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Abstract

The five-parameter Johnson-Cook (J-C) material model represents the behavior of a material under extreme mechanical loading, including high
temperatures, strains, and strain rates. The goal of this study is to estimate five J-C material parameters and chip thickness jointly for a given set
of force components, power, and temperature. The approach uses two neural network models on a dataset simulated by finite element analysis
for orthogonal cutting of aluminum 6061-T6. The first model develops a function approximator to predict the force components, power, and
temperature using a given set of J-C parameters and chip thickness for aluminum 6061-T6. The second model searches the input space of the
first model to estimate the J-C parameter values and chip thickness, given a set of targeted force components, power, and temperature of interest.
The performance of both neural network models is evaluated using mean absolute percentage error. The results suggest that the developed neural
networks-based approach is capable of estimating multiple J-C parameters and chip thickness that will result in a targeted force components,
power, and temperatures of interest, given starting ‘educated guesses’ about these values.
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1. Introduction

The Johnson-Cook (J-C) model consists of five parameters
that are used to describe the behavior of the material at high
strain (forces) and high temperature [1]. Estimating J-C param-
eters for the given temperature and forces allow us to improve
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machining productivity by enabling finite element simulation
of the cutting process [2].

In the past, researchers have taken different approaches
to estimate J-C parameters, including experimental and non-
experimental approaches. Experimental approaches use quasi-
static tests and dynamic tests at different temperatures and
forces to identify J-C constants [3]. For instance, Khan et al.
[4] used similar quasi-static and dynamic loading on different
temperatures and strain rates along with predictions by modi-
fied Khan-Huang-Liang (KHL) viscoplastic constitutive model
to identify the J-C constants. The Split-Hopkinson pressure bar
(SHPB) test [5] is a common experimental approach for identi-
fying J-C model parameters.

In contrast to experimental approaches, non-experimental
approaches estimate J-C parameters using purely numerical
and/or analytical approaches. For instance, Ning and Liang [6]
proposed an analytical method for estimating J-C parameters
based on the chip formation model in the orthogonal cutting
and J-C model where forces and temperatures were used as in-
puts. The authors used an algorithm based on the mathematical
equation of the chip formation model and J-C flow stress model.
Later, estimated parameter values were validated by comparing
their reference values from SHPB tests in literature. The same
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authors [7] developed another analytical model based on the
chip formation model and an iterative gradient search method
to identify J-C parameters using temperature and material prop-
erties. Furthermore, to validate the derived J-C parameters, they
predicted machining forces using derived J-C parameters and
then compared those with the respective forces obtained from
the experiment. Klocke et al. [8] used a similar iterative gradi-
ent search method with temperature and force measurements to
identify and validate the parameters for orthogonal cutting of
AISI 1045 and Inconel 718.

Due to the fact that experimental approaches are time-
consuming and costly, and per the availability of data by sim-
ulation, researchers have recently begun to use numerical ap-
proaches combined with experiment-based or simulated data
[9]. The numerical approach generally acquires data by Finite
Element Analysis (FEA) [10]. The accuracy of the numeri-
cal solution depends on the methods and the equations used
to determine the J-C parameters [11]. However, numerical ap-
proaches may show poor prediction results [12, 13].

Various algorithms have been developed to leverage FEA-
simulated data to obtain J-C parameters. For instance, Shrot
and Baker applied the Levenberg–Marquardt (L-M) search
algorithm [14] to identify J-C parameters based on FEA-
simulated data by minimizing the squared error between the
FEA-simulated and L-M algorithm-generated J-C parameters.
This method successfully estimated the J-C parameters and pro-
vided small errors between the parameter values and ground
truth values. However, only three of the five parameters were
calculated as identifying all five parameters is difficult. This
is because different parameter sets can yield similar changes
to cutting forces, implying a many-to-one relationship [15].
Furthermore, the L-M search algorithm is a single-objective
method that estimates each of the three parameters separately,
hence ignoring the possible interaction between the parame-
ters themselves. In another, more comprehensive approach, a
weighted multi-objective optimization method [16] was imple-
mented that used sets of data from quasi-static and split Hopkin-
son pressure bar (quasi-static and SHPB compression) experi-
ments with varying temperature and strain rates to identify all
five parameters by the same optimization model. Although this
proposed method is generally faster than other analytical meth-
ods, it still requires multiple SHPB experiments to determine
the parameters, rendering the approach experimentally expen-
sive and time-consuming.

In another study, Majzoobi et al. [17] combined experimen-
tal, numerical, and analytical methods to estimate the J-C pa-
rameters. They conducted experiments using SHPB and simu-
lation by FEA. They obtained the parameters by the analytical
optimization method [18]. The objective function minimized
the difference between numerical predictions and experiments.
Although the results are promising, this study also used SHPB
tests, which are time consuming and computationally expen-
sive. Hence, overall, although several types of research have
been conducted, the task of estimating J-C parameters remains
challenging due to high experimental cost and mathematical
and computational complexity.

Recently, data-driven machine learning (ML) methods have
gained popularity and shown great promise in machining pro-
cesses analysis [19]. This is primarily because ML methods are
capable of managing high-dimensional, multi-variate data, and
have the capacity of obtaining information from a complex,
even disorganized environment [20, 21]. Specifically, Neural
Networks (NN), have been successfully used as function ap-
proximators to bypass the need for future simulations, given
that the NNs are trained on historical simulation data. For in-
stance, Bobbili et al. [22] estimated flow stress of 7017 alu-
minium alloy under high strain using a NN model. Similarly,
many recent works use NN model to predict the deformation
behavior of different materials, bypassing computationally ex-
pensive alternatives [22, 23, 24].

One of the main challenges in estimating J-C parameters is
due to the many-to-one relationship. That is, although given a
set of J-C parameters, the resulting temperature and force can
be accurately estimated using function approximators, such as
NN, the reverse is not necessarily the case. Hence, it is much
more difficult to estimate J-C parameters accurately based on a
given target temperature and force in practice. One method to
solve this problem is response surface methodology (RSM). In
ML, RSM [25] works in the case of many-to-one relationship
by finding patterns and relations between several inputs and
one or more outputs. Many studies of machining processes use
RSM to estimate machining parameters [26, 27]. For example,
Malakizadi et al. [28] used the RSM method to identify the flow
stress in metal cutting process and estimate J-C parameters.
They obtained better prediction results than many of the previ-
ous works. However, computational cost of iterative FEA sim-
ulations causes this approach to remain inefficient in practice.

In this study, we develop a NN-based framework to estimate
J-C parameters. Different from past work (e.g., [14]) we
develop a multivariate regression model to simultaneously
estimate all J-C parameters, hence accounting for the interac-
tions between the parameters. In addition, different from past
works that use RSM to address the many-to-one relationship,
in this study we devise an approach that relies on the timing
of training in different layers of a NN. Our proposed approach
allows for an efficient, reliable, and accurate method to estimate
the J-C parameters from given target temperature and force.

The rest of the manuscript is organized as follows. Section 2
discusses the data used in this study and describes the methods
and models developed in detail. Section 3 presents the results
and describes the validation. Section 4 provides a discussion
and expands on the future works. Finally, Section 5 concludes
the study.

2. Methods

In this study, we develop a method to estimate J-C parame-
ters. Specifically, we develop two NN models, including a for-
ward model and a backward model. In the forward model, a
multivariate NN regression model predicts the four-tuple out-
put variables (including force components, power, and temper-
ature) from six-tuple input variables (five J-C parameters and
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chip thickness). Consequently, the backward model, which is
also a NN, specifically a modified version of forward model,
estimates five-tuple J-C parameters and chip thickness using
four-tuple outputs.

2.1. Data

The Johnson-Cook flow stress model has been widely stud-
ied in the literature. See Eq. 1, whereσ is the flow stress, ε is the
equivalent plastic strain, ε̇ is the strain rate, T is the deforma-
tion temperature, and Tm is the melt temperature. The material
constants are A, B, n,C and m, where A is the yield strength of
the material under reference conditions, B is the strain harden-
ing constant, n is the strain hardening coefficient, C is the strain
rate strengthening coefficient, and m is the thermal softening
coefficient. Also, ˙εref and Tre f are the reference strain rate and
the reference deformation temperature.

σ = (A + Bεn)(1 +C ln(ln( ε̇˙εre f
))(1 − ( T−Tre f

Tm−Tre f

m
)) (1)

Multiple authors report the Eq. 1 material constants for
6061-T6 aluminum [29, 30, 31, 32, 33, 34, 35, 36, 37, 38], the
workpiece material selected for this study. A summary of these
values is provided in Table 1.

Table 1: Johnson-Cook flow stress model parameters. The last two rows show
the mean and standard deviation (SD), respectively.

Reference A
(MPa)

B
(MPa)

C n m

29 324 114 0.0020 0.4200 1.3400
29 250 79.7 0.0249 0.4990 1.499
30 293.4 121.2 0.0020 0.2300 1.3400
31 324.1 113.8 0.0020 0.4200 1.3400
32 250 70 0.0010 0.4990 1
32 250 70 0.0010 0.4990 1.3150
32 250 79 0.0249 0.4990 1.4990
32 250 137 0.0205 0.4990 1.4990
32 250 209 0.0010 0.4990 1.4990
33 275 86 0.3900 1
33 324 114 0.0020 0.4200 1.3400
33 335 85 0.0120 0.1100 1
33 250 79.7 0.0249 0.4990 1.4990
34 324 114 0.0020 0.4200 1.3400
35 236.7 41.2 0.0411 0.0840 1.4100
35 293.4 121.2 0.0020 0.2300 1.3400
35 324 114 0.0020 0.4200 1.3400
36 275 86 0.0031 0.3900 1
36 324 114 0.0020 0.4200 1.3400
37 324 114 0.0020 0.4200 1.3400
37 164 211 0.0019 0.4650 1.4190
38 293 121.2 0.0020 0.2300 1.3400
38 324 114 0.0020 0.4200 1.3400
Mean 282.9 109.1 0.0081 0.3905 1.3210
SD 42.9 39.2 0.0114 0.1252 0.1640

Fig. 1: Orthogonal cutting force model.

The final two rows of Table 1 give the mean and standard de-
viation values for the five J-C parameters. Values for A, B,C, n,
and m are randomly sampled from normal distributions cen-
tered at the mean value with one standard deviation (Table 1).
We use the data generated from an FEA software called Advant-
Edge. FEA is a computer-simulated numerical method for pre-
dicting the behavior of physical phenomena, such as machining.
AdvantEdge is a popular FEA software used to model machin-
ing processes and predict cutting performance. It provides an
alternative to trial-and-error cutting tests.

The sampled 6061-T6 aluminum Johnson-Cook material
model is defined manually in AdvantEdge. The software runs
the orthogonal cutting simulation to the specified cutting pa-
rameters. The simulation parameters that are varied are the five
J-C coefficients (A, B,C, n,m), chip thickness (h). The follow-
ing orthogonal cutting parameters are specified: cutting speed
(480 m/min); chip width (1 mm); and variable chip thickness
(0.13, 0.14, 0.15, 0.16, 0.17 mm). Each set of J-C parameters is
used for a simulation at each of the five chip thickness values.
A linear regression is performed to extract the slope, which rep-
resents the cutting force coefficient that relates the force com-
ponent to the chip area (i.e., the product of chip thickness and
width). The friction coefficient is set to a fixed value of 0.5.
The outputs are tangential force (Ft), normal force (Fn), power
(P), and temperature (T ). The outputs are measured across their
steady-state portion to provide an average value. The cutting
force components (Ft, Fn) are the products of the cutting force
coefficient (kt, kn), the chip thickness (h), and the chip width
(b).The chip thickness is shown in the Fig. 1. The chip width
dimension is into the page/computer screen.

Overall, the dataset consists of 1,000 observations (i.e., 200
sets of sampled J-C parameters for the five chip thicknesses)
with ten variables (see the appendix). The input variables are
five J-C parameters and chip thickness (h), and the output vari-
ables include Ft, Fn, P, and T .

2.2. Neural Networks: Forward and Backward Approaches

We provide a brief theoretical overview of our neural net-
work approach for J-C parameter estimation. An artificial neu-
ral network or simply NN is an algorithmic series that finds
underlying patterns in a set of data. It is comprised of an in-
put layer, a series of hidden layers, and an output layer. Given
data, NNs learn to estimate/predict the output data using the
input data. This is done through adjusting a series of weights
and bias values in each layer of the network and applying ac-
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tivation functions. Specifically, each layer of a NN consists of
many neurons. Every neuron in a given layer is connected to all
neurons in the next layer with a weight. The value of each neu-
ron in a layer is the summation of all neurons from the previous
layer multiplied by their corresponding weights, plus a bias, to
which an activation function is applied.

Fig. 2 provides a simple NN model with an input layer
consisting of three neurons, a hidden layer consisting of two
neurons, and an output layer of one neuron. The weights
W1, . . . ,W8 indicate the weights of each connection to the next
neuron. The value X2,1 is calculated as X2,1 = f (X1,1 ·W1+X1,2 ·
W3 + X1,3 ·W5 + b) where f (·) is the activation function and b is
bias. Similarly, X2,2 = f (X1,1 ·W2 + X1,2 ·W4 + X1,3 ·W6 + b).

Fig. 2: A simple NN model with three layers.

For our purposes, we refer to any such neural network that
is trained to predict a set of outputs from a set of inputs as
a forward model. Once trained, forward models can readily
predict outputs from their corresponding inputs. Sometimes,
as is the case in this study, we may be interested to predict
inputs from outputs. Assuming that the output layer is smaller
in dimensionality than the input layer (which is true both in our
study and in many neural network applications), then simply at-
tempting to build a NN for the reverse mapping (i.e., predicting
inputs from outputs) may result in poor model performance.

To address this, instead of building a NN to directly pre-
dict inputs (higher dimension) from outputs (lower dimension),
we develop a backward model. This backward model leverages
the forward model to efficiently search the input space for an
input vector that produces a desired output vector. The model
includes the same layers (and weights) as the forward model,
which are fixed during training. Given a target output layer, the
model performs gradient descent over its input layer so as to
minimize the distance between the predicted and target output
(as measured by mean squared error). The result is an input vec-
tor that (approximately) produces the desired output when fed
through the forward model.

Since there may be many possible inputs for each output,
the backward model will produce a locally-optimal weight so-
lution (i.e., an input corresponding to the desired output) that
can vary based on the input’s initialization. Running the back-
ward model multiple times, with different initializations, can
thus yield multiple inputs that, when fed through the forward

model, produce the desired output. More formally, if h(x) rep-
resents the output of the learned forward model, h(·), given in-
put x, then for a desired output y the backward model (locally)
solves arg minx ||(y − h(x)||2, where || · || is the Euclidean norm.

Note that to make the search over the input space possi-
ble, the architecture of the backward model is slightly altered
from the forward model. This is mainly to account for the
fact that NNs do not perform gradient descent over their in-
puts (the desired operation for the backward model), but rather
their weights. Specifically, we replace the forward model’s in-
put layer with a hidden layer, whose activations represent the
input vector that is subsequently fed to the remaining layers.
Preceding this hidden layer is a single input unit that is always
set to 1, which is connected to the hidden layer via connection
weights. The weights in this layer can thus be interpreted as the
values of the input vector which is of interest. This is because
setting their antecedent input unit to 1 ensures that their subse-
quent activations are equal to the weight values. This layer is
the only layer that is trained during the backward model run,
such that training the backward model to produce a desired out-
put necessarily trains these weight values to be equal to a viable
input solution. Thus, the backward model’s ‘solutions’ are not
neural network outputs, but rather the learned weights of the
first hidden layer.

Note that given this architecture and training process, the
backward model must be separately trained for each desired
four-tuple output. This is because each training run produces a
single weights vector for the first layer. Lastly, it is worth men-
tioning that this training architecture can yield multiple inputs
for a given output (despite the model’s fixed input unit of ‘1’).
This is due to the initialization of the first layer’s weights and
the fact that, consistent with the literature, training stops when
a local optimal is achieved.

2.3. Models

We leverage two NNs as described in Section 2.2: the for-
ward model, predicts four-tuple output variables (Ft, Fn, P, T )
from a given six-tuple input vector (five J-C parameters and
chip thickness h) and the backward model, searches the input
space of the forward model to estimate a six-tuple input vector
that produces a target four-tuple output.

Forward NN model: We develop a multivariate NN regression
model consisting of three layers, i.e., an input layer with six
neurons for six-tuple inputs, a hidden layer with 20 neurons
(the number of the neurons of the hidden layer is determined
by back-propagation method [39]), and an output layer with
four neurons for four-tuple outputs. Fig. 3(a) shows forward NN
model contains one input layer with six neurons representing
six-tuple input, one hidden layer with twenty neurons, and an
output layer with four neurons representing four-tuple output.

The forward NN model uses a uniform kernel initializer with
a random seed. The rectified linear activation function (RELU)
is used as the activation function in the hidden layer. The linear
activation function is used for the output layer.
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(a) Forward NN model (b) Backward NN model

Fig. 3: (a) Forward NN model consists of one input layer with six neurons representing six-tuple input, one hidden layer with 20 neurons, and an output layer with
four neurons representing four-tuple output; (b) Backward NN model consists of one input layer of a single neuron, two hidden layers, and an output layer with
four neurons. In essence, this model includes the trained forward model, plus one additional layer that is trainable. Specifically, the solid lines indicate trainable
parameters, while dashed lines indicate previously trained/fixed parameters. The model is trained on the input layer only so it learns to adjust the six-tuple weights
of the input layer to predict the target four-tuple output. The resulting adjusted weights are the six-tuple input variables of interest.

Backward NN model: As described in Section 2.2, the
backward model reformulates the six-tuple input layer of
the forward model as a hidden layer, then performs gradi-
ent descent over this layer to yield the six-tuple input that
corresponds to a desired four-tuple output. Fig. 3(b) shows
backward model with solid lines indicate trained parameters,
dashed lines indicate fixed parameters. The backward NN
model uses a constant kernel initializer and zero bias with a
sigmoid activation function in the input layer. All models are
developed in python using the library Keras [40].

2.4. Model Training and Evaluation

We set aside 30 percent of the data for testing. In the forward
model, we use 70 percent of the remaining data for training
and 30 percent for validation. In training, the forward model
uses a batch size of 50 and trains for 250 epochs with an early
stopping based on validation loss, and a patience of 15. Recall
that the backward model is a modified neural network method
that searches the forward model’s input space to identify an in-
put vector that maps to a desired output vector. Hence, because
the adjusted weights of the input layer are the estimated J-C
parameters and chip thickness, no data are separated for testing.

To evaluate the forward and backward models, we perform
a series of steps. Next, we provide an overview of these steps
(also depicted in Figure 4) and introduce our notation as
follows. We then provide additional details.

Step 0: We denote the original dataset by (X, Y), with the in-
put variables X (i.e., six-tuple J-C parameters and chip
thickness) and the output variables Y (i.e., four-tuple
(Ft, Fn, P, T )’s).

Step 1: Use the forward model to predict four-tuple output vari-
ables, yielding predictions Y ′.

Step 2: Compare Y and Y ′. This provides an estimated error
between ground truths Y and the predicted output
variables Y ′.

Fig. 4: Overview of the evaluation process.

Step 3: Given output variables Y , use the backward model to
estimate input variables X′. We execute the model using
initial random weights with up to 1%, 5%, 10%, 15%,
20%, and 25% deviations from ground truths X. These
deviations are equivalent to making ‘educated guesses’
of the ground truth input values that yield Y .

Step 4: Compare X and X′. This provides an estimated error be-
tween ground truths X and the estimated input variables
X′.

Step 5: Use X′ in the forward model to predict four-tuple output
variables, yielding predictions Y ′′.

Step 6: Use X′ in the FEA software to perform simulations and
obtain four-tuple output variables Y ′′′.
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Step 7: Compare Y ′′ and Y ′′′. This provides an estimated error
between the predicted four-tuple output variables from
the forward model Y ′′ and the FEA simulated four-tuple
outputs Y ′′′.

Step 8: Compare Y and Y ′′′. This provides an estimated error
between the ground truths Y and the FEA simulated
four-tuple outputs Y ′′′.

For forward model evaluation (evaluation steps 1-2), we use
mean absolute percentage error (MAPE) which measures the
percentage error between the predicted output variables and
the ground truths (i.e., actual variable values). Furthermore, to
present the degree of generalizability of the model, we perform
bootstrapping 10 times [41] per the 30%/70% training and test-
ing breakdown, and evaluate average MAPE across the trials
and provide confidence intervals (CIs) [42]. Finally, we bench-
mark these results against those of univariate regression models.
That is, we show the discrepancy in MAPE when the forward
model applies univariate regression, predicting each response
variable separately, versus multivariate regression, predicting
all response variable simultaneously, and provide insights about
the observed discrepancy.

For backward model evaluation (evaluation steps 3-8), we
also use MAPE. First (evaluation steps 3-4), for any given four-
tuple output, we assess the backward model’s ability to recover
the corresponding six-tuple input vector. To do this, we initial-
ize the backward model’s first layer with weights that differ
from the ground truth six-tuple input vector by varying amounts
(1-25% deviations as well as random initialization). We then
calculate MAPE between the ground truth and the estimated
six-tuple inputs. This allows us to assess the model’s ability to
recover six-tuple ground truth inputs even when its initialization
differs considerably from these desired six-tuple vectors.

Note that since there may be multiple six-tuple inputs that
produce the same four-tuple output, the backward model may
yield different six-tuple input vectors than the ground truths.
Thus (evaluation steps 5-8), we evaluate whether the backward
model’s recovered six-tuple vectors produce the desired four-
tuple outputs, even if the input vectors differ from the ground
truths in the training set. As such, we first use the estimated six-
tuple input vectors and compare the resulting predicted four-
tuple output variables from the forward model and the FEA
software to validate the applicability of the forward model to
these data. Next, we compare the four-tuple ground truth out-
puts in the training set with the simulated outputs that are ob-
tained from the estimated six-tuple input vectors. This evaluates
the backward model’s ability to identify other ‘candidate’ six-
tuple inputs for a desired four-tuple output, besides those in the
training set.

3. Numerical Results

3.1. Descriptive Statistics

Table 2 provides the mean, standard deviation (SD), and
quantiles of the variables included in this study. Fig. 5 shows

the histograms of the four FEA simulation output variables. As
seen in the figure, despite the relatively skewed/non-uniform in-
put variables, the FEA simulation output variables are approxi-
mately normally distributed.

Table 2: Descriptive statistics of the variables.

Mean SD Min 25% 50% 75% Max

A (MPa) 282.38 27.21 164.00 282.94 282.94 282.94 378.63
B (MPa) 107.12 23.55 17.87 109.10 109.10 109.10 211.00
C 0.0096 0.0056 0.0010 0.0081 0.0081 0.0081 0.0411
n 0.3839 0.0699 0.0840 0.3905 0.3905 0.3905 0.6606
m 1.3150 0.0860 0.8239 1.3208 1.3208 1.3208 1.5840
h (mm) 0.1500 0.0141 0.1300 0.1400 0.1500 0.1600 0.1700

Ft (N) 130.84 14.30 89.72 121.07 130.32 139.41 193.33
Fn (N) 85.73 8.79 60.79 80.02 85.29 90.45 125.42
P (W) 1046.67 114.32 717.73 968.58 1042.51 1115.31 1546.60
T (◦C) 320.55 25.43 241.56 308.28 321.45 331.95 424.87

3.2. Forward model

Table 3 presents the MAPE and the corresponding 95%
confidence interval (CI), per evaluation step 2, for the 10
bootstrapped trials when forward model performs multivariate
regression, predicting all four-tuple outputs simultaneously.
Compare these results with those in Table 4, which presents the
MAPE and the corresponding 95% CI for the 10 bootstrapped
trials when forward model performs univariate regression,
predicting each output separately. As seen in the tables, the
MAPE values are overall lower when performing multivariate
regression. Specifically, the mean MAPE for multivariate
forward model is 2.085%, whereas the mean MAPE for the
univariate forward model is larger, at 2.16%. This is due to the
fact that the univariate forward model separately predicts each
output variable, ignoring the correlation between the output
values that is shown in Table 5.

Table 3: MAPE and CIs for mutivariate forward model.

Variable MAPE (%) 95% confidence interval
of MAPE

Ft (N) 1.83 (1.59 , 2.06)
Fn (N) 2.32 (1.98 , 2.67)
P (W) 1.89 (1.65 , 2.14)
T (◦C) 2.30 (1.98 , 2.63)

3.3. Backward model

Table 6 presents an example of the evaluation step 4, where
we compare the ground truths versus estimated values from
the backward model for a randomly selected example from
the dataset (with the target values of Ft = 125.4330 (N),
Fn = 83.9820 (N), P = 1003.4700 (W), T = 322.1459 (◦C)
and initializers 1% deviated from the ground truths). As seen
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(a) Histogram of Ft (N) (b) Histogram of Fn (N)

(c) Histogram of P (W) (d) Histogram of T (deg C)

Fig. 5: Histograms of the output variables of FEA simulated dataset. All output variables are approximately normally distributed.

Table 4: MAPE and CIs for univariate forward model.

Variable MAPE (%) 95% confidence interval
of MAPE

Ft (N) 1.98 (1.74 , 2.22)
Fn (N) 2.11 (1.70 , 2.51)
P (W) 2.04 (1.71 , 2.36)
T (◦C) 2.51 (2.14 , 2.89)

Table 5: Correlation matrix for FEA output variables.

Ft (N) Fn (N) P (W) T (deg C)

Ft (N) 1.0000 0.7350 1.0000 0.7024
Fn (N) 0.7350 1.0000 0.7350 0.8479
P (W) 1.0000 0.7350 1.0000 0.7024
T (◦C) 0.7024 0.8479 0.7024 1.0000

in the table, the absolute percentage deviation (APD) of the es-
timated values from target values is very low, suggesting that
the backward model can estimate the J-C parameters and chip
thickness within 99% accuracy starting with a small deviation
for this randomly selected example.

Next, we feed these estimated values to the forward model
to examine if these estimated values can indeed recover the
desired four-tuple outputs. Table 7 presents the ground truth
values of the FEA output variables from the dataset that are

Table 6: Ground truths versus estimated values by the backward model for a
randomly selected example from the dataset with the target values of Ft =

125.4330, Fn = 83.9820, P = 1003.4700, T = 322.1459 and initializers 1%
deviated from the ground truths. [APD: absolute percentage deviation]

Variables Ground Truths Estimated Values APD (%)

A (MPa) 282.9391 283.4605 0.1842
B (MPa) 109.0947 109.2509 0.1431
C 0.0081 0.0080 1.2345
n 0.3905 0.3930 0.6402
m 1.3208 1.3172 0.2725
h (mm) 0.1400 0.1399 0.0714

Table 7: Ground truths versus predicted values by the forward model for the
ground truths and estimated variables presented in Table 6.

Variables Ground Truths Predicted Values

Ft (N) 125.4330 124.9237
Fn (N) 83.9820 82.0941
P (W) 1003.4700 999.1153
T (◦C) 322.1450 318.5349

used to estimate the input variables given in Table 6, compared
with their predicted values by the forward model. As seen in
the table, as expected, the ground truths are very close to the
predicted values.
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Table 8: Mean MAPE between the ground truths and the estimated input vari-
ables from the backward model, for 10 random examples at various degrees of
deviations in weight initializations.

Deviation
(%)

A (MPa) B (MPa) C n m h (mm)

1 0.0778 0.3454 0.5407 0.2395 0.21226 0.0272
5 0.5306 1.4752 4.1146 1.6229 1.4632 0.1475
10 1.6122 3.1445 7.3996 5.1117 2.5431 0.2945
15 2.3090 7.2557 11.9730 5.0682 5.0269 0.6133
20 3.3216 9.8737 13.6400 13.1130 5.1116 0.7455
25 3.2894 16.3770 14.4090 14.4090 6.8646 0.6105

Fig. 6: Mean MAPE between the ground truths and the estimated input vari-
ables from the backward model, for 10 random examples at various degrees of
deviations in weight initializations.

In the following, we more thoroughly compare the ground
truth inputs and the estimated inputs, as well as the ground truth
outputs and the predicted and simulated outputs from the esti-
mated inputs for a larger set of examples. Table 8 shows the
mean MAPE between the ground truths and the estimated input
variables (per evaluation steps 3-4), for 10 random examples
given the various degrees of deviations in weight initializations.
As Table 8 suggests, the backward model can generally estimate
input variables that are very close to the ground truths for small
deviations in weight initializations (i.e., 1-5%). However, the
errors are somewhat larger for larger deviations (i.e., 20-25%),
with up to 16% error when starting as far as 25% away from
ground truths. Fig. 6 presents the scatter plot of Table 8.

Next, per evaluation steps 5-8, we investigate whether the
estimated input variables, fed to the forward model, will result
in predicted four-tuple output variables that are consistent with
the results of FEA software, and whether these resulting FEA
simulated outputs are close to the ground turth outputs in the
training set. As discussed, if this is the case, it suggests that al-
ternative, viable ‘candidate’ solutions are identified by the NN-
based approach. Table 9 presents the mean MAPE between the
predicted four-tuple output variables from the forward model
and the FEA simulated outputs for the estimated input values.
As seen in the table, the mean MAPE across all variables is

Table 9: Mean MAPE between predicted four-tuple output variables from the
forward model and the FEA simulated outputs for the estimated input values,
whose difference with ground truth inputs are presented in Table 8.

Deviation % Ft (%) Fn (%) P (%) T (%) Average (%)

1 1.94 1.31 2.28 1.37 1.73
5 1.99 1.30 2.33 1.57 1.80
10 0.40 1.31 0.40 0.56 0.67
15 2.06 1.14 2.33 1.47 1.75
20 2.08 1.54 2.12 1.50 1.81
25 2.52 1.82 2.91 1.44 2.17

limited to 3%, suggesting that the forward model can be confi-
dently applied to the estimated inputs and will produce results
that are comparable to those of an FEA software. Next, Table
10 presents the mean MAPE between the ground truths and the
FEA simulated outputs for the estimated input values. Again,
as seen in the table, the mean MAPE across all variables is
limited to 5%, whereas the mean MAPE in the estimated input
values ranges up to 16% in Table 8. These results suggest that
although the estimated input values may be different from those
in the training set, they indeed produce the the four-tuple out-
put values of interest. Hence, in each execution, the proposed
NN-based approach can properly estimate one of the many sets
of J-C parameters and chip thickness that would result in the
target output variable.

Table 10: Mean MAPE between the ground truths and and FEA simulated out-
puts for the estimated input values, whose difference with ground truth inputs
are presented in Table 8.

Deviation % Ft (%) Fn (%) P (%) T (%) Average (%)

1 0.29 0.94 0.29 0.32 0.45
5 0.50 0.96 0.51 0.47 0.61
10 0.51 0.96 0.51 .47 0.67
15 0.40 1.31 0.40 0.56 0.54
20 4.51 4.94 4.51 4.05 4.50
25 1.03 1.50 1.03 1.01 1.14

4. Discussion and Future Work

The goal of this study was to develop an approach to estimate
J-C parameters and chip thickness for a given set of outputs in-
cluding cutting force, stress, strain, and temperature, using a
dataset obtained form FEA software simulations. The task at
hand was complicated due to a many-to-one relationship where
different sets of J-C parameters and chip thickness resulted in
similar outputs. We developed a NN-based approach to estimate
the parameters despite such many-to-one relationships. Specif-
ically, we developed a forward model, as a function approxi-
mator, to bypass the need for future simulations. In addition,
we used this model as part of a backward model to efficiently
search the input space of the forward model to estimate J-C
parameters and chip thickness that would result in a targeted
output vector of interest.
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We performed throughout analysis and evaluation of the pro-
posed approach. Our results showed that even when initializing
the weights in the backward model far away from their ground
truths, the model was able to recover viable ‘candidate’ J-C pa-
rameters and chip thickness. Specifically, even with up to 25%
deviations from the ground truths, which resulted in up to 16%
MAPE between the ground truth inputs and the estimated in-
puts (Fig. 6 and Table 8), the estimated inputs indeed pointed
to the targeted outputs of interests, with only up to 5% MAPE
(Table 10).

Because most of the existing studies estimate J-C parame-
ters using experimental methods such as SHPB tests and the
detailed values are not readily accessible, we leave thorough
benchmarking of the proposed approach to future work. As
a straightforward benchmark for the proposed NN-based ap-
proach, and in particular the backward model, however, we de-
veloped a new NN model, which simply mapped the four-tuple
outputs to the six-tuple inputs. Per our preliminary results, the
average MAPE of this NN model was on the order of 12%,
which is much higher than the up to 5% MAPE reported in
Section 3.

It is worth mentioning that in the current experiments, we
initialize the weights in the backward model that are relatively
close to the input ground truths, i.e., randomly selected values
with up to 25% deviation. This is equivalent to an ‘educated
guess’ by the user. Therefore, the next steps include extending
the model to be able to estimate the input variables starting from
any initial random weights.

In addition, future research includes incorporating genera-
tive models, such as variational autoencoders [43, 44] or gen-
erative adversarial networks [45], into the backward model ar-
chitecture, which can generate a distribution of feasible input
parameters given a desired output. Another extension is to mod-
ify the approach to estimate multiple candidate inputs (multiple
local optimal solutions) in a single execution of the model.

5. Conclusion

In this study, we developed an NN-based approach to esti-
mate six-tuple J-C parameters and chip thickness, given a tar-
geted set of four-tuple outputs such as cutting force, stress,
strain, and temperature. A straightforward NN model was un-
able to predict the six-tuple inputs from the four-tuple outputs.
Hence, we devised an unorthodox backward model to search
the input space of a forward model to accurately estimate the
six-tuple inputs. Our results suggest that the proposed approach
can estimate the J-C parameters and and chip thickness such
that when they are implemented as part of FEA simulations,
they can closely produce the targeted outputs.

6. Appendix

Dataset is available at this link.
Code is available at GitHub.
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