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Highlights

Learning-Based Robotic Machining Error Prediction for High Precision Manufacturing

Chaoyue Niu, Bin Chen, Simon Fletcher, Peace Onawumi, Erdem Ozturk, Mahdi Mahfouf, Visakan Kadirkamanathan

• Novel solution predicts machining errors without costly CMM inspection.

• Identifies optimal sensor–controller data combination for error prediction.

• Best model achieves seven improvements over raw laser sensor-based error prediction.

• Models validated to match CMM accuracy across three scenarios.
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A B S T R A C T

High precision machining with robots is an open challenge. Achieving precision of dimensional

and geometrical features with robotic machining would require compensation via feedback con-

trol which relies on accurate error prediction. Machining error prediction is a complex problem

in high-precision manufacturing, where effective solutions must accurately estimate geometrical

errors in different workpieces while minimizing quality inspection costs. It is also compounded

by the need for real-time estimation for feedback control. This paper introduces a novel approach

for predicting the quality of milled workpieces using low-cost, in-process signals and machine

learning. The proposed method fuses internal machine controller commands—comprising end-

effector trajectory coordinates and angular changes of six revolute joints in the robotic arm—with

external laser tracker sensing signals that capture the real trajectory of the milling tool and

predicts dimensional errors as would be obtained by a Coordinate Measuring Machine (CMM).

To overcome the lack of knowledge of the dependence of the part dimensional error on the

available signals, models with varying combinations of the sensors and the length of the time

window of historical data for inclusion in the model were evaluated. In addition, five machine

learning algorithms were selected, trained, evaluated and validated on data from two distinct

workpieces and various spatial configurations. The best machine learning model achieved a

sevenfold improvement in dimensional error prediction compared to solely using laser tracker

data, with mean absolute error reduced from 0.0756 mm to 0.0097 mm. This study demonstrates

the feasibility of using low-cost, in-process sensing signals to predict high-precision quality

dimensional data that is normally measured by costly CMMs, enabling rapid part quality

inspection and significant potential cost reduction.

1. Introduction

Global manufacturing is being transformed by disruptive technologies, pushing towards autonomous production

and digitized value chains [1]. Future factories will need to be faster, more agile, and closer to customers, enabling

mass customization of affordable, on-demand products [2]. Metrology is crucial in this context for ensuring quality

and improving productivity. Metrology data analytics [3] is set to revolutionize manufacturing by creating a unified

metrology knowledge system that standardizes data usage across design, production, and verification stages. Robotic

systems, traditionally used in low-force, low-precision tasks, are now being explored for high-force, high-precision

processes such as milling [4]. Integrating advanced metrology analytics [5] with robotics can overcome control

challenges, enabling real-time error prediction and process optimization to meet stringent quality standards of high

precision manufacturing.

In conventional manufacturing, part quality is typically assessed post-process using high-accuracy inspection

methods such as Coordinate Measuring Machines (CMMs) [6]. While CMMs offer exceptional precision in measuring

geometric features, they are costly, time-intensive, and require transferring the part from the production line to an

inspection station, resulting in operational inefficiencies. Furthermore, CMMs operate offline, providing no real-time

feedback during machining, which complicates the detection and rectification of errors as they occur. Alternative
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inspection methods, such as optical systems [7], offer rapid and non-contact measurement capabilities; however, they

are often hindered by challenges in handling reflective surfaces, complex geometries, and fine tolerances, making

them less suitable for high-precision milling. Likewise, touch probes [8] provide precise, contact-based measurements

but are inherently slow and disruptive, as they require halting the process for inspection, thereby impeding real-time

corrections. The constraints of these conventional methods underscore a critical need for novel, real-time, and cost-

effective metrology solutions for robotic machining.

Extensive research has investigated robot error modeling and on-machine measurement for high-precision manu-

facturing. Early studies focused on geometric error compensation of machine tools and industrial robots using laser

trackers, theodolites, or vision systems to improve absolute positioning accuracy [9, 10, 11, 12, 13]. Theoretical

approaches model kinematic and pre-travel errors based on rigid-body or dynamic models of the robot and probe

[14, 15, 16, 17], while experimental and calibration-based methods employ extensive offline measurements to generate

error maps [18]. Additionally, research on robotic precision and path tracking has made significant progress through

position-based visual servoing (PBVS) and iterative learning control (ILC) strategies. For example, switch-based

sliding mode control has shown strong robustness in robotic riveting, effectively compensating for model uncertainties

and external disturbances during path following and spot positioning [19], and calibration-based ILC has improved path

tracking accuracy by iteratively identifying and correcting robot kinematic parameters [20]. Despite their effectiveness,

these control-oriented methods face several limitations when applied to high-precision robotic machining. They

rely heavily on accurate kinematic and dynamic models, which are difficult to obtain or maintain under changing

tool–workpiece conditions. They often require costly visual or geometric calibration setups. Moreover, while they

improve motion and trajectory accuracy, they do not directly predict or quantify machining errors, which are critical

for precision assurance and real-time quality feedback. Consequently, a critical gap remains in developing methods

capable of learning the mapping between in-process sensing signals and part quality.

Data-driven models leveraging machine learning trained on low cost in-process sensor data offers a promising

approach to address the challenge of machining error prediction. Industry 4.0 has spurred machine learning advance-

ments for error prediction [21], including wavelet-enhanced CNNs for fault diagnosis [22], learning methods for quality

prediction [23], and CNN-LSTM models for surface roughness in milling [24]. In-process error compensation methods

[25] and probabilistic frameworks [26] have been explored but only for robot drilling where error prediction for the

depth of cut can be achieved relatively easily. A core challenge of developing robust techniques for in-process quality

monitoring and prediction without relying on expensive and time-consuming offline measurement methods for high

precision machining still exists.

Laser trackers [27] and advanced computer numerically control (CNC) controllers [28] represent promising

alternatives for enhancing real-time quality prediction in robotic systems. Laser trackers offer a relatively low-cost yet

high-precision solution for tracking the real-time position and trajectory of a robot’s end-effector. This can be correlated

with the part’s shape and geometries to some extent. However, a direct correlation between the laser tracker data and

part quality is often hindered by factors such as the tool’s interaction dynamics with the workpiece [29], environmental

influences (e.g., temperature fluctuations [30], humidity [31], air pressure [32], mechanical strain [33] and surface

contamination [34]), and the limitations in tracking accuracy that may not fully capture the complexities of machining

processes. This means that the direct laser tracker measurement cannot provide a highly accurate dimensional measures

necessary for quality inspection. Siemens controllers provide detailed spatial information about the milling process,

including machine dynamics, position, and angular changes of robotic joints. This contextual information can serve

as a potential source for understanding tool movement and part geometries. The integration of contextual data from

CNC controllers with that of laser trackers offers a promising approach to real-time quality inspection. By combining

the precise positional data from laser trackers with the detailed machine dynamics and spatial information from

CNC controllers, a unified model could be developed to enhance predictive accuracy. Effective integration of these

technologies could provide a robust solution for real-time quality assessment, advancing the capabilities of robotic

systems in high-precision manufacturing processes.

This paper builds on the idea of combining laser tracker and Siemens controller information and proposes a data-

driven approach to predict part quality during robotic milling. Specifically, we develop a robust data-driven model that

incorporates key variables such as the discrepancy between the laser tracker and controller positional data (𝜖Laser), the

CMM-nominal size error (𝜖CMM), angular variations of the robot’s six revolute joints. These features are processed

in real time to predict machining errorsduring high-force milling operations. The model is built on the foundation of

machine learning techniques, namely, Random Forest, Decision Tree, Gradient Boosting, K-Nearest Neighbors and

Multilayer Perceptron Neural Networks.
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The novelty of the developed method lies in leveraging in-process sensing to predict dimensional and geometrical

errors, rather than relying solely on offline inspection. This approach enables the continuous estimation of part quality

during machining, providing timely feedback that can inform subsequent control or adjustment actions. Compared

to traditional offline inspection, which evaluates errors only after the part is fully machined, in-process prediction

offers the potential to identify deviations earlier in the manufacturing process, reducing the risk of producing defective

parts and enhancing overall process efficiency when combined with the concept of inspection by exception [25, 35].

This method provides a more dynamic and responsive framework for quality monitoring, bridging the gap between

conventional error modelling and real-time error awareness in high-precision robotic machining.

This paper contributes to the field of robotic milling and part quality prediction in four key ways. First, it presents a

novel data-driven model that integrates low-cost, in-process sensor data from laser trackers and Siemens controllers to

predict part dimensional error, that is traditionally measured using a coordinate measuring machine (CMM). Second,

by noting the raw laser sensor data did not correlate with goal standard CMM error values, identification of the optimal

combination of sensor and controller data for error prediction was made. Third, it builds a range of machine learning

algorithms—including Decision Tree [36], Neural Network [37], Gradient Boosting [38], Random Forest [39] and K-

Nearest Neighbors (KNN) [40]—for accurate dimensional error prediction, accounting for temporal dependencies and

diverse feature set combinations. Fourth, the effectiveness of the proposed model is validated through a comprehensive

analysis involving two distinct workpieces, with square and circular features in terms of dimensional error prediction.

The remainder of this paper is organized as follows: Section 2 details the data collection methodology with field

trials on a robotic arm to mill square and circular parts while capturing in-process sensing signals. It also formulates the

research problem and introduces the selected data-driven models. In Section 3, five machine learning algorithms are

implemented, and identifies the most effective models through the assessment of their performance based on model

complexity, aggregated model prediction error measures, and mean machining error prediction accuracy. Section 4

revisits the research problems, confirming their validity, and provides a critical analysis of the findings, addressing

potential limitations and uncertainties while suggesting future research directions. Finally, Section 5 synthesizes the

key insights and contributions of the study.

2. Materials and Methods

2.1. Problem formulation
The problem arises from the challenge of whether the observed deviations in CMM measurements, which capture

the ground truth of machined workpiece geometries, can be modelled and predicted accurately using information

derived from laser trackers. This results in two main problems, with the first relating to how the laser tracker data based

prediction generalises and the second being related to if additional data needs to be included for improved prediction.

2.1.1. Predicting CMM Data from Laser Tracker Data

The first problem is formulated as determining whether the CMM data can be predicted using only laser tracker data,

and how well this approach generalizes across different workpieces and layers. This can be mathematically described

as,

𝜖CMM, = 𝑓
(
𝜖Laser,

)
+ 𝜀 (1)

where 𝜖CMM, and 𝜖Laser, represent the deviations measured by the CMM and laser tracker, respectively, for workpiece

 , and 𝜀 is the modelling error term. Testing the generalisation of how well this relationship has been learned can be

broken down into three specific scenarios:

The first scenario involves predicting CMM data on different workpieces, not just on the same one. Let 1

and 2 represent two distinct workpieces, and consider layer 𝑙 in both. The task is to train a model using the deviation

between laser tracker data and Siemens controller data, 𝜖Laser,1,𝑙
, from workpiece 1 and predict the corresponding

deviation between CMM measurements and nominal dimensions, 𝜖CMM,2,𝑙
, for the same layer 𝑙 in workpiece 2. The

model learning is mathematically formulated as:

𝜖CMM,1,𝑙
= 𝑓1,𝑙

(
𝜖Laser,1,𝑙

)
+ 𝜀1,𝑙 (2)
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and the prediction

𝜖CMM,2,𝑙
= 𝑓1,𝑙

(
𝜖Laser,2,𝑙

)
(3)

where 𝑓1,𝑙(⋅) denotes the predictive model learned from the work piece 1 data. The goal is to achieve a low prediction

error, which would indicate that the model generalizes well to different workpieces for the same layer.

The second scenario involves predicting CMM data for different layers in different workpieces, rather
than using the same layer for different workpieces. Now consider layers 𝑙1 and 𝑙2 in workpieces 1 and 2,

respectively, where 𝑙1 ≠ 𝑙2. The objective is to train a model on 𝜖Laser,1,𝑙1
and predict the CMM data 𝜖CMM,2,𝑙2

for a

different layer. Mathematically:

𝜖CMM,2,𝑙2
= 𝑓1,𝑙1

(
𝜖Laser,1,𝑙1

)
(4)

This problem is more challenging due to variations in geometric and dynamic properties across different layers of the

machining processes, impacting model accuracy.

The third scenario involves predicting CMM data by reversing the modelling order on different workpieces,
testing whether the prediction performance remains consistent regardless of the order of modelling. An

additional complexity arises when we reverse the training and testing workpieces, i.e., training on 2 and testing on

1. This task can be described as evaluating

𝜖CMM,1,𝑙
= 𝑓2,𝑙

(
𝜖Laser,1,𝑙

)
(5)

and testing if the prediction errors arising from the functions 𝑓1,𝑙(⋅) and 𝑓2,𝑙(⋅) are similar.

These three strategies will evaluate model robustness across different parts, ensuring generalizability to new, unseen

data.

2.1.2. Identifying Key Features for CMM Modeling

While the laser tracker captures the movement of the end-effector, it may not fully explain the deviations in CMM

data against nominal size. Integrating robot X and Y coordinates is crucial for accurate CMM prediction, as the robot’s

behaviour changes with position and feed rate. Laser data captures effects but not the underlying causes, while position

data helps model these dynamics for more accurate predictions (see Figure 3B and D). The second problem is to identify

additional features that significantly influence the prediction of CMM data. We investigate the impact of incorporating

spatial information of milling tool/end effector and angular changes of six revolute joints of the robotic system, leading

to three distinct scenarios:

Incorporating Spatial Information (X and Y Coordinates) Let 𝑋 ,𝑙 and 𝑌 ,𝑙 denote the spatial X and Y

coordinates of the end-effector for a given workpiece  and layer 𝑙.

Incorporating Angular Changes of the Robotic Joints Δ𝜃 The robot arm’s six joint angular changes Δ𝜽 ,𝑙 =

[Δ𝜃1,Δ𝜃2,… ,Δ𝜃6], affect both the end-effector dynamics and the induced machine deformations.

Combining Spatial and Angular Features The most comprehensive model incorporates laser, spatial and angular

features:

𝜖CMM, ,𝑙 =

⎧⎪⎨⎪⎩

𝑔(𝜖Laser, ,𝑙, 𝑋 ,𝑙, 𝑌 ,𝑙) + 𝜀, (spatial features)

ℎ(𝜖Laser, ,𝑙,Δ𝜽 ,𝑙) + 𝜀, (joint angle features)

𝑞(𝜖Laser, ,𝑙, 𝑋 ,𝑙, 𝑌 ,𝑙,Δ𝜽 ,𝑙) + 𝜀, (spatial + joint angle features)

(6)

where 𝑔(⋅), ℎ(⋅), and 𝑞(⋅) are the functions being modelled and 𝜀 represents the modelling error.
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A B C E

D

Figure 1: The robot platform setup and quality measurement for data collection. A. KUKA KR210 robot dimension. R1 -
R6 denote the six revolute joints of the robotic system. B. Sensor and workpiece setup. C. Milling process. D. A roughing
milled part that is geometrized by a bottom square with a nominal dimension of 48.2 mm and a top circle with a nominal
diameter of 47.4 mm. E. Coordinate measuring machine that measures the part quality with a 1mm diameter probe.

While Eq. 6 with spatial features includes only the X and Y coordinates of the tool tip, it implicitly incorporates

information about the full tool pose, including both position and orientation, through the deviation between the laser

tracker measurements and the Siemens controller data. Factors such as tool radius, tool deflection, and milling forces

also influence machining errors. In this study, their effects are partially captured by the laser tracker measurements,

as any displacement of the tool tip resulting from deflection or cutting forces is inherently recorded. Furthermore, our

investigation focused on a typical machining metrology setup using a laser tracker, which constrained the available

dataset to the measurements used in this work.

The joint displacement values used in this study correspond to the actual measured values. The dynamic behavior

of the robot, including vibrations and compliance in different configurations, can affect machining accuracy. In our

approach, these dynamic effects are implicitly captured by the deviations between the laser tracker measurements

and the Siemens controller commands. Although robot dynamics are not explicitly modeled, the measured deviations

effectively reflect their overall impact on machining errors.

The overarching goal is to identify the optimal feature set that can accurately predict CMM deviations under various

scenarios and workpiece conditions. By systematically analyzing different combinations of features, we can also derive

insights into the primary drivers of CMM deviations, aiding a better understanding and modelling the manufacturing

process.

2.2. Data collection
The experimental data is collected utilising a standard KUKA KR210, a 6-axis industrial robot. The robot was

equipped with an end-effector featuring a milling tool with a diameter of 10 mm, and its operations were controlled by

a Siemens 840D solution line controller, while the position data was recorded via OPC UA at a sampling frequency of 10

Hz. To accurately track the real-time movement of the milling tool, a laser tracker (Leica Absolute Tracker ATS600)

was employed, operating at a higher frequency of 100 Hz, for precise monitoring of the tool’s dynamic behaviour.

The robot dimensions and experiment configuration are shown in Figures 1A and 1B. Figures 1C and 1D illustrate

the milling process and the resulting milled component, which features square and circular geometries. Figures 1E

shows the measurement process of part quality with a coordinate measuring machine (Zeiss Prismo Access). The

Siemens controller provides the commanded position and orientation of the robot, where the end-effector refers to

the tool tip. The actual pose of the tool tip is not measured directly. Instead, a target ball is mounted on the spindle

housing and tracked using a laser tracker. The fixed spatial offset between the target ball and the tool tip is determined

through calibration (see Figure 1B for their position), allowing computation of the actual tool tip pose from the laser

tracker measurements. To quantify deviations between commanded and actual motion, the deviation is defined as the

difference between the calibrated laser tracker measurements and the controller data. This calibration assumes that the

offset between the target ball and tool tip remains constant, ensuring that deviation accurately reflects discrepancies

between the commanded and actual end-effector positions.

The milling operation begins with the machining of a square-shaped section, progressing sequentially from the top

surface at 0 mm down to -25 mm along the Z-axis. It involves a total of 25 layers, with each layer milled precisely 1

C. Niu et al.: Preprint submitted to Elsevier Page 5 of 22



Learning-Based Robotic Machining Error Prediction for High Precision Manufacturing

A B

Figure 2: 2D and 3D visualizations of signals from square and circle milling operations, incorporating data from the
Siemens controller and laser tracker. A. 3D plot showing the laser tracker and Siemens controller signals, each represented
by distinct colourmaps, depicting the process from square to circle milling. B. Time series plots of the signals over time.
The initial yellow and blue areas correspond to the square milling data at Z = -7 mm and Z = -14 mm respectively, while
the subsequent yellow and blue areas indicate the circle milling data at Z = -2 mm and Z = -4 mm.

mm below the previous one. Once the square section is completed, the milling tool returns to the initial 0 mm position

to commence the milling of a circular shape. This circular feature is machined in three distinct layers, with depths

set at -2 mm, -4 mm and -4.8 mm respectively. After the first round of circular milling, the tool initiates a second

milling sequence at the same depth increments of -2 mm, -4 mm and -4.8 mm, but this time with a reduced diameter.

This repeated milling strategy with progressively smaller diameters is employed to enhance precision and minimize

machining errors.

Figure 2A presents an example of a three-dimensional geometric plot illustrating the tool position during the rough

milling process of a workpiece, as monitored by a laser tracker and controlled via a Siemens controller, including time

information. Figure 2B complements this by providing a corresponding time series for temporal data visualization. It

is organized into three subplots illustrating the variations in the X, Y and Z coordinates over time, specifically during

the square and circular milling operations.

During the square milling operation, the dimensional measurements of the 7th layer (at -7 mm) and the 14th layer

(at -14 mm) were precisely obtained using a coordinate measuring machine (CMM) with a volumetric accuracy of less

than 3 micrometres. Similarly, the dimensional measurements for the 1st layer (at -2 mm) and the 2nd layer (at -4 mm)

during the circular milling process were also acquired using the same CMM. Visual reference refers to the yellow area

in Figure 2B, which indicates the dimensions corresponding to the -7 mm and -2 mm layers, and the blue area, which

highlights the dimensions for the -14 mm and -4 mm layers.

A detailed visualization of the machining errors observed on the four sides of the square workpiece is presented in

Figure 3A. The sides are depicted in a clockwise manner, with specific colours assigned to each: blue for the right side,

orange for the front side, green for the left side, and red for the rear side. Similarly, the machining errors associated

with the circular milling process, as measured by the CMM, are illustrated in Figure 3C. The zoomed-in area enhances

the visualization of the geometrical discrepancies (see details in Figure 3B and 3D for error geometries in square and

circle).

2.3. Methods
As outlined in the Introduction section 1, this study aims to utilize low-cost in-process laser tracker signals to

predict part quality, which is normally measured using an expensive CMM. As seen in Figure 3B, the finer geometries

of the four sides in square milling are different, while Figure 3D highlights the variations in the circular geometries

at different locations. These inconsistencies suggest that machining errors are associated with location. Circle milling,

in particular, is prone to backlash error, a phenomenon caused by the reversal motion of the robot’s revolute joints.

Backlash errors are observed at three distinct locations: two occurrences at 𝑋 = 0 and one at 𝑌 = 0, 𝑋 < 0. Since

the milling process starts and ends at position (𝑌 = 0, 𝑋 > 0), no backlash error is present at this point. The observed

backlash errors in Figure 3D are consistent with this milling pattern. This leads us to hypothesize that the angular

positions of the robot joints may influence the actual machining quality. Therefore, beyond relying solely on laser
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Figure 3: Geometries of part quality for square and circular features measured using CMM. A. Square milling geometries:
the milling sequence starts at the right side (blue), moves to the front (yellow), continues to the left (green), and őnishes
at the rear side (red). B. A zoomed-in view of each side, scaled down by a factor of 200, illustrates the detailed deviation
geometry. The black dashed line represents the scaled nominal size. C. Circular milling geometries: the milling begins at the
right horizontal point and proceeds clockwise, transitioning from blue to red. D. 𝜖

CMM
is mapped onto a circular geometry

with a scaling factor of 100 to highlight deviations. The black dashed line indicates the scaled nominal circle.

tracker signals, we incorporate additional features such as spatial coordinates and angular variations of the robot’s

joints during both square and circle milling to enhance the predictive model (see Figure 4A for spatial coordinates and

angular changes (Δ𝜃) in square and circle milling.). We utilise four models to investigate which features are relevant,

arising from equations 5, 6, whose functional expressions are thus represented as follows:

𝜖
(𝑜)

CMM
(𝑡) = 𝑓𝑜

[
𝜖Laser(𝑡),… , 𝜖Laser(𝑡 − 𝜏)

]
(7)

𝜖
(𝑎)

CMM
(𝑡) = 𝑓𝑎

[
𝜖Laser(𝑡),… , 𝜖Laser(𝑡 − 𝜏),

𝑋(𝑡),… , 𝑋(𝑡 − 𝜏),

𝑌 (𝑡),… , 𝑌 (𝑡 − 𝜏)
] (8)

𝜖
(𝑏)

CMM
(𝑡) = 𝑓𝑏

[
𝜖Laser(𝑡),… , 𝜖Laser(𝑡 − 𝜏),

Δ𝜃𝑖(𝑡),… ,Δ𝜃𝑖(𝑡 − 𝜏)
] (9)
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A

B

Figure 4: Input features and output targets of the data-driven model from two workpieces. Features include processed laser
tracker signals (𝜖

Laser
), spatial information (laser tracker X and Y coordinates) and angular changes of six robot joints. The

target is the processed CMM data (𝜖
CMM

). A. The left subplot displays the spatial trajectory of the laser tracker during the
square and circle milling operations, where the X coordinates are shown in blue and the Y coordinates in green. The right
subplot illustrates the angular changes in six revolute joints provided by the Siemens controller during the same milling
operations. Data in A is derived from the 2nd workpiece, which shares a similar spatial pattern and angular changes with
the 5th workpiece, differing only in milling duration. Therefore, only the 2nd workpiece data is visualized for clarifying the
patterns. B. The top plot shows 𝜖

Laser
and 𝜖

CMM
signals for square milling followed by circle milling in the 2nd workpiece

(-7 mm depth for the square and -2 mm depth for the circle). The milling sequence in the square starts from the right,
followed by front, left, and rear sides, while the circle milling initiates at the horizontal right position and proceeds in a
clockwise direction (refer to Figure 3 for details). The middle plot represents the same signals for the 5th workpiece (-7
mm depth in square and -2 mm depth in circle). The bottom plot displays 𝜖

Laser
and 𝜖

CMM
signals for deeper layers in the

2nd workpiece (-14 mm layer in square and -4 mm layer in circle).

𝜖
(𝑐)

CMM
(𝑡) = 𝑓𝑐

[
𝜖Laser(𝑡),… , 𝜖Laser(𝑡 − 𝜏),

𝑋(𝑡),… , 𝑋(𝑡 − 𝜏),

𝑌 (𝑡),… , 𝑌 (𝑡 − 𝜏),

Δ𝜃𝑖(𝑡),… ,Δ𝜃𝑖(𝑡 − 𝜏)
]

(10)

where 𝜖
(⋅)

CMM
denote the model predicted machining for the errors measured by the coordinate measuring machine

(CMM), relative to the nominal size, 𝜖CMM. The error measured by the laser tracker relative to the control command

is 𝜖Laser. Since the control command operates at 10 Hz, which is one-tenth of the 100 Hz frequency of the laser

tracker and CMM, the control command signals are upsampled to 100 Hz using linear interpolation [41] to ensure
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consistency with them. The controller signals and laser tracker measurements were synchronised using a shared Unix

time stamp to ensure temporal alignment. Since the controller trajectories are pre-defined and available a priori, linear

interpolation was applied only to match the sampling rates without introducing phase shifts or timing distortions.

This allows accurate computation of deviations between the commanded and measured positions while preserving the

integrity of the temporal relationship between both data sources. These variables represent the primary target (𝜖CMM)

and feature (𝜖Laser) in the model. Additionally, 𝑋 and 𝑌 correspond to the spatial coordinates provided by the laser

tracker, while Δ𝜃𝑖 (𝑖 = 1, 2, ..., 6) represents the angular changes of the robot arm’s revolute joints over time (see

Figure1A for six joints) that are recorded by Siemens controller. The variable 𝑡 signifies the time step at which the

values are taken, and 𝜏 represents the time window capturing the past time series data that influence the values at time

𝑡, a concept referred to as the causality time window. This temporal relationship accounts for the effect of prior states

on the current machining error.

Following three cases in problem formulation in Section 2.1, we selected the 2nd and 5th workpieces, both of

which were rough milling. In the 2nd workpiece, we extracted data at a square at -7 mm (representing the four straight

sides) and a circle at -2 mm (representing the entire circle), referred to as Data1. Similarly, from the 5th workpiece,

Data2 was gathered from a square at -7 mm and a circle at -2 mm. Additionally, Data3 was collected from the 2nd

workpiece at a deeper square cut of -14 mm (four straight sides) and a circle at -4 mm. For model development, we

trained models using Data1 and evaluated its performance on Data2. Conversely, we developed further models using

Data2 and tested its performance on Data3. Finally, models trained on Data2 were tested on Data1.

Figure 4B provides a detailed comparison of 𝜖CMM and 𝜖Laser across different workpieces, focusing on the distinct

signal characteristics. Taking the top subplot in Figure 4B as an illustrative example, the signals exhibit a structured

pattern when measured along the right, front, left and rear sides of the square (represented by the blue, yellow, green

and red lines in Figure 3B). Subsequently, for the circular milling phase, the signals are depicted beginning from

the horizontal right point, proceeding in a clockwise direction. This progression has been captured using a colour

gradient (blue to red) as visualized in Figure 3D. Additionally, the middle plot in Figure 4B reveals that the 5th

workpiece required a significantly longer machining duration compared to the 2nd workpiece, suggesting differences in

machining dynamics or operational settings. Figure 5 uses the data from the fifth workpiece as an example to illustrate

the correlation between 𝜖CMM and 𝜖Laser.

In theory, 𝜖Laser can be transformed through rotation and translation to match 𝜖CMM. However, this approach

necessitates developing separate regression models for each segment, such as the right, front, left, and rear sides of the

square, as well as for the four arcs of the circle (see Figure 4B for signal patterns). This is due to the varying nature of

laser signal slopes—sometimes positive, sometimes negative—which may exhibit positive, negative, or no correlation

with the CMM signals. The development of multiple models tailored to a particular shape is not desirable, as it cannot

extend to arbitrary shape milling and thus for real-world deployment. Therefore, our objective is to develop a unified

model capable of predicting the machining error across all regions.

3. Experiments and Results

3.1. Implementation
To capture complex nonlinear relationships between the input features and the target variable, we employed a

diverse set of machine learning models: Decision Tree [36], Neural Network [37], Gradient Boosting [38], Random

Forest [39] and K-Nearest Neighbors (KNN) [40].

This study implemented Random Forest, Decision Tree, Gradient Boosting, and KNN—using the scikit-learn

library [42]. All models were trained on standardized data for consistency. The Random Forest, an ensemble method

with 100 decision trees, reduces overfitting by averaging predictions. The Decision Tree constructs hierarchical

decision rules to capture complex relationships. Gradient Boosting, using 100 boosting stages with a learning rate of

0.1, sequentially corrects residual errors. The KNN regressor, an instance-based approach, predicts using the average of

the 5 nearest neighbours based on Euclidean distance. The neural network model used in this study was a feedforward

architecture built with TensorFlow [43] and Keras [44]. It features an input layer, ten ReLU-activated hidden layers

(256, 128, 128, 64, 64, 32, 32, 16, 16 and 8 neurons respectively) and a linear output layer. The model was compiled

with the Adam optimizer [45] and mean squared error (MSE) as the loss function, trained 100 epochs with a batch size

of 8.

We implemented four functions (see Equations 7, 8, 9 and 10 in Section 2.3) to systematically train with each of

the five regression models. To rigorously examine the effects of the time window on the final model performance, we
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Figure 5: Data visualization and error histograms for ground truth and model input in the 5th workpiece. GT: ground
truth, represented by 𝜖

CMM
; Input: main input feature represented by the laser signal, 𝜖

Laser
. Error: deőned as the difference

between 𝜖
Laser

and 𝜖
CMM

, i.e., Error = 𝜖
Laser

− 𝜖
CMM

. A. Scatter plot between GT and Input for square milling, indicating
two distinct clusters and no visible correlation. B. Scatter plot between GT and Input for circle milling, showing a potential
positive correlation. C. Error histogram for square milling, where the maximum error reaches 0.25 mm. D. Error histogram
for circle milling, with a maximum error of 0.15 mm.

established a series of time windows defined as 𝜏 = 0, 0.01, 0.02,… , 0.1. This configuration yields a total of 11 discrete

windows. Given that the processing signal operates at a frequency of 100 Hz, these time windows correspond to 0, 1,

2, ..., and 10 data points. Furthermore, recognizing the necessity for robust model validation to be consistent with the

three cases in Section 2.1.1, we utilized three sets of Training-Test data: 1 = {Data1-Data2}, 2 = {Data2-Data3}

and 3 = {Data2-Data1}. This approach facilitates a more nuanced understanding of model generalizability and

performance across different conditions. Consequently, this configuration resulted in the development of 440 models

and 660 evaluation results, allowing for a detailed exploration of the two problems posed in Section 2.1.

3.2. Evaluation of models
Model size performance: The model will be deployed on a real robot for real-time data analysis in the future;

thus, model size is a crucial factor for deployment. All models are saved as PKL files 1 for evaluation purposes.

Figure 6 presents the sizes of all 440 models. Figures 6A-E and Figures 6F-J correspond to models trained on

Data1 and Data2 respectively. The relationship between the time window 𝜏 and model size across various models

is examined. The decision tree model (Figures 6A and F) displays structural stability, although displaying a slight

negative correlation, has a model size ranging from 178 kB to 179 kB for 𝜏 = 0 to 𝜏 = 0.1 with the minimal variation

arising from the slightly higher amount of data in Data2. The random forest model is similarly stable, with the size

variation between the maximum and minimum values being around 1%. Additionally, the model size for the random

forest trained on Data2 (Figure 6J) is slightly larger than that trained on Data1 (Figure 6E), suggesting a dependence on

training data size. In contrast, the gradient boosting model maintains a stable size regardless of the amount of training

data and the length of the time window. It has the smallest size among all models, demonstrating its efficiency (see

1Pickle module: https://docs.python.org/3/library/pickle.html
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Figure 6: Model size variations in kilobytes (kB) for machine learning models across four regression functions (Equations
7, 8, 9 and 10) and eleven time window lengths (𝜏). A-E plots are for models trained on Data1, while F-J plots are for
models trained on Data2. The X-axis is the time window length 𝜏 and the Y-axis is model size in kB. Models following
Equations 7, 8, 9 and 10 are represented using blue, yellow, green, and red scatter plots, respectively. In A and F, only red
scatter points are visible due to the overlap of all colours, as the Decision Tree models gives nearly identical sizes across
all feature combinations.

Figures 6B and G). The KNN and neural network models exhibit a clear positive correlation between model size and

the time window length 𝜏. Particularly for the KNN model, the size at 𝜏 = 0.1 is five times larger than at 𝜏 = 0 (1000

kB vs. 200 kB, shown in red markers). The neural network also shows an increasing trend, although not as pronounced

as that in the KNN (see Figures 6C, D, H and I).

In Figure 6, the blue scatter corresponds to models utilizing a single feature (𝜖Laser), the yellow scatter represents

models with three features (𝜖Laser, 𝑋, and 𝑌 ), the green scatter indicates models using seven features (𝜖Laser, Δ𝜃1, Δ𝜃2,

Δ𝜃3, Δ𝜃4, Δ𝜃5, Δ𝜃6), while the red scatter incorporates all nine features (𝜖Laser, 𝑋, 𝑌 , Δ𝜃1, Δ𝜃2, Δ𝜃3, Δ𝜃4, Δ𝜃5, Δ𝜃6).

This increase in the number of features contributes to the observed increase in model size from blue, to yellow, to green

and finally to red in the KNN and neural network models as would be expected. Overall, considering the impact of

time window length, model size scale, and stability relative to the training data volume, the gradient boosting model

is recommended as the optimal candidate in terms of model size, outperforming the others in this investigation.

Model accuracy metrics: The mean absolute error (MAE =
1

𝑁

∑𝑁

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖|) and the root mean squared error

(RMSE =

√
1

𝑁

∑𝑁

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)

2) are utilized as prediction performance measures with units in mm. Figure 7 illustrates

the performance of the models across 11 time windows using 4 distinct regression functions (see Equations 7, 8, 9 and

10 in Section 2.3) for the 5 machine learning models using three sets of training-test data pairs, i.e., 1 (Figures 7A -

E), 2 (Figures 7F - J) and 3 (Figures 7K - O).

Figure 7C shows successful demonstration of the first scenario of the first research problem, in which the KNN

model trained on data from one work piece accurately predicts values when applied to a different workpiece achieving

an MAE of 0.0095 and an RMSE of 0.0146. Figures 7C and 7H illustrate the second scenario of the first research

problem, where the KNN model maintains prediction accuracy across different layers, achieving an MAE of 0.0095

and RMSE of 0.0146 in Figure 7C, and an MAE of 0.0146 and RMSE of 0.0202 in Figure 7H. Finally, Figures 7C and

7M present the third scenario, indicating that the KNN model, recognized as the best performer, exhibits prediction

accuracy independent of which dataset was used for training, with an MAE of 0.0095 and RMSE of 0.0146 for Figure

7C and an MAE of 0.0088 and RMSE of 0.0138 for Figure 7M.

Analysis of the second research problem showed that the inclusion of spatial information and angular positions

generally enhances model performance compared to using only 𝜖Laser (see blue lines in all subfigures in Figure 7).

Furthermore, among the four regression functions, the addition of spatial information (X and Y coordinates) yields the
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A B C D E

F G H I J

K L M N O

Figure 7: Regression metrics for machine learning models across four regression functions (Equations 7, 8, 9, and 10) and
eleven time window lengths (𝜏). A-E display results for Decision Tree, Gradient Boosting, K-Nearest Neighbors, Neural
Network, and Random Forest models developed on 1, F-J show results for 2, while K-O show results for 3. Blue,
yellow, green, and red line charts indicate models based on Equations 7, 8, 9, and 10, respectively. Each subőgure includes
two plots representing MAE and RMSE. Lower values are preferable for MAE and RMSE.

best performance. This is evidenced by the yellow lines in subplots, which almost always has lower values compared to

the other three. Lastly, the overall performance of the regression functions, ranked from highest to lowest, is as follows:

(1) 𝜖Laser combined with the spatial information of X and Y coordinates, (2) 𝜖Laser with the spatial information of X

and Y coordinates along with the angular changes of six revolute joints, (3) 𝜖Laser combined with the angular changes

of six revolute joints, and (4) 𝜖Laser alone, as observed in Figures 7A-O.

In the next section, the trained machine learning models will be evaluated based on their performance in predicting

dimensions for milling of square and circular shapes.

3.3. Dimensional error prediction
All machine learning models developed using 1 at 𝜏 = 0 were evaluated, as this produced optimal results for

most regression functions. ML predictions overlaid on the ground truth are shown in Figure 8 for square shape (𝜖CMM)

prediction and Figure 9 for circle shape (𝜖CMM) prediction. The configuration of these figures aligns with Figure 3B

and Figure 3D. Among all machine learning models, KNN demonstrates a with 𝜏 = 0 gives the best performance

in terms of both MAE and RMSE (see Table 1) and also seen in the second row of Figures 8, 9, associated with

Equation 8 which uses 𝜖Laser data combined with the spatial information of X and Y coordinates. Figure 10 illustrates

the time-series performance of the best performing K-Nearest Neighbors model utilizing 1 at 𝜏 = 0 for the four
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Figure 8: Machine learning predictions (at 𝜏 = 0) vs. ground truth in square geometries. The ground truth is represented
by wide red lines, while ML predictions as green lines. Models are based on Equations 7, 8, 9 and 10 in subőgures entitled
with 1. 𝜖

Laser
, 2. 𝜖

Laser
X Y, 3. 𝜖

Laser
Δ𝜃 and 4. 𝜖

Laser
X YΔ𝜃 respectively.

regression functions represented by Equations 7, 8, 9, and 10. Among these, models based on Equation 8 achieved the

best performance, and therefore, Equation 8 is selected for further analysis of dimensional error prediction.

Figure 11 presents a detailed comparison between the ground truth, denoted as 𝜖CMM, and the corresponding values

from either the machine learning (ML) models or the raw sensor measurement 𝜖Laser. In particular, Figure 11A reveals

a multimodal data distribution, where the data are segregated into two distinct groups divided by a threshold value of

0.1 in 𝜖Laser. For values below this threshold, an increase in 𝜖CMM is accompanied by an increase in 𝜖Laser; however, the

relationship exhibits a shift and does not lie along the diagonal line. In contrast, for 𝜖Laser values above 0.1, the sensor

measurement remains approximately constant irrespective of increases in 𝜖CMM suggestive of no correlation between

the data. Hence, the laser sensor cannot be used directly as a measure of the part dimensional error. The implementation

of machine learning techniques (Figures 11B-E) mitigates this discrepancy where it can be seen that the error scatter

is clustered along the diagonal line. This improvement is further substantiated by Figure 12, which depicts the error

histogram. Here, the error is defined as the difference between either the sensor measurement or the ML prediction and

the ground truth (𝜖Laser∕ML prediction − 𝜖CMM). Notably, the introduction of the ML models reduces the maximum

error from approximately 0.25 mm, as observed with 𝜖Laser, to about 0.05 mm. This fivefold improvement in error

reduction illustrates the enhanced accuracy and reliability provided by the ML approach.

Using the machine learning models and 𝜖Laser, dimensional metrics were computed for both square and circular

features. For the square (in the coordinate scale [−23, 23]mm), the X and Y dimensions were defined as𝑋 = 𝑥right−𝑥left

and 𝑌 = 𝑦front − 𝑦rear, respectively. Deviations from the nominal size were computed as 𝑋dev = 𝑋 − 𝑋nom and

𝑌dev = 𝑌 − 𝑌nom, while prediction errors relative to ground truth (GT) were 𝑋err = 𝑋pred −𝑋GT and 𝑌err = 𝑌pred − 𝑌GT.

For the circle, the predicted diameter 𝐷 was evaluated, with deviation 𝐷dev = 𝐷 − 𝐷nom and error to ground truth

𝐷err = 𝐷pred−𝐷GT. In predicting the X direction dimension size, the decision tree emerges as the most effective model,
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Figure 9: Machine learning predictions vs. ground truth in circle geometries prediction at 𝜏 = 0. The ground truth is
represented by wide red lines with partial transparency, while ML predictions are shown as thin lines in green. Models
are based on Equations 7, 8, 9 and 10 in subőgures entitled with 1. 𝜖

Laser
, 2. 𝜖

Laser
X Y, 3. 𝜖

Laser
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respectively.
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Figure 10: K-Nearest Neighbors predictions compared to ground truth over milling time with 𝜏 = 0. The ground truth is
in red solid lines, while the predictions are in distinct colours: Equation 7 (yellow dashed line), Equation 8 (blue dash-dot
line), Equation 9 (black solid line) and Equation 10 (green dashed line).

while the random forest leads to accuracy for predicting the Y direction dimension size. Additionally, gradient boosting

surpasses the other models in predicting circle diameter (for further details, refer to Table 2). The X (Right-Left), Y

(Front-Rear), and Diameter values represent the mean predictions aggregated across the entire dataset. Other metrics

presented in Table 2 are calculated based on these mean values. A comprehensive view of the data distribution refers

to the violin plots in Figure 13 and Figure 14. Based on visual assessment, the patterns of the violin plots for KNN and

gradient boosting closely resemble the ground truth as measured from the CMM in the distribution of circle diameter

data (see Figure 14). For square dimension prediction, the decision tree exhibits strong similarity to the ground truth in
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Table 1

The table gives performance metrics (MAE and RMSE in mm) for machine learning models, computed from the ground
truth 𝜖

CMM
and model predictions. Models were developed with data 1 and Equation 8 associated with optimal feature

combination for 𝜏 = 0, 0.01, 0.04, 0.07, 0.10. The machine learning models are: Decision Tree (DT), Neural Network (NN),
Gradient Boosting (GB), Random Forest (RF), and K-Nearest Neighbors (KNN). The MAE and RMSE between 𝜖

Laser
and

𝜖
CMM

are 0.0756 and 0.0943 respectively, serving as a baseline for comparison.

𝜏 Metrics RF GB KNN NN DT

0 MAE 0.0106 0.0123 0.0097 0.0114 0.0115
RMSE 0.0163 0.0168 0.0146 0.0162 0.0184

0.01 MAE 0.0111 0.0126 0.0152 0.0100 0.0150
RMSE 0.0165 0.0192 0.0201 0.0153 0.0245

0.04 MAE 0.0116 0.0114 0.0139 0.0100 0.0128
RMSE 0.0182 0.0176 0.0190 0.0162 0.0211

0.07 MAE 0.0117 0.0122 0.0126 0.0097 0.0133
RMSE 0.0187 0.0182 0.0178 0.0162 0.0210

0.10 MAE 0.0116 0.0122 0.0129 0.0095 0.0138
RMSE 0.0184 0.0185 0.0183 0.0161 0.0217

Table 2

Metrics for dimensional error prediction using machine learning models are shown. Square nominal size is 48.2 mm, and
the nominal diameter for circles is 47.4 mm, with upper and lower tolerances of ± 0.15 mm. Ground Truth is denoted
as GT, Random Forest as RF, Decision Tree as DT, Gradient Boosting as GB, K-nearest Neighbors as KNN, and Neural
Network as NN. All measurements are in millimeters (mm), and results are rounded to four decimal places, with the best
performance metrics highlighted in bold. The machine learning models were developed using 1 based on Equation 8 at
𝜏 = 0.

Square Circle

X
(Right-
Left)

Y
(Front-
Rear)

X Devia-
tion

Y Devia-
tion

X Error
to GT

Y Error
to GT

Diameter Diameter
Devia-
tion

Error to
GT

GT 48.1617 48.1426 -0.0383 -0.0574 0 0 47.3266 -0.0734 0
𝜖
Laser

48.2178 48.1608 0.0178 -0.0392 0.0561 0.0182 47.4188 0.0188 0.0922
RF 48.1628 48.1427 -0.0372 -0.0573 0.0011 0.0001 47.3297 -0.0703 0.0031
GB 48.1662 48.1422 -0.0338 -0.0578 0.0045 -0.0004 47.3288 -0.0712 0.0022

KNN 48.1644 48.1443 -0.0356 -0.0557 0.0027 0.0017 47.3305 -0.0695 0.0039
NN 48.1643 48.1407 -0.0357 -0.0593 0.0026 -0.0019 47.3293 -0.0707 0.0027
DT 48.1619 48.1447 -0.0381 -0.0553 0.0002 0.0021 47.3298 -0.0702 0.0032

the X direction, while the random forest aligns closely with the ground truth in the Y direction (see Figure 13). These

observations are consistent with the metrics presented in Table 2.

3.4. Computational efficiency analysis
An offline latency and energy analysis was conducted to evaluate the real-time feasibility of the proposed models.

The best-performing configuration, using the K-nearest Neighbours model with 𝜖laser and X/Y position inputs at 𝜏 = 0

(MAE = 0.0097 mm and RMSE = 0.0146 mm), achieved an inference latency of 1.37 ± 0.13 ms (Median ± SD) across

100 inferences and an energy consumption of 53 mJ per inference on an AMD Ryzen 7 7700X CPU. These results

confirm that the inference time is well within the 10 ms sampling interval of the 100 Hz laser tracker and the 100 ms

cycle of the 10 Hz controller, indicating that the proposed approach satisfies real-time operational requirements.
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Figure 11: Scatter plots depicting the relationship between ground truth and machine learning predictions/model inputs.
The data is aggregated from both square and circle milling signals. The difference between the ground truth and model
input is illustrated in blue, while predictions from the random forest, decision tree, gradient boosting, K-nearest neighbors,
and neural network are represented in green, red, purple, orange, and brown, respectively. All models were developed on
1 using Equation 8 at 𝜏 = 0.

4. Discussion

The study involved consideration of multiple scenarios. The first research question of predicting the CMM

measurements of part quality using laser tracker data were examined. These validated that the model trained on

one work piece from one layer of machining could predict successfully on another work piece and for different

layers, nor is it sensitive to which work piece data is used to build models. For the second question, we confirmed

that incorporating spatial information and the angular changes of robot joints improves prediction performance. The

performance hierarchy is as follows:

𝔼
[‖𝜖𝐶𝑀𝑀‖ ∣ 𝜖Laser,𝐗,𝐘

]
> 𝔼

[‖𝜖𝐶𝑀𝑀‖ ∣ 𝜖Laser,𝐗,𝐘,Δ𝜃1∶6
]
> 𝔼

[‖𝜖𝐶𝑀𝑀‖ ∣ 𝜖Laser,Δ𝜃1∶6
]

>

𝔼
[‖𝜖𝐶𝑀𝑀‖ ∣ 𝜖Laser

]
indicating that the inclusion of spatial information alongside 𝜖Laser yields the best performance. This study demonstrated

that the proposed machine learning methods significantly enhanced error prediction accuracy as measured by the mean

absolute error (MAE) compared to using only laser tracker data, achieving a seven-fold improvement from 0.0756 mm

to 0.0097 mm, particularly for square and circular geometrical shapes, with a precision of less than 100 micrometres.

The results indicate that the best prediction performance is achieved by using the laser-measured deviations (𝜖laser)

together with the X and Y coordinates of the tool, without including joint angular variations. This can be attributed
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Figure 12: Error histograms illustrating the discrepancies between ground truth and machine learning predictions/model
inputs. The data is aggregated from both square and circle milling signals. The difference between the ground truth and
model input is depicted in blue, while the differences for predictions from the Random Forest, Decision Tree, Gradient
Boosting, K-nearest Neighbors, and Neural Network models are represented in green, red, purple, orange, and brown,
respectively. All models were developed using 1 based on Equation 8 at 𝜏 = 0.

to the spatial dependence of machining errors. Systematic deviations such as gravitational sag, structural compliance,

and fixture deformation primarily vary with the tool’s position in the workspace. Joint angles, which describe the robot

configuration in joint space, relate to tool-tip deviations only indirectly and nonlinearly. Including joint angles therefore

provides limited additional information and may introduce redundancy or noise. As a result, the combination of 𝜖laser

with X–Y positions captures the most relevant information for accurate machining error prediction.

An additional noteworthy observation is that the model performance may be affected by the phase shift between

the training and test signal data; however, configuring an appropriate time window may help mitigate this effect and

enhance performance. As illustrated in Figure 4B, Data1 (top plot) and Data2 (middle plot) show no lag (phase

shift) after applying cross-correlation [46], whereas a phase shift is present between Data2 (middle plot) and Data3

(bottom plot) on the left and right sides during square milling. This is attributed to the fact that Data1 and Data2 are

derived from the same layer (-7 mm), while Data3 is obtained from a different layer (-14 mm). Figures 7A-E, which

present the models trained on Data1 and tested on Data2, indicate no phase shift; thus, the optimal performance for

all machine learning models, developed using the best regression function (Equation 8), occurs at 𝜏 = 0. Among these

models, the KNN algorithm exhibits the best performance. In contrast, Figures 7F-J depict models trained on Data2

and tested on Data3, where a phase shift is evident on the left and right sides during square milling. Consequently,

the optimal performance of all machine learning models, developed using the same regression function (Equation 8),
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Figure 13: The data distribution for the X and Y direction dimensions in square milling, derived from model inputs
(processed laser tracker signals) and machine learning predictions, is presented alongside the real dimensions of the milled
part depicted in the ground truth subplot. The machine learning models were developed using 1 based on Equation 8 at
𝜏 = 0. Additionally, the mean and standard deviation of the dimensions are provided in the subőgure captions. The upper
tolerance, nominal size and lower tolerance are represented by blue, red and green dashed lines.

does not occur at 𝜏 = 0. This may be due to nonlinear effects such as backlash that has dependency on the system

memory or equivalently past position data. The relationship between the time window and phase shift requires further

investigation in future studies, this is beyond the current study’s scope and will be addressed in future work with a

more comprehensive experimental setup and data.

While the model performed well, the limited data for irregular geometries may constrain its applicability to more

complex shapes. In future work, we aim to establish uniform rules that can be generalized to any random geometries,

extending beyond just milling circles and squares. This will involve examining a variety of regular and irregular shapes

and configurations to gain insights into the principles governing dimensional error prediction across diverse scenarios.

By incorporating a broader spectrum of geometric forms—including the X and Y directions of 𝜖Laser for both regular

and irregular shapes—into the dataset and correlating them with the X and Y directions of 𝜖CMM, we aim to identify and

create generalised feature sets. This approach is intended to establish a consistent approach that enhances the model’s

robustness and accuracy to any shape being manufactured.

The study is also limited to experiments conducted on a single robot (KUKA KR210), under a specific working

condition, and with simple square and circular workpieces, using a relatively small number of training data sets. Despite

C. Niu et al.: Preprint submitted to Elsevier Page 18 of 22



Learning-Based Robotic Machining Error Prediction for High Precision Manufacturing

GT Laser RF GB KNN NN DT
Methods

47.20

47.30

47.40

47.50

47.60

47.70

D
ia

m
et

er
s 

Pr
ed

ic
tio

n

Machine Learning Prediction

GT: 47.327±0.077; Laser: 47.419±0.100; RF: 47.330±0.074
GB: 47.329±0.071; KNN: 47.330±0.075; NN: 47.329±0.079

DT: 47.330±0.078

Upper Tol. Nominal Lower Tol.

Figure 14: The őgure illustrates the data distribution of diameter dimensions in circle milling, which is based on model
inputs (processed laser tracker signals) and machine learning predictions, alongside the actual dimensions of the milled
part shown in the ground truth subplot. The machine learning models were developed using 1 following Equation 8 at
𝜏 = 0. The mean and standard deviation of the dimensions are also included in the őgure captions. The upper tolerance,
nominal size and lower tolerance are represented by blue, red and green dashed lines.

these constraints, the results demonstrate that in-process fusion of laser tracker and controller signals can accurately

predict machining errors and provide practical insights when multiple parts of the same geometry are manufactured,

having learned from a single part process. Cross-workpiece and cross-layer evaluations indicate that models trained

on the same machining layers generalise well across different workpieces (MAE ≈ 0.01 mm), while performance

across different layers shows a modest degradation (MAE ≈ 0.015 mm) yet remains within practically useful limits.

Extending this approach to a broader range of robots, toolpaths, and free-form surfaces will require additional training

data and could benefit from incorporating physics-informed model structures that reflect kinematic and compliance

relationships. In an industrial setting, the predictive model can be integrated with offline measurements, focusing

detailed inspection on regions with high predictive uncertainty, and using the resulting data to iteratively update

the model. These considerations provide a realistic pathway for translating the current proof-of-concept into broader

industrial applications.

Coordinate Measuring Machines (CMMs) serve not only for quality inspection but also for product authentication,

and thus cannot be entirely replaced by predictive models. The proposed approach is intended to complement, rather

than substitute, traditional CMM-based verification by providing accurate in-process error prediction that can reduce

the frequency of offline inspections and associated non-value-added time. While laser trackers are not necessarily

lower in cost than CMMs, their strength lies in flexibility and the ability to capture dynamic tool and workpiece

behaviour during machining, capabilities beyond those of conventional inspection systems. Therefore, this study is to

demonstrate a practical and effective pathway toward integrating predictive, metrology-driven monitoring into robotic

manufacturing, thereby enhancing process efficiency and reducing the verification cost of manufacturing without

claiming full replacement of existing inspection technologies.

While the current study focuses on predictive modelling and does not yet implement closed-loop error compensa-

tion, it provides a solid foundation for achieving such capability in future research. Real-time compensation requires

additional developments, including seamless integration of the predictive model into the robot controller, ensuring

low-latency data processing, and evaluating whether the robot’s control frequency (10 Hz) is sufficient to apply timely

corrections. Addressing these challenges will enable the extension of the proposed framework from real-time error

prediction to active error compensation, ultimately supporting autonomous, metrology-driven robotic machining.
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5. Conclusion

In this study, machine learning-based quality prediction methods for milling processes were developed and

evaluated. The real quality of milled parts was assessed using a coordinate measuring machine and then linked with

low-cost, in-process sensing signals collected from a laser tracker to build a data-driven model. While the laser tracker

signals are theoretically expected to be identical to part quality, in practice, they only demonstrate a partial correlation.

The developed algorithm leveraged these predicted machining errors to estimate the dimensional properties of square

and circular features and compared them to actual measurements. To capture the effect of past machining actions on

current results, a time window approach was implemented to aggregate historical machining errors and corresponding

sensing signals. Furthermore, four groups of features were designed, incorporating spatial tool positions and angular

variations of robot joints, to enhance the prediction accuracy.

Machine learning algorithms— Decision Tree, Gradient Boosting, K-nearest Neighbors (KNN), Neural Network,

and Random Forest—were compared based on model size, performance metrics, and machining error prediction.

Although KNN showed the highest accuracy in regression, its model size varied significantly with increased features

and training data volume, thus potentially impacting its deployment in real-world scenarios. Gradient Boosting, in

contrast, achieved comparable accuracy and dimensional prediction while maintaining a stable model size regardless

of time windows or data volume, making it the preferred choice. Finally, the data-driven algorithm was evaluated

across different workpieces and spatial locations, demonstrating a sevenfold error reduction, from 0.0756 mm using

laser data to 0.0097 mm in mean absolute error using the proposed data-driven models. This study has demonstrated

and validated the feasibility of using low-cost in-process sensing signals to predict costly CMM data, enabling fast

inspection of part quality and significantly reducing costs.

Building upon the findings of this study, future research will investigate the application of advanced deep learning

architectures, such as CNN-LSTM [47] and Transformer [48] models, which have demonstrated strong capabilities in

modeling temporal dependencies and complex feature interactions. While the present work focused on establishing

the feasibility of predicting CMM measurement data from in-process signals using conventional machine learning

models and feedforward neural networks, the results confirm the existence of strong nonlinear correlations between

these data sources. Incorporating architectures with enhanced time-series modeling capabilities may further improve

prediction accuracy and robustness, offering potential for more effective reduction of CMM inspection in precision

manufacturing.
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