSM-based models and the MLP model 

were accessed statistically using the indices of mean bias error (MBE), Nash-Sutcliffe equation (NSE), root mean 

square error (RMSE), coefficient of correlation (r), T-statistics test, and coefficient of determination (R2). The 

models used in determining these statistical indices are given in equations 4-9 (Onyeka et al., 2021; Mbah et al., 

2022; Akpenyi & Okafor, 2024; Okafor et al., 2025). 

 



Okafor et al/ UNIZIK Journal of Engineering and Applied Sciences 6(2), 3767-3780 

3772 
 

𝑀𝐵𝐸 =
1

𝑛
∑ (𝑍𝑖𝑐𝑎𝑙 − 𝑍𝑖𝑚𝑒𝑎)𝑛

𝑖=1                   (4) 

𝑅𝑀𝑆𝐸 = [
1

𝑛
∑ (𝑧𝑖𝑐𝑎𝑙 − 𝑧𝑖𝑚𝑒𝑎𝑠)2𝑛

𝑖=1 ]

1

2
                                            (5) 

𝑁𝑆𝐸 = 1 −
∑ (𝑍𝑖𝑚𝑒𝑎−𝑍𝑖𝑐𝑎𝑙)2𝑛

𝑖=1

∑ (𝑍𝑖𝑚𝑒𝑎−𝑍𝑚𝑒𝑎)2𝑛
𝑖=1

                   (6) 

      𝑟 =
∑ 𝑋𝑌

√(∑ 𝑋2)(∑ 𝑌2)
                    (7) 

       𝑡 = [
(𝑛−1)(𝑀𝐵𝐸)2

(𝑅𝑀𝑆𝐸)2−(𝑀𝐵𝐸)2]

1

2
                                (8) 

                                 R2 =
sum of squares (ss)

sum of squares of residuals
=

∑ (Zimea−Z̅imea)2n
i=1

∑ (𝑍imea−Z̅ical)2n
i=1 

                                                           (9)  

Where: n = number of data points = 69, Zical = calculated value of each response variable, Zimea = measured value 

of each response variable, 𝑍̅𝑚𝑒𝑎 = the mean measured value of each response, X = the difference between the 

measured values of each response and the mean of the measured response, Y = the difference between the estimated 

and the mean of the estimated response variable.   

3. Results and Discussions 

3.1. RSM Optimization of the Responses 

Quadratic models were developed by applying the RSM technique to all the response variables employed in 

evaluating the CFT’s performance characteristics. The models showed that each of the independent factors (A, B, 

and C) had a significant effect on the turbine’s performance variables, with 𝐵 and C having a combined two-factor 

interactive effect on the responses (𝜂𝑡, 𝑃𝑠, and 𝑆𝑟). The analysis of variance (ANOVA) tables for the responses are 

presented in Tables 3-5. 

Table 3: ANOVA for the Turbine Efficiency 

Source Sum of Squares df. Mean Square F-value p-value  

Model 11611.62 9 1290.18 14.38 0.0010 significant 

A-Nozzle distance 1030.17 1 1030.17 11.48 0.0116  

B-Nozzle height 1310.48 1 1310.48 14.61 0.0065  

C-Attack angle 655.04 1 655.04 7.30 0.0306  

AB 164.95 1 164.95 1.84 0.2172  

AC 31.68 1 31.68 0.3531 0.5710  

BC 2140.91 1 2140.91 23.86 0.0018  

A² 902.23 1 902.23 10.06 0.0157  

B² 739.97 1 739.97 8.25 0.0239  

C² 812.90 1 812.90 9.06 0.0197  

Residual 628.06 7 89.72    

Lack of Fit 628.06 1 628.06    

Pure Error 0.0000 6 0.0000    

Cor Total 12239.69 16     

 

Table 4: ANOVA for the Shaft Power of the Turbine 

Source Sum of Squares df Mean Square F-value p-value  

Model 80741.55 9 8971.28 14.37 0.0010 significant 

A-Nozzle distance 7163.86 1 7163.86 11.48 0.0116  

B-Nozzle height 9113.40 1 9113.40 14.60 0.0065  

C-Attack angle 4555.66 1 4555.66 7.30 0.0306  

AB 1147.53 1 1147.53 1.84 0.2172  

AC 220.28 1 220.28 0.3529 0.5711  

BC 14887.66 1 14887.66 23.85 0.0018  

A² 6275.54 1 6275.54 10.06 0.0157  

B² 5141.94 1 5141.94 8.24 0.0240  

C² 5652.70 1 5652.70 9.06 0.0197  

Residual 4368.79 7 624.11    



Okafor et al/ UNIZIK Journal of Engineering and Applied Sciences 6(2), 3767-3780 

3773 
 

Lack of Fit 4368.79 1 4368.79    

Pure Error 0.0000 6 0.0000    

Cor Total 85110.34 16     

 

Table 5: ANOVA for the Speed of the Runner Shaft 

Source Sum of Squares df Mean Square F-value p-value  

Model 2.168E+05 9 24093.44 14.84 0.0009 significant 

A-Nozzle distance 16158.90 1 16158.90 9.96 0.0160  

B-Nozzle height 20953.15 1 20953.15 12.91 0.0088  

C-Attack angle 8117.55 1 8117.55 5.00 0.0604  

AB 2051.73 1 2051.73 1.26 0.2979  

AC 1111.42 1 1111.42 0.6848 0.4352  

BC 56406.25 1 56406.25 34.75 0.0006  

A² 14002.37 1 14002.37 8.63 0.0218  

B² 16191.16 1 16191.16 9.98 0.0160  

C² 20831.80 1 20831.80 12.84 0.0089  

Residual 11361.19 7 1623.03    

Lack of Fit 11361.19 1 11361.19    

Pure Error 0.0000 6 0.0000    

Cor Total 2.282E+05 16     

 

From Tables 3-5, using a significant value of 5% (confidence interval of 95%), it could be observed that the 

quadratic models for the turbine’s responses- efficiency, shaft power, and runner shaft speed were all significant 

as their respective p-values were all less than 5%. Moreso, the independent factors- nozzle height and attack angle 

had a combined two-factor interaction effect on the considered turbine responses as attested by the p-values that 

were less than 5%. This observed interaction between nozzle height and attack angle is consistent with the findings 

of Nakase et al. (1982) and Fiuzat and Akerkar (1989), who demonstrated that nozzle configuration strongly affects 

flow distribution and energy transfer within the turbine. The quadratic models (in actual factors) for each of the 

turbine responses are shown in equations 10-12. 

Efficiency=−298.91534−4.06637A+4.09818B−8.22477C+0.003851AB−0.004430AC 

+0.024099BC+0.007348𝐴2 −0.006654𝐵2 −0.041283𝐶2          (10) 

Shaft power = −786.97647 − 10.72475A + 10.80140B − 21.68924C + 0.010158AB − 0.011681AC +
0.063549BC + 0.019380𝐴2 − 0.017540𝐵2 − 0.108863𝐶2                                 (11) 

Speed of the runner shaft = −1855.99158 − 15.19431A + 19.84875B − 40.83977C + 0.013583AB −
0.026239AC + 0.123698BC + 0.028948𝐴2 − 0.031124𝐵2 −
0.208986𝐶2                                                                                                                                                                (12)                        

The RSM-based models shown in equations 10-12 for turbine’s efficiency, shaft power, and runner speed, 

respectively, had  𝑅2 values of 0.9487, 0.8827, and 0.9502. Also, the correlation coefficients (r) of the actual and 

model-predicted values of the responses are respectively 0.974, 0.974, and 0.975 for the efficiency, shaft power, 

and runner shaft speed models. The high values of 𝑅2 and r of the models showed good model performance and 

suitability for response prediction at any factor level considered. Furthermore, the optimal nozzle position for 

improved CFT performance characteristics was obtained at an attack angle of 5°, nozzle distance of 102mm, and 

nozzle height of 408.4mm. The highest desirability value of 0.972 was achieved at this best nozzle positional 

reference. Also, at this optimal nozzle position (design point), the performance variables (efficiency, shaft power, 

and runner speed) of the CFT system were respectively gotten to be approximately 92%, 242.4W, and 406 rpm. 

Figures 4-5 display these in contour plots. 
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Fig. 5: Contour plot of nozzle height against nozzle distance for (a) desirability (b) efficiency 

 

Fig. 6: Contour plot of attack angle against nozzle height for (a) shaft power (b) runner speed 

The achieved optimal nozzle position for improved CFT performance characteristics agrees with the study of 

Achebe et al. (2020). In addition, the result of the responses agrees with the findings of Desai and Aziz (1994) and 

Verma et al. (2017), who reported that optimal nozzle positioning significantly enhances turbine efficiency, with 

peak efficiencies approaching 90–93%.  Table 6 shows the summary statistics of the response predictions at the 

determined optimal nozzle position.  
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Table 6: Summary Statistics of the RSM-Based Model Predictions (Two-Sided, Confidence = 95%) 

Solution 1 of 100 

Response 

Predicted 

Mean 

Predicted 

Median 

Std Dev SE 

Mean 

95% CI 

low for 

Mean 

95% CI 

high for 

Mean 

95% TI low 

for 99% 

Pop 

95% TI high for 

99% Pop 

Efficiency 91.9121 91.9121 9.47225 5.52181 78.8551 104.969 37.6022 146.222 

Shaft power 242.367 242.367 24.9823 14.5633 207.931 276.804 99.1295 385.605 

Speed of the runner 

shaft 

406 406 40.2868 23.4851 350.467 461.533 175.012 636.988 

 

3.2. The SLSQP Model-Based Optimization of the Responses 

The outputs of the SLSQP optimization program well aligned with the RSM results, though small deviations were 

observed. Table 4 delineates the SLSQP results, both the predicted optimal nozzle position and the predictions of 

the responses at this optimal position. Therefore, Table 7 validates the RSM optimization solution. Furthermore, 

the effectiveness of the SLSQP algorithm in validating the optimization results aligns with the work of Nocedal 

and Wright (2006), who highlighted its suitability for constrained nonlinear optimization problems. 

Table 7: Optimal Nozzle Positions and Responses  

Nozzle parameters Values  Optimal Responses  

ηt Ps Sr 

Nozzle distance 102mm  

91.962% 

 

242.599W 

 

405.99 rpm Nozzle height 407.99mm 

Attack angle 4.699° 

 

3.3. Performance Results of the MLP Model  

The training of the MLP model in search of an optimal solution within an epoch setting of 1-6 is depicted in Figure 

7. At an epoch of 1, the best validation performance of 841.6979 was derived. At this optimal epoch point, the 

model’s MSE output during training, validation, and testing is the same. The details of the search operation for 

optimal model performance point from 1-6 epochs are clearly displayed in Figure 8.  

 

Figure 7: Optimal solution point of the MLP model  
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Figure 8: Plot of the iteration process 

Figure 8 reveals the different iteration processes within the epoch points of 1-6, with the gradient value of 7.4485e-

12 quantifying the decline from the epoch point of 1 to 6 during the MLP model’s validation performance check. 

Figure 9 presents a clearer picture of the model’s behaviour during the training, validation, testing, and overall 

modeling phases. 

 

Figure 9: Graphical display of the validation, training, test, and overall behaviour of the MLP model 

From Figure 9, it can be observed that the MLP model performed well in fitting the data to the regression line. The 

predicted response values are closer to the actual/measured values, thus attesting to good prediction performance 

of the MLP model. In addition, this observation is also buttressed by the fact that the correlation coefficient R of 
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the training, validation, testing, and overall process are all near unity, thus proving that the actual and predicted 

responses of the CFT system are positively correlated.  

3.4. Performance Comparison Between the RSM and MLP Models 

Figures 10-12 depict the graphical visualizations of the RSM and MLP response predictions in comparison with 

the measured response values.  

 

Figure 10: Comparison between the MLP and RSM model performances for CFT’s efficiency 

 

Figure 11: Comparison between the MLP and RSM model performances for CFT’s shaft power 

 

Figure 12: Comparison between the MLP and RSM model performances for CFT’s runner speed 

From figures 10-12, it can be deduced that both the MLP and RSM models have good estimation performances as 

the predicted efficiency, shaft power, and runner speed of the models aligned with the measured values, though 

some deviations were observed. However, the RSM-based models appeared to outperform the MLP model as their 

predicted response values better fit the measured response values. Table 8 shows the results of the statistical 
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analysis employed in evaluating the model estimation performances. These statistical indices helped with the 

conclusive deductions of the best-performing model for CFT’s response prediction at any factor level considered.  

Table 8: Statistical Evaluation of the RSM and MLP Models 

Statistical tool RSM Model MLP Model 

 𝛈𝐭 𝐏𝐬 𝐒𝐫 𝛈𝐭 𝐏𝐬 𝐒𝐫 

MBE 0.00118 -0.00000 0.00000 -0.70473 -14.65465 -13.66488 

RMSE 6.07608 16.03002 25.85204 7.94157 20.65957 39.02850 

NSE 0.94872 0.94867 0.95021 0.91240 0.91475 0.88653 

r 0.97402 0.97400 0.97479 0.95715 0.97879 0.96860 

T-statistics 0.00077 -0.00000 0.00000 -0.35636 -4.02538 -1.49514 

𝑹𝟐 0.9487 0.8827 0.9502 0.91240 0.91475 0.88653 

 

From Table 8, both models have good prediction performances, but the RSM model outperformed the MLP model 

because it gave lower MBE, RMSE, and T-statistic values, and higher values of NSE, r, and R2. The high 

coefficient of determination (R2) obtained in this study confirms the robustness of RSM in modeling nonlinear 

systems, as also reported by Myers et al. (2016). In addition, although machine learning models provide strong 

predictive capabilities, their performance may depend on dataset size and structure, as noted in previous studies 

(Yadav & Chandel, 2014; Pang et al., 2020; Bhansali et al., 2023), hence the reason why the RSM outperformed 

the ML-model. 

4. Conclusions 

The optimization of CFT systems remains a critical research focus in enhancing the efficiency and viability of 

small-scale hydropower generation. Given the strong dependence of turbine performance on nozzle positioning 

parameters, a systematic and integrated optimization approach is essential for achieving improved energy 

conversion efficiency. In this study, a hybrid methodology combining BBD experimental design, RSM-

optimization, Sequential Least Squares Programming (SLSQP), and multilayer perceptron (MLP) modeling was 

employed to investigate and optimize the influence of nozzle height, nozzle distance, and attack angle on key 

turbine performance indicators, efficiency, shaft power, and runner rpm. The major findings of the study are 

summarized as follows: 

1. The nozzle positional parameters (nozzle height, nozzle distance, and attack angle) significantly affect 

the turbine’s efficiency, shaft power, and runner speed.  

2. A strong interaction effect between nozzle height and attack angle was observed, highlighting their 

combined influence on the hydrodynamic behavior within the turbine.  

3. The optimal nozzle configuration obtained via RSM was: nozzle height = 408.4 mm, nozzle distance = 

102 mm, and attack angle = 5°, resulting in efficiency = 91.91%, shaft power = 242.367 W, and runner 

speed = 406 rpm.  

4. The SLSQP optimization algorithm closely validated the RSM results by yielding: nozzle distance 

=102mm, nozzle height = 407.99mm, and attack angle = 4.699°, confirming the robustness and reliability 

of the optimization framework.  

5. Both RSM and MLP models demonstrated good predictive capability; however, the RSM model 

outperformed the MLP model based on lower error metrics (MBE, RMSE, and T-statistic) and higher 

correlation-based indices (NSE, r, and R²).  

The significance of these findings lies in their contribution to advancing the design and optimization of CFTs 

through a multi-method integrated framework. The strong agreement between RSM and SLSQP results 

demonstrates the reliability of combining statistical and numerical optimization techniques for solving nonlinear 

engineering problems. Furthermore, the superior performance of the RSM model over the MLP model suggests 

that, for relatively small and structured experimental datasets, statistically derived models can provide more stable 

and interpretable predictions than data-driven approaches. The identification of optimal nozzle parameters and the 

quantified interaction effects provide deeper insight into the internal flow dynamics and energy transfer 

mechanisms within the turbine. These outcomes not only enhance the theoretical understanding of CFT operation 

but also offer practical guidelines for the design and deployment of efficient small hydropower systems, 

particularly in resource-constrained and decentralized energy environments. 
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5. Recommendations 

Future research should focus on expanding the dataset and incorporating advanced machine learning techniques 

such as deep neural networks and ensemble learning methods to improve predictive performance under more 

complex operating conditions. Additionally, integrating computational fluid dynamics (CFD) simulations with 

experimental and data-driven models would enable a more detailed analysis of flow behavior and turbulence 

effects within the turbine. Further investigations may also consider additional design and operational parameters, 

including blade geometry, flow variability, and multi-nozzle configurations, to develop a more comprehensive and 

globally optimized CFT design framework. 
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