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A B S T R A C T   

Water quenching is an effective heat treatment process to produce high-quality metallic structures. Accurate and 
efficient prediction of the full-field temperature inside the part to capture and control the residual stresses and 
part quality remains a challenging task. This paper proposes a simple and easy-to-use model for full-field tem-
perature recovery during water quenching processes, using physics-informed machine learning (ML). The novelty 
of the ML framework is that it only needs temperature measurements of sparse locations to efficiently/accurately 
recover the full spatio-temporal temperature field without invoking sophisticated multiphysics simulations. The 
ML framework consists of two tightly connected neural network (NN) models: (1) Firstly, a physics-informed 
neural network (PINN)-based surrogate model is constructed. The surrogate model, which approximates a 
high-fidelity finite element model, is responsible for quickly outputting the full-field temperature distribution 
from the parameterized thermal boundary conditions (BCs). (2) Then, another neural network is constructed to 
project the available experimental data onto the surrogate model and learn the optimal thermal BC from the 
parametric space, which produces the best full-field temperature prediction in the surrogate model. The proposed 
ML framework features high efficiency, accuracy, and universality for temperature prediction in quenching 
processes. These features are carefully demonstrated and the framework is validated using experimental 
measurements.   

1. Introduction 

Water quenching is an effective heat treatment process widely used 
in mechanical, aerospace, and automotive industries for rapid cooling of 
metallic workpieces to obtain specific mechanical propertie. 

In water quenching, rapid and non-uniform cooling can generate 
undesired residual stress and distortion, which are detrimental to the 
structure’s functionality and even cause structural failure. Thus, pre-
dicting the resulting residual stress and distortion of quenched parts has 
been one of the core research areas for water quenching processes. 
However, this task is challenging due to the fast transient thermal pro-
cess that includes the strong coupling of thermal, metallurgical, and 
mechanical interactions. To tackle this challenge, it is imperative to 
obtain the accurate full spatio-temporal temperature field, which is 
significantly influenced by many physical parameters, including part/ 
tank geometry, dipping rate, and flow condition in the quenching tank. 

Many experiments have been conducted to acquire the temperature 

inside quenched parts during quenching processes. Xiao et al. (2010) 
measured the temperature evolution of an aluminum-based alloy during 
water quenching under different agitation and orientation conditions. 
Wang et al. (2011) studied the effects of multiple factors in gas 
quenching, such as gas velocity, pressure, temperature, gas mixture, part 
orientation, gas temperature, gas humidity, surface roughness, oxide, 
and material on the interfacial heat transfer. Mozumder et al. (2014) 
investigated the heat transfer characteristics of a rotating hollow steel 
cylinder during water quenching. These experiments provide valuable 
data to help us understand quenching physics and validate numerical 
models. However, quenching experiments can only measure tempera-
ture history on limited locations using thermocouples (TCs), and the 
measurement is not only sparse but also intrusive. It is still challenging 
to experimentally obtain an accurate and full temperature field. 

Computational models are recently used in the quenching commu-
nity to obtain the full temperature field. The most commonly used ap-
proaches rely on the heat transfer coefficients (HTCs) to obtain the 
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interior temperature of the structure. This type of approach is cost- 
effective since the multi-physics of the quenching tank are lumped 
into the HTCs, and only the heat transfer inside the structure is solved. 
However, these models are empirical, prone to errors, and require an 
extensive testing matrix to calibrate the HCTs, based on measured 
temperature data at selected locations of the workpiece. On the other 
hand, computational fluid dynamics (CFD) has been attracting attention 
in quenching simulations in recent years. Schuettenberg et al. (2005) 
conducted numerical investigation of the gas quenching with jet flow 
field. Xiao et al. (2011) simulated air convection effects on aluminum 
alloy cooling. Anon (2009) studied how quenching media and structure 
orientation influence the quenching process. To obtain high-fidelity 
predictions, the CFD models explicitly resolve the multiphase flow be-
haviors in the quenching tank and their interaction with quenched 
structures, as suggested by Lua et al. (2021). The advantage of these 
approaches is that they can predict the temperature evolution in the 
structure directly from quenching parameters. However, these models 
require sophisticated interface-capturing methods, such as level set/-
volume of fluid, to resolve the multiphase flow and phase transitions, 
including evaporation and condensation. The wall-bounded flows with 
large Reynolds number also need high mesh resolutions to capture the 
turbulent flows and thin boundary layers, leading to prohibitive 
computational cost. 

Recent years have witnessed the boom of application of machine 
learning (ML) and data-driven models to engineering design and anal-
ysis. Liu et al. (2016) built a self-consistent clustering tool to analyze 
inelastic heterogeneous material properties. Balu et al. (2019) applied 
deep learning to bioprosthetic heart valves design. Mozaffar et al. (2019) 
applied deep learning to investigate path-dependent plasticity. Liu 
(2020) developed a data-driven material model, which enables accurate 
and efficient prediction of multiscale responses for heterogeneous ma-
terials with interfacial effects. Prasad et al. (2021) proposed a differ-
entiable non-uniform rational basis spline (NURBS) module to integrate 
the NURBS representation of CAD models with artificial neural network 
(ANN). He and Tartakovsky (2021) constructed machine learning 

models to solve convection-diffusion systems. A number of successful 
applications of ML-based models to metal additive manufacturing (AM) 
can also be found in the literature. For example, Yan et al. (2018) pro-
posed a data-driven framework to derive the process-structure-property 
relationships for metallic additive manufacturing. Paul et al. (2019) 
utilized an iterative machine learning approach for real-time tempera-
ture profile prediction in additive manufacturing processes. Zhu et al. 
(2021) developed a physics-informed neural network (PINN) to predict 
the temperature and melt pool fluid dynamics for selective laser beam 
melting processes. Xie et al. (2021) developed a mechanistic data-driven 
model to predict built mechanical properties of additive manufactured 
metals. 

In light of the success of ML in other domains, this paper proposes an 
ML framework to accurately and efficiently recover the full spatiotem-
poral temperature field during water quenching processes. The ML 
framework consists of two tightly connected neural network (NN) 
models. Firstly, a physics-informed neural network Raissi et al. (2019) 
(PINN)-based surrogate model is constructed. The surrogate model, 
which approximates a high-fidelity finite element model, is responsible 
for quickly outputting the full-field temperature distribution from the 
parameterized thermal boundary conditions (BCs). Then, another NN is 
constructed to project the available experimental data onto the surro-
gate model and learn the optimal thermal BC from the parametric space, 
which produces the best full-field temperature prediction in the surro-
gate model. The ML model can be utilized in conjunction with experi-
ments by manufacturing engineers to quickly obtain the full-field 
thermal history of the quenched parts to evaluate residual stress and part 
distortion. The novelty of the ML framework is marked by .  

1. It utilizes PINN to construct a fast evaluation surrogate model, which 
does not rely on big training data and can efficiently output the full- 
field temperature for a given boundary condition. PINN provides 
advantages over traditional data-driven NNs that often have training 
difficulties in data scarcity problems. PINN encodes fundamental 
physical laws into the training process to relax the dependency of ML 

Fig. 1. Overview of the proposed ML framework.  
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models on data and improves the performance in sparse data regions, 
as many re-searchers demonstrated in the literature.  

2. It can accurately recover the full-field temperature history during 
quenching processes using a few experimental measurements, 
without revoking sophisticated multiphysics simulations. 

The paper is structured as follows. The formulation of the ML-based 
temperature recovery framework is described step by step in Section 2. 
The validity and accuracy of the ML framework are demonstrated in 
Section 3 by using the quenching experiment conducted by Worcester 
Polytechnic Institute (WPI). The conclusion is drawn in Section 4. 

2. Machine learning based temperature recovery model 

This section presents the details of the proposed ML-based full-field 
temperature recovery framework. The framework is formulated by 
integrating two physics-informed neural networks (PINN). Firstly, a 
surrogate model is built to map the space-time coordinates to a full 
temperature field for a given parameterized thermal boundary condition 
(BC). The surrogate model is trained by high-fidelity finite element re-
sults and informed by an energy conservation law. Then, another PINN 
model is utilized to explore the parametric space of the surrogate model 
to identify the best approximation to match measured thermal history 
and satisfy the energy conservation law. A flow chart of the two-step ML 
framework is given in Fig. 1. 

2.1. Surrogate model for temperature prediction 

The surrogate model approximates the behavior of a high-fidelity 
heat transfer model to enable fast prediction of the temperature inside 
the quenched part with a given boundary condition. At this stage, the 
model neglects the multiphase flows, phase transition (e.g., evapora-
tion/condensation), and convective heat transfer in the quenching tank 
and only considers the heat transfer inside the structure, which is 
dominated by conduction. The finite element method (FEM) is typically 
used to solve the conduction-dominant heat transfer problem. However, 
its high computational cost makes it infeasible to be employed inside an 
optimization algorithm for large-scale structures. In recent years, ML- 
derived surrogate modeling and model reduction have been proved to 
be a powerful tools in engineering problems due to their well-balanced 
accuracy and efficiency. Nabian and Meidani (2019) applied surrogate 
modeling to high dimensional random differential equations. Sun et al. 
(2020) proposed a physical-constrained data-free deep learning model 
to predict flow fields. Kaneko et al. (2021) accelerated modeling of 
thermal cycling-induced plastic deformation using a hyper-reduction 
method. In this paper, PINN is utilized to construct the surrogate 
model, trained by high-fidelity data, informed by the energy conserva-
tion law, and agnostic to the surrounding quenching fluid, to link the 
full-field temperature with a given parameterized heat flux. 

2.1.1. Thermal boundary condition parameterization 
The parameterized heat flux q taken by the surrogate model is 

evaluated as 

q(T, t) = h(T, t)(T − T∞) (1)  

where T is the temperature, T∞ is the ambient temperature, h is a heat 
transfer coefficient (HTC), which is a function of temperature and time. 
Here, h(T, t) is parameterized as follows. The structural surface is first 
decomposed into several sub-surfaces. The choice of surface decompo-
sition depends on the geometric property of the structure. For bulk type 
structures, the structural surface can be decomposed into top (1), side 
(2), and bottom (3) sub-surfaces, which is what this paper adopts. Then, 
each sub-surface’s HTC H(i) (i = 1, . . . , Nface, where Nface is the number 
of sub-surfaces) is expressed by a linear combination of several basis 
functions of HTC curves, namely, 

H(i) =
∑Nk

k
α(i)

k N(i)
k (T) (2)  

where α(i)
k are the interpolation coefficients, N(i)

k are presumed piece- 
wise linear basis functions of HTCs defined over several temperature 
intervals. This paper employs 18 temperature intervals to parameterize 
the HTCs, with 12 for the vapor blanket stage, 4 for the nucleate boiling 
stage, and 2 for the convective cooling stage. The choice of the basis 
functions of HTCs should ensure the positivity of HTC and need to 
roughly represent the characteristics of vapor blanket, nucleate boiling, 
and convective cooling stages during a quenching process Holman 
(2010). The orientation of structural surfaces can impact the heat 
transfer significantly. To capture this effect, instead of only using H, H is 
further multiplied with an orientation factor to define h as 

h(T, t) =
∑3

i=1
O(i)H(i) (3)  

where the orientation factor O is defined as 

O(1)(nz) =
1
2
(nz + 1)nz (4)  

O(2)(nz) = (1 − n2
z ) (5)  

O(3)(nz) =
1
2
(nz − 1)nz (6)  

where nz is the z-component (gravitational direction) of the unit out-
ward normal vector n on the structural surface. 

2.1.2. High-fidelity finite element model 
A high-fidelity heat transfer model based on FEM is formulated to 

generate necessary data to train and validate the surrogate model. The 
semi-discrete formulation of the finite element model is given as follows. 
Let Ω and Γ denote the structural domain and its boundary, V and W 

denote the trial and testing function spaces. With the above definitions, 
the FEM model finds T ∈ V such that, for ∀w ∈ W, 

Fig. 2. PINN-based surrogate modeling utilizing a fully connected neural network.  
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∫

Ω
wρcp

∂T
∂t

dΩ +

∫

Ω
κ∇w⋅∇TdΩ −

∫

Γ
wq(T, t)dΓ = 0 (7)  

where w is the testing function, t is the time, ρ, cp, and κ are the density, 
heat capacity, and conductivity, respectively. The FEM model is solved 
by using linear tetrahedral elements for spatial discretization. Tempo-
rally, time integration is done by a second-order accurate and uncon-
ditionally stable scheme based on generalized-α Chung and Hulbert 
(1993) and Newmark-β methods Newmark (1959). A 
predictor-corrector iterative scheme based on the Newton-Raphson 
method is utilized to solve Eq. 7. A multigrid-preconditioned general-
ized minimal residual method (GMRES) Saad and Schultz (1986) is used 
to find the root of the linear system resulting from Eq. 7. Thermal BCs are 
sampled from the parametric space of α via Latin hypercube sampling 
proposed by Mckay et al. (1979) and imported into the last boundary 
integral term of Eq. 7 to generate data to train and validate the surrogate 
model. 

2.1.3. Physics-informed neural network for surrogate modeling 
The ML-based surrogate model M , shown in Fig. 2, utilizes artificial 

neural network (NN) to enable fast temperature prediction from a given 
set of spatiotemporal coordinate (x, t) and thermal BC parameters α. 
Because only a few FEM simulations can be afforded due to the high cost, 
using off-the-shelf big data-based ML algorithms to train the surrogate 
model is unfeasible. Thus, the surrogate model is built by using a 
physics-informed neural network (PINN), which encodes an energy 
conservation law to facilitate the training process. PINN, as popular 
scientific machine learning (SciML) model, has been utilized in several 
engineering problems to overcome the challenge of lacking big data 
owing to the additional knowledge embedded in mechanistic/physical 
laws Raissi et al. (2019). 

In this paper, the surrogate model treats the temperature field during 
water quenching as a Gaussian process, namely, 

T ∼ N(μ, σ) (8)  

where μ and σ are the mean and standard deviation of the temperature 
field, given as 

μ = μ(t, x,α) (9)  

σ = σ(t, x,α) (10)  

The PINN-based surrogate model M takes spatiotemporal coordinates 
and thermal BC parameters as inputs, and outputs mean temperature μM 

and its standard deviations σM, namely, 

μM , σM = M (t, x,α;W*, b*) (11)  

where W* and b* are the NN’s weights and biases, which are learned by 
the following optimization problem 

W*, b* = argmin
W,b

L(W, b) (12)  

where L is the loss function, which consists of the following three 
components 

L(W, b) = λDAT LDAT(W, b) + λPDELPDE(W, b) + λBCLBC(W, b) (13)  

where LDAT, LPDE, and LBC represent the data-driven component, physics- 
informed component and associated boundary conditions. λDAT, λBC, and 
λPDE are the corresponding weights for each component. The data-driven 
component, which regularizes the training in the manner of maximum 
likelihood estimation, is defined as 

LDAT(W, b) = −
∑

P
ln(f (Ts

i ; μ(ti, xi,αi), σ(ti, xi,αi))) (14)  

where P is the set of labeled training data points obtained from high- 

fidelity FEM simulations. f is a possibility distribution function (PDF) 
of Gaussian profile, given as 

f (u; μ, σ) = 1
σ

̅̅̅̅̅
2π

√ exp( −
(u − μ)2

2σ2 ) (15)  

Conventional off-the-shelf ML models only employ LDAT in the training 
process, which relies on big data. Given the limited data available, the 
physics-informed components LPDE and LBC are added into the loss 
function to alleviate the dependence on big-data. The physics are 
encoded by penalizing the residual of the PDE of the physical principles 
over a set of collocation points in the interior (denoted by S) and a set of 
collocation points on the boundary (denoted by ∂S), namely, 

LPDE(W, b) =
∑

S

⃒
⃒
⃒lPDE(ti, xi,αi)|

2 (16)  

LBC(W, b) =
∑

∂S

⃒
⃒
⃒lBC(ti, xi,αi)|

2 (17)  

where lPDE and lBC are the point-wise residuals of energy conservation 
law and heat flux compatibility, defined as 

lPDE(ti, xi,αi) = ρcp
∂
∂t

μ(ti, xi,αi) − κ∇2μ(ti, xi,αi) (18)  

lBC(ti, xi,αi) = n⋅κ∇μ(ti, xi,αi) − h(μ(ti, xi,αi) − T∞) (19)  

where {ti, xi, αi} is the space-time coordinate of the collocation point. 
Once W* and b* are determined, the output of M can be easily achieved 
by a feed-forward evaluation of the NN with high efficiency, since it 
merely costs a few matrix multiplications and vector additions. 

2.2. Full-field temperature recovery model 

With the surrogate model trained, another neural network model is 
built to learn the best approximation in the parametric space of thermal 
BCs to recover the full spatiotemporal temperature field. Here, the NN 
model is stated as the following minimization problem with respect to 
the thermal BC parameters α. 

α* = argmin
α

Lproj(α) (20)  

where the loss function Lproj is defined as 

Lproj(α) = −
∑

E
ln(f (Te

j ; μM
j , σM

j )) (21)  

where E represents the set of the thermocouples locations and Te
j is the 

measured temperature. μM
j and σM

j are given 

μM
j = μ(tj, xj,α;W*, b*) (22)  

σM
j = σ(tj, xj,α;W*, b*) (23)  

The minimization of the loss function Lproj leads to the optimal thermal 
BC, α*, which maximizes the possibility of matching measured results 
while obtaining the encoded energy conservation law. Once α* is 
identified, it will be substituted into the PINN-based surrogate model M 

to produce a full-field temperature prediction and its standard deviation, 
namely, 

μ*(t, x) = μ(t, x,α*;W*, b*) (24)  

σ*(t, x) = σ(t, x,α*;W*, b*) (25)  

3. Application and results 

This section deploys the proposed ML-based temperature recovery 
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framework to a quenching experiment conducted by Worcester Poly-
technic Institute (WPI). The validity and accuracy of the proposed 
framework are carefully assessed. 

3.1. Experimental setup and validation data 

The experiment apparatus, conducted by Xiao et al. (2010) from 
WPI, is shown in Fig. 3(a). The experiment employs a cubic water 
quenching tank to quench a metallic structure based on AL-319 alloy. 
The structure is heated in a furnace up to 500 ∘C and then immersed into 
the quenching tank with the thin leg down orientation. The initial 
temperature of the quenching tank is 75 ∘C. The thermal properties of 
the quenched structure are based on Al-319 and determined by Ther-
moCalc. The values of these properties are listed in Table 1. The 
computer-aided design (CAD) model of the structure is shown in Fig. 3 
(b), which also depicts the locations and numbering of installed ther-
mocouples for temperature measurements. 

3.1.1. Accuracy of surrogate modeling 
The PINN-based surrogate model’s accuracy of approximating high- 

fidelity simulations is first evaluated. FEM simulations using the model 
defined in Eq. 7 are performed to generate data to derive the PINN-based 
surrogate model. The simulations are performed using an in-house FEM- 
based heat transfer code, which has been validated over a set of metal 
AM problems, including directed energy deposition Zhao et al. (2021) 
and selective laser beam melting Zhu et al. (2021). Time step Δt is set to 
1 × 10− 2 s in the FEM simulations. A mesh refinement study has been 
performed to make sure the simulated results are resolution-insensitive. 
The final selected FEM mesh consists of 46,643 nodes and 256,739 el-
ements. A snapshot of the mesh is shown in Fig. 4. Thermal BCs are 
sampled from the parametric space via Latin hypercube sampling Mckay 
et al. (1979) and imported into the FEM simulations to generate data to 
train and validate the surrogate model. In total, 500 FEM simulations are 
performed with different α, sampled from the space of [0,10] × [0,10] 
× [0,10]. 450 of the 500 FEM simulations serve as training data, and 
others are used to evaluate the surrogate model’s accuracy. The FEM 
simulations are performed with 48 cores using Intel Xeon Platinum 8160 
on Stampede2 in Texas Advanced Computing Center (TACC). 

The PINN-based surrogate model consists of 4 fully connected hidden 
layers, each containing 80 neurons. Spatially, the number of collocation 
points is the same as the number of FEM nodes, and 19.8% of them are 
on boundaries. The model is trained by minimizing the loss function 
defined in Eq. 13 with respect to W and b. The minimization is executed 
by the following procedures: (1) The spatiotemporal coordinates of 
collocation points and training data are substituted into Eq. 13. (2) Take 
the derivatives of the loss function with respect to W and b. (3) Update 
W and b by a gradient descent method. Most of the current ML models 
solve the optimization problem by a stochastic gradient descent (SGD) 
algorithm Ruder (2016). SGD only uses a subset of collocation points, 
randomly sampled from the input space at each iteration, to calculate 
the directional gradient. Research shows that SGD works very well to 
skip bad local minima. One problem with SGD is the oscillation of 
gradient direction caused by the random selection of sampled colloca-
tion points. In this paper, the Adam method combining adaptive 
learning rate and momentum methods is used to improve convergence 
speed, as suggested by Kingma and Ba (2014). The initial learning rate is 
10− 3, the stochastic sampling batch size is set to 20,000, and the training 
process costs 10,000 epochs. The proposed surrogate model is imple-
mented with PyTorch (see Paszke et al., 2019). 

To evaluate the accuracy of the trained model, we define the absolute 
error on a data set B as 

Fig. 3. Quenching experiment conducted in Xiao et al. (2010). (a): Experimental apparatus. (b): CAD model of the quenched structure, locations and numbering of 
the installed thermocouples (TCs). 

Table 1 
The properties of the quenched structure. The unit of temperature T is ∘C.  

Properties Value 

ρ, kg ⋅ m− 3 2700.0 
cp, J∕(kg 

⋅∘C) 
930.334 − 0.442T + 0.003T2 − 2.210 × 10− 6 T3 

κ, W∕(m ⋅∘C) 230.160 − 0.121T + 7.466 × 10− 4T2 − 2.643 × 10− 6T3 

+ 2.298 × 10− 9T4  

Fig. 4. The tetrahedral mesh employed in the FEM simulations.  
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e(B) =
(∑

B

⃒
⃒Ts

i − σ(ti, x,α)|2

N(B)

)1
2

(26)  

where N(B) is the number of the elements in the set B. The relative error 
is scaled by Tref = 425∘C, which is the difference between initial and 
ambient temperature. The errors on training set P and test set Q as given 
in the following Table 2. 

Additionally, two representative results selected among Q are pre-
sented in Fig. 5 and 6, which includes the mean full temperature field 
and the corresponding standard variation predicted by the trained sur-
rogate model at several time instances. Fig. 5 shows the case with 
smallest error (α = [0.701, 1.043, 0.342]T and the absolute error is 

Table 2 
The error on training and test sets.   

Absolute error Relative error 

Training set e(P) 10.77 ∘C  2.53% 
Test set e(Q) 17.45 ∘C  4.11%  

Fig. 5. Surrogate model V.S. FEM results: Case 1.  

Fig. 6. Surrogate model V.S. FEM results: Case 2.  
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10.99), and Fig. 6 depicts the case with largest error (α = [1.620, 0.471, 
0.404]T and the absolute error is 24.71). The FEM results and the tem-
perature difference between the prediction of the FEM and the surrogate 
models are also shown in Fig. 5 and Fig. 6. Noticeable discrepancy is 
seen on thin legs. This is because a uniform distribution of collocation 
points is used. Therefore, there are fewer collocation points on the thin 
legs than the thick legs, leading to bigger overweight for the thick legs. 
Nonetheless, the surrogate model maintains a good overall approxima-
tion of the high-fidelity FEM simulated results achieved. Besides, one 
should note that the surrogate model attains a superior efficiency 
compared with the FEM model because it only involves a few matrix 
multiplications and vector additions after training. 

3.1.2. Temperature recovery and validation with experimental data 
A second layer NN model is utilized to optimize the surrogate model 

in the parametric space to recover the full spatiotemporal temperature 
field using the measured data. Among the eleven thermocouples (see 

Fig. 3), only seven thermocouples are used in the training process. The 
full temperature distribution recovered by the ML model at several time 
instances is shown in Fig. 7. To validate the accuracy of the recovered 
full temperature field, the comparison of measured temperature history 
at the other four thermocouples in the experiment with the ML model’s 
recovery is shown in Fig. 8. As mentioned in the Introduction section, 
the quenching process has three stages: vapor blanket, nucleate boiling, 
and convective cooling. The ML model captures these stages with 
reasonable accuracy. In the vapor blanket stage, the cooling rate is 
relatively low because the structure is isolated from the water by the 
vapor blanket. In the ML model, the vapor layer stage happens when the 
temperature is higher than 300 ∘C. Fig. 8 shows that the temperature 
gradient of this stage is smaller than that of the nucleate boiling stage. In 
the nucleate boiling stage, the structure temperature is still higher than 
the boiling point yet not high enough to keep an intact vapor blanket, 
which means the water can directly contact the structure and take away 
heat. So, the cooling rate increases consequently. As seen in Fig. 8, the 
curves have larger slopes in the interval between 100 and 300 ∘C. When 
the temperature goes below 100 ∘C, it enters the convective cooling 
stage. Since the temperature is lower than the saturation temperature, 
boiling is no longer dominant, and the cooling rate decreases dramati-
cally until the temperature reaches the ambient temperature. The pre-
dictive accuracy of TC2 is inferior compared with the predictions of 
other TCs. This discrepancy may be partially due to the parameterization 
of experimental heat flux, which does not fully represent the multi- 
physics in the quenching tank. The HTC parameterization used in the 
paper is a reduced-order representation of the real heat flux on the 
structure surface since only three HTC on the top, bottom, side surfaces 

Fig. 7. Recovered full temperature field and standard deviation at several 
time instances. 

Fig. 8. Recovered temperature history compared with experimental measurements.  

Fig. 9. Prediction of temperature of TC2 using different numbers of TCs in 
the training. 
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are measured. However, our numerical experiments still show the 
model’s capability to converge to the measured temperature history.  
Fig. 9 presents the surrogate model prediction of TC2 using various 
numbers of TCs in training. When the number of TCs increases, the 
predictive accuracy is enhanced. Although the recovered predicted 
temperature couldn’t fully agree with the experimental data since only 
11 TCs are available, the trend implies that the accuracy of the surrogate 
model increases with more experimental data. Overall, the ML frame-
work successfully captures the trend of cooling rate evolution. Good 
agreement between ML recovery and experimental measurements is 
obtained, despite only a few measured temperature data being used to 
train the ML model. The accuracy is primarily due to the additional 
knowledge from the physics-informed component in the ML model and 
the implicit effects of the surrounding quenching flow hidden in the 
measured temperate data, although the ML model itself is agnostic to the 
surrounding fluid. 

4. Conclusions 

This paper presented a physics-informed machine learning frame-
work for recovering the full spatiotemporal temperature field inside 
quenched parts during water quenching processes. The paper was 
motivated to overcome the challenges of current modeling techniques 
pertinent to accuracy and efficiency. The key features of the proposed 
ML model are (1) it does not need to invoke complicated multiphysics 
simulation and (2) it can significantly relax ML models’ dependence on 
big data owing to additional encoded physical principles. The proposed 
model is applied to a realistic water quenching process. The results 
showed that the model could efficiently and accurately obtain the full 
temperature field with only a small amount of labeled experimental 
data. The model can be extended to other heat treatment processing 
techniques and used in conjunction with experimental measurements to 
enable fast and efficient temperature prediction and monitoring in heat 
treatment processes. 
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