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ABSTRACT 

The choice of cutting speed, feed rate and depth of cut not only affects the surface finish of the end product of the CNC 
machine, but also the machine tool's electricity consumption and machining time. Trimming parameter selection is a 
multi-objective problem because any parameter set that improves one of these responses tends to be detrimental to the 
other. This paper is a systematic literature review (SLR) based on PRISMA 2020 guidelines that covers and summarizes 
the research related to cutting-parameter optimisation for surface quality and energy efficiency in CNC turning, milling, 
drilling, honing and wood machining. The literature was searched in English in Google Scholar, Web of Science and 
ScienceDirect from January 2016 to June 2026, with backward citation searching for seminal earlier work. The included 
studies were categorised according to the machining process, cutting parameters, surface and energy responses and the 
optimisation method, and then synthesised in narrative form. The evidence indicates that feed rate is the most dominant 
parameter to control surface roughness in most of the studies conducted on turning and milling, depth of cut is the 
major parameter that affects the power consumption and material removal rate, and cutting speed affects both the 
surface roughness and the power consumption and tool wear, with better surface finish in a range of cutting speeds 
specific to the material being turned and better power consumption and tool wear at higher cutting speeds. The 
optimum (minimal) energy and optimum (minimal) material removal are often different, and minimum power settings 
are not always minimum energy settings. From single response Taguchi–ANOVA designs, optimisation practice has 
shifted towards grey relational analysis, TOPSIS, response surface models, artificial neural networks and Pareto based 
metaheuristics like NSGA-II. There are key challenges in the treatment of tool wear and embodied energy, in-process 
adaptive optimisation, validation on industrial machines and resource-constrained manufacturing economies. Future 
work is proposed using a conceptual framework, which connects cutting parameters, responses, optimisation methods 
and Industry 4.0 feedback. 
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1 INTRODUCTION 

Computer-Aided Manufacturing (CAM) and Computer Numerical Control (CNC) systems are computer-controlled 
systems that use digital product definitions to guide controlled material removal and are capable of precision, 
repeatability, and automation superior to that of manual machining. CNC machining is hence still the primary method 
of manufacturing parts with strict dimensional tolerances and desired surface finishes. But cutting conditions, 
programmed by the process planner, strongly influence the performance of any CNC operation. The material removal 
conditions (speed, feed rate and depth of cut) determine the machining time, cutting forces, material removal rate 
(MRR), surface roughness and energy consumption (Chen et al., 2021).  

Energy is no longer an overhead, it's a first order process variable. In addition to electrical energy used in the cutting 
zone of the machine tool, electrical energy is also used by the spindle, feed drives, coolant pumps and auxiliary 
equipment of the machine tool; a significant proportion of the electrical energy used is not used when the metal is 
removed from the workpiece (Zhao et al., 2017; Moradnazhad and Unver, 2017). As demonstrated in the field reviews, 
one of the lowest-cost tools to reduce this consumption is to select the best cutting parameters, which does not involve 
any capital costs (Chen et al., 2021; Soori et al., 2024). Meanwhile, surface roughness is the most commonly used 
criterion of the quality of a machined surface, and is sensitive to the same parameters that may conflict with the energy 
response. Camposeco-Negrete (2013), for instance, reported that the rate of energy consumption during turning of AISI 
6061-T6 decreased with higher feed rates and surface roughness increased. This has led to the evolution of multi-
objective optimisation techniques.  

Kant and Sangwan (2014) proposed a predictive model to optimise power consumption and surface roughness 
simultaneously and concluded that the most important parameter was the feed rate, followed by the depth of cut and 
cutting speed. In this study, Yan and Li (2013) analyzed the relative importance of energy, production rate and cutting 
quality for milling by using the WGRA and the RSM. In other cases, such as honing of cast-iron cylinder liners (Tayisepi 
et al., 2024a), planing of hardwood (Tayisepi et al., 2023) and softwood (Tayisepi et al., 2024b) species, as well as CNC 
milling of mild steel (Mapindu et al., 2026b), similar trade-offs have been reported since then. Additional weight is given 
to the problem in the developing manufacturing economies. The grid is highly reliant on the unreliable performance of 
old coal-fired generation with about 72 % of the maintenance strategy being comprised of corrective maintenance, 
which leads to forced outages and unstable supply in Zimbabwe (Senda et al., 2026).  

Local manufacturers are also being challenged to be more agile and competitive with imports, but it is found that 
numerically controlled equipment and supporting digital technologies are not uniformly available and are not well 
integrated (Muhla et al., 2023; Muhla et al., 2025a), survey data show. When these conditions apply, every kWh saved 
at the machine tool is important and methods of machine tool optimisation that require little capital investment are 
especially appealing, such as statistically designed experiments. While some reviews discuss the energy consumption 
of machine tools (Zhao et al., 2017; Sihag and Sangwan, 2020) or energy-efficient parameter selection ( Chen et al., 
2021), less review combines the evidence specifically on the energy and surface quality of CNC processes and 
workpieces, and even fewer focus on the application of that evidence in resource-constrained environments.  

This paper aims to fill that void by conducting a systematic review of literature. It provides: (i) a systematic overview 
of the influence of cutting speed, feed rate and depth of cut on surface quality and energy consumption; (ii) a comparison 
of the methods for cutting speed, feed rate and depth of cut optimisation, ranging from Taguchi designs to Pareto 
optimisation techniques assisted by machine learning; (iii) an overview of the quality–energy–productivity trade-off in 
cutting processes depending on the material and process; and (iv) a research agenda with a conceptual framework for 
energy-aware parameter optimisation.  

2 BACKGROUND AND THEORETICAL FOUNDATION 

2.1 Cutting parameters and surface generation 

Cutting parameters refer to the interaction between the cutting edge and the work piece. The cutting speed (or spindle 
speed) determines the relative velocity between the cutting tool and the chip interface, and thus the thermal regime, 
the feed rate determines the uncut chip thickness and the spacing of feed marks, and depth of cut determines the 
engaged edge length and the material volume removed by a single cut (Li et al., 2017). The geometric relation for a tool 
with nose radius rε, which is the classical one, is appropriate to describe the kinematic contribution of feed to roughness: 

 Ra ≈ f2 / (32 rε) (1) 

At which point x is the feed per revolution. Due to the square dependency between the height of the feed and the feed-
mark, the increase in roughness is not linear with respect to the increase in feed (Abellán-Nebot et al., 2024; Mapindu 
et al., 2026b). Despite this, measured roughness differs from Eq. (1) due to built up edge, vibration, tool wear, material 
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side flow and for very small feeds due to ploughing and the minimum chip thickness effect. Lin et al. (2020) 
demonstrated that prediction accuracy significantly increases when taking into account the machining vibration in 
addition to the spindle speed, feed and depth of cut, thereby providing evidence that the surface roughness is not a 
function of any of these parameters alone, but rather a result of multiple parameters working together. Moayyedian et 
al. (2020) also established the significance of the feed rate, spindle speed, depth of cut and radial immersion in end 
milling by Taguchi methods and analysis of variance (ANOVA) and found that it varies depending on the operation and 
the workpiece material. 

2.2 Energy consumption of CNC machine tools 

The energy absorbed by the CNC machine tool can be divided into MRR component, spindle and feed-drive component, 
and standby and auxiliary component (Zhao et al., 2017; Li et al., 2017). The system boundary is expanded to include 
embodied energy of cutting tools and cutting fluids as done by Chen et al. (2021). The specific energy consumption (SEC) 
is often given by the following unit-process model: 

 SEC = P / MRR = C0 + C1 / MRR (2) 

The machine power, P, and the two machine-specific empirical coefficients, C0 and C1, are defined in this equation. The 
result (2) is mentioned in many publications: the higher the MRR, the lower the energy consumption per unit volume 
of material removed as the fixed power of the machine is distributed over a shorter period of time. Therefore, the energy 
(total) (E = ∫P dt), power and SEC are three different indicators, and optimizing one does not necessarily optimize the 
others (Li et al., 2017, Cai et al., 2016). Li et al. (2017) suggested the complementary measures of instantaneous energy 
efficiency, energy utilisation ratio and specific energy efficiency. 

2.3 The quality–energy–productivity trade-off 

It is not possible to optimize simultaneously the surface quality, energy efficiency and productivity because the three 
are generally mutually exclusive when selecting the three main parameters of feed, depth of cut and cutting speed. In 
milling, Zhao et al. (2018) showed this coupling between energy consumption characteristics and surface quality, and 
Xie, Zhou and Zheng (2018) developed a cooperative optimisation between minimum energy and high surface quality 
in turning. An appropriate solution is thus a compromise or the set of Pareto-optimal solutions and from amongst them, 
the process planner chooses based on priorities (Kumar, Bilga and Singh, 2017). 

2.4 Design of experiments and optimisation methods 

The Taguchi method employs orthogonal arrays to approximate the main effect of each factor while taking only a 
fraction of the number of runs necessary for full factorial design and transforms replicated responses into a signal-to-
noise (S/N) ratio which is used to reward a favourable mean and a low variability (Ross, 1996). Both surface roughness 
and energy should be minimised and thus the form of the smaller is used: 

 S/N = −10 log10 [ (1/n) Σ yi2 ] (3) 

Where yi are the n replicate measurements. ANOVA then splits the total variation into factor contributions and error to 
determine significance and percentage contribution. If the two or more responses are needed to be optimized and their 
individual optima are contradictory, all the responses need to be normalised first, then, the grey relational coefficients 
of each trial are calculated and the average values are obtained as grey relational grade (Deng, 1989) to optimize. 

 ξi(k) = (Δmin + ζΔmax) / (Δi(k) + ζΔmax),     Γi = (1/m) Σk ξi(k) (4) 

where Δi(k) is the deviation of normalised response k from its ideal value, ζ is the distinguishing coefficient (normally 
0.5) and m is the number of responses. This Taguchi–ANOVA–GRA workflow has been applied by the authors’ group to 
CNC milling (Mapindu et al., 2026b), and its transferability beyond metal cutting has been demonstrated for shrinkage 
and warpage in injection moulding (Mapindu et al., 2026a) and for the strength–print-time conflict in fused deposition 
modelling (Mapindu et al., 2026c). Related two-level orthogonal designs with regression modelling have been used to 
optimise vacuum bleaching in edible-oil refining (Jansen et al., 2025), underlining that the statistical logic of parameter 
optimisation is process-independent even though the physics is not. Where closed-form or statistical models are 
inadequate, response surface methodology, artificial neural networks (ANN) and metaheuristics such as NSGA-II are 
used to model non-linear responses and generate Pareto fronts (Yan and Li, 2013; Khan et al., 2019; Xie, Mei and Zhang, 
2025). 

Within the broader CAD/CAM chain, parameter optimisation at the CAM stage complements design optimisation at the 
CAD stage. In the design of a passive upper-limb exoskeleton, for instance, alternative geometries and materials were 
compared through finite-element simulation before prototype manufacture on 3D printers and CNC machines (Tandi et 
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al., 2025). Treating design choices and process choices as linked optimisation problems is a natural extension of the 
work reviewed here. 

2.5 Development of the research field 

The research emphasis has shifted from energy analysis of the machining process to the quality analysis of the surface 
to that of an integrated optimization of several desired responses. Sihag and Sangwan (2020) compiled a list of 226 
research papers on energy consumption in machine-tools and categorized it into four major research streams namely 
classification, modelling, energy-saving strategies and energy efficiency assessment. The discussion was continued by 
Binali et al. (2022) for difficult-to-machine composites and superalloys where parametric optimisation is coupled with 
advanced lubri-cooling strategies. More recent work focussed on cutting-parameter optimisation within a broader 
sustainable-machining project that incorporates cooling strategies, tool-path planning and digital twins (Soori et al., 
2024). The present study builds on these reviews and concentrates upon the optimisation of cutting parameters, 
treating surface quality and energy as two aspects of the same subject as opposed to productivity, quality and energy. 

2.6 Objectives and Research Questions 

The aim of the review is to systematically identify, appraise and synthesise research on cutting-parameter optimisation 
for improving surface quality and energy efficiency in CNC machining. Six objectives (O) were formulated, each paired 
with a research question (RQ): 

Table 1: Review objectives and research questions. 

Code Research question 

O1 / RQ1 What is the influence of cutting speed, feed rate and depth of cut on surface quality in CNC machining? 

O2 / RQ2 What is the relationship between CNC cutting parameters and machining energy consumption (power, 
total energy and specific energy)? 

O3 / RQ3 Which optimisation techniques have been used for CNC cutting-parameter optimisation, and what are 
their relative strengths and limitations? 

O4 / RQ4 What trade-offs exist between surface quality, energy consumption and machining productivity? 

O5 / RQ5 How do reported findings differ across CNC machining processes and workpiece materials? 

O6 / RQ6 What limitations and research gaps exist in current research on energy-aware cutting-parameter 
optimisation? 

3 REVIEW METHODOLOGY 

3.1 Research design 

A systematic literature review was adopted because it provides a transparent and reproducible process for searching, 
selecting, appraising and synthesising studies against predefined criteria (Snyder, 2019). The review was planned and 
reported in accordance with the PRISMA 2020 statement (Page et al., 2021). 

3.2 Information sources and search strategy 

Google Scholar, Web of Science and ScienceDirect were searched for English-language journal articles and peer-
reviewed conference papers. Because several influential studies pre-date this window (for example Yan and Li, 2013; 
Camposeco-Negrete, 2013; Kant and Sangwan, 2014), backward citation searching of included studies and reviews was 
used to capture seminal earlier work. The Boolean string below was adapted to the syntax of each database and applied 
to titles, abstracts and keywords: 
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3.3 Eligibility criteria 

Table 2: Inclusion and exclusion criteria. 

Criterion Inclusion Exclusion 

Process CNC or machine-tool based material removal: turning, 
milling, drilling, honing, planing/routing 

Non-conventional processes (EDM, laser, 
waterjet) unless used only for comparison 

Variables At least one of cutting speed/spindle speed, feed rate or 
depth of cut varied 

Only tool design, coating or coolant varied 
at fixed cutting parameters 

Responses At least one surface-quality response and at least one 
energy or power response (or a review addressing both) 

Only surface quality, or only energy, with 
no link between them 

Analysis Experimental, modelling or optimisation study with 
reported method 

Opinion pieces, patents, trade literature 

Publication Peer-reviewed; English; Jan 2016 – Jun 2026 (earlier 
seminal work via citation searching) 

Non-English; duplicates; full text 
unavailable 

3.4 Study selection 

Records were exported to a reference manager, duplicates removed, and titles and abstracts screened against Table 2.  

 

Figure 1: PRISMA 2020 flow diagram of the study selection process. Adapted from the PRISMA 2020 flow 
diagram template for new systematic reviews (Page et al., 2021). 

3.5 Data extraction and quality appraisal 

For each study a standard extraction form was completed capturing the following: machining process; workpiece and 
tool material; cooling condition; parameters and levels; surface, energy and productivity responses; experimental 
design; optimisation method; optimum reported; and whether a confirmation or validation experiment was conducted. 
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The methodological quality was evaluated on four aspects, namely, adequate experimental design (replication and 
randomisation), machine level measurement of energy rather than estimated, statistical testing of the significance of 
the factors and experimental verification of the expected optimum. The appraisal did not exclude studies, but was used 
to provide weight to the narrative synthesis.  

3.6 Classification and taxonomy 

Included studies were classified on five dimensions (Table 3), which also structure the synthesis in Section 5. 

Table 3: Classification dimensions used in the review. 

Dimension Categories 

Machining 
process 

Turning; milling (face, end, plane, micro-milling); drilling/hole making; honing; wood planing 
and routing 

Cutting 
parameters 

Cutting/spindle speed; feed rate; depth of cut; other (width of cut, number of cutting edges, tool 
path) 

Surface response Arithmetic mean roughness Ra; areal roughness Sa; cutter/pitch-mark measures 

Energy response Instantaneous power; total energy; specific cutting energy (SEC); energy efficiency ratios 

Optimisation 
method 

Taguchi/ANOVA; grey relational analysis; TOPSIS; regression/RSM; ANN; metaheuristics 
(NSGA-II, PSO, WOA); physics-based models 

4 RESULTS AND SYNTHESIS 

4.1 Overview of the evidence base 

Representative studies from the sets included are summarised in Table 4. The number of studies for milling and turning 
is higher than for other processes, such as wood machining, while hole making, honing and micro-milling are 
represented by fewer studies. The most common experimental studies based on Taguchi orthogonal arrays or full 
factorial designs with ANOVA, multi-response work is increasingly using Taguchi orthogonal arrays combined with GRA, 
TOPSIS, ANN surrogate models and NSGA-II. The reviewed studies showed that all the three major parameters of cutting 
speed, feed rate and depth of cut have an effect on CNC machining performance and these effects are not independent; 
that is the effect of each parameter on surface quality, energy and productivity changes with the process, workpiece 
material, tool condition and the levels of the other parameters. No one optimum combination of parameters. 

Table 4: Summary of representative studies on the joint optimisation of surface quality with energy, 
productivity or tool wear. 

Study Process / material Responses Method Principal finding 

Camposeco-
Negrete (2013) 

Turning, AISI 6061-
T6 

Energy, Ra Taguchi, ANOVA Higher feed reduced energy but 
increased Ra 

Kant and 
Sangwan 
(2014) 

Turning Power, Ra Predictive model + 
optimisation 

Feed most significant, then 
depth of cut, then speed 

Kumar, Bilga 
and Singh 
(2017) 

Rough turning Energy responses, 
Ra, MRR 

Taguchi, weighting 
methods, TOPSIS 

Different weighting schemes 
gave different optima 

Xie, Zhou and 
Zheng (2018) 

Turning Energy, energy 
efficiency, Ra, tool 
life 

Cooperative 
optimisation 

Minimum-energy and high-
quality settings reconciled 
through joint formulation 

Tayisepi et al. 
(2024b) 

Dry turning, EN19 
steel 

Energy, Ra Taguchi full 
factorial 

Energy-efficient and low-
roughness cutting conditions 
identified for dry turning 

Hamdi et al. 
(2024) 

CNC turning, 
polypropylene, 
MQL 

Ra, temperature, 
SCE 

Experimental 
design 

SCE, Ra and temperature 
examined against cutting 
parameters and MQL condition 
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Yan and Li 
(2013) 

Milling Ra, MRR, cutting 
energy 

Weighted GRA, 
RSM 

Explicit energy–production-
rate–quality trade-off 

Khan et al. 
(2019) 

Face milling, 
nanofluid SQCL 

Energy, Ra Taguchi L27, GRA, 
NSGA-II 

Energy reduced by 20.7% versus 
optimisation on quality and 
productivity only 

Pınarbaşı et al. 
(2020) 

Dry CNC milling, Al-
7075 

Ra, current, 
energy 

Taguchi, ANOVA Feed dominated Ra; depth of cut 
dominated current draw 

Jia et al. (2022) CNC plane milling Energy, time, Ra NSGA-II Efficiency +21.0%, energy 
−15.3%, Ra improved 5.5% 

Feng et al. 
(2022a) 

CNC machining Energy, time, Ra Systematic multi-
objective method 

Energy, time and Ra behave as 
competing objectives 

Erçetin et al. 
(2023) 

Micro-milling, 
Mg13Sn 

Forces, Sa Taguchi, ANOVA Higher speed lowered forces and 
Sa; higher feed raised Sa 

Xie, Mei and 
Zhang (2025) 

CNC milling Power, SCE WOA-BP ANN, 
NSGA-II, entropy-
TOPSIS 

Power −12.33%, SCE −20.01% 
versus empirical settings 

Mapindu et al. 
(2026b) 

CNC milling, mild 
steel (dry) 

Ra, flank wear VB Taguchi L9, 
ANOVA, GRA 

Feed 82.81% of Ra variation; 
speed 63.40% of VB; 
compromise 1000 rpm, 0.10 
mm/rev, 0.5 mm 

Feng et al. 
(2022b) 

CNC hole 
machining 

Energy Tool-path + 
parameter 
optimisation 

Integrating tool path with 
cutting parameters reduced 
energy 

Tayisepi et al. 
(2024a) 

Honing, cast-iron 
liner sleeves 

Ra, power, energy Taguchi L16, 
ANOVA 

Speed and tool-path radius 
dominated Ra; separate optima 
for Ra, power and energy; 
validation error <10% 

Tayisepi et al. 
(2023) 

Planing, teak, 
saligna, pine 

Total cutting 
energy, cutter 
marks 

Taguchi L9, 
ANOVA, regression 

Dominant factor and optimum 
differed by wood species 

Çakıroğlu et al. 
(2022) 

CNC machining, 
walnut and ash 
wood 

Ra, energy, time ANN ANN models predicted optimum 
conditions for quality, energy 
and time 

Bal et al. (2022) CNC routing, 
fibreboard 

Ra, energy Experimental Cutter parameters affected both 
roughness and energy 

4.2 Influence of feed rate (RQ1, RQ2) 

The feed rate was always found as the most significant parameter, for surface roughness, in turning and milling. The 
feed marks get larger with greater feed per tooth, and the roughness increases roughly in proportion to the square of 
the feed (Eq. 1) for conventional milling; in turning, the roughness goes up roughly in proportion to the square of the 
feed (Eq. 1). In Al-7075 dry CNC milling, the surface roughness is most affected by feed (Pınarbaşı et al., 2020) and in 
millerine CNC steel feed is the factor that accounts for most of the variance of the roughness S/N ratio (Mapindu et al., 
2026b). In micro-milling, Erçetin et al. (2023) have noted that the roughness is degraded proportionally for each feed. 
The relationship is not strictly monotonic at the lower end of the range, however: as feed is decreased to lower and 
lower levels, the resulting improvement is not proportional: rubbing and minimum-chip-thickness effects become 
important at very low feeds (Abellán-Nebot et al., 2024). The energy effect of feed runs in reverse. Higher feed results 
in higher MRR and lower machining time, thus lower SEC (Eq. 2) as fixed power of the machine is utilized over a shorter 
time and total energy. This has been demonstrated directly by Camposeco-Negrete (2013) in turning and was found by 
Kant and Sangwan (2014) as the most important parameter in power as well as in roughness condition. Feed can also 
be optimized explicitly, such as optimizing the feed by considering machining allowance and a constraint on spindle 
power (Wu et al. 2021), and optimizing the feed based on the spindle power prediction with an ANN and a constant-
power constraint ( Xie et al. 2021) for three-axis rough milling. Feed is thus the focal point for the quality–energy 
dichotomy. 
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4.3 Influence of cutting speed (RQ1, RQ2) 

The relationship between cutting speed and the responses are more complex and two-sided. In this material range, the 
higher the speed, the better the surface finish, because the speed will cause the material to be softened in the shear zone 
for the workpiece, which will reduce the cutting forces and suppress the formation of built-up edge. The authors 
believed that thermal softening was the reason for the reduction of the cutting forces and areal roughness values in the 
micro-milling of Mg13Sn alloy as the cutting speed increased. The spindle speed was the most significant factor 
influencing the surface roughness, alongside tool-path radius, in honing of cast-iron liner sleeves (Tayisepi et al., 2024a). 
Similarly, in CNC plane milling, spindle speed was observed to exert influence on both energy consumption and surface 
quality and feed and cutting width were observed to exert influence on material-removal power, according to Jia et al. 
(2022).  

The improvement has restrictions. Fast cutting speeds increase cutting temperature, cause flank wear and may lead to 
chip adhesion, whereas a worn tool will require more power and will create a rougher surface. For the CNC milling of 
mild steel, the speed that caused the minimum roughness (2000 rpm) that caused the maximum tool wear (Mapindu et 
al., 2026b). From an energy perspective, spindle speed will have the same effect on instantaneous power, but could 
reduce the time required for the process; overall energy will depend on how other factors affect the process, not just on 
power. To solve this issue, Ma et al. (2017) built a model of the material cutting energy and proposed an energy 
consumption optimization solution for CNC milling. The cutting speed should, therefore, be optimised, in conjunction 
with roughness and tool wear, rather than with reference to minimum power, on the basis of total energy or SEC. 

4.4 Influence of depth of cut (RQ1, RQ2) 

The major impact of depth of cut is on the quantity of material removed per pass and hence on MRR, cutting force and 
power demand. It is usually not as influential as feed and speed on surface roughness. For CNC milling of Al-7075, by 
cutting depth, cut roughness had a relatively small effect, and the most significant one was the current draw, as 
concluded by Pınarbaşı et al. (2020); and for dry honing, the depth of cut had no significant effect on cut roughness (p 
= 0.740), but the significant one was the power and energy as concluded by Tayisepi et al. (2024a). Although depth of 
cut was not statistically significant for both roughness and tool wear in the CNC milling of mild steel, it was found to be 
a statistically significant secondary factor for both parameters that improved with the lowest depth (Mapindu et al., 
2026b). The effect of the cutting parameters on the roughness variations is quite variable according to the different 
machining conditions, tool geometry and workpiece material, as Abellán-Nebot et al. (2024) noted.  

When it comes to energy, more instantaneous power doesn't necessarily mean more total energy, as a deeper cut can 
be accomplished in fewer passes. It is indeed the largest depth of cut tested (0.100 mm) coupled with the lowest spindle 
speed (Tayisepi et al., 2024a) that will give optimum energy in honing. Hamdi et al. (2024) studied the effect of specific 
cutting energy in CNC turning of polypropylene along with feed and minimum-quantity-lubrication conditions. For 
wood planing, the dominant factor was the depth of cut for total cutting energy for saligna and pine, but not for teak 
(Tayisepi et al., 2023). Therefore depth of cut should be assessed by more than one energy indicator, and optimised 
with the other parameters, simultaneously, rather than alone. 

4.5 Trade-offs between surface quality, energy and productivity (RQ4) 

It's concluded from the reviewed studies that optimizing one parameter or one response in isolation will result in an 
undesirable result for another response. The war shows up in three different shapes and sizes.The war comes up in 
particular shapes and sizes. The first is that as feed and depth of cut increases, productivity increases and SEC decreases, 
but roughness and cutting load increases. Second, speed better reduces roughness but at the same time means more 
power and greater tool wear, as in the case of milling, where the optimal spindle speed for a specific range of roughness 
was at one end, and the optimal spindle speed for tool wear was at the other (Mapindu et al., 2026b). Third, in a single 
process, there is often an optimum for energy, power, and roughness, as demonstrated in honing, where the minimum 
energy, power and roughness optima are 125 rpm, 0.025 mm and 310 rpm respectively (Tayisepi et al., 2024a).  

When the conflict is explicitly discussed in studies, significant achievements are reported. In addition to the reduction 
of energy due to surface quality and productivity, Khan et al. (2019) achieved a 20.7% reduction in energy, and Jia et al. 
(2022) achieved a 21.0% increase in processing efficiency, 15.3% reduction in energy and 5.5% reduction in roughness. 
Feng et al. (2022a) modelled energy, machining time and roughness together and found that they are competing 
objectives; Feng et al. (2022b) demonstrated that the combination of tool-path planning and parameter selection further 
reduces the hole machining time. However Kumar, Bilga and Singh (2017) warn that the compromise optimum will 
depend on the weighting of the responses, which must be based on the actual priorities of the manufacturer. 

4.6 Optimisation techniques (RQ3) 

A comparison of the major families of techniques is provided in Table 5. Most traditional statistical techniques (Taguchi, 
ANOVA, response surface methodology) have been used due to their experimental economy and transparency. 
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Pınarbaşı et al. (2020) employed Taguchi method for selecting optimal cutting conditions for roughness and cutting 
energy while in the milling, honing and wood studies authors group used Taguchi arrays with ANOVA (Tayisepi et al., 
2023; Tayisepi et al., 2024a; Mapindu et al., 2026b). The major disadvantage they have is that the single-response S/N 
optimum could be out of the tested runs, and could even be conflicting between the responses, hence why GRA or TOPSIS 
is often appended (Kumar, Bilga and Singh, 2017; Mapindu et al., 2026b). Other research in recent years have used ANN 
and metaheuristic methods to deal with non-linear relationships and multiple goals, such as that of Çakıroğlu et al. 
(2022) who developed ANN models to surface quality, energy and time in CNC wood machining, with the energy 
consumption reduced by 12.33% and SEC by 20.01% with respect to the empirical values, compared to the values 
obtained with whale-optimisation-tuned back-propagation network combined with NSGA-II and entropy-weighted 
TOPSIS, developed by Xie, Mei and Zhang (2025) for CNC wood machining. Li et al. (2019) presented a complete energy-
optimised approach for CNC milling, which integrates energy modelling with multi-objective search. 

Table 5: Comparison of optimisation techniques used in the reviewed studies. 

Technique Strengths Limitations Examples 

Taguchi OA, S/N, 
ANOVA 

Few runs; robust to noise; 
ranks factors; easy to 
apply on the shop floor 

Main effects only in saturated 
arrays; single response; optimum 
may be an untested extrapolation 

Camposeco-Negrete (2013); 
Pınarbaşı et al. (2020); 
Tayisepi et al. (2023, 2024a) 

GRA / TOPSIS Converts multiple 
responses to one index; 
simple 

Result sensitive to normalisation 
and weights 

Yan and Li (2013); Kumar, 
Bilga and Singh (2017); 
Mapindu et al. (2026b) 

Regression / RSM Explicit models; captures 
curvature and 
interactions 

More runs; limited extrapolation Yan and Li (2013); Tayisepi 
et al. (2023) 

ANN / machine 
learning 

Captures strong non-
linearity; can use process 
signals 

Data-hungry; less interpretable; 
overfitting risk 

Lin et al. (2020); Xie et al. 
(2021); Çakıroğlu et al. 
(2022) 

Metaheuristics 
(NSGA-II, PSO, 
WOA) 

Generates Pareto fronts; 
handles constraints 

Needs a surrogate or analytical 
model; parameter tuning 

Khan et al. (2019); Jia et al. 
(2022); Xie, Mei and Zhang 
(2025) 

Physics-based 
force/power 
models 

Physically meaningful 
constraints (power, force) 

Calibration effort; machine-
specific 

Ma et al. (2017); Wu et al. 
(2021) 

4.7 Findings across processes and materials (RQ5) 

The overall trends of the parameters are similar for all the processes, but the magnitude and order vary significantly 
with the process and workpiece. Feed is the dominant factor in the case of metal turning and milling while depth of cut 
is the dominant factor in the case of the roughness in the process (Kant and Sangwan, 2014; Pınarbaşı et al., 2020). For 
honing, a process in which material removal is abrasive and small, spindle speed and tool-path geometry plays a more 
dominant role in roughness than the depth of cut does, which accounts for energy (Tayisepi et al., 2024a). For teak, 
saligna and pine, the most important factor and the best value of the parameters were different on the same planer 
(Tayisepi et al., 2023), and similar variability with respect to cutters was shown for fibreboard (Bal et al., 2022), and for 
walnut and ash (Çakıroğlu et al., 2022). Some materials like polymers introduce thermal sensitivity in the energy–
quality relationship (Hamdi et al., 2024), while other materials like Inconel 718, SiC-reinforced aluminium composites 
and other superalloys include tool wear and cooling strategy as first-order variables (Bhushan, 2013; Khanna et al., 
2020; Binali et al., 2022). The results address an explicit statement that was reported by various primary studies: that 
optimum parameters, and percentage contributions, cannot be moved between materials, tools or cooling conditions 
without re-validation (Mapindu et al., 2026b; Mapindu et al., 2026c). 

5 DISCUSSION 

5.1 Answering the research questions 

RQ1 and RQ2. In turning and milling, the feed rate is the most significant factor affecting surface roughness, while cutting 
speed, within a limited range, will affect surface roughness by improving it; and depth of cut will have more influence 
on the power, force and MRR. The bottom line to remember for energy is that while increasing MRR typically increases 
power, it also decreases total energy and SEC, and that minimum-power settings are not necessarily minimum-energy 



Global Journal of Engineering and Technology Advances, 2026, 29(01), 093–107 

102 

settings (Kara and Li, 2011; Li et al., 2017). RQ3. The use of Taguchi–ANOVA designs is still the most common, being 
subsequently expanded to GRA (compromise solutions) and ANN surrogates (Pareto optimisation) using NSGA-II or 
other methods. RQ4. The tradeoff is structural not incidental and explicit treatment in a multi-objective fashion resulted 
in energy savings of around 12-21% in the studies that quantified them (Khan et al., 2019; Jia et al., 2022; Xie, Mei and 
Zhang, 2025). RQ5. Direction of effects is generally consistent but there are variations in rank and magnitude depending 
on process and material. In Section 7, the query “RQ6” is discussed. 

5.2 A conceptual framework for energy-aware parameter optimisation 

Figure 2 is a conceptual framework that summarises the synthesis. The controllable inputs affect the CNC process and 
the energy state of the machine tool in three sets of responses: surface quality, energy and productivity/tool condition. 
These conflicting responses result in not one but a set of compromises, called a Pareto set, as a result of the optimisation 
process. An Industry 4.0 feedback loop optimises the optimum, as the tool ages and conditions vary, and five 
complementary families of methods are used for the optimisation layer.  

 

Figure 2: Conceptual framework for cutting-parameter optimisation for surface quality and energy efficiency 
(developed by the authors from the reviewed literature). 

5.3 Implications for practice in resource-constrained manufacturing 

The results have significant implications for manufacturers with poor and expensive electric power supply. If boiler 
reliability at the dominant thermal station is undermined and outages are common (Senda et al., 2026) and if 
decentralised renewable generation (e.g. roadside vertical-axis wind turbines) is at prototype level (Muyambo et al., 
2025), then the machine tool is the most immediate demand side lever.  

In this context, Taguchi-based optimisation is ideal, because it necessitates a relatively small number of runs, and 
requires modest instruments including a three-phase power meter, a portable roughness tester and toolmaker's 
microscope; the studies of honing, wood-planing and milling were carried out using the above instruments in 
Zimbabwean workshops and laboratories (Tayisepi et al., 2023; Tayisepi et al., 2024a; Mapindu et al., 2026b). But 
technique isn't the only factor in adoption. According to a survey of the manufacturing companies in Zimbabwe, the 
widespread presence of sensors, PLCs and computers is not well connected and the key challenges include the lack of 
an Industry 4.0 strategy and the high costs of the solutions (Muhla et al., 2025a).  

These firms require more flexibility to compete with imports but NBTs and rapid-prototyping are scarce (Muhla et al., 
2023). A multi-agent self-diagnostic system using OPC server and JADE agents and a PLC offers a practical solution: a 
spindle power and tool condition monitoring system based on sensors, PLC, and agents has been validated for real-time 
condition monitoring of induction furnace equipment in a Zimbabwean plant (Mashava et al., 2026) and this sensor–
PLC–agent pattern can be reused to log spindle power and tool condition on CNC machines, providing the data for 
training ANN and Random Forest models (Senda et al., 2026).  
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Economical machining is also critical for product-development projects: the aluminium 6061-T6 frame of the dual-mode 
smart wheelchair makes the device accessible for Zimbabwean users while keeping costs down (Munotyaani et al., 
2026), an application where energy and quality-aware parameter selection are most important. Last, but not least, the 
human factor cannot be overlooked. Cognitive overload and insufficient training and management support are reported 
as persistent issues in human factors research of manufacturing processes in Zimbabwean industries (Muhla et al., 
2025b), while parameters are often determined in local plants via trial and error or a catalogue. Optimised settings 
should thus be fed in as simple validated parameter sets or decision support interfaces, centered on the operator. 
Learning factories offer a suitable setting for students and practitioners to try out such optimisation using real 
equipment and a mechanism for extending learning factories across Southern Africa has recently been suggested 
(Ndiyamba et al., 2026). 

5.4 Research Gaps and Future Directions 

The review identified the following gaps (RQ6): 

1. Inconsistent energy indicators. Studies report power, total energy, current or SEC, often without standardised 
measurement boundaries, which prevents meta-analysis. Future work should report SEC together with machine-
level total energy and state the system boundary explicitly (Li et al., 2017; Chen et al., 2021). 

2. Tool wear and embodied energy are under-represented. Few studies include tool wear, tool life or the 
embodied energy of tools and cutting fluids alongside surface quality and machine energy, even though speed-
driven wear can overturn a roughness-optimal setting (Chen et al., 2021; Mapindu et al., 2026b). 

3. Static rather than adaptive optimisation. Most optima are determined offline for new tools. In-process 
adaptive optimisation that uses spindle-power and condition signals to update settings as the tool wears remains 
rare (Xie et al., 2021; Mashava et al., 2026). 

4. Interactions and extrapolation. Saturated orthogonal arrays cannot estimate interactions, and predicted 
optima frequently lie outside the tested runs. Larger arrays (L18, L27), response surface designs and mandatory 
confirmation experiments are needed (Mapindu et al., 2026a; Mapindu et al., 2026b; Mapindu et al., 2026d). 

5. Limited industrial validation. Much of the evidence comes from laboratory machines, single tool–material pairs 
and short tests. Validation on production machines and over realistic batch sizes is required. 

6. Integration with process planning. Parameter selection is seldom optimised together with tool-path strategy, 
allowance distribution and scheduling, although integrated approaches show additional savings (Wu et al., 2021; 
Feng et al., 2022b). 

7. Evidence from developing economies. Studies from sub-Saharan Africa are scarce, and the influence of 
unreliable supply, older machine tools and local materials (for example indigenous hardwoods) on optimal 
settings is largely unexplored (Tayisepi et al., 2023; Muhla et al., 2025a). 

8. Explainable and transferable models. Machine-learning models achieve high accuracy but are rarely 
interpretable or transferable across machines; hybrid physics-informed and explainable models, embedded in 
digital twins, are a promising direction (Soori et al., 2024). 

5.5 Limitations of the Review 

The review only included English-language publications from three databases; other databases or articles in different 
languages may have included relevant studies. The synthesis is narrative due to the heterogeneity of processes, 
materials, energy indicators and experimental designs. Optimisation results for positive outcomes are likely to be 
published. Lastly, several studies included were written by members of the authors' research group, and these were 
also evaluated for inclusion and evaluated in the same way as all other studies. 

6 CONCLUSIONS 

This systematic review is the first to combine research on the optimisation of cutting parameters for surface quality and 
energy efficiency in CNC machining. Feed rate is the most important control of surface roughness, depth of cut is the 
main control of power and material removal and cutting speed can improve finish within some limits, while increasing 
power and tool wear. In general, minimum-power and minimum-energy are not the same, and energy should not be 
considered as power, but as specific energy or total energy. The quality–energy–productivity trade-off is structural and 
the desired result of optimisation will be a compromise or Pareto set, depending on the manufacturer's preferences. 
Methodologically, the field has evolved from single-response Taguchi–ANOVA studies to integrated methods using 
designed experiments, grey relational analysis or TOPSIS, machine-learning surrogates and Pareto-based 
metaheuristics, and this approach has reported a reduction in energy consumption of just 12–21% without reducing 
surface quality. Future research should focus on establishing a standard for energy reporting, incorporate tool wear and 
embodied energy, shift from offline to adaptive in-process optimisation, test the results on production machines and 
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finally gather data from manufacturing economies of limited resources where the value of low-cost, energy-conscious 
parameter optimisation may be most significant. 
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