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	Abstract

	Optimizing valve seat reconditioning requires balancing sealing performance, surface integrity, energy consumption, and component wear within practical workshop constraints. This study presents the design, development, and multi-objective optimisation of a low-cost automatic valve lapping system using a hybrid Response Surface Methodology (RSM) and Non-dominated Sorting Genetic Algorithm II (NSGA-II) framework. A prototype automatic valve lapping rig was developed by integrating a DC-motor-driven spindle with adjustable spring loading and an Arduino-based control and data-acquisition system, enabling controlled variation of spindle speed (300–600 rpm) and axial load (60–140 N). Leakage time, surface roughness (Ra), electrical energy consumption, and valve wear volume were measured using a three-level factorial design. Quadratic response surface models with satisfactory statistical adequacy were established for all responses. The RSM models were employed in NSGA-II to maximise leakage time and minimise surface roughness, energy consumption, and wear, subject to practical operational constraints. The optimisation results reveal clear trade-offs between sealing quality, energy efficiency, and component life, and identify an optimal operating window of approximately 430–470 rpm and 90–110 N, providing a robust compromise solution and a practical operating map for workshop valve seat reconditioning.
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Introduction
Engine poppet valves and their seats operate under severe thermomechanical and tribological loading, so any degradation of the sealing interface directly reduces compression, increases blow-by and emissions, and accelerates component failure [1] [2]. During cylinder head overhaul, grinding and lapping of the valve–seat pair constitute a routine yet critical operation to restore geometric conformity and surface integrity of the sealing band. In most small workshops and educational laboratories, however, valve lapping is still carried out manually using simple hand tools and abrasive paste. As a result, the process outcome is highly dependent on operator skill, time-consuming, and difficult to reproduce or quantify consistently [3], [4].
To reduce manual effort and improve consistency, several authors have proposed dedicated valve lapping or valve cleaning machines in which the rotary reciprocating motion of the valve is provided by cams, followers, or geared drives rather than by hand [5]. These systems demonstrate improved productivity and reduced labour compared to manual lapping. Nevertheless, they are generally designed as production-oriented or garage tools. They are rarely equipped with sensors or data-acquisition capabilities that enable quantitative characterization of key process responses such as surface roughness, sealing performance, energy consumption, wear, vibration, or spindle run-out. Commercial portable valve-lapping systems are also available, but they are relatively expensive and designed for heavy-duty or industrial sealing applications, making them less accessible to small-engine workshops and teaching laboratories.
From a tribological standpoint, valve lapping can be viewed as a low-speed sliding contact between the valve face and the seat under a controlled normal load [6] [7]. The combined effects of spindle speed, axial load, and lapping duration influence the contact pressure, sliding distance, local temperature, and removal rate, which in turn govern surface roughness, wear volume, and sealing capability. Previous work on flat-surface lapping and related finishing operations has shown that carefully designed experiments and statistical modelling can capture the influence of lapping pressure, speed, abrasive size, and slurry conditions on material removal and surface topography, and can even support intelligent advisory systems for process set-up [8]. Parameter optimisation in lapping has also been shown to improve surface finish and control material removal while satisfying practical constraints related to load and cycle time [9], [10].
In parallel, a large body of work in machining and sustainable manufacturing has established Response Surface Methodology (RSM) as a powerful tool for modeling the relationships between controllable parameters and multiple performance metrics. For turning, milling, and grinding, RSM-based quadratic models have been used to quantify how cutting speed, feed rate, and depth of cut affect surface roughness, cutting forces, power consumption, and productivity [11] [12]. More recent contributions explicitly embed energy consumption and environmental indicators alongside conventional quality metrics, and apply multi-objective optimization to balance surface quality, machining cost, noise, and energy use [13] [14] [15]. These studies underline the importance of simultaneously considering quality, tribological behaviour, and energy efficiency rather than addressing them in isolation.
However, RSM on its own tends to yield single-objective or weighted-sum formulations that cannot fully represent the inherent trade-offs between tribological and energy-related responses. In machining science, this limitation is often addressed by coupling surrogate models with evolutionary multi-objective algorithms, particularly the Non-dominated Sorting Genetic Algorithm II (NSGA-II), to obtain Pareto-optimal sets of process parameters [16]. Recent studies have hybridised machine learning or RSM with NSGA-II to minimise surface roughness and cutting forces simultaneously, or to balance roughness, material removal rate, and tool wear under realistic process constraints [17]. These hybrid frameworks are well-suited to explore complex trade-offs such as high sealing quality vs. low energy consumption vs. limited wear in manufacturing and finishing processes.
Although prior lapping studies have established that parameters such as lap speed and applied load strongly influence material removal mechanisms and surface texture [22], [23], and that sealing performance in metal-to-metal interfaces is highly sensitive to surface roughness and contact characteristics [31], [32], directly comparable experimental investigations that focus on engine valve-seat reconditioning and that quantitatively map the combined trade-offs among sealing quality, seat roughness, energy consumption, and wear remain limited in the open literature. In particular, there is a lack of affordable, instrumented lapping systems capable of generating such data under controlled and workshop-relevant conditions. This gap motivates the present study, which positions valve lapping not only as a reconditioning operation but also as a measurable and optimisable tribological process. Accordingly, the present work develops and experimentally evaluates an Arduino-based automatic valve lapping machine as a low-cost re-conditioning solution and as a research and teaching platform. The study integrates controllable spindle speed and axial load with measurement of sealing performance, surface quality, energy consumption, and wear, and applies a combined DOE–RSM–NSGA-II framework to derive a practical operating map that supports informed parameter selection in workshop valve-seat reconditioning. Previous studies on surface finishing and lapping processes have demonstrated that tribological performance, surface integrity, and energy consumption are strongly influenced by the interactions among operating parameters and contact conditions. RSM has been widely applied to establish empirical relationships between process variables and performance indicators in manufacturing and finishing operations, particularly for surface roughness, wear, and energy-related responses. In parallel, multi-objective evolutionary algorithms such as NSGA-II have proven effective for resolving conflicts in machining and finishing process optimisation. These established approaches provide a solid scientific basis for systematic optimisation of tribological processes. Related experimental and optimisation-based studies have also been reported in Jurnal Polimesin, particularly in the areas of machinery development, experimental instrumentation, and process parameter optimisation, which supports the relevance of the present study to the journal's scope.
Method
Automatic valve lapping machine
An automatic valve lapping machine was designed and built as a laboratory-scale platform for engine valve seat reconditioning and process optimisation. The rig consists of a welded steel frame that supports a sliding carriage carrying the spindle unit and loading mechanism, while an automotive cylinder head is clamped on a fixed fixture at the base. A photograph of the developed rig is shown in Fig. 1, illustrating the overall mechanical construction and component layout.
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Fig. 1. Automatic valve lapping machine developed in this study.

The rig consists of a welded steel frame supporting a sliding carriage that carries the spindle unit and axial loading mechanism. At the same time, an automotive cylinder head is clamped on a fixed fixture at the base. The spindle nose is equipped with a replaceable adapter that holds the valve stem and maintains concentricity with the seat. Axial load is applied via a calibrated compression spring, which is adjusted using a lead-screw arrangement. Radial run-out of the spindle–valve assembly was checked prior to each test series using a dial indicator and maintained below 0.02 mm.
To provide a clear overview of the experimental workflow and data-analysis procedure adopted in this study, the methodology is summarised in the form of a flow diagram, as shown in Fig. 2. As illustrated in Fig. 2, the experimental methodology begins with specimen preparation, including cleaning, weighing, and mounting of the valve and cylinder head to ensure repeatable initial conditions. The process parameters, namely spindle speed and axial load, are then set according to the predefined experimental design.
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Fig. 2. Flow diagram of the experimental methodology adopted in this study.

The lapping experiment is subsequently carried out under controlled conditions, during which leakage testing is performed, and the relevant process responses are measured. These responses include leakage time, surface roughness, electrical energy consumption, and wear volume. All signals are acquired and logged through the Arduino-based data-acquisition system.
The collected experimental data are then used to construct and validate quadratic response surface models for each response variable. Finally, the validated RSM models are coupled with a multi-objective optimisation procedure to analyse trade-offs among sealing performance, surface integrity, energy efficiency, and wear, thereby identifying Pareto-optimal operating conditions.
The Arduino-based measurement, control, and data-logging chain (load cell–HX711–Arduino–PC, tachometer/limit-switch inputs, and PWM output to the motor driver) is summarised in Fig. 3.
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Fig. 3. Block diagram of the Arduino-based measurement, control, and data-logging chain for the valve lapping rig.


The Arduino microcontroller functions as the central control and data-acquisition unit of the system. Axial force is measured using a load cell whose signal is conditioned by an HX711 amplifier/ADC, while spindle speed is monitored using a tachometer. All sensor signals are time-stamped and transmitted to a PC via serial communication for data logging. In addition, the Arduino generates a PWM command to the motor driver, enabling closed-loop regulation of the spindle speed during the lapping process.

Mechanical specifications
The spindle is driven by a 24 V cylindrical brushed DC motor (250 W class) with a nominal torque of 0.80 N·m, estimated from the rated power (250 W) and rated speed (3000 rpm). A precision spindle-to-valve adapter was manufactured with a dimensional tolerance of ±0.02 mm. The assembled spindle–valve radial run-out was verified prior to testing using a dial indicator and maintained below 0.02 mm for all experiments. Axial load was applied through a calibrated compression spring with a stiffness of k=8.0N/mm, determined from a static compression test based on the linear slope of the load–deflection curve over the operating range.

Instrumentation, sampling, and calibration
Axial force was measured using an S-type load cell (50 kg class, capacity 500 N) conditioned by an HX711 amplifier/ADC and interfaced with an Arduino Uno. Prior to testing, the load cell was calibrated using dead weights over the range 0–200 N. A linear calibration relationship was obtained to convert the digital output to force, yielding a coefficient of determination (R2) of 0.999 and a maximum deviation of ±1.5 N.
Spindle speed was monitored using a handheld digital laser tachometer. Tachometer readings were sampled at 10 Hz, and the spindle speed was calculated as a moving average over a 1 s window. For each lapping run, the reported spindle speed corresponds to the mean rpm measured over the entire lapping interval.
The key hardware specifications and measurement settings used in this study are summarised in Table 1. Table 1 presents the key hardware specifications and instrumentation settings of the automatic valve lapping rig used in this study. The listed components define the means by which spindle motion, axial loading, sensing, and data acquisition were implemented, thereby characterising the experimental platform on which all measurements were conducted. The specifications provide the technical context for the measurement procedures. The measurement procedures for the four main responses: leakage time, surface roughness, electrical energy consumption, and wear volume.
The spindle nose is equipped with a replaceable adaptor that holds the valve stem and allows the valve to rotate freely while maintaining concentricity with the seat. Axial load is applied to the valve face by a calibrated compression spring acting through a lever and guide arrangement. The effective load can be adjusted by changing the spring pre-compression using a threaded mechanism. During the experimental campaign, the axial load settings were verified using a load cell and kept within the levels specified in Table 1. The experimental control factors and their corresponding levels used in the study are summarised in Table 2.


Table 1. Key hardware specifications and instrumentation settings
	Item
	Specification

	DC motor
	Model: 24 V cylindrical brushed DC motor (250 W class); rated power: 250 W; rated speed: 3000 rpm; nominal torque: 0.80 N·m

	Spindle adapter
	Material: mild steel (machined); tolerance/run-out: ±0.02 mm; measured assembly run-out: <0.02 mm

	Spring loading
	Spring type: compression spring (steel); preload: adjustable (lead-screw mechanism); k = 8.0 N/mm (method: static compression test)

	Load cell
	Model: S-type load cell (50 kg class); capacity: 500 N; signal conditioning: HX711; calibration: dead weights, range 0–200 N, R² = 0.999, max error ±1.5 N

	Tachometer/RPM sensor
	Model: handheld digital laser tachometer; type: optical; sampling: 10 Hz; RPM method: moving average (1 s window), reporting: mean over lapping interval

	Data logging
	Arduino Uno → PC via serial; sampling/logging: 10 Hz; time-stamping: yes



Table 2. Experimental factors and levels
	Factor
	Symbol
	Low level
	Center level
	High level
	Unit

	Spindle speed
	x₁
	300
	450
	600
	rpm

	Axial load
	x₂
	60
	100
	140
	N



Table 2 lists the experimental control factors and their corresponding levels adopted in the response surface methodology. The selected ranges for spindle speed and axial load define the design space over which the lapping process was systematically investigated. These factor levels form the basis for the experimental design, data acquisition, and subsequent modelling of the process responses.
An Arduino Uno microcontroller was used as the core of the control and data-acquisition system. The board generates the PWM signal for the motor driver and simultaneously reads sensor signals. Spindle speed was monitored with an optical tachometer during calibration and periodically checked during the tests. The electrical current drawn by the motor was measured with a Hall-effect current sensor, which, together with the known supply voltage, enabled the computation of instantaneous electrical power and energy consumption for each lapping run. Additional instrumentation included a thermocouple placed near the valve-seat region to monitor local temperature and a dial indicator to measure radial run-out of the spindle–valve assembly before each series of experiments. Run-out was maintained below 0.02 mm for all tests.

Measurement of tribological and energy responses
The measurement procedures for the four main responses: leakage time, surface roughness, electrical energy consumption, and wear volume. These responses were selected to characterise the tribological and energy behaviour of the lapping process.

Leakage time ()
Sealing performance of the valve–seat pair was assessed using a simple leakage test. After each lapping operation, the combustion chamber corresponding to the tested valve was filled with a reference test fluid up to a marked level. The time required for the fluid level to drop to a prescribed lower mark, due to leakage across the valve–seat interface, was measured with a stopwatch and recorded as the leakage time (s). Larger values of indicate better sealing capability.

Surface roughness ()
The surface roughness of the lapped seat band was measured using a portable roughness tester. Measurements were taken along the circumferential direction at three evenly spaced positions and averaged to obtain the arithmetic mean roughness Ra (µm). Lower Ra values are desirable from the viewpoint of sealing and surface integrity.

Energy consumption ()
Electrical energy consumption per lapping operation was obtained from the measured current and known supply voltage. For each run, the average current over the lapping time  was used to estimate the electrical power , and the energy was computed as expressed in watt-hours (Wh). Lower values of  correspond to more energy-efficient operation.

Wear volume ()
Valve wear volume was estimated from the change in valve mass before and after lapping. Each valve was cleaned, dried, and weighed with a precision balance to obtain the initial mass. After lapping and leakage testing, the valve was cleaned again and re-weighed. Assuming uniform material removal from the valve face, the mass loss was converted to volume using the nominal material density, yielding the wear volume  in mm³. Lower wear volume is preferred in order to extend component life and preserve geometry.
In addition to these four primary responses, several auxiliary quantities were monitored to ensure safe and repeatable operation. The RMS vibration level of the frame was measured with a small accelerometer mounted near the spindle support, and the maximum temperature near the seat region was recorded from the thermocouple. Across all experiments, RMS vibration remained in the range of approximately 1.2–2.0 m/s² and the local temperature did not exceed 40°C. These ranges were later used as practical constraints in the optimisation stage.
Each experimental condition was repeated three times using fresh valves and lapping compound; the reported response values in Table 2 correspond to the arithmetic averages of the three repetitions. The experimental design matrix and the corresponding measured responses for each test run are summarised in Table 3.
Table 3 presents the experimental design matrix together with the corresponding measured responses for each test run. The table links selected combinations of spindle speed and axial load to the resulting leakage time, surface roughness, energy consumption, and wear volume, thereby providing the complete dataset for response surface modelling and subsequent multi-objective optimisation. The reported values represent the averaged results of repeated experiments conducted under identical conditions.


Table 3. Design matrix and measured responses
	Run
	Spindle speed 
(rpm)
	Axial load 
(N)
	Leakage time
() (s)
	Surface roughness
Ra (µm)
	Energy
E (Wh)
	Wear volume
() (mm³)

	1
	300
	60
	22
	1.2
	2.52
	0.60

	2
	300
	100
	27
	1.0
	2.38
	0.80

	3
	300
	140
	23
	1.2
	2.22
	1.00

	4
	450
	60
	27
	1.0
	2.34
	0.90

	5
	450
	100
	32
	0.8
	2.17
	1.10

	6
	450
	140
	25
	1.0
	1.97
	1.30

	7
	600
	60
	23
	1.2
	2.10
	1.00

	8
	600
	100
	25
	1.0
	1.89
	1.30

	9
	600
	140
	23
	1.4
	1.66
	1.60




Design of experiments
Based on these specifications, the experiments were conducted by varying spindle speed and axial load according to the factor levels listed in Table 2. For each experimental condition, the rig was stabilised to the target speed and load prior to lapping, and the corresponding sensor signals were logged over the lapping interval. Table 3 lists the treatment combinations, and the reported responses correspond to the arithmetic mean of three repetitions. Two process parameters were chosen as controllable factors: spindle speed and axial load. Their levels were selected based on preliminary trials to cover the range typically used in workshop practice while avoiding chatter, overheating, or excessive wear: (1) spindle speed : 300, 450, and 600 rpm; (2) axial load : 60, 100, and 140 N.
The factor levels, summarised in Table 1, were coded to dimensionless variables and using the standard linear transformation (Eq. (1)), where is the actual value, is the centre level and  is half of the range for factor . This coding maps the low, centre, and high levels to –1, 0, and +1, respectively.
			   (1)

A full three-level factorial design (3², nine treatment combinations) was selected because only two controllable factors were investigated, and a second-order RSM model was required. For two factors, the 3² factorial provides sufficient information to estimate linear, quadratic, and interaction terms while uniformly covering the entire feasible operating window defined by the speed and load limits. In contrast, a Central Composite Design (CCD) would introduce axial (star) points that may fall outside the practical constraints of the rig, and Box–Behnken designs are primarily intended for three or more factors. Each of the nine combinations was repeated three times (27 trials total) to quantify pure experimental error and improve the precision of the fitted models. The run order of all trials was fully randomised using a random number generator, and no formal blocking was applied.
A full three-level factorial design with  runs were adopted. The resulting design matrix, along with the measured responses –, is presented in Table 2. The order of the experiments was randomised to minimise the influence of uncontrolled drift in machine or environmental conditions. Between runs, the lapping compound was renewed and the seating surfaces were cleaned to reduce cross-contamination.

Response surface modelling
RSM was employed to develop empirical models relating the coded process parameters and  to each response () following standard procedures for RSM-based process optimisation in manufacturing (Montgomery, 2017). For each response, a second-order polynomial of the form Eq. (2), where are regression coefficients and  is the random error term.

   (2)

The coefficients were estimated by least-squares using the experimental data from Table 2. Statistical Analysis of Variance (ANOVA) was performed for each model to evaluate the significance of individual terms and the overall Adequacy of the regression [20] [21] [22]. The coefficient of determination , adjusted , and p-values associated with F-tests were used as primary indicators of fit quality. If necessary, non-significant terms were removed through a stepwise regression procedure while maintaining model hierarchy, and the reduced models were re-evaluated.
The final models were then used to generate contour and response-surface plots in the  space for each response, providing visual insight into how spindle speed and axial load influence leakage time, surface roughness, energy consumption, and wear volume.

Multi-objective optimisation using NSGA-II
The validated response surface models served as surrogate functions in a multi-objective optimisation framework based on the NSGA-II. The decision variables were the coded process parameters  and , constrained within the design space . Four objective functions were formulated directly from the RSM models: (1) maximise  (leakage time); (2) minimise  (surface roughness Ra); (3) minimise  (energy consumption); (4) minimise  (wear volume).
In addition to the bounds on and , the practical constraints were imposed to ensure acceptable dynamic and thermal behaviour of the machine: radial run-out of the spindle valve assembly ≤ 0.02 mm, RMS vibration level within the experimentally observed range (approximately 1.2–2.0 m/s²), and maximum local temperature near the valve seat C.
NSGA-II was implemented using a real-coded representation of the decision variables. A typical configuration was used, with a population size of 80–100 individuals, a crossover probability of 0.9 for simulated binary crossover, and a mutation probability of 0.1 for polynomial mutation, in line with common practice in multi-objective optimisation studies [23]. The algorithm was run for a sufficient number of generations (e.g., 150–200) to achieve convergence of the Pareto front. Because the objective function evaluations rely on inexpensive analytical RSM models rather than direct experiments, the computational cost of the optimisation was negligible compared with the experimental effort.
The final Pareto front provides a family of non-dominated solutions that represent different trade-offs among sealing performance, surface integrity, energy use, and wear. From this set, a few representative operating points were selected for detailed discussion in the Results and Discussion section: a solution emphasising maximum leakage time, a solution prioritising minimum energy consumption and wear, and a balanced compromise solution suitable for general workshop practice.
Results and discussion
Adequacy of the response surface models
Fig. 4 compares the experimental measurements with the corresponding responses predicted by the developed RSM models for (a) leakage time, (b) surface roughness, (c) energy consumption, and (d) wear volume. In all cases, the data points are closely distributed around the 45° reference line, indicating a strong agreement between predicted and experimental values. This result confirms that the second-order RSM models accurately capture the relationships among spindle speed, axial load, and the four performance responses over the investigated parameter range.
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Fig. 4. Predicted vs experimental responses (RSM models) (a) leakage time, (b) surface roughness, (c) energy consumption, (d) wear volume.

The predictive performance of the models for leakage time and surface roughness demonstrates their suitability for representing sealing-related tribological behaviour. At the same time, the similarly strong agreement for energy consumption and wear volume indicates that the models reliably describe efficiency and durability-related responses. Consequently, the validated RSM models provide a robust foundation for the subsequent multi-objective optimisation and Pareto analysis.
Second-order RSM models were successfully fitted for all four responses: leakage time (), surface roughness (), energy consumption () and wear volume (). The ANOVA results (summarised in Table 3) indicate that the quadratic models are statistically significant at the 95% confidence level for all responses. For each model, the global F-test yields p-values lower than 0.01, confirming that the regressions explain a substantial fraction of the variability in the experimental data [24].
The coefficients of determination  and adjusted  values are above 0.95 for all responses, with typical values in the range 0.96–0.99. Leakage time and energy consumption show particularly high (≈0.98–0.99), reflecting the clear trends observed in Table 2. Wear volume also exhibits a strong dependence on both spindle speed and axial load, with  values above 0.97. The model for surface roughness Ra shows slightly larger scatter, but still achieves an adjusted  above 0.95, which is acceptable for tribological data where local surface imperfections may play a role [25]. In addition to goodness-of-fit indicators obtained from ANOVA, the Adequacy of the developed RSM models was further examined by analyzing residual distributions. Plotting the residuals as a function of the predicted values provides a direct diagnostic of potential model bias, non-linearity, or heteroscedastic behaviour that may not be evident from statistical tests alone. The residual plots for the four response variables are shown in Fig. 5.
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Fig. 5. Residuals between experimental and predicted responses as a function of the predicted values for (a) leakage time, (b) surface roughness Ra, (c) energy consumption, and (d) wear volume.

Fig. 5 presents the residual plots for the developed RSM models, showing the difference between experimental and predicted responses plotted against the corresponding predicted values for leakage time, surface roughness, energy consumption, and wear volume. Such plots are commonly used to assess the Adequacy of regression models beyond numerical goodness-of-fit metrics, as they allow potential systematic deviations, variance instability, or model bias to be visually identified. By examining the distribution and spread of the residuals across the prediction range, the suitability of the assumed quadratic response surfaces can be qualitatively evaluated prior to formal statistical testing.
Lack-of-fit tests are non-significant (p > 0.05) for all responses, indicating that the quadratic form is adequate within the investigated design space. As shown in Fig. 5, the residuals remain relatively small in magnitude over the entire range of predicted values: for leakage time, they lie within approximately ±0.4 s; for surface roughness, within ±0.03 µm; for energy consumption, within ±0.03 Wh; and for wear volume, within ±0.03 mm³. These values correspond to only a small fraction of the respective response ranges, so that the practical prediction error introduced by the models is limited. In addition, the residual plots do not reveal any systematic patterns, curvature, or funnel-shaped behaviour indicative of model misspecification or strong heteroscedasticity. The points are scattered in a roughly symmetric fashion around the zero line, and no individual run appears as an outlier with excessively large residuals. This suggests that the errors' variance is reasonably constant and that there is no obvious correlation between residuals and fitted values. Taken together with the high coefficients of determination obtained from the ANOVA tables (not shown here for brevity), these features support the validity of the regression assumptions. On this basis, the fitted RSM models are deemed suitable for subsequent physical interpretation and for use as surrogate functions in the multi-objective optimisation stage. 

Effect of spindle speed and axial load on process responses
Leakage time (sealing performance)
To visualise the combined influence of spindle speed and axial load on sealing performance, the predicted leakage time obtained from the RSM model is illustrated in Fig. 6. Fig. 6 illustrates the predicted leakage time tleak​ as a function of spindle speed and axial load in the form of a contour map and a three-dimensional response surface derived from the quadratic RSM model. These visualisations provide an intuitive representation of the combined influence of the two control parameters and facilitate the identification of regions associated with favorable sealing performance. By examining the shape of the response surface and the spacing of the contour levels, the presence of interaction effects and non-linear trends in leakage time can be qualitatively assessed prior to a detailed discussion of the experimental results.
The experimental leakage time results presented in Table 2, together with the corresponding response surface, demonstrate that sealing performance—as quantified by leakage time—is governed by a strong, non-linear interaction between spindle speed and axial load. For all three spindle speed levels, leakage time initially increases as the axial load is raised from 60 to 100 N, indicating improved sealing, but subsequently decreases when the load is further increased to 140 N. A comparable non-monotonic trend is observed for spindle speed: at a given axial load, leakage time is consistently highest at 450 rpm, moderate at 600 rpm, and lowest at 300 rpm.
The contour plot of tleakt_tleak​ in the (x1,x2) plane reveals a pronounced ridge of maximum leakage time centred around the combination of 450 rpm and 100 N. This region corresponds to a balance between sufficient real contact area formation and the avoidance of excessive local damage or distortion of the valve seat band.
At lower axial loads (60 N), the contact pressure is insufficient to induce adequate plastic deformation of surface micro-asperities, resulting in a discontinuous sealing band and reduced leakage time. Conversely, at higher loads (140 N), the contact becomes overly aggressive, increasing the likelihood of local wear or micro-cracking, which again degrades sealing integrity and shortens leakage time despite the higher nominal contact pressure.

Surface roughness of the lapped seat
The combined effects of spindle speed and axial load on leakage time and surface roughness are visualised in contour maps shown in Fig. 7. Fig. 7 presents contour maps derived from the quadratic RSM models illustrating the combined effect of spindle speed and axial load on leakage time and surface roughness of the lapped valve seat. By placing the two responses in the same parameter space, the figure enables a direct visual comparison of their trends. It highlights regions where sealing performance and surface finish can be improved simultaneously. The contour representation facilitates the identification of non-linear effects and interaction behaviour between the process parameters prior to a detailed discussion of the underlying tribological mechanisms.
Surface roughness Ra follows trends consistent with tribological expectations for low-speed lapping. At all speeds, the lowest Ra values are observed at the intermediate axial load of 100 N, with minimum roughness obtained at 450 rpm and 100 N. At 60 N, the contact pressure is relatively low, the abrasive particles are not fully engaged, and the lapping action is less effective, resulting in slightly higher Ra values. At 140 N, the higher load promotes more intense micro-cutting and potential ploughing, which can again increase roughness and damage the surface topography.
The Ra response surface displays a clear valley region centred near 450 rpm and 100 N, similar to the leakage-time surface. The quadratic terms in the Ra model are significant for both factors, indicating that the relationship is not purely linear. The presence of a distinct minimum in Ra suggests that the system operates in a mild-wear regime near this optimum, whereas moving away from it pushes the contact into either an under-loaded "polishing" condition or a more aggressive wear mode [26].
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Fig. 6. Predicted leakage time  as a function of spindle speed and axial load: (a) contour map with experimental design points and (b) three-dimensional response surface obtained from the quadratic RSM model.
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Fig. 7. Contour maps obtained from the quadratic RSM models showing the effect of spindle speed and axial load on (a) leakage time  and (b) surface roughness Ra. 


Energy consumption
The influence of spindle speed and axial load on energy consumption is visualised using contour and response surface plots, as shown in Fig. 8. Fig. 8 presents the contour map and three-dimensional response surface of the predicted energy consumption as a function of spindle speed and axial load, as obtained from the quadratic RSM model. These representations provide a clear overview of how the process parameters influence the energetic behavior of the lapping operation across the investigated design space. The contour spacing and surface inclination offer qualitative insight into the sensitivity of energy consumption to changes in speed and load, thereby facilitating the identification of regions associated with higher or lower energy demand prior to a detailed interpretation of the underlying process mechanisms. 
Energy consumption per lapping operation decreases monotonically with both spindle speed and axial load in the investigated range. At a fixed speed, increasing from 60 to 140 N reduces the lapping time required to achieve a given visual appearance and leakage performance, leading to lower energy use despite a somewhat higher operating current. Similarly, for a fixed load, increasing the speed from 300 to 600 rpm shortens the process time. It thus reduces energy consumption from approximately 2.5 Wh down to around 1.7 Wh in the most aggressive condition.
The response surface for energy does not exhibit an internal minimum but tends to favour the upper-right corner of the design space, i.e., high speed and high load. This is typical of many finishing processes where productivity and energy efficiency improve when more "aggressive" parameters are used, provided that quality and tool life remain acceptable [27]. In the present case, the most energy-efficient point coincides with conditions that are suboptimal from the perspective of wear and, to some extent, surface integrity.
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Fig. 8. Predicted energy consumption  as a function of spindle speed and axial load.


Wear volume
The influence of spindle speed and axial load on wear volume is visualised using contour and response surface plots, as shown in Fig. 9. Fig. 9 presents the contour map and three-dimensional response surface of the predicted wear volume as a function of spindle speed and axial load, as obtained from the quadratic RSM model. These visualisations provide an overview of how the operating parameters influence material removal and component degradation across the investigated design space. By examining the overall shape of the response surface and the distribution of contour levels, the dominant trends and potential interaction effects in wear behavior can be identified prior to a detailed discussion of the underlying wear mechanisms.
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Fig. 9. Predicted wear volume  as a function of spindle speed and axial load.

Wear volume increases approximately monotonically with both spindle speed and axial load. The least wear is observed at 300 rpm and 60 N, while the greatest is recorded at 600 rpm and 140 N. The response surface is dominated by positive linear contributions of both factors, with additional curvature captured by the quadratic terms. These trends are consistent with Archard-type wear behaviour, where volume loss is proportional to the product of normal load and sliding distance, both of which increase with axial load and speed in the present set-up [28].
From a practical standpoint, higher speeds and higher loads remove material more rapidly. They can help correct severe seat defects, but at the cost of greater dimensional loss and shorter component life. For standard reconditioning tasks with moderate initial damage, the observed wear trends underscore the need to limit both spindle speed and load if dimensional preservation is a priority.

Trade-offs between tribological performance, energy, and wear
To facilitate a direct comparison between the different process responses at a fixed axial load, the normalised response curves as a function of spindle speed are shown in Fig. 10. Fig. 10 presents the normalised responses of leakage time, surface roughness, energy consumption, and wear volume evaluated along a one-dimensional process line at a fixed axial load of 100 N. By normalising the responses to a common scale and plotting them as a function of spindle speed, the figure enables a direct comparison of trends among performance, efficiency, and wear-related metrics under identical loading conditions. This representation provides a clear visual framework for identifying potential conflicts and compromises between the different objectives before a detailed multi-response interpretation is undertaken. The combined interpretation of the four normalised curves in Fig. 10 highlights how tribological performance, energy use, and wear compete even at a fixed axial load of 100 N. The leakage time  exhibits a concave profile with a clear maximum around 450 rpm, while the roughness  shows the opposite trend, reaching its minimum at essentially the same speed. This indicates that an intermediate speed region provides the most favourable contact conditions for forming a continuous sealing band with low surface irregularity. In contrast, the energy consumption  decreases almost monotonically with increasing speed, because a higher spindle speed shortens the lapping time required to achieve a given number of sliding cycles. The wear volume  follows an opposing trend: at low speed (around 300 rpm), the wear is minimal, but it increases steadily as speed rises towards 600 rpm, reflecting more aggressive sliding and higher cumulative frictional work at the interface.
These patterns reveal a classic multi-objective conflict. Moving towards higher speed reduces the specific energy per operation but simultaneously increases wear and tends to deteriorate surface finish, whereas moving towards lower speed reduces wear and can preserve geometry but leads to longer processing times, higher energy usage, and shorter leakage times, which translate into poorer sealing. Operating near intermediate speeds around 430–470 rpm, therefore, provides a balanced compromise, with long leakage times, low  and only moderate penalties in energy and wear. Such trade-offs are typical of finishing and lapping operations, where removing just enough material while generating an adequate surface texture is essential and both under-processing and over-processing are undesirable [28], [29]. The RSM framework makes these interactions quantitatively explicit and underlines that no single "best" operating point exists in isolation; instead, the choice of spindle speed must be guided by the relative importance assigned to sealing performance, surface integrity, energy efficiency, and component life.
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Fig. 10. Normalised responses of leakage time , surface roughness Ra, energy consumption and wear volume along the process line at as a function of spindle speed.

Multi-objective optimisation and Pareto analysis
The trade-offs between the different process objectives are visualised using Pareto fronts, as shown in Fig. 11. Fig. 11 illustrates the Pareto-optimal trade-offs obtained from the RSM-based multi-objective optimisation, showing the relationships between leakage time, energy consumption, surface roughness and wear volume. The visualisations provide a graphical representation of the non-dominated solution set and highlight the inherent conflicts between performance, efficiency and durability-related objectives. By examining the structure and extent of the Pareto front in the relevant objective spaces, the range of feasible compromises within the investigated design space can be identified before a detailed discussion of representative operating conditions.
To systematically explore these trade-offs, the four RSM models were coupled with the NSGA-II algorithm, treating spindle speed and axial load as decision variables and using leakage time, surface roughness, energy consumption and wear volume as simultaneous objectives. The resulting Pareto front represents a family of non-dominated operating points where no objective can be improved without worsening at least one of the others.
The Pareto solutions are distributed across both the interior and the boundaries of the design space. At the front extreme, sealing-dominated solutions cluster around spindle speeds of approximately 430–470 rpm and axial loads near 100 N, where leakage time is maximised and Ra is close to its minimum. At the same time, energy consumption and wear remain moderate. At the other extreme, energy-dominated solutions favour high speeds and high loads (close to 600 rpm and 140 N), which minimise electrical energy per lapping cycle but increase wear and slightly reduce sealing performance. Conversely, wear-dominated solutions occur at low speeds and low loads (around 300 rpm and 60 N), where valve wear is minimised at the expense of shorter leakage times and higher energy use. Between these extremes, a continuum of compromise points populates the Pareto front, offering different balances between sealing quality, surface integrity, energy efficiency and wear.
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Fig. 11. Pareto-optimal trade-offs between leakage time, energy consumption, surface roughness and wear volume obtained from the RSM-based multi-objective optimisation. 


The relative performance of selected Pareto-optimal solutions is compared using normalised response values, as shown in Fig. 12. Fig. 12 presents a normalised comparison of three representative Pareto-optimal solutions selected from the multi-objective optimisation results. By scaling all responses to a common dimensionless range, the figure provides a concise visual framework for contrasting operating points that prioritise different objectives. This representation allows the relative strengths and weaknesses of sealing, energy, and wear-oriented solutions to be assessed consistently before a detailed interpretation of each case is discussed. Fig. 12 compares three representative Pareto solutions, denoted A, B and C, in terms of the four normalised responses. For clarity, each response is scaled to 0–1, so the relative performance of the three operating points can be directly compared. A higher normalised value of  is desirable, whereas lower normalised values of Ra,  and  correspond to better surface finish, lower energy consumption and lower wear, respectively.
Solution A (sealing-oriented) corresponds to an operating point near 450 rpm and 100 N. In the normalised plot it exhibits the highest value of  and the lowest Ra among the three candidates, indicating superior sealing performance and surface integrity. Its energy consumption and wear volume are intermediate, indicating that good sealing can be achieved without pushing energy use or wear to extreme levels.
Solution B (energy-oriented) is located towards the high-speed, high-load corner of the design space (approximately 600 rpm and 140 N). This solution achieves the lowest normalised energy, confirming it as the most energy-efficient operating point. However, it also shows the highest Ra and the highest , together with the lowest , which implies a clear penalty in sealing quality and component life when energy savings are prioritised.
Solution C (wear-oriented) lies close to the low-speed, low load corner (around 300 rpm and 60 N). It attains the lowest normalised wear volume, indicating minimum material removal from the valve face. Ra and  take intermediate values between Solutions A and B, while the energy requirement is the highest of the three. This operating point therefore favours valve longevity at the expense of higher energy consumption and only moderate sealing performance.
Taken together, these three solutions illustrate the structure of the Pareto front: it is not possible to maximise leakage time, minimise roughness, minimise energy consumption and minimise wear simultaneously. Instead, the chart provides a compact visual guide for practitioners to select operating conditions based on whether sealing quality, energy efficiency, or component life is the dominant design priority.
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Fig. 12. Normalised comparison of three representative Pareto solutions: A (sealing-focused), B (energy-focused) and C (wear-focused).


Practical implications for valve seat reconditioning
The recommended operating regions in the spindle speed–axial load space are illustrated in Fig. 13. Fig. 13. summarises the results of the multi-objective optimisation in the form of recommended operating regions in the spindle speed–axial load plane. By mapping the representative Pareto solutions and their associated performance characteristics onto the process parameter space, the figure translates the abstract Pareto front into an intuitive operating map that can be readily interpreted in a workshop context. The highlighted regions indicate parameter combinations that preferentially favour sealing performance, energy efficiency, or wear minimisation, thereby providing a practical framework for selecting operating conditions according to the dominant maintenance objective.
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Fig. 13. Recommended operating regions in spindle speed–axial load space for the automatic valve lapping machine.


From the standpoint of engine maintenance, the combination of experimental characterisation, RSM modelling, and NSGA-II optimisation yields several practical recommendations: (1) for standard valve-seat reconditioning, operating conditions should be chosen within the sealing-oriented region, i.e., around intermediate speeds and loads (approximately 430–470 rpm and 90–110 N), where leakage time is high, Ra is low and both energy consumption and wear remain at moderate levels; (2) when sealing quality and surface finish are prioritised, the results support operating close to Solution A (about 450 rpm and 100 N), which represents a robust setting within the sealing-oriented window; (3) highly aggressive settings at high speed and high load (around 600 rpm and 140 N, close to Solution B) should be reserved for severely damaged seats or coarse reconditioning stages, because they reduce energy per cycle but significantly increase Ra and wear; (4) low-speed, low-load conditions (around 300 rpm and 60 N, close to Solution C) are better suited for final, wear-conscious finishing passes on critical components than for routine overhaul, as they minimise wear but require higher energy and provide only moderate sealing performance.
These guidelines show that, even for a relatively simple, low-cost Arduino-based lapping rig, a systematic, data-driven analysis can be translated into a clear operating map for selecting spindle speed and axial load based on the dominant objective in workshop practice. In contrast to many previous studies that focus on isolated surface quality metrics or abstract optimisation benchmarks, the present work integrates tribological performance, energy consumption, and wear into a unified experimental and optimisation framework for valve lapping. By combining low-cost experimental Instrumentation with RSM-based surrogate modelling and NSGA-II optimisation, this study extends the existing literature by providing application-oriented operating guidelines that directly support workshop-level decision-making.

Conclusions
This work presented the development and optimisation of an automatic valve lapping machine for reconditioning engine valve seats. A full 3² factorial design in spindle speed and axial load enabled identification of quadratic response surface models for all four responses. Analysis of variance and residual diagnostics indicate non-significant lack of fit, small residuals, and high coefficients of determination. These results confirm that the second-order models adequately capture the dominant tribological and energy-related effects within the investigated range; extrapolation beyond this domain should be treated cautiously. Response surfaces and normalised one-factor plot at F = 100 N reveal trade-offs among sealing performance, surface integrity, energy use, and wear. Leakage time and surface roughness exhibit optima at intermediate speeds, while energy consumption decreases and wear increases with increasing speed. Thus, neither very low nor very high speeds are universally favourable. Operating conditions of approximately 430–470 rpm and 90–110 N provide a robust compromise, delivering long leakage times and low roughness with moderate energy and wear penalties. Coupling the RSM models with NSGA-II produced a Pareto front quantifying trade-offs among the four objectives. Representative Pareto solutions were used to construct a practical operating map in the spindle speed–axial load plane, offering recommended regions depending on priority (sealing quality, energy efficiency, or component life). Overall, the study demonstrates that a simple Arduino-based rig combined with experimental design, response surface modelling, and evolutionary optimisation can serve as a quantitative decision tool for lapping operations, linking sealing performance, surface roughness, energy consumption, and wear within a validated framework. The Pareto-based operating maps replace trial-and-error parameter selection with data-driven guidelines under practical constraints.
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