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Abstract 

This article presents the optimization results of material removal rate and surface roughness 

in milling 7075 aluminum alloy parts using a 5-axis CNC milling machine and the Artificial 

Bee Colony (ABC) algorithm. The input parameters include feed rate (150–450 mm/min), 

cutting depth (0.1–0.4 mm), and spindle speed (3500–5500 rev/min), while the optimization 

objectives are material removal rate and surface roughness. The experimental data, obtained 

from 27 experiments, were processed using regression analysis and artificial neural network 

before being applied to the ABC algorithm. The optimization results were compared with 

those obtained using the Response Surface Methodology (RSM) and further validated 

through 9 experiments. The findings indicate that: (1) the regression-based data processing 

approach provides higher accuracy than the artificial neural network method; (2) the optimal 

value of spindle speed for all values of weight of optimization objectives are equal or close 

to 5500 rev/min, while that for cutting depth and feed rate depends on the weight of 

optimization objectives and optimization methods; and (3) the deviation between the 

predicted and experimental optimal values is less than 10% for both objective functions. 

Keywords: Multi-objective optimization; Artificial Bee Colony (ABC) algorithm; machining 

productivity; surface roughness; 7075 aluminum alloy. 

1. Introduction  

In machining processes, the selection of cutting parameters directly affects both 

product quality and production efficiency. Two primary factors of interest are machining 

productivity and surface roughness. Machining productivity is typically evaluated based 

on the Material Removal Rate (MRR) which is measured as the mass or volume of 

material removed per unit time [1]. This parameter serves as an economic indicator 

characterizing the machining process. In rough machining, the goal is to maximize 

productivity, whereas in finish machining, precision and surface quality are prioritized. 

Surface roughness is a critical parameter for evaluating the quality of machined 
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components. It has a significant influence on the aesthetic appearance, durability, and 

functional performance of parts. In general, a lower surface roughness corresponds to a 

higher surface quality and improved mechanical properties, including fatigue strength, 

corrosion resistance, and thermal resistance, etc. [2]. 

In practice, machining productivity and surface roughness are two conflicting 

objectives. Therefore, investigating the optimization of machining parameters to 

simultaneously achieve both targets is essential. This represents a multi-objective 

optimization problem. With the advancement of computational methods and modern 

optimization techniques, researchers have been able to determine optimal solutions more 

effectively [3]. 

Globally, several previous studies have addressed multi-objective optimization in 

the field of mechanical engineering. Singh et al. [4] employed the Technique for Order 

Preference by Similarity to Ideal Solution (TOPSIS) to optimize spindle speed, feed rate, 

and cutting depth with the aim of minimizing surface roughness and maximizing the MRR 

during the milling of AA7075 aluminum alloy. In [5], the authors applied the TOPSIS 

method to optimize cutting speed, feed rate, and helix angle tools in order to minimize 

cutting force and surface roughness during the milling of Ti6Al4V titanium alloy. 

Albayrak et al. [6] utilized the Response Surface Methodology (RSM) to optimize feed 

rate, cutting speed, and cutting depth with the objectives of reducing surface roughness 

and sound intensity in the milling of AISI 2714 steel. In [7], Bhor et al. implemented the 

Artificial Bee Colony (ABC) algorithm to optimize spindle speed, feed rate and cutting 

depth with respect to surface roughness during the turning of mild steel. Abhijith et al. [8] 

applied swarm intelligence-based optimization techniques to minimize surface roughness 

in milling of AZ31 magnesium alloy and demonstrated that the ABC algorithm 

outperformed both firefly and particle swarm optimization algorithms in terms of surface 

roughness reduction. Yusup et al. [9] applied the ABC algorithm to optimize abrasive 

waterjet machining parameters and demonstrated that ABC achieved significantly lower 

surface roughness compared with regression, ANN, GA, and simulated annealing methods. 

An ANN-based predictive model combined with Taguchi’s designs of experiments was 

proposed in [10] for surface roughness prediction in CNC face milling, effectively 

modeling the nonlinear effects of machining parameters on surface quality. 

In Vietnam, significant progress has also been made in studying the effects of spindle 

speed, feed rate, and cutting depth to minimize surface roughness and enhance MRR in 

machining processes. Chi et al. [11] employed the RSM to optimize the milling of 7075 

aluminum alloy. Hiep et al. [12] utilized the Genetic Algorithm (GA) to optimize the 

turning process of SCr445 steel. Hai et al. [13] applied Artificial Neural Networks (ANN) 
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in combination with the Non-dominated Sorting Genetic Algorithm II (NSGA-II) to 

optimize the turning of AISI 420 stainless steel. Nguyen et al. [14] investigated a multi-

objective optimization problem in thin-walled milling of 6061 aluminum alloy by 

combining regression modeling with the desirability function approach, aiming to 

simultaneously minimize surface roughness and flatness deviation while maximizing 

material removal. 

Despite the extensive body of literature on multi-objective optimization in 

machining processes, several important research gaps remain. Previous studies have 

combined either regression-based modeling or artificial neural networks with 

metaheuristic optimization algorithms such as the ABC algorithm; however, a systematic 

comparison between the integration of regression modeling and the ABC algorithm and 

the integration of ANNs and the ABC algorithm, conducted using the same small-scale 

experimental dataset, is still lacking. In particular, the effect of different data modeling 

approaches on the accuracy and robustness of ABC-based multi-objective optimization 

under limited experimental data has not been sufficiently investigated. Moreover, many 

existing studies directly aggregate multiple objectives without explicitly applying 

objective function normalization, which may lead to biased optimization results when 

surface roughness and material removal rate exhibit different magnitudes and 

sensitivities. In addition, the stability of Pareto-optimal solutions with respect to 

variations in objective weighting factors has rarely been examined, despite its critical 

importance in practical decision-making. Therefore, a comprehensive framework that 

systematically compares regression- and neural network-based data modeling combined 

with the ABC algorithm, incorporates normalized objective functions, and evaluates the 

robustness and stability of Pareto solutions across different weight combinations remains 

absent, particularly in the context of multi-objective optimization for 5-axis CNC milling 

of AA7075 aluminum alloy. 

The objective of this study is to apply the ABC, combined with a Pareto-based 

search approach and experimental validation, to solve the multi-objective optimization 

problem in the milling of 7075 aluminum alloy. In this study, feed rate, cutting depth, and 

spindle speed were selected as input parameters, while surface roughness and MRR were 

defined as the optimization objectives. A total of 27 experiments were conducted. The 

ranges of the input parameters were determined based on practical machining conditions, 

the technological capability of the machine, the characteristics of the cutting tool and 

workpiece, similar to the approach used in [11]. Surface roughness and MRR were 

measured using specialized measuring instruments. The experimental data were 

processed using both regression analysis and ANN. The processed data were then applied 



 

 

 

 

Journal of Science and Technique - Vol. 21, No. 2 (May 2026) 

 

 

 8 

in the ABC to predict the optimal machining parameters based on objective functions 

constructed using the weighted-sum method with various weight combinations of surface 

roughness and MRR. The predicted results were compared with those obtained using the 

RSM and further validated through experiments. 

2. Experiments 

2.1. Workpieces 

The workpieces are of cylindrical shape, with a diameter of 50 ± 0.1 mm and a 

length of 20 ± 0.1 mm (Fig. 1), and are made of 7075 aluminum alloy. This alloy is 

characterized by high mechanical strength, excellent corrosion resistance, superior 

fatigue resistance, good dimensional stability, and formability [15]. The elemental 

composition of the workpieces was analyzed using a ROUNDRY-MASTER Pro2 optical 

emission spectrometer, and the results are presented in Tab. 1. Both end faces of the 

workpieces were turned flat to ensure the accuracy of the cutting depth during the 

experimental process. 

Tab. 1. Elemental composition of the workpieces 

Element Al Zn Mg Cu Cr Si Fe Mn 

Composition % 89.34 5.66 2.84 1.75 0.19 0.06 0.06 0.02 

2.2. Design of experiments 

The experiments were designed using a second-order experimental design of the 3k 

type. The investigated ranges of the parameters were divided into three levels: “−1” for 

the minimum value, “0” for the base (central) value, and “+1” for the maximum value, as 

shown in Tab. 2. The total number of experiments to be conducted was 33 27N    [16]. 

The experimental design matrix is presented in Tab. 3. 

Tab. 2. Levels of technological parameters 

Parameters Symbol Unit 
Levels 

-1 0 1 

Feed rate S mm/min 150 250 450 

Cutting depth t mm 0.1 0.2 0.4 

Spindle speed n rev/min 3500 4500 5500 

2.3. Experimental procedure 

The milling operation was performed using a Fanuc Robodrill α-T14iFa CNC 

milling machine (Fig. 2). The cutting tool employed was a D10 end mill, made of high-

speed steel with a hardness of 60-65 HRC, featuring three cutting edges with diameter of 



 

 

 

 

Tạp chí Khoa học và Kỹ thuật - ISSN 1859-0209 

 

 

 9 

10 mm and cutting length of 25 mm. A bidirectional zig-zag toolpath strategy was 

employed to ensure stable material removal and uniform surface generation. Climb 

milling was adopted throughout all experiments. The width of cut was kept constant at 

the value equal to 0.7D (7 mm) to maintain a consistent engagement condition between 

the cutting tool and the workpiece. Flood coolant was continuously applied during 

machining to reduce cutting temperature, improve surface quality, and ensure process 

stability. These technological parameters were fixed in all experiments to isolate the 

effects of feed rate, cutting depth, and spindle speed on surface roughness and material 

removal rate. 

  

 

 

 

Fig. 1. 7075 aluminum alloy workpieces. Fig. 2. CNC milling machine.  

After milling, the surface roughness was measured using a Leeb462 portable 

surface roughness tester. For each experimental specimen, measurements were taken 

three times at three different locations on the machined surface (Fig. 3). The surface 

roughness value Ra was determined as the average of the three measurements. The 

calculated results are presented in Tab. 3. 

The MRR was calculated based on the difference in workpiece mass before and after 

machining, using the following formula (expressed in g/min): 

i fm m
MRR

T


              (1) 

where im  and fm  represent the masses of the workpiece before and after machining, 

respectively (measured in grams using an Aczet CY1003 Precision Balance, Fig. 4).  

T denotes the machining time (measured in minutes using a PC-894 Digital Stopwatch,  

Fig. 5). The calculated values of MRR are presented in Tab. 3. The objective of the 
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optimization problem is to minimize Ra and while maximizing MRR. For convenience, 

the maximization of MRR was converted into the minimization of its reciprocal, denoted 

as MRRi. The corresponding values of MRRi are also presented in Tab. 3. 

   

Fig. 3. Leeb462 portable surface  

roughness tester. 

Fig. 4. Aczet CY1003 

precision balance. 

Fig. 5. PC-894 digital 

stopwatch. 

Tab. 3. Experimental setup, machining conditions, and experimental results 

# 
S 

(level) 

n 

(level) 

t 

(level) 

S 

(mm/min) 

n 

(rev/min) 

t 

(mm) 

Ra 

(µm) 

MRR 

(g/min) 

MRRi 

(min/g) 

1 -1 -1 -1 150 3500 0.10 0.275 0.243 4.118 

2 -1 -1 0 150 3500 0.25 0.386 0.404 2.476 

3 -1 -1 1 150 3500 0.40 0.414 0.692 1.444 

4 0 -1 -1 250 3500 0.10 0.402 0.435 2.296 

5 0 -1 0 250 3500 0.25 0.418 0.823 1.216 

6 0 -1 1 250 3500 0.40 0.489 1.161 0.861 

7 1 -1 -1 450 3500 0.10 0.491 0.686 1.458 

8 1 -1 0 450 3500 0.25 0.592 1.391 0.719 

9 1 -1 1 450 3500 0.40 0.546 2.174 0.460 

10 -1 0 -1 150 4500 0.10 0.380 0.231 4.333 

11 -1 0 0 150 4500 0.25 0.361 0.490 2.039 

12 -1 0 1 150 4500 0.40 0.368 0.692 1.444 

13 0 0 -1 250 4500 0.10 0.349 0.387 2.583 

14 0 0 0 250 4500 0.25 0.356 0.768 1.302 

15 0 0 1 250 4500 0.40 0.401 1.152 0.868 

16 1 0 -1 450 4500 0.10 0.405 0.686 1.458 

17 1 0 0 450 4500 0.25 0.452 1.371 0.729 

18 1 0 1 450 4500 0.40 0.482 2.087 0.479 

19 -1 1 -1 150 5500 0.10 0.285 0.316 3.165 

20 -1 1 0 150 5500 0.25 0.316 0.506 1.976 

21 -1 1 1 150 5500 0.40 0.393 1.227 0.815 

22 0 1 -1 250 5500 0.10 0.288 0.339 2.950 

23 0 1 0 250 5500 0.25 0.422 0.667 1.499 

24 0 1 1 250 5500 0.40 0.426 1.095 0.913 

25 1 1 -1 450 5500 0.10 0.291 0.514 1.946 

26 1 1 0 450 5500 0.25 0.237 1.217 0.822 

27 1 1 1 450 5500 0.40 0.272 2.110 0.474 
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3. Results and discussion 

3.1. Experimental data processing 

Based on the experimental data, it is necessary to determine the dependence of the 

optimization objectives on the machining parameters. This relationship will be utilized in 

the ABC algorithm to identify the optimal machining conditions. In this study, two 

modeling approaches – regression analysis and ANN modeling – were applied in parallel 

to ensure the reliability of the results.  

3.1.1. Regression model 

Based on the experimental results for the values of the optimization objectives Ra 

and MRRi their corresponding responses, and by applying regression methods [16], the 

following regression equations were obtained: 

1 3 4 7 2

2 9 2 4 7 5

( , , ) 3.519 10 2.819 10 0.6642 1.533 10 9.819 10

0.3207 9.211 10 5.171 10 4.343 10 3 10

Ra S t n S t n S

t n St Sn tn

   

   

         

        
      (2) 

2 4 5 2 2

8 2 2 6 4

( , , ) 7.928 2.402 10 16.69 1.608 10 1.611 10 16.08

4.810 10 1.555 10 1.233 10 4.175 10

MRRi S t n S t n S t

n St Sn tn

  

   

        

       
    (3) 

Coefficients of determination for two models and p-value for coefficients in the 

Eqs. (2) and (3) are shown in Tab. 4. 

Tab. 4. Coefficients of determination and p-value for coefficients  

for the two regression models 

 

2R  adjR  
p-value 

Constant S  t  n  2S  2t  2n  St  Sn  tn  

Ra 0.8397 0.7549 0.000 0.005 0.004 0.000 0.285 0.700 0.606 0.349 0.000 0.719 

MRRi 0.9558 0.9323 0.000 0.000 0.000 0.921 0.012 0.005 0.674 0.000 0.03 0.442 

To evaluate the accuracy of the regression model, the values calculated from the 

regression equations were compared with the experimentally measured ones, as shown in 

Fig. 6. The regression model yields coefficients of determination: 2 0.8397RaR  and 

2 0.7549adj RaR    for surface roughness, indicating a good fit and adequate predictive 

capability; whereas 2 0.9558MRRiR   and 2 0.9323adj MRRiR    for inversed material removal 

rate, demonstrating excellent predictive accuracy.   
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Fig. 6. Comparison between the experimentally measured and regression-predicted values 

for Ra (left) and MRRi (right). 

3.1.2. ANN model  

The data used for training the ANN consisted of the input machining parameters 

and the corresponding values of Ra and MRRi obtained from 27 experiments. Two ANN 

models were developed, each having three input parameters and one output parameter 

corresponding to Ra and MRRi, respectively. Since the dataset was relatively small (27 

samples), a “fitting” network architecture was selected, featuring a single hidden layer 

with five neurons. The hidden layer employed the tansig activation function, which 

enables the network to effectively learn nonlinear relationships, while the output layer 

used the linear purelin activation function, allowing unrestricted output values. The 

training process utilized the Levenberg-Marquardt algorithm (trainlm) with the Mean 

Squared Error (MSE) as the loss function. Figure 7 illustrates the ANN architecture used 

in this study. 

 

Fig. 7. ANN configuration. 

The ANN training process was repeated multiple times to identify the optimal 

network structure. Training was terminated once the model satisfied the quality criterion, 

typically when 2 0.9.R   In this study, the training was performed iteratively until the 

prediction model for Ra achieved an accuracy of 2 0.9339,RaR   and the model for MRRi 

achieved an accuracy of 2 0.9855.MRRiR   
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The trained ANN model was validated in the same manner as the regression model, 

and the results are presented in Fig. 8. The small deviation between the predicted and 

experimental values indicates that the trained ANN possesses good predictive accuracy. 

Therefore, the ANN model will be employed to determine the optimal machining conditions. 

  

Fig. 8. Comparison between the experimentally measured and ANN-predicted values  

for Ra (left) and MRRi (right). 

3.2. Optimization problem 

The objective function of the optimization problem is defined using the weighted-

sum method as follows: 

( , , ) ( , , ) ( , , )Ra MRRiy S t n w Ra S t n w MRRi S t n             (4) 

(0 , 1; 1)Ra MRRi Ra MRRiw w w w     

The optimization problem is formulated as: Minimize ( , , )y S t n  subject to the 

following constraints: 

150 450; 0.1 0.4; 3500 5500S t n       

3.3. Optimization using the ABC algorithm 

3.3.1. The ABC algorithm 

The ABC algorithm is a swarm-intelligence metaheuristic inspired by the foraging 

behavior of honey-bee colonies. First introduced by Karaboga and Basturk, the ABC 

algorithm captures the decentralized decision-making and self-organized foraging 

strategies observed in natural bee swarms, enabling efficient exploration of complex and 

high-dimensional search spaces [17]. Owing to its conceptual simplicity and limited 

number of control parameters, the ABC algorithm has been widely applied to continuous 

optimization and various engineering design problems. 
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Fig. 9. ABC algorithm flowchart. Fig. 10. Optimization process flowchart. 

The algorithm simulates the foraging behavior of three groups of bees within a 

colony: employed bees, onlooker bees, and scout bees. The flowchart of the algorithm is 

shown in Fig. 9. The optimization process begins with the initialization of control 

parameters and the generation of an initial population of food sources, where each food 

source represents a feasible solution in the search space. The nectar amount of a food 

source corresponds to the value of the objective function and reflects the quality of the 

associated solution. During the employed bee phase, each employed bee is associated 

with a specific food source and performs a local search in its neighborhood to generate a 

candidate solution. The newly generated solution is evaluated and compared with the 

current one using a greedy selection strategy, and the better solution is retained. In the 

subsequent onlooker bee phase, onlooker bees observe the information shared by 

employed bees and probabilistically select food sources based on their fitness values. 

Once a food source is selected, the onlooker bee further explores its neighborhood in an 

attempt to improve the solution quality. If a food source cannot be improved over a 

predefined number of trials, it is considered exhausted. Consequently, the corresponding 

employed bee becomes a scout bee, initiating the scout bee phase in which a new food 

source is randomly generated within the entire search space. This mechanism enhances 

global exploration and prevents premature convergence to local optima. After each 

iteration, the algorithm memorizes the best solution obtained so far. The above process is 

repeated until a specified stopping criterion is satisfied, such as reaching the maximum 

number of iterations or achieving convergence. 

3.3.2. Using the ABC algorithm to determine the optimal machining conditions 

The ABC algorithm was applied to solve the optimization problem as shown in 

Fig. 10. The experimental data were processed using two different modeling 
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approaches: an ANN model (denoted as ANN_ABC) and a regression model (denoted 

as REG_ABC). The objective of these models is to establish accurate mathematical 

relationships between the input cutting parameters (S, t, and n) and the output responses 

(Ra and MRRi). These relationships serve as predictive models capable of estimating 

Ra and MRRi for any given set of cutting parameters within the studied range. 

Subsequently, the developed ANN and regression models were embedded into the ABC 

algorithm to guide the optimization process. In this stage, the ABC algorithm generates 

candidate solutions corresponding to different combinations of S, t, and n. For each 

candidate solution, the values of Ra and MRRi are predicted using the selected 

predictive models, and the associated objective function is evaluated accordingly.  

Through the iterative search process of the ABC algorithm, optimal or near-

optimal cutting parameters are identified, resulting in the best solution that achieves the 

desired trade-off between surface roughness and material removal rate. The 

optimization results obtained using the ANN_ABC and Regression_ABC approaches 

are finally compared to evaluate their performance and effectiveness. 

The algorithm parameters were set as follows: 1 - the number of bees was 50, with 

each bee representing a solution in the search space; 2 - the abandonment limit was set to 

100 (a solution is replaced if it does not improve after 100 iterations); 3 - the maximum 

number of iterations was 50. The optimization process was implemented using MATLAB 

programming. The single-objective optimization results are presented in Tab. 5, while the 

multi-objective optimization results under different weighting factors are presented in 

Tab. 6. 

Tab. 5. Single-objective optimization results 

Objective 

(mm/min) (mm)  (rev/min) 
Results 

RSM 
REG_

ABC 

ANN_

ABC 
RSM 

REG_

ABC 

ANN_

ABC 
RSM 

REG_A

BC 

ANN_

ABC 
RSM 

REG_

ABC 

ANN_

ABC 

 450.0 450 424.5 0.100 0.100 0.1 5500 5500 5500 0.263 0.263 0.285 

 443.9 450 424.4 0.348 0.347 0.4 3500 3500 3500 0.362 0.363 0.451 

3.4. Optimization by the RSM 

The optimization results obtained using the ABC algorithm were validated by 

comparison with those derived from the RSM. The comparison is presented in Tab. 5 for 

single-objective optimization and in Tab. 6 for multi-objective optimization under 

different weighting cases of Ra and MRRi.  

*S *t *n

Ra

MRRi
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3.5. Results evaluation 

Figure 11 illustrates the formation of the Pareto optimal set, which consists of the 

final solutions obtained from the multi-objective optimization process. The continuous 

and well-distributed shape of the Pareto front indicates that the problem is continuous in 

nature and exhibits a clear trade-off between the objectives Ra and MRRi. Since no 

solution can simultaneously minimize both Ra and MRRi, all optimal solutions lie on the 

Pareto frontier. Each point on the Pareto front represents an optimal solution in which 

improving one objective would decrease the performance of another, reflecting the 

characteristic trade-off inherent in multi-objective optimization problems. The selection 

of a specific optimal solution from the Pareto set depends on the actual production 

conditions and the specific goals of the machining process. 

 

Fig. 11. Pareto optimal set. 

Table 6 presents the results of multi-objective optimization obtained using the three 

methods. It can be observed that the REG_ABC and RSM methods yield quite similar 

results, while the optimal values obtained from the ANN_ABC method show slight 

deviations compared to the other two approaches. This discrepancy may be attributed to 

the limited number of data samples (27 sets) used for training the ANN model. In cases 

where the relationship between inputs and outputs can be adequately represented by 

analytical functions, the REG_ABC method proves to be efficient. Conversely, when the 

relationship is highly nonlinear and complex, the ANN_ABC approach becomes more 

appropriate. However, ensuring high-quality ANN training requires a sufficiently large 

dataset. Figure 12 illustrates the variation of Ra (left) and MRRi (right) with respect to the 

weighting factors for the three methods mentioned above. 
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Tab. 6. Multi-objective optimization results using three methods 

(1 - RSM, 2 - REG_ABC, 3 - ANN_ABC) 

Weight *S (mm/min) 
*t (mm) 

*n (rev/min) 
*Ra (μm) 

*MRRi (min/g) 

Ra:MRRi 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 

0.1:0.9 368 366 392 0.400 0.400 0.369 5500 5500 5393 0.340 0.341 0.329 0.462 0.460 0.460 

0.2:0.8 398 380 390 0.391 0.400 0.372 5500 5500 5418 0.325 0.334 0.328 0.503 0.474 0.460 

0.3:0.7 450 433 389 0.367 0.374 0.369 5500 5500 5415 0.297 0.307 0.328 0.628 0.579 0.460 

0.4:0.6 450 450 402 0.361 0.362 0.356 5500 5500 5500 0.297 0.297 0.319 0.630 0.629 0.509 

0.5:0.5 450 450 407 0.352 0.356 0.341 5500 5500 5500 0.296 0.296 0.316 0.635 0.632 0.538 

0.6:0.4 450 450 413 0.336 0.343 0.320 5500 5500 5500 0.295 0.296 0.312 0.649 0.642 0.586 

0.7:0.3 450 450 419 0.297 0.311 0.283 5500 5500 5500 0.292 0.294 0.307 0.720 0.689 0.691 

0.8:0.2 450 450 428 0.179 0.182 0.208 5500 5500 5500 0.278 0.264 0.298 1.234 1.206 0.989 

0.9:0.1 450 450 427 0.100 0.100 0.100 5500 5500 5500 0.264 0.264 0.285 1.826 1.826 1.753 

 

  

Fig. 12. The optimal results of Ra (left) and MRRi (right) 

obtained using the three methods. 

To ensure that the comparison between different modeling and optimization 

approaches is fair and meaningful, the evaluation criteria and comparison conditions are 

clarified. The performance of each approach was assessed based on the deviation between 

the predicted and experimental optimal values, as well as the consistency of optimal 

solutions under different weight combinations of surface roughness and material removal 

rate. Prior to optimization, both objective functions were normalized using the same 

normalization scheme to eliminate scale effects. Moreover, all models were evaluated 

using the same experimental dataset, identical normalization procedures, and the same 

sets of weighting factors. Therefore, the observed differences in optimization 

performance can be attributed to the data modeling approach rather than to variations in 

weighting, normalization, or experimental conditions. 
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3.6. Validation of optimization results 

To validate the optimization results, nine experiments were conducted in which 

nine specimens corresponding to three sets of weighting factors between Ra and MRRi 

(each case consisting of three specimens, as shown in Tab. 7) were machined using the 

cutting parameters obtained from the optimal values of the REG_ABC method. The 

experimental results are presented in Tab. 7. It can be observed that the deviation between 

the experimentally measured values and the optimal values obtained by the REG_ABC 

method is less than 10% for both objective functions in all three cases. This level of error 

is entirely acceptable in practical manufacturing, particularly considering uncontrollable 

disturbances such as tool wear, vibration, and material inhomogeneity during the 

machining process. These findings confirm the reliability and effectiveness of the 

REG_ABC method in solving the multi-objective optimization problem for the milling 

process of 7075 aluminum alloy. 

Tab. 7. Comparison between actual values and optimal values 

# 

Weight Machining parameters  Ra (µm) MRR (g/min) 

Ra  MRRi 
S 

(mm/min) 

t 

(mm) 

n 

(rev/min) 
Actual 

REG_ 

ABC 

Error 

(%) 
Actual 

REG_ 

ABC 

Error 

(%) 

1 

0.1 0.9 368.2 0.400 5500 

0.357 0.341 4.59 2.034 2.174 6.46 

2 0.373 0.341 9.38 1.963 2.174 9.71 

3 0.359 0.341 5.18 2.009 2.174 7.58 

4 

0.5 0.5 450.0 0.352 5500 

0.303 0.296 2.25 1.603 1.582 1.34 

5 0.321 0.296 8.56 1.637 1.582 3.48 

6 0.313 0.296 5.74 1.650 1.582 4.25 

7 

0.9 0.1 450.0 0.100 5500 

0.274 0.264 3.66 0.523 0.548 4.63 

8 0.258 0.264 2.15 0.562 0.548 2.51 

9 0.280 0.264 6.19 0.577 0.548 5.36 

4. Conclusions 

This study developed a multi-objective optimization approach for milling 7075 

aluminum alloy using the ABC algorithm, aiming to minimize surface roughness and 

maximize MRR. The optimization was based on 27 full-factorial experiments, with feed 

rate, cutting depth, and spindle speed as input parameters. Regression analysis and ANNs 

were employed to model the objective functions, which were subsequently optimized 

using a weighted-sum method with different weight combinations. 

The results show that the regression-based model combined with the ABC 

algorithm provides more stable and consistent optimal solutions than the ANN-based 

model when a limited experimental dataset is available. Experimental validation 

conducted for three representative weight combinations confirmed that the deviations 

between predicted and experimental optimal values were below 10% for both surface 
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roughness and MRR. This demonstrates the reliability and practical applicability of the 

proposed approach.  

The main contributions of this study include (i) a quantitative and fair comparison 

of regression- and ANN-based modeling approaches under identical normalization and 

weighting conditions, and (ii) the provision of experimentally validated optimal 

machining parameter sets that can serve as a practical reference for engineers in selecting 

process parameters according to specific productivity and surface quality requirements in 

5-axis CNC milling of 7075 aluminum alloy. 

Future work will focus on extending the proposed methodology to larger 

experimental datasets, incorporating additional machining parameters and cutting 

strategies, and applying the framework to other materials and machining processes to 

further improve its generality and industrial applicability. 
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TỐI ƯU HÓA TỐC ĐỘ BÓC TÁCH VẬT LIỆU  

VÀ ĐỘ NHÁM BỀ MẶT KHI PHAY HỢP KIM NHÔM 7075  

SỬ DỤNG THUẬT TOÁN BẦY ONG NHÂN TẠO 

Đặng Xuân Hiệp1, Nguyễn Hải Nam2, Trần Thế Hiệu1  
1Khoa Cơ khí, Trường Đại học Kỹ thuật Lê Quý Đôn 

2Khoa Hàng không vũ trụ, Trường Đại học Kỹ thuật Lê Quý Đôn 

Tóm tắt: Bài báo trình bày các kết quả tối ưu hóa tốc độ bóc tách vật liệu và độ nhám bề 

mặt khi phay các chi tiết hợp kim nhôm 7075 bằng máy phay CNC 5 trục, sử dụng thuật toán bầy 

ong nhân tạo. Các thông số đầu vào bao gồm lượng tiến dao (150–450 mm/min), chiều sâu cắt  

(0,1–0,4 mm) và tốc độ trục chính (3500–5500 vòng/phút); trong khi các mục tiêu tối ưu hóa là 

tốc độ bóc tách vật liệu và độ nhám bề mặt. Dữ liệu thực nghiệm thu được từ 27 thí nghiệm được 

xử lý bằng cách sử dụng phương pháp phân tích hồi quy và mạng nơron nhân tạo trước khi được 

sử dụng cho thuật toán bầy ong nhân tạo. Kết quả tối ưu được so sánh với phương pháp bề mặt 

đáp ứng và được kiểm chứng lại thông qua 9 thí nghiệm. Các kết quả cho thấy: (1) việc xử lý dữ 

liệu bằng phương pháp hồi quy cho độ chính xác cao hơn so với mạng nơron nhân tạo;  

(2) giá trị tối ưu của tốc độ trục chính đối với mọi trường hợp trọng số của các hàm mục tiêu đều 

bằng hoặc xấp xỉ 5500 vòng/phút, trong khi giá trị tối ưu của chiều sâu cắt và lượng tiến dao phụ 

thuộc vào trọng số các hàm mục tiêu cũng như phương pháp tối ưu hóa được sử dụng; (3) sai lệch 

giữa giá trị tối ưu dự đoán và giá trị thực nghiệm đều nhỏ hơn 10% đối với cả hai hàm mục tiêu. 

Từ khóa: Tối ưu hóa đa mục tiêu; thuật toán bầy ong nhân tạo; năng suất gia công;  

độ nhám bề mặt; hợp kim nhôm 7075. 
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