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Maintaining the integrity of gas wells is crucial for safe and efficient production, as failures can result in significant
environmental and operational consequences. This research presents a multivariate statistical process monitoring
framework designed to identify deviations that indicate potential well integrity problems. The methodology uses
Principal Component Analysis (PCA) on observed well data to capture the main sources of variation across various
pressure and flow metrics. The derived PCA scores and residuals are statistically monitored using Hotelling’s T 2 and
Squared Prediction Error (SPE) statistics to pinpoint abnormalities. To enhance fault detection and interpretation,
we investigate a combined monitoring index that merges the T 2 and SPE statistics, yielding a balanced measure of
deviations in well integrity. We apply this framework to simulated oil well data and to observed gas well data. The
suggested framework is shown to provide a data-driven solution for well monitoring, aiding in the identification of
abnormal behavior in gas well operations.
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1. Introduction

The integrity of gas wells is a key issue for both
environmental protection and public safety. Fail-
ures in gas well components can allow hazardous
gases, such as methane, to escape and migrate
into shallow aquifers, reach the surface, or be
released into the atmosphere. A major climate-
related priority for regulators is to restrict and
reduce these fugitive emissions from wells. As
a result, continuous monitoring of gas wells is a
critical aspect of the production process. Modern
well production systems are equipped with instru-
ments and sensors that collect a multitude of data
directly at the well and along the downstream gas
flow. Multivariate statistical process monitoring
(MSPM) provides a set of tools to process data

and produce meaningful results for detecting op-
erational anomalies. Principal component analysis
(PCA) is often used as a preprocessing step in
MSPM to reduce dimensionality while preserving
the covariance structure of the multivariate data.
Furthermore, monitoring statistics computed in
the reduced space and the residual space allow
for more sensitive detection of fault signals. This
paper evaluates a data-driven pipeline for multi-
variate monitoring of gas well integrity based on
principal component analysis. Monitoring is per-
formed using statistics defined for both reduced
space and residual space, complemented by vari-
able contribution analyses for diagnostic interpre-
tation. In addition, a combined monitoring index
is used to integrate information from both spaces.
The objective is to deliver a practical monitoring
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framework and associated visualizations that op-
erators can directly use under realistic field condi-
tions. The remainder of the paper is summarized
below. Section 2 provides background informa-
tion on MSPM and related work. Section 3 details
the methods that will be used to monitor gas well
integrity. Section 4 will show the methods applied
to simulated oil well data and observed gas well
data, while Section 5 provides conclusions and
future work.

2. Background

In this section, we provide the relevant back-
ground for the methods discussed in Section 3 and
applied in Section 4.

2.1. Principal Component Analysis

PCA is widely used as a method to reduce the
dimensionality in datasets with a large number of
variables, while preserving as much information
about the original set of data as possible. This
is accomplished by creating new, uncorrelated
variables (principal components) through linear
combinations of the variables in order to max-
imize the variance explained by the latent vari-
ables. From an algebraic perspective, principal
components are a linear combination of d vari-
ables x1, x2, . . . xd, and from a geometric stand-
point, the linear combinations are treated as new
coordinate systems, rotating the original system
with respect to the variables x1, x2, . . . xd as new
coordinate axes. See Johnson et al. (2002) for
more details. For the practical implementation of
PCA, reduced variables are found through eigen-
value decomposition, also known as spectral de-
composition. To establish the theoretical back-
ground, we adopt the notation of Liebenberg et al.
(2024). If X is an n × d matrix with mean-
zero columns, principal component analysis seeks
the linear combination Xm that maximizes its
variance Var(Xm) = m�Sm, subject to an
appropriate normalization of m, where m =

(m1, . . . ,md)
� and S denotes the d × d sam-

ple covariance matrix Rodwell et al. (2021). Let
(λi, ei), i = 1, . . . , d, be the ordered eigenvalue–
eigenvector pairs of S. The ith principal compo-

nent score vector is then

Yi = eᵀX = ei1X1 + ei2X2 + · · ·+ eipXd,

for i = 1, 2, . . . , d. Moreover, Var(Yi) = λi.
Equivalently, PCA may be performed via the sin-
gular value decomposition (SVD). The SVD of X
is

X = UΣVᵀ,

where Σ is a diagonal matrix of singular val-
ues and V contains the right singular vectors,
which correspond to the PCA loadings. From this
decomposition, XᵀX = VΣ2Vᵀ, and setting
Λ = Σ2 yields XᵀX = VΛVᵀ. The sample
covariance matrix is therefore

S =
1

n− 1
XᵀX =

1

n− 1
VΛVᵀ.

Equivalently, the scaled SVD

(n− 1)−1/2X = UΣ̃Vᵀ,

with Σ̃ = Σ/
√
n− 1, yields S = VΣ̃2Vᵀ,

showing that the principal directions obtained
from the SVD coincide with those from the eigen-
decomposition of S (see Russell et al. (2000) for
details). In reduced r dimensions, the PCA score
matrix is Z∗ = XVr, which provides the rank-
r approximation X ≈ Z∗Vᵀ

r . Geometrically, the
rows of Z∗ give the coordinates of the samples in
the r-dimensional reduced space, while each col-
umn corresponds to the scores of a single principal
component across the samples. The variance of
the ith column of Z∗ is λi = σ2

i /(n − 1), i =

1, . . . , r, so the eigenvalues of S quantify the vari-
ance explained by the corresponding eigenvectors
(principal components). If the first r principal
components explain a sufficiently large fraction of
the total variance, they provide an adequate low-
dimensional representation of the data. The PCA
loadings are given by the columns of Vr.

2.2. Multivariate statistical process
monitoring

In general, statistical process monitoring refers
to the application of univariate and multivariate
statistical techniques to ensure product quality
in manufacturing environments. These techniques
allow for the early identification and correction
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of deviations from the mean of the process or
specified operating limits, thereby reducing the
risk of producing nonconforming goods.
A variety of methodological approaches have been
proposed and applied in the context of statisti-
cal process monitoring. In the multivariate set-
ting, principal component analysis has been ex-
tensively used for process monitoring and con-
trol as demonstrated by Yu (2012), among others.
Common monitoring statistics derived from PCA
include Hotelling’s T 2-statistic and the squared
prediction error (SPE), also known as the Q-
statistic, which are frequently employed to detect
out-of-control conditions. Such applications are
illustrated in Ferrer (2007). Control charts is a
popular tool which provide a graphical represen-
tation of process behaviour over time. Examples
of multivariate control chart applications in indus-
trial settings can be found in Ueda et al. (2022),
and the references therein. For a more recent ex-
ample on MSPM see, Jin et al. (2024).

3. Method

Variable-reduction techniques such as PCA are
particularly important in MSPM because multi-
variate datasets frequently contain correlated vari-
ables. High correlation among process variables
can distort monitoring statistics and their visual-
izations, reducing the reliability of anomaly de-
tection. The MSPM methods examined below de-
pend on PCA to produce a lower-dimensional
set of (approximately) uncorrelated scores. When
PCA is integrated into MSPM, it serves three
roles: dimensionality reduction, improved visual-
ization, and outlier detection. The first r principal
components and their score vectors are used to
compute the T 2-statistic; the residual subspace, of
dimension r∗ = d−r, is used to compute the SPE,
and a combined statistic merges information from
both subspaces. Calculating monitoring statistics
in this reduced/orthogonal space mitigates the ad-
verse effects of highly correlated original vari-
ables. Yu (2012) provide an application of PCA-
based monitoring in simulated examples. The fol-
lowing sections discuss in detail the T 2, SPE, and
combined statistics.

3.1. Hotelling’s T 2-statistic

The general approach to identifying multivariate
outliers is to quantify the extent to which each ob-
servation deviates from the central tendency of the
data. A commonly used measure for this purpose
is Hotelling’s T 2-statistic. For mean-centered ob-
servations x1,x2, . . . ,xn, the T 2 statistic for the
ith observation is defined as

T 2
i = xᵀ

i S
−1xi,

where S denotes the sample covariance matrix
and xi = [xi1 xi2 . . . xid], i = 1, 2, . . . , n.
For a new observation xnew, the corresponding
statistic is computed using the covariance ma-
trix estimated from the original (Phase I) data,
T 2
new = xᵀ

newS
−1xnew. Although this statistic

has the same quadratic form as Hotelling’s T 2,
its interpretation in a process-monitoring context
differs from that of the classical setting. In partic-
ular, classical results assume that the observation
contributes to the estimation of S, which yields
an exact finite-sample F -distribution under mul-
tivariate normality. In statistical process monitor-
ing, however, S is treated as fixed once estimated
from Phase I data and the statistic is evaluated
for independent new (Phase II) observations. In
this case, the resulting distance measure, often
referred to as the D-statistic following Wester-
huis et al. (2000), is asymptotically χ2-distributed.
Consequently, control limits based on the upper
100(1 − α)% quantile of a χ2-distribution are
commonly used for monitoring new observations.

In PCA-based monitoring, PCA is first applied
to the sample covariance matrix S = 1

n−1X
ᵀX,

where X = [x1 x2 . . . xn]
ᵀ. A spectral decom-

position yields

S =
[
Vr Vr∗

] [Λr 0

0 Λr∗

] [
Vr Vr∗

]ᵀ
,

where V contains the eigenvectors of S and Λ

is the diagonal matrix of eigenvalues. Retaining
r principal components gives the reduced covari-
ance approximation Ŝ = VrΛrV

ᵀ
r . The monitor-

ing statistic for a new observation is then

T 2
new = xᵀ

newVrΛ
−1
r Vᵀ

rxnew,
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which, under standard conditions, is asymptoti-
cally χ2

r-distributed. An observation is identified
as a fault when T 2

new exceeds the corresponding
χ2
r control limit. Denote this 100(1−α)% control

limit, τ2 = χ2
α(r).

3.2. Squared prediction error

The squared prediction error (SPE) measures the
residual variation between an observation and its
projection into the subspace of the principal com-
ponents used in the PCA model Slišković et al.
(2012). Throughout, observations are assumed to
be mean-centered using the Phase I sample mean.
The SPE quantifies the magnitude of the com-
ponent of an observation that lies in the residual
subspace orthogonal to the retained principal com-
ponents. Alcala and Qin (2011) define the SPE for
a centered observation x as

SPE = xᵀVr∗V
ᵀ
r∗x,

where Vr∗ contains the eigenvectors associated
with the discarded r∗ = d − r principal compo-
nents. For a new centered observation xnew, the
corresponding statistic is given by

SPEnew = xᵀ
newVr∗V

ᵀ
r∗xnew.

The SPE is monitored using a control limit of the
form δ2 = gSPEχ2

α(h
SPE), corresponding to a

confidence level of 100(1 − α)%. This control
limit is based on a moment-matching approxima-
tion to the distribution of the SPE. Here,

gSPE =
θ2
θ1

, hSPE =
θ21
θ2

,

with θ1 =
∑d

i=r+1 λi, and θ2 =
∑d

i=r+1 λ
2
i ,

where λi denotes the ith eigenvalue of the sample
covariance matrix S.

3.3. Combined monitoring statistic

During process monitoring, it may be desirable to
rely on a single monitoring statistic rather than
using both the T 2 and SPE statistics separately.
To address this, Yue and Qin (2001) proposed a
combined monitoring statistic that integrates in-
formation from both the T 2 and SPE measures.
The combined statistic is defined as

ϕ = xᵀΦx, where Φ =
C̃

δ2
+

D

τ2
,

with C̃ = Vr∗V
ᵀ
r∗ , and D = VrΛ

−1
r Vᵀ

r . The
combined monitoring statistic is associated with a
control limit ζ = gϕχ2

α(h
ϕ), corresponding to a

confidence level of 100(1− α)%, where

gϕ =
r/τ4 + θ2/δ

4

r/τ2 + θ1/δ2
, hϕ =

(
r/τ2 + θ1/δ

2
)2

r/τ4 + θ2/δ4
.

Within this framework, Alcala and Qin (2011)
conducted a simulation study demonstrating the
effectiveness of the three monitoring statistics dis-
cussed in this section for fault diagnosis. Although
the combined index provides a good summary of
overall process behaviour, it does not by itself
reveal the underlying sources of deviation. To
address this, contribution plots are examined in
Section 3.5. Another potential concern with com-
bined statistics is the individual contributions may
mask one another, leading to missed detections.
However, since the combined statistic is an ad-
ditive combination of two nonnegative quantities,
cancellation between terms is not possible

3.4. Control charts

The results of monitoring statistics are typically
visualized using control charts, which are widely
applied in practice for the implementation of
MSPM. Control charts provide a graphical display
of process behavior over time, allowing changes in
process variability and violations of control limits
to be easily identified. In such charts, the value of
the monitoring statistic for each observation (such
as the T 2, SPE, or combined statistic) is plotted
alongside its corresponding control limit.

Santos-Fernández (2012) provide a detailed il-
lustration of multivariate control chart construc-
tion and include accompanying code for generat-
ing control charts from sample data in an associ-
ated R package.

3.5. Variable Contribution

Once MSPM identifies observations deemed
faulty, further investigation, such as computing
variable contributions, can help pinpoint the vari-
able responsible for the anomaly in that obser-
vation. Alcala and Qin (2011) demonstrated the
use of the T 2, SPE, and combined statistics, to-
gether with their variable contributions, for fault
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diagnosis in a simulation study. They described
several types of variable contributions that can be
computed for each statistic; among these are com-
plete decomposition contributions (CDC), partial
decomposition contributions, and reconstruction-
based contributions. Each type admits a general
representation in terms of a matrix M, whose
form depends on the monitoring statistic under
consideration. In this paper, we restrict attention
to the CDC. The CDC decomposes a monitoring
statistic into the sum of its variable contributions.
Its general expression is

CDC Index
i = xTM(1/2)ξiξ

T
i M

(1/2)x,

where ξi denotes the ith column (i = 1, 2, ..., n)

of the identity matrix. The term Index will later
be replaced with the specific monitoring statistic
of interest. For different choices of M, the CDC
can be expressed using the matrices employed to
compute the corresponding monitoring statistic.
Choosing M = D = VrΛ

−1
r Vᵀ

r , the CDC for
the T 2 monitoring statistic becomes

CDCT 2

i =
(
ξTi VrΛ

−(1/2)
r VT

r x
)2

.

To calculate the CDC for the SPE statistic, set
M = C̃ = Vr∗V

ᵀ
r∗ . Since C̃ is idempotent,

we have C̃1/2 = C̃, which implies C̃x = x̃.
Consequently, the CDC is given by

CDCSPE
i =

(
ξTi x̃

)2
= x̃2

i .

For the combined statistic, M is chosen as M =

Φ = C̃
δ2 + D

τ2 , yielding

CDCCombined
i = xTΦ(1/2)ξiξ

T
i Φ

(1/2)x.

4. Analysis

In this section, we apply the proposed MSPM
techniques to both simulated oil well data and
real observed gas well data. The simulated oil
well data set provides a controlled environment,
enabling an evaluation of the detection capabili-
ties in known fault scenarios. The real gas well
data complement this analysis by demonstrating
the practical applicability of the methods under
operational conditions.

4.1. Monitoring of oil well data

We used the simulated subset of the 3W data set
introduced by Vargas et al. (2019), which was
designed to closely mimic the dynamic behavior
of offshore oil production wells while allowing
controlled injection of fault events. The simulated
data consist of multivariate time series generated
from a realistic well model, capturing pressure,
temperature, and flow-related measurements un-
der normal operation, faulty steady-state condi-
tions, and transient fault scenarios. Each time se-
ries instance is annotated by labels indicating nor-
mal operation (class = 0), faulty steady state (class
= 1), or one of several transient fault events (class
= 101–108), corresponding to different types of
undesirable operational disturbances. The simu-
lated data set maintains challenges encountered in
real industrial systems, including strong class im-
balance, heterogeneous variable scales, and frozen
signals. This makes it particularly suitable for
research on multivariate process monitoring, fault
detection, and early warning systems.

The simulated 3W oil well dataset con-
sists of high-frequency, time-stamped multi-
variate measurements. Recorded variables in-
clude pump discharge pressure (P.PDG), produc-
tion tubing pressure (P.TPT) and temperature
(T.TPT), pressure at the production choke man-
ifold (P.MON.CKP), and temperature upstream
of the choke (T.JUS.CKP). Each observation is
associated with a time stamp and an operational
state label (class) indicating normal operation,
faulty steady state, or transient fault events. From
the 8 possible fault options, we chose to illustrate
the monitoring procedure on the hydrate in the
production line scenario. Hydrate is a crystalline
compound that is formed by water and natural gas
and therefore resembles ice. Hydrate formation
occurs most frequently in gas pipelines and gas-
producing wells, however, hydrates also form in
oil-producing wells Vargas et al. (2019). Hydrate
can accumulate to the extent that it completely
obstructs flow. Figure 1 shows the univeriate time
series plots for the production variables. The green
shading represents the period for normal opera-
tion, blue is the transient fault state, and red is
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the fault steady state. We see a sharp increase or
decrease in all variables during the transient fault
state. Figure 2 shows the control charts for the

Fig. 1.: Time series for variables of simulated oil
well.

Fig. 2.: Multivariate monitoring statistics for sim-
ulated oil well.

monitoring statistics calculated on the PCA. We
see that all the monitoring statistics flags the fault
early in the transient fault state. Variable-level
contributions were quantified using the CDC asso-
ciated with each monitoring statistic. For the first

Table 1.: Variable-level CDC values for the first
out-of-control observation under different moni-
toring statistics

Variable T2 SPE Combined
P.PDG 0.7673 0.0580 0.0086
P.TPT 0.8652 0.0750 0.0162
T.TPT 0.9095 0.1500 0.8606
P.MON.CKP 0.9874 0.0467 0.4486
T.JUS.CKP 1.2218 0.0115 0.0379

Table 2.: Mean relative CDC contributions across
the first 50 out-of-control observations

Variable T2 SPE Combined
T.JUS.CKP 0.3168 0.0342 0.0223
P.MON.CKP 0.2027 0.1425 0.3150
T.TPT 0.1779 0.4329 0.6098
P.TPT 0.1646 0.2177 0.0302
P.PDG 0.1381 0.1727 0.0228

observation identified as out of control, CDC val-
ues were computed for each variable which were
reported in Table 1. In addition, CDC values were
aggregated over the first 50 out-of-control obser-
vations and represented as a proportion of the total
contribution, as seen in Table 2. From Table 1,
the T 2-statistic attributes the initial fault mainly to
T.JUS.CKP and P.MON.CKP, whereas the SPE
statistic shows more distributed contributions. The
combined statistic identifies T.TPT as the domi-
nant contributor at the point of detection. From Ta-
ble 2, the T 2-contribution show that T.JUS.CKP
and P.MON.CKP dominates, and the SPE chart
shows T.TPT, while the combined statistic inte-
grates both effects, yielding T.TPT as the domi-
nant contribution.

4.2. Monitoring of gas well data

A typical natural gas well consists of a drilled
borehole that is lined with several layers of steel
casing, each cemented in place to support the
well structure; isolating surrounding formations,
and protecting groundwater (see Figure 1 in Cao
et al. (2023)). Shallow conductor and surface cas-
ings stabilize near-surface formations, while the
intermediate casing provides additional isolation
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at greater depths. The production casing extends
down to the gas-bearing reservoir and forms a
sealed pathway for gas to flow upward. Inside this
casing, a narrower production tubing carries the
gas to the surface. At ground level, the well is
fitted with a wellhead assembly, including casing
and tubing heads and a set of valves commonly
referred to as the Christmas tree, which regulates
flow, maintains pressure, and provides basic safety
control during production Speight (2018).
Natural gas wells are typically monitored through
measurements of pressures (wellhead, tubing, cas-
ing, and formation), temperatures, and flow rates
of gas, condensate, and water, which provide
insight into reservoir performance and well in-
tegrity. In this paper, the data originates from gas
wells located in Southern Africa. The variables
monitored in Tables 3 and 4 include tubing head
pressure (THP), flow tubing Head pressure (FTH),
line pressure (PI), annulus pressures A (PI A),
B (PI B), line temperature (TI), and gas pro-
duction rate (RATE). Many additional variables
were included in the MSPM, however, only the
top contributing variables for the first flagged ab-
normal (or faulty) observation, as identified by the
monitoring statistics in Figure 3, are reported. The

Fig. 3.: Multivariate monitoring statistics for gas
well.

three control charts in Figure 3 show different but
related behavior. The dashed red line marks the
control limit, and the red points indicate when the
limit is exceeded. The SPE chart rises early in the
series and stays above the limit for a period, while
this change is only weakly visible in the Com-

bined chart and not detected by the T 2-chart until
much later. The T 2-chart instead shows a later,
sharp spike that is detected by all three measures.
This suggests that SPE is more sensitive to early,
local changes in the process, whereas T 2 responds
mainly to larger changes affecting the system as a
whole, with the Combined statistic lying between
the two. From a practical point of view, early
SPE signals can be used as an initial warning
that prompts closer inspection of key variables,
while Combined or T 2 signals provide stronger
confirmation before major operational decisions
are made. The variable contribution summaries in

Table 3.: Variable contributions SPE.

Variable Contribution Prop.
PI A 8.6223 0.6643
PI 2.2845 0.1760
TI 0.7511 0.0579
THP 0.5827 0.0449
PI B 0.4802 0.0370
FTH 0.2198 0.0169

Table 4.: Variable contributions Comb.

Variable Contribution Prop.
PI 0.7167 0.6727
THP 0.1497 0.1405
FTH 0.0815 0.0765
RATE 0.0561 0.0527
TI 0.0212 0.0199
PI B 0.0139 0.0130
PI A 0.0132 0.0123

Tables 3 (SPE) and 4 (Combined) show a different
allocation of contribution across the monitoring
variables. Both tables display the contribution and
the proportion of total contribution. For the SPE
statistic (Table 3), PI A exhibits the largest con-
tribution (8.6223, 66.43% of the total), followed
by PI (2.2845, 17.60%); the remaining variables
each contribute only a few percent. By contrast,
the Combined statistic (Table 4) attributes most of
its contribution to PI (0.7167, 67.2%), with THP
and FTH together accounting for roughly 21%
and the other variables individually contributing
at the 1–5% level. The two monitoring statistics
therefore highlight different drivers of the flagged
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event. Importantly, the SPE statistic also reported
an abnormal signal earlier in the monitoring se-
quence than the Combined statistic, indicating po-
tentially greater sensitivity for early detection in
this case. Together, these results suggest a com-
plementary monitoring strategy; SPE provides an
early alarm that appears driven by PI A, whereas
the Combined statistic offers a broader view that
may be useful for confirmation.

5. Conclusion

In this paper, we presented a multivariate statis-
tical process monitoring framework for gas wells
based on principal component analysis, with mon-
itoring statistics computed in both the principal
component and residual subspaces. The method-
ology was evaluated on simulated data reflecting
realistic oil well operating conditions and sub-
sequently applied to real gas well data, demon-
strating its ability to detect process faults. The
results indicate that the SPE statistic is sensi-
tive to early deviations, while the combined in-
dex remains responsive but exhibits more con-
servative behaviour. Since PCA is restricted to
linear structure, extensions to nonlinear dimen-
sion reduction techniques may enhance detection
capability. In addition, alternative strategies for
combining monitoring statistics and a systematic
investigation of their sensitivity constitute natural
directions for further research.
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