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A B S T R A C T   

Incremental hole drilling is a prominent tool in the surface and sub-surface residual stress measurements. 
Generally, strains are measured at drilling steps not corresponding to the stress calculation steps of the integral 
method. Consequently, strain measurements are fitted using polynomials or splines. However, this process is 
greatly influenced by user’s experience, affecting the calculated stresses as an additional source of uncertainty. 
The present work assesses the uncertainty associated with the strain fitting procedure by exploiting Gaussian 
Process Regression (GPR), a probabilistic machine learning framework which can yield uncertainties on the fit. 
These uncertainties were propagated to residual stresses by using Monte Carlo simulation. Laser shock peened AA 
7050-T7451 specimens were considered as case study. 

The proposed methodology was corroborated by comparing residual stress results with those obtained 
exploiting traditional fitting procedures and X-ray diffraction measurements. Finally, the GPR-based approach 
demonstrated its ability to successfully discriminate different strain signal sources.   

1. Introduction 

Almost every production and manufacturing process gives rise to 
incompatible local strains of mechanical, chemical or thermal nature, 
thereby developing a residual stress field in a material or structural 
component [1,2]. Residual stresses can impact greatly on mechanical 
properties as for instance distortion, corrosion resistance, brittle fracture 
and fatigue life [3]. These stresses can be either detrimental and bene
ficial, however, in both cases a comprehensive assessment of the resid
ual stress state becomes a key factor in engineering design [4,5]. Indeed, 
tensile residual stresses entail a reduction in the fatigue life of a 
component, whilst on the other hand a surface compression stress field 
can enhance fatigue resistance and fracture strength. Therefore, surface 
treatments such as shot peening and laser shock peening (LSP) have 
been developed to introduce compressive residual stresses [6,7]. 
Notably, LSP is increasingly employed in the aeronautical and aerospace 
industries as it produces deeper compressive residual stresses and has 
less impact on surface integrity with respect to conventional shot 
peening [7]. 

The relevance and the complexity of performing an accurate exper
imental analysis of the residual stresses within a material has led to the 

emergence of several measurement techniques. At the present time, 
incremental hole drilling (IHD) and X-ray diffraction (XRD) are well- 
established techniques for measuring surface and sub-surface residual 
stresses and are also ruled by standards[8,9]. XRD technique employs 
electromagnetic radiation to measure the inter-atomic lattice spacing in 
crystalline materials [1,10]. A residual stress field deforms this spacing 
relative to the free-stress state. Therefore, the measured crystal inter
planar dimension is related to the magnitude and direction of the re
sidual stress field occurring in the material. In particular, diffraction 
peaks are shifted from unstressed condition, therefore this shift is used to 
calculate the residual stress state using solid mechanics formulations 
[1,10]. On the other hand, stress relief through incremental removal of 
material and a subsequent measurement of the relaxed strains with the 
aid of strain gauges is one of the semi-destructive residual stress mea
surement processes. Material is removed through incremental drilling in 
the IHD process. Subsequently, when exploiting destructive methods, 
the measured strains and the residual stresses are related by an integral 
equation, thus an elastic inverse solution is needed to compute the re
sidual stress field [11,12]. This integral relationship occurs due to the 
fact that the stresses are calculated in locations different from where 
released strains are measured. The integral method is by far the pre
dominant calculation method [13–22]. It exploits calibration 
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coefficients, determined by FE calculation and tabulated in ASTM E837- 
20 [8], which are related to hole diameter, strain gage rosette geometry 
and drilling depth. 

However, the integral method is very sensitive to errors in measured 
data for two main reasons. The first is physical in nature, as strains are 
being measured only at the surface. Therefore, IHD is limited by the 
Saint Venant’s Principle, which states that surface deformation response 
becomes insensitive to the relaxation of residual stresses as hole depth 
increases. Accordingly, at large hole depths, the difference in measured 
strains at successive depths becomes progressively smaller, hence the 
impact of strain measurements errors is amplified [13]. The second 
reason is related to the numerical instability of the inverse problem. For 
a high number of calculation steps, the calibration matrices become 
numerically ill conditioned, so for small errors in the measured strains 
there are much larger error in the calculated residual stresses [15,16]. 

Over the past three decades, a number of researchers have investi
gated the influence of errors on IHD measurements carried out using the 
integral method. Vangi studied the influence of strain and hole diameter 
errors on the uncertainties associated to the calculated residual stresses 
[17]. Schajer and Altus presented a method for estimating probability 
bounds associated to the computed residual stresses for both the integral 
and power series methods. In their methodology, they considered the 
uncertainties related to errors on strains, hole depth, hole diameter and 
material constants. Then, they identified errors on measured strains as 
the main source of uncertainty with the largest probability bounds [18]. 
Zuccarello found that the numerical conditioning of the calibration 
matrices is minimized by adopting a calculation step distribution in such 
a way that diagonal elements of the matrices are constant in magnitude. 
Therefore, strain measurement errors have less effect on residual stress 
magnitudes and accordingly stress uncertainty is lower [16]. Peral et al. 
[19] carried out a detailed uncertainty analysis, taking into account 
many sources of error, performing a Monte Carlo simulation to propa
gate uncertainties to residual stresses and corroborating results with the 
more conservative approach proposed by Schajer in [18]. Uncertainty 
propagation to residual stresses through Monte Carlo simulation was 
subsequently applied in several other papers, reaffirming that one of the 
main contributors to uncertainties in stresses was noise in measured 
strains, especially using the integral method [20,23,24]. Recently, Olson 
et al. [25] developed an uncertainty estimator that considers two crucial 
sources of uncertainties. The first is strain uncertainty, where errors 
arise owing to instrumentation errors, thermally induced strains and 
residual stresses induced by the drilling process itself [12,18]. Whereas 
the second uncertainty source originates from the selection of the reg
ularization parameters, which can significantly influence the calculated 
stresses. 

Nevertheless, another source of uncertainty associated with the nu
merical manipulation of experimentally measured strain data should be 

considered. Generally, the drilling steps where the strains are measured 
do not match the calculation steps of the integral method. Therefore, 
Vangi proposed to interpolate the measured or the transformed strains 
using a polynomial, such that the maximum deviation from experi
mental values is lower than the measurement error [17]. Thus, it is now 
common practice to smooth the strain data using a polynomial or a 
spline [20–23,26–29]. However, this process is hugely influenced by the 
user’s experience in choosing the degree of the fitting polynomial or the 
amount of smoothing given by the spline. Consequently, the fit pro
cedure has an impact on the calculated residual stresses due to the 
sensitivity of the integral method. 

In this research investigation, a tool based on the Gaussian Process 
Regression (GPR) is implemented to assess the uncertainty associated 
with the strain fitting procedure [30]. A Gaussian process model is a 
probabilistic supervised machine learning framework, which provides 
uncertainty measures over the predictions. It describes a probability 
distribution over possible functions that fit a dataset, by assuming that 
these functions are jointly Gaussian distributed [31]. GPR is an emerging 
framework among machine learning practitioners, nonetheless it has 
also recently been applied in the field of experimental mechanics by 
Tognan et al. to model the uncertainty over the residual stresses when 
employing the contour method [32]. 

The present work is focused on developing a methodology to quan
tify the strain uncertainty in IHD, taking into account the uncertainty 
associated to strain fitting. Moreover, strain uncertainties were propa
gated to the calculated residual stresses by exploiting Monte Carlo 
simulation [33]. To validate this methodology a laser shock peened AA 
7050-T7451 specimen was considered as case study [34]. Furthermore, 
the results were compared to those obtained using traditional poly
nomial fitting procedures and also to XRD measurements on an analo
gous sample. Finally, the ability of the proposed probabilistic method to 
discriminate two different strain signal sources was investigated. 

2. Materials and methods 

2.1. Specimen and laser shock peening 

Squared samples 65 mm × 65 mm of aluminum alloy 7050-T7451 
were machined from a rolled plate with a thickness of 30 mm. To ach
ieve T7451 temper, the metal is solution heat-treated, stress relieved by 
controlled stretching and then stabilized by artificial overaging. The 
chemical composition and the mechanical properties of the material are 
given in Table 1 and Table 2, respectively. Prior to laser shock peening, 
the surface to be processed was ground. The LSP samples were realized 
using a YLF:Nd laser, the specification of which are reported in Table 3. 
The treatment was applied to an area of 35 mm × 35 mm placed in the 
middle of upper face of the specimens, as can be seen in Fig. 1a. Surfaces 

Nomenclature 

D Dataset of samples 
n Total number of samples 
xi Depth increments 
X Vector of inputs 
y(xi) Noisy strain measurements 
f(x) Unknown strain function 
∊ Noise in measured strain data 
N(*,*) Gaussian distribution 
σ2

n Variance of the Gaussian distribution 
GP(*,*) Gaussian process 
m(x) Mean function 
k(x,x’) Covariance function (kernel function) 
f* Set of function values corresponding to unseen inputs 

X* Unseen test set of inputs 
f* Mean of the posterior Gaussian process 
cov(f*) Covariance of the posterior Gaussian process 
K Training set covariances 
K* Training-test set covariances 
K** Test set covariances 
I Identity matrix 
kSE Squared exponential kernel 
σf Hyperparameter: vertical scale 
l Hyperparameter: horizontal scale 
kW White kernel 
KT Total kernel 
θ Vector of hyperparameters  
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of the samples were laser shock peened setting the pulse frequency to 5 
Hz, using a spot diameter of 3.5 mm attaining a nominal power density 
of 4.5 GW/cm2. Prior to the peening process, a 30–40 µm thick com
mercial black paint layer and a film of 2 mm distilled water are used, 
respectively, as the sacrificial adhesive coating layer and the transparent 
confining layer. The sacrificial layer is limited to the surfaces of the 
treated areas only. An X-Y raster pattern was used as the peening 
strategy, where the LSP scan and step directions correspond to the x and 
y directions, respectively (Fig. 1b). In the LSP process, an overlap of 30 
percent was set between two adjacent laser spots, both along the scan 
and the step directions. Furthermore, 3 layers of peening were per
formed and an offset of 33 percent of a spot diameter was imposed be
tween two consecutive layers. 

2.2. Experimental set-up for incremental hole drilling measurements 

IHD was performed using the Sint Technology Hole Drilling system 
Restan MTS 3000 equipped with a compressed air unit controlling a 
pneumatic turbine which achieves a rotation speed of 400,000 rpm. The 
strain evolutions during the IHD process are measured using a type B 
counterclockwise strain gauge rosette. This was installed in the center of 
the surface treated area, such that the “a” and the “c” grids were aligned 
to the LSP scan and step directions, respectively. The roughness, intro
duced by the LSP process, was evaluated within the limits specified by 

the rosette manufacturer for proper installation of the strain gauge 
rosette. TiAlN coated tungsten carbide with higher durability and 
toughness was used as the mill. The inverted cone end mill of 1.6 mm 
diameter was employed to cut the hole, which had a precise final 
diameter of 1.98 mm. A total of 20 drilling steps with a polynomial 
distribution were executed at a speed of 0.2 mm/min to attain a final 
hole depth of 1 mm. The IHD experimental set-up is shown in Fig. 2. 

2.3. Gaussian process regression and propagation of uncertainties 

As already mentioned above, a GPR model can make predictions on 
input data and deliver measurements of uncertainty on those pre
dictions. In IHD strain fitting, the incremental drilling depths can be 
considered as input training data, whereas the output are the measured 
strains by the three strain gauges. Given a dataset D =

{(xi, y(xi), i ∈ {1,⋯, n} ) }, where n is the total number of samples in the 
dataset, xi are the depth increments that can be aggregated in a vector of 
inputs X, and y(xi) are the noisy strain measurements of an unknown 
function f(x) sampled at xi. The measured strains y(xi) can be modelled 
as follows: 

y(xi) = f (xi) + ∊, ∊ ∼ N
(
0, σ2

n

)
(1) 

where ∊ ∼ N(0, σ2
n) is the noise in the measured strain data, which 

is modelled as a Gaussian distribution with zero mean and variance σ2
n . A 

GPR is defined as a random distribution of functions such that any finite 
samples of functions have a joint Gaussian distribution [30]. A Gaussian 
process is completely specified by its mean function m(x) and its 
covariance function k(x,x’), also called kernel function: 

f ∼ GP(m(x), k(x, x’)) (2) 

Therefore in GPRs there is the possibility to explicitly model a mean 

Table 1 
Chemical composition (wt%) of aluminum alloy 7050-T7451 [35].  

Al Cr Cu Fe Mg Mn Si Ti Zn Zr Others 

87.3 – 90.3  ≤0.04 2.0 – 2.6  ≤0.15 1.9 – 2.6  ≤0.10  ≤0.12  ≤0.06 5.7 – 6.7 0.08 – 0.15  ≤0.15  

Table 2 
Mechanical properties of aluminum alloy 7050-T7451 [35].  

Young’s Modulus 
(GPa) 

Poisson’s 
ratio 

Yield strength 
(MPa) 

Ultimate tensile 
strength (MPa)  

71.7  0.33 469 524  

Table 3 
Laser specifications.  

Laser 
source 

Wavelength 
(nm) 

Laser power 
(W) 

Pulse energy 
range (J) 

Pulse length range 
(nm) 

Pulse frequency 
range (Hz) 

Beam 
shape 

Beam 
profile 

Spot diameter range 
(mm) 

YLF:Nd 1053 200 Up to 10 16 – 21 1 – 20 Round Flattop 2 – 6  

Fig. 1. a) LSP samples dimensions; b) LSP scanning strategy. All dimensions are in mm.  
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function, which can offer advantages such as interpretability of the 
model, convenience of expressing prior information and analytical 
limitations. However, if no prior information is available, it is common 
to set the mean function m(x) = 0, considering that this is not a drastic 
limitation, since the mean of the posterior process is not constrained to 
be zero [30]. In GPR models, after selecting the prior mean and 
covariance, this prior information is updated in light of the training data 
by defining the posterior, which is used to make predictions on unseen 
data. 

Considering the case in which the mean function of the GP is zero and 
that the y observations are affected by noise (equation (1)), in order to 
make predictions we need to compute the conditional probability dis
tribution of f* given y, where f* is a set of function values corresponding 
to new unseen test set of inputs X*. Exploiting the closure property of 
Gaussians, we obtain that the conditional distribution is still Gaussian. 
This is called posterior GP, having mean and variance given by: 

f* = KT
*
[
K + σ2

nI
]− 1y (3)  

cov(f*) = K** − KT
*
[
K + σ2

nI
]− 1K* (4) 

where K refers to training set covariances, K* refers to training-test 
set covariances, K** refers to test set covariances and I is the identity 
matrix. It can be noted that cov(f*) models the uncertainty regarding the 
predictions at X*. Besides, the confidence intervals on the GPR pre
dictions can also be obtained through this. 

In this research investigation, the kernel function used to model the 
GPR is the radial basis function, also known as squared exponential 
kernel: 

kSE
(
xi, xj

)
= σ2

f exp

(

−

(
xi − xj

)T
(xi − xj)

2l

)

(5) 

where σf and l are hyperparameters. The vertical scale σf represents 
the vertical span of the function f , whereas, the horizontal scale l de
scribes the correlation between the points xi and xj as a result of the 

decrease in their distances. The squared exponential kernel is broadly 
used and is a universal approximator, capable of approximating any 
arbitrary continuous function on any compact set of the input space 
[36]. 

In this work, since the additive noise ∊ present in the measured data 
depends on various factors as for instance instrumentation errors, 
thermally induced strains and residual stresses induced by the drilling 
process, the noise variance σ2

n was estimated by adding to the squared 
exponential kernel a white kernel [37]. It makes the assumption that the 
noise in the signal is independent and identically normally distributed, 
and it is defined as follows: 

kW
(
xi, xj

)
= σ2

n I (6) 

where σ2
n is the variance of the noise and I is the identity matrix. 

Therefore σn is another hyperparameter. Then we can define the total 
kernel function used as KT = kSE +kW and we can collect the hyper
parameters in a column vector θ = [σf , l,σn]. 

The optimal hyperparameters are automatically determined by 
maximizing the log marginal likelihood [30]: 

logp(y |X, θ) = −
1
2
yT K − 1

T y −
1
2

log|KT | −
n
2

log2π (7) 

The GPR algorithm was implemented using the Python module 
scikit-learn [38]. To facilitate the search for optimal hyperparameters, 
the input dataset of depth increments and measured strains was given 
with measurement units of mm and m∊, respectively. The optimal 
hyperparameters are reported in Table 4. 

Afterwards, by exploiting the posterior GPR, the strains were pre
dicted for 20 linear depth increments corresponding to the calculation 

Fig. 2. Incremental Hole Drilling set-up.  

Table 4 
Optimal hyperparameters.  

σf l σn 

537 μ∊ 0.529 mm 5.594 μ∊  
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steps of the integral method for a hole 1 mm deep. Then the residual 
stress magnitudes were calculated following [8], without additional 
Tikhonov regularization. The GPR uncertainties, associated with each 
calculation depth, of the three strain measurements were propagated to 
the residual stress magnitudes through the use of Monte Carlo simula
tions [33]. Ten thousand trials were simulated, where for each trial the 
strain values were randomly drawn from the specific uncertainty dis
tributions of each calculation depth. 

2.4. Validation of the proposed method 

To validate the proposed methodology, GPR residual stresses were 
compared with conventional approaches exploiting the integral method, 
in particular: results obtained by a strain fitting 4th degree polynomial; 
residual stresses derived from a 12th degree polynomial which mini
mized the residuals between the fit and the measured strains, which is 
the degree of smoothing suggested by the Sint Technology commercial 
software; residual stresses measured by XRD on an analogous specimen 
conducted in [34]. 

Furthermore, to verify the ability of the proposed method to 
discriminate two different IHD measurements, two new sets of data were 
created by adding normal random noise with zero mean to the original 
strain measurements given by the three strain gauges. Then residual 
stress magnitudes were evaluated by exploiting GPR. First, a Gaussian 
noise with a standard deviation of 5 µε was added, representing a signal 
within the strain measurement error. Secondly, a Gaussian noise with a 
15 µε standard deviation was added to the original data, representing an 
IHD measurement outside of the strain measurement error and that 
should lie outside of residual stress uncertainty bounds. 

3. Results and discussions 

Fig. 3 shows the strain measurements by the three strain gauges. 
Whereas, Fig. 4 illustrates the GPR predictions over the measured strain 
data along with the associated uncertainties, reported with a confidence 
level of 99.7% for visual clarity. 

Table 5 reports the mean, minimum and maximum values of the 
uncertainties estimated by the GPR. It can be seen that the average 
uncertainty value between the three strain gauges is around 6 µε. 
Furthermore, the minimum values of uncertainty, which are very close 
to the respective averages, for all the measured strains are located in the 
range of 0.1 to 0.85 mm of depth. Conversely, higher uncertainty values 
occur at the surface and the maximum is always found at depths greater 
than 0.85 mm. This could be attributed to the smaller number of 
measured strain data present in these two regions. Indeed, due to the 

polynomial distribution of the drilling depth increments, as the depth 
increases, the drilling step becomes larger, thus there are less measured 
strains in the deepest region of the hole. Therefore, in Fig. 4 can be seen 
that GPR successfully fitted the outer data but with higher uncertainty. 

Thereafter, the strain uncertainties were propagated to residual 
stresses through Monte Carlo simulations. Fig. 5 depicts residual stresses 
along scan and step directions, denoted as σx and σy, respectively. Stress 
uncertainties are reported with a confidence level of 68%. Fig. 5 shows 
that an X-Y raster peening strategy induced compressive residual 
stresses which are slightly different in the two directions, especially for 
the first 0.4 mm from surface. Indeed, the compression along the step 
direction is greater than in the scan direction, reaching – 400 MPa at 0.3 
mm deep. This behavior is also reported in [21] and by Correa et al. in 
[39], where it was found that residual stress magnitudes exhibit differ
ences in perpendicular directions in LSP samples peened using a raster 
strategy, compared to those induced by adopting a random LSP pattern 
strategy. Furthermore, as can be seen in Fig. 5, for both stress compo
nents, between 0.15 mm and 0.85 mm depth the uncertainty is below 19 
MPa, notably in the middle depth range it reaches a minimum of 5 MPa. 
On the other hand, at the surface the uncertainty increases due to the 
higher strain uncertainty. As mentioned earlier, the strain uncertainty 
also takes into account errors related to the drilling process and, more 
generally, the strain measurement process, which are particularly crit
ical at the surface. For this reason, a greater uncertainty on stresses is 
observed at surface [12,18,25]. In addition, in the deeper region of the 
hole, stress uncertainty increases significantly due to a combination of 
factors. Since twenty calculation steps are used, this uncertainty increase 
is due to the ill conditioning of the inverse problem in the integral 
method and is exacerbated by higher strain uncertainty detected by the 
GPR. Furthermore, as shown in Fig. 5, in the depth region between 
0.275 mm and 0.425 mm, the magnitude of residual stresses along step 
direction σy exceeds the ASTM limit of 80% of the material yield 
strength, under which plasticity effects around the hole are prevented 
[8]. The correction procedure to include the effect of plasticity reported 
in [40] was applied, under the conservative assumptions of uniform 
residual stresses equal to the maximum σy, at a greater depth of 0.51 
mm. The plasticity effect was found to be below 2 percent, therefore it 
can be neglected [40]. 

Figs. 6 and 7 show comparisons of residual stresses measured by 
using: GPR methodology; a 4th degree fitting polynomial; a 12th degree 
fitting polynomial which minimized residuals; XRD [34]. The XRD re
sults in [34] go down to 2.5 mm depth, but in Figs. 6 and 7 they are 
reported at the same depth as IHD measurements for visual clarity. XRD 
measurements, up to the depth of 1 mm, exhibit maximum errors in the 
scan and step directions equal to ± 34.1 MPa and ± 35 MPa, 

Fig. 3. Measured strain variation with depth in the three strain 
gauges directions. 

Fig. 4. GPR fit of the measured strain data, with associated uncertainties shown 
as ± 3σ. 
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respectively [34]. It can be seen that, for both residual stress compo
nents, GPR results are smooth and do not need additional regularization. 
Conversely, using the higher degree polynomial, which minimized re
siduals, residual stress magnitudes exhibit a highly oscillating behavior 
and always lay outside of GPR uncertainty boundaries. Furthermore, the 
4th degree fitting polynomial is in good agreement with GPR results, 
indeed it falls within uncertainty limits until 0.675 mm deep. Fig. 6 
shows an excellent agreement between GPR and XRD measurements 
with a maximum difference of less than 80 MPa until a depth of 0.875 
mm. Conversely, in Fig. 7 residual stresses along step direction measured 
by XRD exhibit a decrease of compression from 0.175 mm, increasing 
the difference with IHD measurements. However, an overall agreement 
occurs between the two different measurement methods, which further 
corroborates the GPR methodology, especially in the scan direction. 

Figs. 8 and 9 illustrate the ability of the GPR methodology to 

correctly discriminate two different strain signal sources. They show 
residual stresses in scan and step directions, respectively. On the one 
hand, the original strain signal with an added Gaussian noise with zero 
mean and a standard deviation of 5 µε correctly lies within stress un
certainty bounds given by the GPR method. On the other hand, the strain 
signal with a noise of 15 µε standard deviation falls outside of the un
certainty limits for almost every calculation step. Therefore, the GPR 
method properly identifies a strain signal that is within the strain 
measurement error as equal to the original strain signal, and correctly 
discriminate a strain signal that exceed this limit as different. Conse
quently, the GPR based approach does not introduce a level of 
smoothing that distorts the underlying stress solution, but successfully 
discriminate between different solutions. 

Table 5 
Mean, minimum and maximum values of uncertainties estimated by the GPR.  

Mean σ∊1 

(μ∊)
Mean σ∊2 

(μ∊)
Mean σ∊3 

(μ∊)
Min σ∊1 

(μ∊)
Min σ∊2 

(μ∊)
Min σ∊3 

(μ∊)
Max σ∊1 

(μ∊)
Max σ∊2 

(μ∊)
Max σ∊3 

(μ∊)

6 6 5 6 6 5 8 8 6  

Fig. 5. Residual stress distribution in scan (x) and step (y) directions, calcu
lated using GPR, with propagated stress uncertainties shown as ± 1σ. 

Fig. 6. Comparison of residual stresses in scan (x) direction obtained by GPR 
method, by a 4th degree fitting polynomial, by a fitting polynomial of 12th 
degree which minimized the residuals, and by XRD [34]. 

Fig. 7. Comparison of residual stresses in step (y) direction obtained by GPR 
method, by a 4th degree fitting polynomial, by a fitting polynomial of 12th 
degree which minimized the residuals, and by XRD [34]. 

Fig. 8. Comparison of GPR residual stresses in scan (x) direction with two 
different strain signal sources with Gaussian additive noise of 5 µε and 15 µε 
standard deviations. 
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4. Conclusions 

Generally, in IHD measurements with integral approach the drilling 
steps where strains are measured do not correspond to the stress 
calculation steps. Therefore, practitioners perform a fit of strain mea
surements using polynomials or splines introducing a source of uncer
tainty, associated with this fitting procedure (e.g. degree of polynomial 
or spline parameters), to the calculated stresses. 

In this research work, a tool based on GPR was developed, which 
served two purposes. One is to fit the experimental strains during the 
IHD process and two is to estimate the uncertainties arising from this 
procedure. Moreover, GPR has the advantage that the optimal hyper
parameters are automatically determined by maximizing the log mar
ginal likelihood. Hence, the user’s influence on the calculated residual 
stresses is minimized. Furthermore, GPR not only inferred uncertainty 
related to the fitting procedure, but also incorporated error sources 
connected to strain measurement procedure, e.g. instrumentation errors 
and drilling induced strains, by exploiting a compound kernel consisting 
of a squared exponential and a white kernel. In addition, a Monte Carlo 
simulation was carried out in order to propagate GPR uncertainties to 
the calculated residual stresses. 

The GPR proposed methodology successfully fitted strain data of a 
laser shock peened AA 7050-T7451 specimen. From 0.15 mm to 0.85 
mm deep residual stress magnitudes reported uncertainties between 5 
MPa and 19 MPa. At the surface results exhibited a slightly higher level 
of uncertainty, whereas in the deeper region of the hole stress un
certainties significantly increased both owing to higher strain uncer
tainty and to the ill conditioning of the inverse problem. 

To corroborate the proposed methodology, the obtained residual 
stress magnitudes were compared to traditional polynomial fitting 
procedures for both scan and step directions. The GPR-based approach 
yielded smooth residual stress results without the need for further reg
ularization. In addition, results were consistent with XRD measurements 
on a similar specimen, especially along scan direction. 

Finally, the proposed method demonstrated its ability to successfully 
discriminate between different strain signal sources that yield different 
stress solutions. 
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