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Abstract 

This study investigates a hybrid cooling–lubrication approach combining nanofluid-assisted minimum quantity lubrication (MQL) with 
cold-air cooling in the hard milling of SKD11 steel, aiming to improve both surface quality and productivity. Response surface 
methodology (RSM) was employed to model the relationships between machining parameters and two key performance indicators, 
namely surface roughness (Ra) and material removal rate (MRR). The developed models were integrated with particle swarm 
optimization (PSO) for multi-objective optimization. Compared with conventional MQL, the hybrid approach reduced Ra by 
approximately 5–10% under similar cutting conditions, indicating enhanced cooling and lubrication performance. The optimization 
results revealed distinct trade-offs between surface quality and productivity. When surface quality was prioritized (wRa = 0.7), a 
minimum Ra of 0.160 µm was achieved with a relatively low MRR of about 653 mm³/min. In contrast, both the balanced (wRa = 0.5) 
and productivity-oriented (wRa = 0.3) scenarios converged to the same optimal solution (Ra ≈ 0.245 µm, MRR ≈ 1790 mm³/min). This 
convergence suggests that MRR dominates the optimization when its weighting is comparable to or higher than that of Ra, indicating 
a plateau region on the trade-off surface. The proposed RSM–PSO framework provides both an effective optimization approach and 
new insight into balancing surface integrity and productivity in hybrid-cooled hard milling.  
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Introduction 

Hard milling has emerged as a competitive alternative to conventional grinding in the machining of hardened tool steels. 
This process offers greater flexibility in machining complex geometries, reduces the number of processing steps, and 
has the potential to lower overall manufacturing costs (Youssef & El-Hofy, 2008; Denkena, Köhler, & Bergmann, 2015; 
Do & Hsu, 2016). However, it is also accompanied by considerable challenges due to elevated cutting temperatures and 
forces, which can accelerate tool wear, induce thermal distortions, and compromise surface integrity (Özel & Karpat, 
2005; Korkut & Donertas, 2007; Davim, 2010). 

In advanced manufacturing, achieving a high-quality surface finish (i.e., low surface roughness, Ra) while maintaining a 
high material removal rate (MRR) is a critical requirement. These two performance indicators are often conflicting, since 
increasing MRR generally requires higher cutting parameters that may deteriorate surface quality (Do & Phan, 2021; 
Vu, Hue, Huynh, & Nguyen, 2024). Therefore, developing effective cooling and lubrication strategies, along with robust 
optimization techniques, has become essential for balancing surface integrity and productivity in hard milling 
applications (Boswell, Islam, Davies, Ginting, & Ong, 2017; Dhar, Kamruzzaman, & Ahmed, 2006; Kadirgama, 2021). 

Among hardened steels, SKD11 has attracted significant attention because of its high hardness, wear resistance, and 
dimensional stability after heat treatment (Do & Le, 2025; Nipu et al., 2023). These properties make SKD11 suitable for 
widespread use in dies, molds, stamping tools, and shear blades, where prolonged tool life and dimensional accuracy 
are crucial (Mac, Luyen, & Nguyen, 2023; Hong et al., 2021). However, the same characteristics that ensure its superior 
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performance also present machining challenges, particularly in terms of tool wear and surface finish. These 
characteristics justify the selection of SKD11 as the workpiece material in this study. 

Several cooling and lubrication strategies have been explored in hard milling to mitigate the adverse effects of high 
cutting temperatures and stresses. Dry cutting has often been promoted as an environmentally friendly solution, yet it 
typically results in excessive tool wear and poor surface finish due to uncontrolled thermal loads (Sreejith & Ngoi, 2000; 
Nguyen & Hsu, 2016). In contrast, flood cooling provides effective heat removal and improves surface quality but suffers 
from high fluid consumption and significant environmental drawbacks (Weinert, Inasaki, Sutherland, & Wakabayashi, 
2004). More advanced approaches such as cryogenic cooling using liquid nitrogen (LN₂) or carbon dioxide (CO₂) can 
dramatically reduce cutting temperatures and enhance tool life and surface integrity. However, the required equipment 
and the associated costs limit their broader industrial application (Gupta, Korkmaz, Sarıkaya, Krolczyk, & Günay, 2022; 
Gupta et al., 2022; Ekici & Uzun, 2022). 

Among sustainable alternatives, MQL has gained considerable attention. By delivering only a small quantity of lubricant 
directly to the cutting zone, MQL provides efficient cooling and lubrication while drastically reducing fluid usage 
(Boubekri & Shaikh, 2015; Abd Rahim & Dorairaju, 2018; He et al., 2023). When enhanced with dispersed nanoparticles 
to form nanofluid-MQL this technique has been shown to improve thermal conductivity and tribological properties, 
thereby reducing cutting temperatures and friction while enhancing surface quality and tool life (Godson, Raja, Lal, & 
Wongwises, 2010; Do & Phan, 2020; Do, 2022). 

In parallel, cold-air cooling has recently emerged as another promising technique. Based on vortex-tube or compressed-
air systems, it offers a clean, simple, and cost-effective alternative to cryogenic cooling, while effectively lowering 
cutting temperatures, stabilizing surface quality, and prolonging tool life (Chou, Liu, Chiang, & Chang, 2016; Stachurski 
& Nadolny, 2018; Celent, Bajić, Jozić, & Mladineo, 2023). For instance, Chou et al. (2016) demonstrated that applying a 
cold-air-gun cooling system during the fine grinding of Ti-6Al-4V significantly reduced thermal damage and improved 
dimensional accuracy. Similarly, Dong et al. (2020) reported that a minimum quantity cooling lubrication (MQCL) 
strategy combining emulsion-dispersed MoS₂ nanosheets with cold compressed air enhanced surface finish and tool life 
in the hard milling of AISI D2 steel. More recently, Celent et al. (2023) highlighted the potential of compressed cold-air 
cooling using a vortex tube in hard milling, emphasizing its ability to support sustainable machining while improving 
machinability indices. These studies underline the effectiveness of cold-air cooling as a viable alternative to conventional 
cooling methods in advanced manufacturing. 

Taken together, these findings suggest that nanofluid-MQL and cold-air cooling are complementary approaches in 
advanced machining. Most existing studies have investigated nanofluid-MQL (Dong et al., 2019; Bui et al., 2024) or cold-
air cooling (Chou et al., 2016; Celent et al., 2023) as separate strategies, without systematically addressing the combined 
effects of lubrication and heat dissipation. 

Recent studies have shown that nanofluid-assisted MQL can significantly improve lubrication performance and reduce 
friction at the tool–workpiece interface, thereby enhancing surface quality and tool life (Salur et al., 2025; Namlu & 
Kaftanoğlu, 2025; Lotfi et al., 2024). However, under high thermal loads, lubrication alone is often insufficient, as 
elevated temperatures can still accelerate tool wear and degrade surface integrity. In this context, advanced cooling 
approaches such as cryogenic air and hybrid cooling systems have demonstrated strong potential for reducing cutting 
temperatures and improving machinability (Liu et al., 2021; Liu et al., 2023; Liu et al., 2025). 

From a thermo-tribological perspective, machining performance is governed by the coupled interactions among of 
friction, heat generation, and material deformation. Studies have emphasized that neither lubrication-dominant nor 
cooling-dominant strategies alone can effectively control all of these factors simultaneously. For instance, cooling-based 
techniques can efficiently dissipate heat but may fail to reduce friction and adhesion, whereas lubrication-focused 
approaches cannot fully mitigate thermal effects under severe cutting conditions (Kumar et al., 2024; Wang et al., 2024). 

Consequently, hybrid strategies that integrate multiple mechanisms have been increasingly recognized as a promising 
direction for sustainable machining. Recent studies have highlighted the effectiveness of combining different 
techniques, such as hybrid nanofluid MQL and advanced assisted-machining methods, to improve both machining 
performance and sustainability (Namlu et al., 2024; Lotfi et al., 2024). However, the integration of nanofluid-MQL with 
cold-air cooling remains insufficiently explored, particularly in the hard milling of SKD11 steel. 

Furthermore, many existing optimization studies focus on single-response objectives, such as minimizing surface 
roughness (Do & Hsu, 2016; Nipu et al., 2023), without fully capturing the trade-off between surface quality and 
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productivity. Therefore, there is a clear need for a systematic investigation that integrates hybrid cooling–lubrication 
strategies with multi-objective optimization to better understand and balance these competing performance criteria. 

Existing studies have also primarily focused on either lubrication or cooling independently, without fully addressing their 
coupled thermo-tribological interactions under high-load machining conditions. To address this limitation, this study 
proposes a hybrid framework that combines experimental modeling with computational optimization for hard milling. 
A response surface methodology (RSM) model is first established to describe the nonlinear relationships between 
cutting parameters (cutting speed, feed rate, depth of cut, and nanofluid concentration) and machining responses 
(surface roughness, Ra, and material removal rate, MRR). Particle swarm optimization (PSO) is then integrated with the 
RSM models to enable more flexible and effective exploration of the trade-off surface than the conventional RSM 
desirability function, while allowing the weighting factors assigned to Ra and MRR to be adjusted. Beyond its 
methodological contribution, this work experimentally validates the combined use of nanofluid-MQL and cold-air 
cooling in the hard milling of SKD11 steel. The overarching objective is to demonstrate how this hybrid cooling–
lubrication strategy, coupled with a robust RSM–PSO optimization framework, can simultaneously improve surface 
integrity and productivity, thereby providing both new insights and practical guidelines for sustainable machining. 

Methodology 

This section describes the experimental setup, experimental design, measurement procedures, and optimization 
framework employed in this study. 

Experimental Setup 

The experiments were performed on a DMU 50 five-axis CNC milling machine using SKD11 steel with a hardness of 50 
HRC (the chemical composition is presented in Table 1). A D10 TiAlN-coated end mill with four flutes, a rake angle of 
12°, and a helix angle of 35° was used for the experiments. The milling operation was conducted under slotting 
conditions, which typically induces high thermal and mechanical loads due to full cutter engagement. The cutting length 
for each slot was approximately 50 mm. 

Table 1 Chemical composition of SKD11 steel. 

C Si Mn Ni Cr Mo W V Cu P S 

1.4–1.6 0.4 0.6 0.5 11.0–13.0 0.8–1.2 0.2–0.5 ≤0.25 ≤0.25 ≤0.03 ≤0.03 

The cooling–lubrication system combined nanofluid-based MQL with compressed cold air cooling (Figure 1). The MQL 
nozzle (Noga precision) was positioned at an angle of 45° and a distance of 20 mm from the cutting edge, delivering the 
nanofluid at a flow rate of 50 mL/h under an air pressure of 4 bar. The nanofluid was prepared by mixing canola oil with 
Al₂O₃ nanoparticles (20 nm, 99.9% purity) at concentrations of 0%, 1%, and 2%. The selected concentration range (0–2 
wt%) was determined based on previous studies and preliminary trials to ensure stable dispersion without excessive 
viscosity. Al₂O₃ nanoparticles were selected because of their high thermal conductivity, chemical stability, and proven 
effectiveness in enhancing tribological performance in machining applications (Kumar and Krishna 2020). To ensure 
homogeneous dispersion, the mixture was magnetically stirred for 3 h and then ultrasonicated at 40 kHz for 30 min 
before use. No noticeable sedimentation was observed during the experiments, owing to the ultrasonic dispersion 
performed before machining. In parallel, the cold air cooling unit supplied compressed air at 6 bar and an outlet 
temperature of 10 °C, which was directed independently toward the cutting zone. 

 

 Schematic of the experimental setup combining nanofluid-MQL and cold air cooling. 
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This configuration enabled the individual application of nanofluid-MQL as well as its hybrid combination with cold-air 
cooling, providing the basis for evaluating their comparative and synergistic effects on hard milling performance. 

Experimental Design 

The experimental plan was developed based on the Box–Behnken design (BBD), which is widely adopted for response 
surface methodology because of its efficiency in modeling nonlinear interactions using a relatively small number of runs. 
Four input factors were considered: cutting speed (Vc), feed rate (f), depth of cut (ap), and nanofluid concentration (C). 
In addition, the use of cold-air cooling (N: Yes/No) was incorporated as a categorical variable to evaluate its influence 
on machining performance. The selected parameter ranges were as follows: Vc = 40–80 m/min, f = 0.01–0.03 mm/tooth, 
ap = 0.2–0.6 mm, and C = 0–2 wt%. 

The responses measured in each run were surface roughness (Ra) and material removal rate (MRR), representing 
surface integrity and productivity, respectively. A total of 58 experimental runs were performed, including all BBD 
combinations and replicated center points to improve statistical reliability. The complete design matrix and the 
corresponding experimental results are summarized in Table 2. 

Measurement Methods 

After each run, Ra was measured using a Mitutoyo SJ-410 portable roughness tester (cutoff length 0.8 mm; evaluation 
length 4 mm). Three traces were taken along the feed direction at different locations within each slot, and the average 
value was reported. The variation between measurements was small, indicating good repeatability in the surface 
roughness measurements. 

The outlet temperature of the cold-air nozzle was monitored using a GIM 3590 – LaserSight Optris infrared thermometer 
to ensure stable cooling during the tests. MRR was calculated from the cutting parameters using Eq. (1): 

 𝑀𝑅𝑅 =  
𝑎𝑝×𝑎𝑒×𝑣𝑐×𝑓×𝑧×1000

 𝜋 ×𝐷
                                                                                                                         (1) 

where: Vc is cutting speed (m/min), f is feed rate (mm/tooth), z is number of flutes, D is cutter diameter (mm), ap is axial 
depth of cut (mm) and ae is radial width of cut (mm). 

Modeling and Optimization 

This section presents the development of the regression models and the multi-objective optimization approach based 
on PSO. 

To establish empirical relationships between machining parameters and responses, the experimental data were 
analyzed using response surface methodology. A second-order polynomial regression model was fitted for both Ra and 
MRR as functions of the input factors (Vc, f, ap, C, and N), including linear, quadratic, and interaction terms. The 
adequacy of the models was evaluated through analysis of variance (ANOVA), considering the significance of model 
terms (p-values < 0.05), coefficients of determination (R², adj-R², pred-R²), and lack-of-fit tests. 

For multi-response optimization, the RSM regression models were coupled with particle swarm optimization (PSO). In 
this framework, Ra was treated as a minimization objective and MRR as a maximization objective. Both responses were 
normalized by their global minimum and maximum values within the studied domain, and a weighted-sum approach 
was applied to construct the overall objective function given in Eq. (2): 

 𝐹 =  𝑤𝑅𝑎 ×
𝑅𝑎−𝑅𝑎𝑚𝑖𝑛

𝑅𝑎𝑚𝑎𝑥−𝑅𝑎𝑚𝑖𝑛
− 𝑤𝑀𝑅𝑅 ×

𝑀𝑅𝑅−𝑀𝑅𝑅𝑚𝑖𝑛

𝑀𝑅𝑅𝑚𝑎𝑥−𝑀𝑅𝑅𝑚𝑖𝑛
                                                                                             (2) 

where wRa and wMRR are the weights assigned to Ra and MRR, respectively. 

The weighted-sum approach was adopted because of its simplicity and effectiveness in handling multi-objective 
optimization problems. 

Three weighting schemes were considered: (0.5–0.5), (0.7–0.3), and (0.3–0.7), representing balanced, surface-quality–
oriented, and productivity-oriented optimization scenarios, respectively. For each weighting scheme, PSO was executed 
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under both cooling conditions (N = 0 for MQL only, and N = 1 for MQL combined with cold-air cooling), and the best 
solution was selected based on the final objective value. 

The PSO algorithm was implemented in Python using the pyswarm package with a swarm size of 30 and a maximum of 
50 iterations.  The optimization was performed within the specified parameter bounds: C = 0–2 wt%, Vc = 40–80 m/min, 
f = 0.01–0.03 mm/tooth, ap = 0.2–0.6 mm, N = Yes/No. Unlike the traditional desirability function, which yields a single-
point solution, PSO directly explores the trade-off surface and provides flexibility in identifying solutions according to 
the assigned weights. The integration of RSM and PSO thus combines accurate predictive modeling with robust 
optimization capabilites, allowing the identification of parameter settings that best satisfy different machining priorities. 
To ensure the robustness of the PSO algorithm, standard parameter settings were adopted, including an inertia weight 
(w) of 0.7 and cognitive and social acceleration coefficients  of c1 = 1.5 and c2 = 1.5. These values are commonly 
recommended in the literature to balance global exploration and local exploitation. In addition, multiple independent 
runs of the PSO algorithm were performed, and consistent convergence to similar optimal solutions was observed. This 
result indicates that the optimization results are stable and relatively insensitive to random initialization of particles. 

Results 

This section presents the experimental findings and statistical modeling results, which form the basis for the subsequent 
discussion. 

Experimental Results  

The outcomes of the 58 Box–Behnken experimental runs are summarized in Table 2. The measured surface roughness 
(Ra) values ranged from 0.173 µm to 0.313 µm, while the material removal rate (MRR) varied between 101.91 mm³/min 
and 1834.39 mm³/min. These results clearly indicate that machining parameters significantly affect both surface quality 
and productivity. In general, higher feed rate (f) and depth of cut (ap) increased both Ra and MRR, while cold air 
assistance consistently reduced Ra. Increasing nanofluid concentration (C) from 0 to 2 wt.% also contributed to 
improved surface finish. 

Table 2 Experimental design and results. 

Run 
Order 

C 
%wt 

Vc 
m/ 
min 

f 
mm/ 
tooth 

ap 
mm 

N 
Ra 
µm 

MRR 
(mm³/ 
min) 

Run 
Order 

C 
%w

t 

Vc 
m/ 
min 

f 
mm/ 
tooth 

ap 
m
m 

N 
Ra 
µm 

MRR 
(mm³/ 
min) 

1 1 60 0.02 0.4 No 0.246 611.46 30 2 60 0.03 0.2 No 0.236 458.60 
2 0 60 0.01 0.6 Yes 0.225 458.60 31 1 60 0.02 0.4 No 0.241 611.46 
3 2 80 0.02 0.4 No 0.197 815.29 32 0 60 0.03 0.4 Yes 0.296 917.20 
4 1 40 0.03 0.4 Yes 0.281 611.46 33 1 80 0.02 0.2 Yes 0.199 407.64 
5 2 60 0.03 0.4 Yes 0.251 917.20 34 2 80 0.02 0.2 No 0.181 407.64 
6 0 40 0.02 0.6 No 0.297 611.46 35 1 40 0.01 0.2 Yes 0.187 101.91 
7 1 80 0.01 0.4 No 0.183 407.64 36 0 60 0.01 0.6 No 0.247 458.60 
8 2 60 0.02 0.2 Yes 0.195 305.73 37 2 60 0.01 0.2 Yes 0.173 152.87 
9 1 60 0.02 0.6 No 0.25 917.20 38 1 60 0.03 0.2 No 0.263 458.60 

10 0 80 0.02 0.2 Yes 0.23 407.64 39 0 80 0.02 0.4 Yes 0.244 815.29 
11 1 60 0.01 0.2 Yes 0.181 152.87 40 2 40 0.02 0.2 Yes 0.207 203.82 
12 2 40 0.02 0.4 No 0.223 407.64 41 1 60 0.02 0.4 Yes 0.236 611.46 
13 1 40 0.01 0.6 Yes 0.226 305.73 42 0 60 0.02 0.6 No 0.282 917.20 
14 0 60 0.03 0.6 No 0.313 1375.80 43 1 40 0.02 0.6 Yes 0.264 611.46 
15 1 60 0.02 0.4 Yes 0.224 611.46 44 2 60 0.03 0.6 Yes 0.263 1375.80 
16 2 60 0.01 0.6 No 0.184 458.60 45 1 60 0.02 0.4 Yes 0.237 611.46 
17 1 80 0.02 0.6 Yes 0.23 1222.93 46 0 80 0.02 0.2 No 0.234 407.64 
18 0 60 0.02 0.4 No 0.26 611.46 47 2 60 0.01 0.4 No 0.173 305.73 
19 1 40 0.02 0.2 No 0.245 203.82 48 1 40 0.02 0.6 No 0.271 611.46 
20 2 80 0.02 0.6 Yes 0.2 1222.93 49 0 60 0.01 0.4 Yes 0.213 305.73 
21 1 60 0.03 0.6 Yes 0.298 1375.80 50 1 80 0.01 0.2 No 0.179 203.82 
22 0 40 0.02 0.4 Yes 0.279 407.64 51 2 40 0.02 0.6 No 0.245 611.46 
23 2 60 0.02 0.4 No 0.212 611.46 52 1 60 0.03 0.4 No 0.288 917.20 
24 1 80 0.03 0.6 No 0.283 1834.39 53 0 40 0.02 0.2 Yes 0.257 203.82 
25 0 80 0.02 0.6 No 0.265 1222.93 54 2 80 0.02 0.4 Yes 0.19 815.29 
26 1 60 0.01 0.6 Yes 0.204 458.60 55 1 60 0.01 0.4 Yes 0.195 305.73 
27 2 40 0.02 0.6 Yes 0.23 611.46 56 0 60 0.03 0.2 No 0.289 458.60 
28 1 40 0.03 0.6 No 0.311 917.20 57 1 80 0.03 0.4 Yes 0.247 1222.93 
29 0 60 0.02 0.2 Yes 0.239 305.73 58 2 60 0.02 0.6 No 0.227 917.20 

Model Adequacy 

The adequacy of the regression model for Ra was verified using analysis of variance (ANOVA). As shown in Table 3, the 
model was statistically significant (p < 0.001), with feed rate identified as the most influential factor, followed by cutting 
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speed, depth of cut, and nanofluid concentration. Cold air assistance also had a statistically significant effect. Although 
several quadratic and interaction terms were not statistically significant (p > 0.05), they were retained to preserve the 
hierarchical structure of the response surface model. This approach is commonly adopted in RSM to ensure model 
stability and maintain predictive capability across the entire design space. 

Table 3 ANOVA for Ra. 

Source DF Adj-SS Adj-MS F-Value P-Value 

Model 19 0.079997 0.004210 125.98 0.000 
Linear 5 0.075904 0.015181 454.23 0.000 

C 1 0.019769 0.019769 591.51 0.000 
Vc 1 0.006060 0.006060 181.33 0.000 
f 1 0.033258 0.033258 995.13 0.000 

ap 1 0.006010 0.006010 179.82 0.000 
N 1 0.000721 0.000721 21.56 0.000 

Square 4 0.000072 0.000018 0.54 0.707 
C*C 1 0.000016 0.000016 0.49 0.487 

Vc*Vc 1 0.000045 0.000045 1.35 0.252 
f*f 1 0.000000 0.000000 0.01 0.923 

ap*ap 1 0.000010 0.000010 0.30 0.590 
2-Way-Interaction 10 0.000268 0.000027 0.80 0.627 

C*Vc 1 0.000001 0.000001 0.03 0.864 
C*f 1 0.000000 0.000000 0.01 0.916 

C*ap 1 0.000032 0.000032 0.97 0.331 
C*N 1 0.000023 0.000023 0.68 0.416 
Vc*f 1 0.000000 0.000000 0.00 0.977 

Vc*ap 1 0.000020 0.000020 0.61 0.440 
Vc*N 1 0.000000 0.000000 0.01 0.923 
f*ap 1 0.000123 0.000123 3.67 0.063 
f*N 1 0.000008 0.000008 0.25 0.619 

ap*N 1 0.000002 0.000002 0.06 0.808 
Error 38 0.001270 0.000033   

Lack-of-Fit 35 0.001153 0.000033 0.84 0.671 
Pure-Error 3 0.000117 0.000039   

Total 57 0.081267    

The overall model summary statistics are presented in Table 4, indicating high coefficients of determination (R² = 
98.44%, adj-R² = 97.66%, pred-R² = 95.97%). These values demonstrate excellent predictive performance of the 
quadratic regression model. 

Table 4 Model summary statistics. 

S R-sq R-sq(adj) R-sq(pred) 

0.0057811 98.44% 97.66% 95.97% 

The quadratic regression equations, Eqs. (3) and (4) for Ra under the two cooling conditions (without and with cold-air 
cooling) are expressed as follows: 

For N = No (without cold-air cooling):    

Ra = 0.2007 - 0.0219C - 9.2×10⁻⁵Vc + 3.15f + 0.0395ap - 0.00116C² - 5.0×10⁻⁶Vc² + 
1.70f² + 0.0242ap² + 1.3×10⁻⁵C·Vc - 0.0190C·f - 0.00678C·ap - 3.0×10⁻⁴Vc·f - 
2.7×10⁻⁴Vc·ap + 1.59f·ap                                          

                     (3) 

For N = Yes (with cold-air cooling):   

Ra = 0.1865 - 0.0200C - 8.1×10⁻⁵Vc + 3.28f + 0.0424ap - 0.00116C² - 5.0×10⁻⁶Vc² + 1.70f² 
+ 0.0242ap² + 1.3×10⁻⁵C·Vc - 0.0190C·f - 0.00678C·ap - 3.0×10⁻⁴Vc·f - 2.7×10⁻⁴Vc·ap + 
1.59f·ap 

              (4) 

These regression models incorporate linear, quadratic, and interaction terms for the input variables, capturing the 
nonlinear effects of machining parameters on surface roughness. 
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To further validate the adequacy of the developed models, residual analysis was conducted. The residuals were 
examined using normal probability plots and residual-versus-predicted value distributions. The results indicated that 
the residuals were randomly scattered around zero and approximately followed a straight line on the normal probability 
plot, confirming that the assumptions of normality and independence were satisfied. 

In addition, the close agreement between predicted and experimental values, together with the high R², adjusted R², 
and predicted R² values reported in Table 4, further demonstrates the reliability and predictive capability of the models 
within the investigated parameter range. 

Graphical Results 

The main effects of each parameter are illustrated in Figure 2, which indicates that feed rate was the most influential 
factor affecting Ra. Figure 3 presents the box plot of Ra grouped by cold-air assistance. It is evident that the median Ra 
decreased when cold air was applied, with narrower interquartile ranges, indicating improved surface stability under 
this condition. 

 

 Main effects plot for Ra. 

 

 Box plot of Ra by cold air assistance. 

Optimization Results 

The PSO-based multi-objective optimization results for different weighting scenarios are summarized in Table 5. The 
results indicate distinct optimization outcomes depending on the relative importance assigned to surface roughness 
and material removal rate. When surface quality was prioritized (wRa = 0.7), the optimization yielded the lowest Ra 
value of approximately 0.160 µm, accompanied by a reduced MRR of about 653 mm³/min. In contrast, both the 
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balanced (wRa = 0.5) and productivity-oriented (wRa = 0.3) scenarios converged to the same optimal parameter 
combination, resulting in Ra ≈ 0.245 µm and MRR ≈ 1790 mm³/min. This observation suggests that, within the 
investigated parameter space, increasing the weight assigned to MRR beyond a certain threshold does not further 
change the optimal solution, indicating a dominant influence of productivity-related parameters. 

Table 5 Results of PSO-based optimization for Ra and MRR. 

wRa wMRR C 
(%wt) 

Vc 
(m/min) 

f 
(mm/tooth) 

ap 
(mm) 

N Ra 
(µm) 

MRR 
(mm³/min) 

0.5 0.5 2 80 0.03 0.6 Yes 0.2451 1790.02 

0.7 0.3 2 80 0.01 0.6 Yes 0.1602 652.98 

0.3 0.7 2 80 0.03 0.6 Yes 0.2451 1790.02 

Discussion 

This section provides a detailed interpretation of the experimental and optimization results, focusing on the influence 
of machining parameters and the effectiveness of the hybrid cooling–lubrication strategy. These results are particularly 
relevant to SKD11 steel, whose high hardness and wear resistance intensify the thermal and tribological challenges 
during machining. Compared with previous studies that employed MQL alone, the hybrid approach used in this study 
achieved lower Ra values under similar cutting conditions. 

The Ra values obtained in this study ranged from 0.173 µm to 0.313 µm, indicating a relatively low surface roughness 
compared with dry machining conditions reported in previous works on hardened steels (Nguyen & Hsu, 2016). This 
improvement can be attributed to the hybrid cooling–lubrication system, which effectively reduced cutting 
temperatures and friction. The MRR values varied from 101.91 mm³/min to 1834.39 mm³/min, reflecting the strong 
influence of cutting parameters on productivity. Although cutting temperature, cutting force, and tool wear were not 
directly measured in this study, the observed improvement in surface roughness can be reasonably explained based on 
established machining mechanisms. Previous studies have shown that both nanofluid-MQL and cold-air cooling 
effectively reduce cutting temperatures and friction at the tool–workpiece interface, leading to more stable cutting 
conditions and reduced adhesion and ploughing effects. 

The addition of nanoparticles enhances the thermal conductivity and lubricating performance of the base fluid, while 
cold air contributes to rapid heat dissipation. These combined effects are known to reduce tool wear progression and 
improve surface integrity. Therefore, the reduction in Ra observed in this study is consistent with the expected thermo-
mechanical behavior reported in the literature. 

A preliminary analysis of the experimental data revealed clear trends. Higher feed rates (f) and depths of cut (ap) 
generally increased both Ra and MRR, highlighting the inherent trade-off between surface quality and machining 
efficiency (Do & Phan, 2021; Vu, Hue, Huynh, & Nguyen, 2024). The application of cold-air cooling (N = Yes) consistently 
reduced Ra by approximately 5–10% compared with cases without cold air (N = No), particularly at higher cutting speeds, 
which may be attributed to enhanced heat dissipation. Similarly, increasing nanofluid concentration (C) from 0% to 2% 
improved the surface finish by reducing friction through enhanced tribological properties (Godson, Raja, Lal, & 
Wongwises, 2010; Do & Phan, 2020). Meanwhile, MRR—calculated using Equation (1)—was primarily governed by the 
product of Vc, f, and ap, with minimal direct effects from C or N, although the hybrid cooling–lubrication system 
indirectly supported higher MRR by enabling more aggressive cutting parameters without excessive tool wear. It should 
be noted that the MRR values reported in this study were derived from theoretical calculations and do not account for 
potential deviations due to tool wear, vibration, or material side flow under extreme cutting conditions. 

The ANOVA results (Table 3) further confirmed the statistical significance of these trends. Feed rate (f) exhibited the 
highest F-value (995.13, p < 0.001), identifying it as the most dominant factor for both Ra and MRR. According to the 
regression equations reported in the Results section, Ra increased almost linearly with f in the range of 0.01–0.03 
mm/tooth, due to larger undeformed chip thickness and higher cutting forces. At the same time, MRR rose 
proportionally with f, reflecting the inevitable trade-off between productivity and surface integrity. 

Cutting speed (Vc) exerted a moderate but significant effect on both responses. As shown in the regression model (Table 
4), higher Vc slightly reduced Ra, as elevated temperatures may have softened the workpiece material in the shear zone, 
facilitating smoother chip formation. This observation is consistent with previous studies on the hard milling of tool 
steels (Korkut & Donertas, 2007; Nguyen & Hsu, 2016). Conversely, MRR showed a decreasing trend with increasing Vc 
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in the regression model, which can be explained by the fixed radial and axial engagement conditions in this study: 
Equation (1) indicates that MRR is more strongly dependent on f and ap than on Vc. 

Depth of cut (ap) exhibited a positive correlation with both Ra and MRR. As ap increased from 0.2 mm to 0.6 mm, Ra 
deteriorated moderately due to greater cutting forces and possible tool deflection, while MRR rose substantially 
because ap directly contributes to the volume of material removed per unit time. This confirms ap as an important 
productivity-oriented parameter. 

Nanofluid concentration (C) played a significant role in improving the surface finish. Increasing C from 0 wt% to 2 wt% 
consistently reduced Ra, as the presence of Al₂O₃ nanoparticles enhanced the both thermal conductivity and tribological 
properties of the MQL fluid (Godson et al., 2010; Do & Phan, 2020). This improvement was particularly evident at higher 
cutting speeds, where improved lubrication and heat removal were critical. However, the effect of C on MRR was 
negligible, since it does not directly enter the MRR equation; its main contribution was indirect, by enabling stable 
machining at higher f and ap. 

Cold-air assistance (N) also had a statistically significant effect (p = 0.000, Table 3) on Ra. Figure 3 shows that the median 
Ra decreased from 0.245 µm (N = No) to 0.236 µm (N = Yes), with a narrower interquartile range under cold-air cooling, 
indicating more stable surface quality. Although the observed difference is relatively small, it is consistent across 
multiple experimental runs, suggesting that the improvement is systematic rather than random measurement variation. 
The additional cooling effect reduced cutting temperatures and limited tool–workpiece adhesion, thereby suppressing 
surface roughening. While cold air did not directly affect MRR, it contributed to process stability by reducing the thermal 
load, which indirectly supported higher removal rates under aggressive cutting conditions. 

The quadratic regression equations reported in the Results section further illustrate the nonlinear interactions among 
the machining parameters under the two cooling conditions. Figure 2 presents the main effects plot for Ra, clearly 
showing that feed rate strongly deteriorates surface finish, while higher cutting speed and nanofluid concentration 
reduce Ra. Depth of cut exerted a moderate negative effect. Figure 3 confirmed the beneficial role of cold air in reducing 
Ra, consistent with earlier reports on hybrid MQCL systems where combined lubrication and cooling yielded superior 
performance over standalone methods (Dong et al., 2020). 

Overall, the parameter influence analysis reveals that feed rate is the primary driver of both surface roughness and 
productivity, whereas nanofluid concentration and cold air assistance mainly improve surface quality. Cutting speed and 
depth of cut play dual roles, with ap strongly affecting productivity and Vc moderately affecting surface integrity. These 
findings highlight the necessity of multi-objective optimization to balance Ra and MRR in hard milling under hybrid 
cooling–lubrication conditions.  

A notable finding is that the balanced and productivity-oriented scenarios converged to identical optimal solutions. This 
behavior is not due to computational error but reflects the intrinsic characteristics of the machining process and the 
optimization landscape. Specifically, MRR is strongly governed by feed rate (f) and depth of cut (ap), both of which reach 
their upper bounds (f = 0.03 mm/tooth and ap = 0.6 mm) in the optimal solution. When MRR is assigned a weight 
comparable to or higher than that of Ra, the optimization process consistently favors this region of maximum material 
removal. This indicates the presence of a plateau region on the trade-off surface, where multiple weighting scenarios 
lead to the same optimal solution. When surface roughness is strongly prioritized (wRa = 0.7), the optimizer shifts 
toward a region with lower feed rate, resulting in improved surface quality at the expense of productivity. Under this 
condition, the lowest Ra (≈ 0.160 µm) is achieved, but with a significantly reduced MRR (≈ 653 mm³/min). This finding 
provides practical guidance for selecting machining parameters depending on whether surface quality or productivity is 
prioritized. An important observation is that cold air assistance was consistently included in all the optimal parameter 
sets, underscoring its critical role in improving surface integrity without sacrificing productivity. This finding aligns with 
previous research on hybrid cooling–lubrication strategies, which demonstrated superior performance compared with 
conventional cooling or lubrication alone (Dong et al., 2020; Celent et al., 2023). 

These results confirm the effectiveness of integrating nanofluid-MQL with cold air assistance in improving both surface 
quality and productivity. By combining experimental analysis, regression modeling, and PSO-based optimization, the 
study provides both quantitative evidence and practical insights into balancing surface integrity and productivity. The 
implications of these results are further consolidated in the following conclusion. 

It should be noted that the present study focuses on surface roughness and material removal rate as the primary 
performance indicators. Other important factors such as tool wear, cutting force, and cutting temperature were not 
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experimentally measured and should be considered in future research. Incorporating these parameters would provide 
a more comprehensive understanding of the machining performance and further validate the underlying mechanisms 
of the hybrid cooling–lubrication approach. 

From a sustainability perspective, the proposed hybrid approach reduces cutting-fluid consumption through the use of 
MQL and avoids the need for hazardous cryogenic media. Although energy consumption and the cost of compressed air 
were not quantitatively evaluated, the system provides a cleaner and more environmentally friendly alternative 
compared to conventional flood cooling. 

Conclusion 

This study investigated a hybrid cooling–lubrication approach combining nanofluid-based minimum quantity lubrication 
(MQL) with cold-air assistance for the hard milling of SKD11 steel. The results showed that feed rate and depth of cut 
significantly affected both surface roughness (Ra) and material removal rate (MRR), highlighting the inherent trade-off 
between surface quality and productivity. The hybrid system consistently improved the surface finish by 5–10% and 
demonstrated better overall performance compared to single-mode cooling strategies. 

The integration of response surface methodology (RSM) with particle swarm optimization (PSO) enabled effective multi-
objective optimization. The results revealed that different weighting scenarios could lead to similar optimal solutions, 
indicating the presence of a plateau region on the trade-off between Ra and MRR. This provides useful insight for 
selecting machining conditions based on specific production priorities. For practical applications, to achieve a surface 
roughness below 0.2 µm, low feed rates (f ≈ 0.01 mm/tooth), moderate cutting speed (Vc ≈ 80 m/min), and the use of 
cold air combined with a 2 wt% nanofluid are recommended. Conversely, higher productivity can be achieved by 
increasing feed rate and depth of cut, with an acceptable increase in surface roughness. 

From an engineering perspective, the proposed hybrid cooling–lubrication approach offers a practical and 
environmentally friendly alternative for machining hardened steels, particularly when both surface integrity and 
productivity are required. 

However, this study was limited to the evaluation of Ra and MRR, while tool wear, cutting force, and cutting 
temperature were not experimentally investigated. In addition, MRR was calculated theoretically. Future work should 
incorporate these factors and perform experimental validation under broader machining conditions to further enhance 
the industrial applicability of the proposed approach. 
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