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Abstract 

In-process machining data (e.g., cutting forces and vibrations) have been typically collected and structured as time-referenced measurements (i.e., 
time-series data) and utilized in this structure to develop statistical data models used in process monitoring and control methods. This paper argues 
that a time-only-referenced representation overlooks the 3D nature of the physical process generating the data, and that machining data can be 
represented alternatively as functions of the tool-workpiece relative position resulting in a spatial point cloud data structure. High-density 
measurements of such spatially refenced data could be highly correlated to surrounding measurements, resulting in spatial correlation structures 
that could be of physical meaning and value to preserve and leverage. Using a simulated data study, this paper shows that preserving the spatial 
correlation structure of the data clearly improves the relative modeling performance when utilizing machining data point clouds versus the 
traditional time-referenced data structure. Specifically, this simulation study investigated the hypothesis that “considering the Gaussian process 
model class, the best model among all possible models developed using the spatial point cloud data structure has smaller/equal modeling and 
prediction errors compared to the best model among all possible models developed using the time-referenced data structure.” While this 
investigation was limited to considering the case of stationary isotropic processes, it demonstrated that the performance gap was relatively large. 
This encourages further investigations using real-world data to better understand the types of spatial correlations that exist in machining data and 
the specific machining regimes and process variables that would benefit the most from the spatial point cloud representation of the data. 
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1. Introduction 

In modern manufacturing, there is a growing interest in 
adopting smart manufacturing technologies to increase 
productivity, ensure high product quality, and reduce 
production costs while maintaining overall system resiliency. 
In the pursuit of establishing smart manufacturing systems, 
extensive research and industrial efforts have focused on 
creating automated process monitoring, diagnosis, and control 
methodologies. For machining, through the use of in-process 
data measurements, these methods aim to automatically detect, 
diagnose, and compensate for anomalies in process output 
performance measures (e.g., tool-condition, surface finish, and 

part dimensional and geometrical accuracy) [1]. In current 
research methods (summarized in several surveys [2-12]), the 
mainstream approach to realize this aim is based on the 
following scheme. The first step is to collect machining process 
data. CNC machining processes are dynamic electromechanical 
systems that result in a variety of physical process variables 
such as cutting forces, vibrations, acoustic emissions, noise, 
thermal-variations, and power consumption. These process 
variables are primarily influenced by input parameters and 
machine tool condition, and hence, are implicitly related to 
output performance measures. With the use of appropriate in-
situ sensors, these machining process variables (referred to 
herein as machining data) can be easily collected and 
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subsequently pre-processed. During the second step (feature 
engineering), these variables are processed with the aim to 
extract and select features that can be utilized as real-time 
predictors of process-product quality characteristics for 
monitoring and diagnosis purposes. Finally, monitoring and 
diagnosis decisions would be made and communicated to an 
operator or a machine controller for adaptive/corrective control 
actions.  

According to current literature and several surveys 
(Tönshoff et al., 1998 [11]; Liang et al., 2004 [6]; Teti et al., 
2010 [10]; Lauro et al., 2014 [5]; and Zhou et al., 2017 [12] 
among others [2-4, 7-9]), the functional feature extraction step 
utilizes machining data representation and modeling methods 
that have been solely driven by data collected as time-
referenced measurements (i.e., time-series data). Therefore, 
common signal representation and modeling domains have 
been typically limited to time, frequency-over-time, and time-
frequency. Although representing machining data as time-
series is intuitive, since sensor measurements of process 
variables are collected over time, this representation overlooks 
the 3D nature of the physical process generating the data. In 
essence, machining processes occurs over 3D space where each 
measurement of a machining process variable corresponds to a 
spatial location over the relative tool-workpiece motion path. 
Taking this into consideration allows for an alternate 
representation of machining data as functions of the tool-
workpiece relative position resulting in a spatial point cloud 
data structure. 

The concept of representing machine data over space has 
been briefly introduced in the literature [13-17]. Lacalle et al. 
(2005 and 2006) [14, 15] generated spatial maps of the cutting 
forces measured during high-speed milling operations. These 
spatial maps were used in an offline cause-effect analysis to 
enhance process design and planning during milling of test 
parts. For example, they showed that cutting force spatial maps 
proved useful as a visual diagnostic tool to detect and precisely 
locate unexpected tool engagement conditions in complex parts 
as well as the presence of unexpected stocks coming from 
previous processes. Brazel et al. (2013) [13] presented the use 
of cutting power spatial maps in freeform abrasive machining 
for offline process optimization and control planning. 
Representing cutting power as a function of the geometry 
showed the process power consumption to be highly correlated 
to the machined geometry. For example, they showed higher 
power consumption in concave areas than convex areas of the 
geometry and attributed that to varying tool-workpiece 
engagement geometry. Such observations from the data can 
help inform adaptive control strategies to reduce the overall 
specific energy of the process for improved and uniform surface 
quality.  

Dornfeld et al. (2003) and Lee et al. (2006), [16, 17], 
proposed a spatial mapping of the Root Mean Square (RMS) of 
Acoustic Emissions (AE) measurements collected during 
several machining processes including ultra-precision turning, 

 
 
*  Reprinted from International Journal of Machine Tools and 
Manufacture, Volume 46, Issue 2, D.E. Lee, I. Hwang, C.M.O. 
Valente, J.F.G. Oliveira, D.A. Dornfeld, Precision manufacturing 

grinding wheel dressing, face milling, chemical–mechanical 
planarization, and precision scribing. They mainly focused on 
showcasing the utility of AE RMS spatial maps for visual 
monitoring and characterization of different machining 
processes. For example, for a face turning operation, they 
showed that AE measurements represented spatially in a polar 
map (Fig. 1 – left) correlated well with the micrograph of the 
chemically etched workpiece surface (Fig. 1 – right). For 
instance, locations consisting of large grains sizes in the 
microstructure appear as large dark regions in the AE spatial 
map. This provides a real-time approach to detecting 
microstructural defective areas in the workpiece using 
machining data.  

  

Fig. 1. AE RMS polar map for face turning operation (left) and Micrograph of 
chemically etched workpiece (right) [17]0F

* 

The common motivation across these handful research 
efforts is that measurements of machining process data are 
influenced by the product geometry being cut and/or the 
material properties (e.g., grain size, orientation, slip system, 
micro inclusions, etc.). They only focused on showing that such 
effects of local geometrical variations and material properties 
can be visually observed in spatial maps of machining data; and 
that these graphical maps can be then used for visual design, 
monitoring, diagnosis, and control of machining process. 
Through a variety of use-cases that consider different 
machining process variables across a wide range of machining 
processes, these works highlight the practical limitations of 
only representing machining data temporally. However, these 
research efforts did not extend past graphical visualizations and 
hence never explored the use of statistical data models to realize 
the full potential of this alternate data structure for automated 
data driven design, monitoring, diagnosis, and control of 
machining process. This begs the question whether more 
efficient data modeling techniques can be developed utilizing 
the spatial point cloud data representation.  

From an analytical perspective, utilizing modern sensing 
technology, machining data point clouds can be of high-density, 
and hence spatially referenced measurements could be highly 
correlated to nearby measurements in all spatial directions, 
resulting in machining data exhibiting spatial correlation 
structures. This correlation information, if preserved, can help 
reveal more knowledge during the feature engineering step for 
developing automated process monitoring and control 

process monitoring with acoustic emission, 176-188, Copyright 
(2006), with permission from Elsevier. 
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techniques, which could improve their performances. For 
example, local variations in material properties such grain size, 
orientation, and micro inclusions in a workpiece can manifest 
themselves as spatial variation clusters in the machining data as 
shown in Fig. 1 (left). This information, however, is 
inadvertently lost or at least hidden in traditional time-
referenced measurements, as only relationships between 
measurements in one direction (spatial direction that 
corresponds to time) are maintained [18]. For example, in the 
face turning AE data presented in Fig. 1 (left), the time-
referenced data corresponding to coarse grains will be 
randomly scattered over the time scale given the time disparity 
between when these measurements were observed in different 
successive revolutions of the part. Such scattering can lead to 
losing valuable information and limit the analytical value of 
machining data in the existing time-referenced data modeling 
methods. 

The overarching goal of this work is to increase the value of 
machining data point clouds beyond visualizations by 
increasing their analytical capabilities for current and future 
practical uses. In essence, the spatial point cloud representation 
presents new avenue for analyzing machining data beyond the 
confines of traditional time-referenced data and their respective 
modeling techniques. As a first step toward this overarching 
goal, this paper aims to demonstrate the modeling benefits of 
utilizing machining data point clouds versus the traditional 
time-referenced data structure. This demonstration is driven by 
investigating a research hypothesis that “The best statistical 
data model developed from a specific model class (e.g., 
Gaussian Process models) using the spatial data structure will 
outperform or be at least equal to the best model developed 
from the same model class using the temporal data structure.” 
The premise of this hypothesis is that important information 
(i.e., spatial correlation) is lost when modeling the data using 
time-referenced data techniques while preserved when using 
spatial data driven techniques. In Section 2, a pilot study in 
which a comparative simulation method is introduced to 
numerically investigate this research hypothesis. In doing so, 
the relative modeling performances is quantified when 
developing data-driven models from a similar class using the 
temporal versus the spatial structures of the same dataset. The 
simulated scenarios and the results are presented and discussed 
in Sections 3 and 4, respectively. In Section 5, several remarks 
draw the paper to its conclusions and future work is discussed. 

2. Relative Performance Characterization using 
Simulation 

This section presents a simulation-based method to 
investigate the above-mentioned research hypothesis. To 
reiterate, the rationale behind this hypothesis is that the 
temporal correlation structure is inherently maintained in the 
spatial point cloud representation. In essence, the temporal 
order of the data is not lost in the point cloud representation, but 
instead is transformed to become the spatial order that 
corresponds to the relative tool-workpiece movement direction. 
In turning processes, for example, the relative tool-workpiece 
motion results in a helical cutting path along the workpiece’s 
longitudinal axis. Hence, the temporal order of in-process data 

corresponds to the spatial order of the data in the circumference 
direction with a helix angle 𝛼𝛼 = 𝑡𝑡𝑡𝑡𝑡𝑡−1(𝐶𝐶 𝑓𝑓⁄ ), where 𝐶𝐶 is the 
part circumference and  𝑓𝑓 is the feed rate. Hence, the 
performances of temporal and spatial models of machining data 
should be very similar in situations where only strong temporal 
correlations exist. In contrast, for situations that exhibit strong 
multidirectional correlations, a spatial point cloud data-based 
model should result in superior performance.  

To quantitatively investigate the underlying research 
hypothesis described above, a simulation study is performed to 
numerically show that “Considering the Gaussian process 
model class, the best model among all possible models 
developed using the spatial point cloud data structure has 
smaller/equal modeling and Kriging errors compared to the 
best model among all possible models developed using the time-
referenced data structure”. This means, for instance, 
considering Gaussian Process (GP) data models, the best 
temporal GP model of the machining data will have 
similar/higher modeling and Kriging errors when compared to 
the best spatial GP model of the same data. Similarly, a Spatial 
Autoregressive data model (SAR) will outperform (or perform 
similar to) a temporal autoregressive model (AR) learned using 
the same date represented spatially and temporally, 
respectively. To perform such comparisons, spatially correlated 
datasets can be simulated and then represented and modeled as 
both spatial point cloud data and temporal data.  

2.1. Simulation Model  

The spatial representation of a machining process variable 
𝑌𝑌(𝑠𝑠), measured a set of known locations 𝑺𝑺, can be considered 
as point-referenced stochastic process. A commonly used 
method to simulate and model such processes is the spatial 
Gaussian Process (GP). A spatial stochastic process {𝑌𝑌(𝑠𝑠) ∶ 𝑠𝑠 ∈
𝐷𝐷 ⊂ ℝ𝑟𝑟}  is said to be Gaussian if all its finite-dimensional 
distributions are Gaussian (normal). That is, for any choice 
of 𝑡𝑡, a realization of a spatial process (𝑌𝑌(𝑠𝑠1), 𝑌𝑌(𝑠𝑠2), … , 𝑌𝑌(𝑠𝑠𝑛𝑛)) 
has a multivariate Gaussian distribution 𝒀𝒀~𝑁𝑁(𝝁𝝁, 𝛴𝛴) for some 
mean vector,  𝝁𝝁 , and covariance matrix, 𝛴𝛴 . Hence, spatial 
measurements of a machining process variable can be simulated 
as 

𝑌𝑌(𝑠𝑠𝑖𝑖) = 𝜇𝜇(𝑠𝑠𝑖𝑖) + 𝑍𝑍(𝑠𝑠𝑖𝑖)                               (1) 

where  𝜇𝜇(𝑠𝑠𝑖𝑖)  represents the mean structure (global behavior) 
over the spatial region 𝐷𝐷; 𝑍𝑍(𝑠𝑠𝑖𝑖)~𝑁𝑁𝑛𝑛(0 , 𝛴𝛴(𝜃𝜃)) is a continuous 
spatial random process (local behavior) following 𝑡𝑡 -
dimensional normal distribution with a continuous function 
(𝛴𝛴(𝜃𝜃))𝑖𝑖𝑖𝑖′ that gives the covariance between 𝑌𝑌(𝑠𝑠𝑖𝑖) and 𝑌𝑌(𝑠𝑠𝑖𝑖′) 
for 𝑖𝑖 ≠ 𝑖𝑖′ and is parametrized by a parameter vector 𝜃𝜃; and 𝑠𝑠𝑖𝑖 
is a vector of the measurement point coordinates [19]. 

In this simulation study, the relative performance hypothesis 
will be investigated considering a stationary isotropic process. 
Specifically, the correlation between the process variable 
measurements at two distinct locations, 𝑌𝑌(𝑠𝑠𝑖𝑖)  and  𝑌𝑌(𝑠𝑠𝑖𝑖′) , 
depends only on the Euclidian distance between locations 𝑖𝑖 and 
𝑖𝑖′, 𝑑𝑑𝑖𝑖𝑖𝑖′, and hence the correlation is independent of the locations 
of  𝑠𝑠𝑖𝑖 and 𝑠𝑠𝑖𝑖′ and the direction 𝑠𝑠𝑖𝑖𝑠𝑠𝑖𝑖′⃑⃑ ⃑⃑ ⃑⃑  ⃑. It is also assumed that the 
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simulated process has a constant-mean global behavior. To 
characterize the correlation between measurements at two 
different locations, a variety of parametric and non-parametric 
covariance functions can be used. In this study, the Matérn 
covariance function is utilized 

(𝛴𝛴(𝜃𝜃))𝑖𝑖𝑖𝑖′ = 𝜎𝜎2 1
𝛤𝛤(𝜈𝜈)2𝜈𝜈−1 (√2𝜈𝜈 𝑑𝑑𝑖𝑖𝑖𝑖′

∅ )
𝜈𝜈

𝐾𝐾𝜈𝜈 (√2𝜈𝜈 𝑑𝑑𝑖𝑖𝑖𝑖′
∅ )                (2) 

where 𝜎𝜎2  is the spatial process variance; 𝛤𝛤 is the gamma 
function; 𝐾𝐾𝜈𝜈 is the modified Bessel function of the second kind; 
𝜈𝜈  is a smoothness parameter; and ∅  is the range parameter. 
Hence, the parameter vector 𝜃𝜃 = (𝜎𝜎2, 𝜙𝜙, 𝜈𝜈)𝑇𝑇.  

The choice of the Matérn covariance function among other 
parametric models (e.g., exponential, Gaussian, spherical) is 
recommended in the spatial statistics literature as a general 
model for building a variety of spatial models [20]. Specifically, 
with the combination of the range (𝜙𝜙) and the smoothness (𝜈𝜈) 
parameters, the Matérn covariance function is highly flexible 
and can be used to simulate/model a wide range of spatial 
processes. In fact, a polynomial times exponential can be 
obtained from this flexible function for all 𝜈𝜈 values of the form 
𝜈𝜈 = 𝑘𝑘 + 1 2⁄  where 𝑘𝑘 a non-negative integer. For example, the 
exponential covariance function is a special case of the Matérn 
function at 𝜈𝜈 = 1/2 while the Gaussian covariance function is 
a special case at 𝜈𝜈 → ∞. Additionally, the combination of the 
range (𝜙𝜙 ) and the smoothness ( 𝜈𝜈 ) parameters controls the 
spatial correlation extension/memory over the space which can 
have different physical interpretations for the system being 
modeled. In essence, it reflects the effective range (𝜙𝜙𝑒𝑒𝑒𝑒𝑒𝑒) of the 
correlation, which is the distance at which the correlation drops 
to a very small/negligible value (customarily, a value of 0.05). 
Fig. 2 illustrates the effect of varying the smoothness parameter 
𝜈𝜈 and the corresponding range parameter 𝜙𝜙 on the correlation 
function when considering an effective range of 0.4 and 𝜎𝜎 = 1. 
Four different scenarios, based on variations of the range and 
the smoothness parameters, are described and discussed in in 
Section 3.1.   

2.2. Data Simulation Method  

To generate a GP with mean surface 𝝁𝝁  and covariance 
function 𝛴𝛴 , a sampling algorithm is required to generate an 
observation of 𝒀𝒀. The commonly used algorithm to do this 
requires finding the square root (𝐴𝐴) of the covariance matrix 𝛴𝛴, 

where 𝛴𝛴 = 𝐴𝐴𝐴𝐴𝑇𝑇 , resulting in 𝒀𝒀 = 𝝁𝝁 + 𝐴𝐴𝒁𝒁 , where 
𝒁𝒁~𝑁𝑁𝑁𝑁𝑁𝑁(0, 1) . The Cholesky decomposition method is 
commonly used to find a real-valued lower triangular matrix 𝐴𝐴 
[21]. However, using this customary algorithm faces two key 
issues in generating realistic GP observations to depict 
machining process data: 
1) The first issue is that the Cholesky decomposition of a 

general  𝑛𝑛 × 𝑛𝑛 covariance matrix requires 𝒪𝒪(𝑛𝑛3) floating 
point operations. Hence, the generation of large-
dimensional Gaussian vectors, needed to represent 
machining data applications, becomes impractically time-
consuming for large values of 𝑛𝑛.  

2) The second issue arises from the physical nature of the 
example machining process chosen in this study, a turning 
process. That is the spatial point cloud is wrapped around 
the cylindrical surface of the workpiece, and hence the data 
is continuously correlated across the circumference 
direction of the part. However, the simulation algorithm 
discussed above will generate a 2D spatial random field. 
When this 2D random field is wrapped around a cylinder, 
observations on each side of the border will be 
uncorrelated, despite their proximity.   

These two issues can be resolved using the circulant 
embedding method proposed by Dietrich and Newsam (1997) 
[22]. This method allows for computationally efficient 
generation of a stationary spatial GP wrapped on a torus 
defined by a revolving circle of a radius 𝑟𝑟 in 3D space around 
an axis coplanar with the circle; where the distance between the 
center of the revolving circle and the circular coplanar axis has 
a radius 𝑅𝑅. The idea of a torus-wrapped GP random field allows 
for constructing a circulant covariance matrix, which solves the 
latter previously identified issue. This covariance matrix can 
then be embedded into a block circulant matrix with each block 
also being circulant and allowing for the use of Fast Fourier 
Transform (FFT) techniques to construct the matrix’ square 
root. By exploiting the structural properties of the block 
circulant covariance matrix, the FFT permits the fast generation 
of a Gaussian field. Finally, appropriate sub-blocks of the 
generated Gaussian field that have the desired covariance 
structure are extracted. Compared to the computational 
complexity order  𝒪𝒪(𝑛𝑛3)  of the Cholesky decomposition 
method, the circulant embedding approach, has a complexity 
order 𝒪𝒪(𝑛𝑛2 × 𝑙𝑙𝑛𝑛(2𝑛𝑛)). 

For simulating a GP random field on a cylindrical surface 
for the turning application, the circulant embedding algorithm 

Fig. 2. Matérn Correlation Functions, 𝜌𝜌(𝑑𝑑), with Equivalent Effective Range 𝜙𝜙𝑒𝑒𝑒𝑒𝑒𝑒 = 0.4 
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is used to generate a torus-wrapped GP random field with a 
revolving circle radius equivalent to the machined cylinder 
final radius 𝜌𝜌 (i.e., 𝑟𝑟 = 𝜌𝜌) and a circular revolving axis radius 
of a circle having a circumference of 2𝑙𝑙 (i.e.,  𝑅𝑅 = 𝑙𝑙 𝜋𝜋⁄ ) 
where 𝑙𝑙 is the cylinder length. Then, only half of the torus is 
extracted as a cylinder with a length  𝑙𝑙 and a radius  𝜌𝜌 . The 
reason only half of the torus is extracted is because the circulant 
embedding algorithm ensures the data is not only continuously 
correlated across the circumference of the torus revolving 
circle but also across the circular revolving axis. Therefore, 
only half of the torus is used to avoid correlations at the ends 
of the simulated cylinder, which would not be realistic in 
turning applications. 

To analyze this simulated data (model fitting and estimation 
discussed in the next subsection), the cylinder will be mapped 
onto a 2D grid. This will result in a 𝑢𝑢 × 𝑣𝑣  data matrix where 
the  𝑢𝑢 -axis and  𝑣𝑣 -axis represent the part length ( 𝑙𝑙 ) and 
circumference (𝐶𝐶), respectively. To create the corresponding 
temporal data vector, the simulated  𝑢𝑢 × 𝑣𝑣  2D-matrix is 
realigned to a vector of length  𝑢𝑢𝑣𝑣 . To ensure this vector 
represents the time (cutting) direction, this realignment is to be 
performed in the  𝑣𝑣 -coordinate direction (column-wise 
vectorization). 

2.3. Model Estimation and Performance Metrics  

To evaluate the relative performance of statistical data 
models learned from both the temporal and spatial data 
representations of the same dataset, the following steps are 
performed: 
Step 1: Simulate a cylindrical wrapped  spatial GP random 

field 𝑌𝑌(𝑠𝑠). 
Step 2: Create a pure random error vector 𝜖𝜖(𝑠𝑠) ~ 𝑁𝑁𝑁𝑁𝑁𝑁(0 , 𝜏𝜏2) 

to simulate measurement error. 
Step 3: Construct a 2D-random field (i.e., unwrap the 

cylinder) with added noise 𝑌𝑌∗(𝑠𝑠) = 𝑌𝑌(𝑠𝑠) + 𝜖𝜖(𝑠𝑠). 
Step 4: Uniformly down-sample the field 𝑌𝑌∗(𝑠𝑠) by removing 

every other data row creating a training data-
set 𝑌𝑌𝑡𝑡𝑡𝑡

∗ (𝑠𝑠); this would be equivalent to reducing the 
data acquisition sampling rate by 50%. 

Step 5: Construct the corresponding temporal vector  𝑌𝑌𝑡𝑡𝑡𝑡
∗ (𝑡𝑡) 

using 𝑌𝑌𝑡𝑡𝑡𝑡
∗ (𝑠𝑠). 

Step 6: Use Maximum Likelihood Estimation (MLE) to find 
the optimal set of spatial and temporal GP model 
parameters learned from  𝑌𝑌𝑡𝑡𝑡𝑡

∗ (𝑠𝑠) and  𝑌𝑌𝑡𝑡𝑡𝑡
∗ (𝑡𝑡) , 

respectively. 
Step 7: Using the models from Step 6, predict values of the 

random field (Kriging) at the locations removed in the 
down-sampling process in Step 4.   

From the prediction obtained in Step 7, two performance 
metrics are calculated to assess the models’ performances. 
Specifically, the Bayesian Information Criterion (BIC) metric 
is computed to assess the model estimation error for both the 
spatial and temporal models and the Root Mean Square 
Prediction Error (RMSPE) for predictions (based upon 
ordinary Kriging) is calculated to assess the predicted values 
deviation from the original values removed in Step 4. It should 
be noted that it may seem unfair to compare the spatial and 
temporal GP models obtained from steps 6 when the data were 

originally simulated from a spatial GP model. However, to 
mitigate this, per steps 3 and 4, only 50% of the simulated data 
with added noise are used to train the spatial and temporal 
models. Additionally, the data is restructured to the temporal 
structure following the same way the data is collected in real-
world applications where the data is generated over space but 
recorded in a temporal order.    

3. Simulation Study Description 

In this study, four different scenarios were simulated to have 
datasets with different levels of spatial correlation 
extension/memory. To generate data for these four different 
scenarios, the simulation model and application parameters 
used are discussed below. 

3.1. Simulation Model Parameters  

Following the simulation method described in the previous 
section, four different scenarios were simulated using the 
model in Equation (1) along with the covariance function in 
Equation (2). These four simulated GP random fields share a 
constant zero mean surface ( 𝜇𝜇(𝑠𝑠) = 0) , a unity variance 
(𝜎𝜎2(𝑠𝑠) = 1), and differ by their smoothness and range. Two 
effective range (𝜙𝜙𝑒𝑒𝑒𝑒𝑒𝑒) values of 9 and 22 and two smoothness 
parameters (𝜈𝜈) of the Matérn covariance function were selected 
as 0.5 and 2.5. Then, the range parameter (𝜙𝜙) is computed for 
each case based on the combination of  𝜈𝜈 and  𝜙𝜙𝑒𝑒𝑒𝑒𝑒𝑒 . 
Accordingly, four different combinations of these two 
parameters (𝜈𝜈, 𝜙𝜙) along with the zero-mean and unity-variance 
of the stationary isotropic GP model form the four different 
scenarios summarized in Table 1. As discussed earlier, a pure 
random error following the distribution 𝑁𝑁(0, 𝜏𝜏2) is added. It 
should be noted that, due to a lack of published data regarding 
spatial correlations in machining process data, the four 
scenarios considered in this paper are fictitious. They were 
simply chosen to provide a healthy range of possible spatial 
correlation behaviors to explore this paper’s hypothesis. 

Table 1: Simulation Scenarios Model Parameters 

Scenario 𝝁𝝁 𝝈𝝈 𝝂𝝂 𝝓𝝓𝒆𝒆𝒆𝒆𝒆𝒆 ∅ 𝝉𝝉 

1 0 1 0.5 9 3 0.05 

2 0 1 0.5 22 7.344 0.05 

3 0 1 2.5 9 1.52 0.05 

4 0 1 2.5 22 3.716 0.05 

3.2. Turning Process Application Parameters  

In this study, a fictitious single straight turning cut is 
considered for a rod of 30 𝑚𝑚𝑚𝑚 length (𝑙𝑙) and 11 𝑚𝑚𝑚𝑚 initial 
diameter (𝑑𝑑𝑜𝑜). The constant cutting parameters of spindle speed 
( 𝑁𝑁 ), feed rate ( 𝑓𝑓 ), and depth-of-cut ( 𝑎𝑎 ) were set 
to 1800 𝑟𝑟𝑟𝑟𝑚𝑚, 0.5 𝑚𝑚𝑚𝑚/𝑟𝑟𝑟𝑟𝑣𝑣, and 0.5 𝑚𝑚𝑚𝑚, respectively. Given 
these product dimensions and process parameters occurring on 
a process where 𝑌𝑌(𝑠𝑠) is sampled at a rate (SR) of 1800 Hz, the 
following process simulation parameters can be calculated: 1) 
Cutting time 𝑡𝑡𝑐𝑐 = 60 × 𝑙𝑙 𝑁𝑁 × 𝑓𝑓⁄ = 2 seconds; 2) Number of 
revolutions (data grid columns) 𝑣𝑣 =  𝑡𝑡𝑐𝑐 × 𝑁𝑁/60  = 



 Mohammed S. Shafae  et al. / Procedia Manufacturing 53 (2021) 44–51 49
6 Mohammed Shafae et al./ Procedia Manufacturing 49 (2021) 000–000 

60 revolutions; 3) Total number of data points 𝑛𝑛 = 𝑡𝑡𝑐𝑐𝑆𝑆𝑆𝑆 =
3600 points; and 4) Number of points per a revolution (data 
grid rows) 𝑢𝑢 = 𝑛𝑛 𝑣𝑣⁄ = 60 points. Using these parameters, the 
data was simulated on a 60 × 60 2D-grid with  𝑣𝑣 -axis 
representing the part length of  30 𝑚𝑚𝑚𝑚 while the  𝑢𝑢 -axis 
representing the part circumference of 31.4 𝑚𝑚𝑚𝑚. Fig. 3 shows 
the simulated spatial point cloud data-set (top) for Scenario 1, 
listed in Table 1, and the corresponding temporal 
representation (bottom). It should be noted that the helical 
pattern that would exist in real turning data, discussed earlier, 
is neglected in the simulation study. This omission is justifiable 
since the tangent of the helix angle is typically very large and 
hence the helix angle (89.1𝑜𝑜 ) was approximated to be 90𝑜𝑜 , 
which will not affect estimation of the temporal model.  

 

 

Fig. 3. Simulated Data for Scenario 1: Spatial Point Cloud (top) and 
Temporal (bottom) Representations 

4. Modeling Performance Results Discussion  

As discussed in Section 2.3, performance metrics BIC and 
RMSPE were calculated to assess the relative modeling and 
prediction performances, respectively. Fig. 4 shows the relative 
performance of the temporal and spatial models of the same 
dataset in terms of a performance metric ratio. The black bars 
show 𝐵𝐵𝐵𝐵𝐵𝐵𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑜𝑜𝑇𝑇𝑇𝑇𝑇𝑇/𝐵𝐵𝐵𝐵𝐵𝐵𝑆𝑆𝑇𝑇𝑇𝑇𝑆𝑆𝑆𝑆𝑇𝑇𝑇𝑇, and hence a ratio greater than 
one indicates the modeling performance of the GP model 
learned from the spatial point cloud data representation is better 
than the GP model learned from the temporal data 
representation. Similarly, for prediction performance, the gray 

bars show  𝑆𝑆𝑅𝑅𝑆𝑆𝑅𝑅𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑜𝑜𝑇𝑇𝑇𝑇𝑇𝑇/𝑆𝑆𝑅𝑅𝑆𝑆𝑅𝑅𝑅𝑅𝑆𝑆𝑇𝑇𝑇𝑇𝑆𝑆𝑆𝑆𝑇𝑇𝑇𝑇 . Less prediction 
error is observed if the ratio is greater than one (a larger ratio is 
better).  

According to the results shown in Fig. 4, the point cloud data 
based model outperformed the temporal model for all four 
scenarios in terms of modeling and prediction performances. 
Inspecting the results more carefully reveals additional 
insights. For instance, the first two scenarios have the same 
level of smoothness (𝜈𝜈 = 0.5) but vary by the range (𝜙𝜙) values 
of  3 and  7.344  (varying levels of spatial correlation 
extension/memory), respectively. It is clearly seen that the 
farther out spatial correlation extends, the higher the 
performance gap between the spatial and the temporal models. 
The same can be observed within the results of Scenarios 3 and 
4. Another interesting finding occurs when the effective range 
is held constant at 9 for Scenarios 1 and 3 and at 22 for 
Scenarios 2 and 4 while varying the smoothness level; that is 
the higher the spatial smoothness, the more the spatial model 
outperforms the temporal model. Finally, when the range and 
the smoothness parameters are considered together, Scenario 4 
has the strongest spatial correlation while the weakest is 
Scenario 1 resulting in a large gap in the modeling and 
prediction performances. It should be noted that, while this 
simulation study was limited to a single replication per 
scenario, the results across all four scenarios consistently show 
superior performance from the spatial representations. 
Furthermore, the results are consistent with the hypothesis that 
as the range and the smoothness are increased performance of 
the spatial representation, with respect to the temporal 
representation, also increases.   

Fig. 4. Performance Metrics Ratio (Temporal Representation/Spatial 
Representation) 

While this pilot simulation study only considered four 
scenarios, it provides encouraging results towards conceptually 
demonstrating the modeling performance gap introduced in the 
research hypothesis of this paper. It was shown that this gap 
exists for fictitious data simulating a regularly gridded 
stationary isotropic Gaussian Process modeled with a zero 
mean structure and a Matérn covariance function at varying 
levels of spatial memory and smoothness. The choice of the 
Matérn covariance function, known for its high flexibility to 
simulate/model a wide range of spatial processes, as well as a 
wide range of simulation parameters allows the simulated 
scenarios to cover a wide range of potential correlation 
functions. This suggests that the observed performance benefits 
can be seen in other scenarios.  However, real-world data 
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collected from a wide variety of test cases are required to 
understand the scope of spatial correlations that exist in 
machining data, in non-temporal directions, and the specific 
machining regimes and process variables that would benefit the 
most from point-cloud representations. 

Another limitation of this study is the use of simulated data 
only. However, the data was simulated in a way that captures 
two key characteristics of real-world turning data. First, as 
discussed in Section 3.2, the simulated data structure replicates 
the structure that would be obtained in data collected from a 
turning process. Second, the simulated data, shown in Fig. 
3(bottom), show an oscillating behavior similar to that of 
machining vibrations, forces, and AE data. These two 
characteristics of the simulated data suggest that the relative 
performance comparison results obtained using the simulated 
data will apply to real-world data exhibiting spatial correlation 
patterns such as the one observed in the AE RMS polar map for 
face turning operation shown in Fig. 1.   

5. Conclusions and Future Research  

In-process machining data have been typically collected and 
structured as time-referenced measurements (i.e., time-series 
data) and utilized in this structure to develop statistical data 
models used in process monitoring and control methods. This 
paper argues that a time-only-referenced representation 
overlooks the 3D nature of the physical process generating the 
data since machining processes occurs over 3D space where 
each measurement of a machining process variable corresponds 
to a spatial location over the relative tool-workpiece motion 
path. Hence, machining data can be represented alternatively as 
functions of the tool-workpiece relative position resulting in a 
spatial point cloud data structure. Given the high-density nature 
of modern sensing data, spatially referenced machining data 
measurements could be highly correlated to nearby 
measurements in all spatial directions, resulting in machining 
data exhibiting spatial correlations structures that could be of 
physical meaning and value to preserve and leverage. 

In this paper, it was shown that preserving this information 
and modeling simulated data as spatial point clouds offers 
noticeably improved modeling capabilities as opposed to the 
traditional temporal representations. This finding was realized 
in a pilot comparative simulation study investigating the 
hypothesis that “considering the Gaussian process model class, 
the best model among all possible models developed using the 
spatial point cloud data structure has smaller/equal modeling 
and prediction errors compared to the best model among all 
possible models developed using the time-referenced data 
structure.” While this investigation only considered the case of 
stationary isotropic processes, it demonstrated that the 
performance gap was relatively large. This was especially true 
for simulated processes with higher ranges of spatial 
correlation extension/memory. Considering other realistic 
cases, such as anisotropic behavior where the correlation in a 
spatial direction (feed) is greater than the time (circumference), 
this performance gap will increase.  

The simulation study results encourage further 
investigations of this research hypothesis using real-world data 
to understand the types of spatial correlations that exist in 

machining data and the specific machining regimes and process 
variables that would benefit the most from the spatial point 
cloud representation of the data in different machining 
processes. For instance, when correlation only exists in the 
temporal direction, one would expect similar performances. 
Conversely, a significant performance gap is expected when 
the spatial correlation is more dominant in non-temporal spatial 
direction(s). Hence, it is worth investigating scenarios 
involving comparing the performance of temporal and spatial 
data-based models when having varying levels of process 
anisotropy and stationarity. Additionally, it should be noted 
that the choice of the Gaussian Process modeling class was 
mainly to investigate the relative performance research 
hypothesis and not to nominate GP models over other models. 
Hence, different model classes, other than the Gaussian 
Process, should be studied along with frequency domain 
models over both time and space. In addition to further 
investigations of the relative modeling performance, it is 
important to investigate the relative performance of process 
monitoring and control methods driven by models utilizing 
each of the data structures separately or in a hybrid manner as 
opposed to current time-only-referenced methods.     
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