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ABSTRACT

Gas pressure reduction and delivery stations are critical com-
ponents of gas transmission networks, where pressure drifts
may signal early degradation or control malfunction. De-
spite the availability of measurements supporting data-driven
Prognostics and Health Management (PHM), medium-term
forecasting remains difficult due to non-stationarities, oper-
ator adjustments, and heterogeneous setpoints. This study
investigates 5-day-ahead pressure forecasting for maintenance
planning and early detection of evolutions preceding thresh-
old exceedances. A robust preprocessing pipeline addresses
irregular sampling, missing data, and level shifts under real
operating conditions. Two interpretable models are evalu-
ated: SARIMAX, for seasonal and exogenous effects, and
LightGBM, for nonlinear dynamics with feature-importance
analysis. Performance is assessed on a homogeneous subset of
gas pressure measurement recorders using standard regression
metrics. The results emphasize not only predictive capability
but also interpretability, positioning transparent forecasting
models as scalable and auditable building blocks for PHM in
gas transmission networks.

Keywords: Prognostics and Health Management, time series
forecasting; predictive maintenance; gas pressure monitoring;
non-stationary time series

1. INTRODUCTION

Gas transmission and distribution networks are the backbone
of modern energy infrastructure, and the regulatory integrity
of gas pressure reduction and delivery stations is vital for their
safe operation. The integrity of these assets is paramount
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because of safety, environment and economic issues. Con-
sequently, the industry is increasingly shifting from reactive
troubleshooting to PHM strategies that emphasize proactive
failure avoidance through real-time health monitoring and pre-
dictive analytics (Chalgham, Wu, & Mosleh, 2020).
A core indicator of system health in these networks is gas
pressure. Pressure drifts often constitute the earliest detectable
indicators of degradation, control malfunctions, or emerging
faults in components such as pipes, control valves, and com-
pressors. However, accurately forecasting these drifts over the
medium-term (5-day horizon) is complicated by strong non-
stationarities, frequent operator-induced adjustments, and het-
erogeneous regulation setpoints (Brissaud, 2024). While high-
frequency digital measurements have paved the way for data-
driven PHM, the industry faces a growing tension between
model complexity and operational transparency (Magdin,
2025).
Current literature demonstrates the strong performance of deep
learning (DL) architectures for time series forecasting (Lim &
Zohren, 2021), particularly in gas-related applications (Tian et
al., 2024). For instance, the authors in (Wang et al., 2022) have
proposed an end-to-end crack evolution forecasting frame-
work for natural gas pipelines that combines advanced sig-
nal denoising with attention-based CNN–LSTM architectures,
demonstrating the strong predictive capability for time-series
failure anticipation. Similarly, a U-Net–BiLSTM–Attention
architecture has been introduced for pressure regulation sta-
tion load prediction in a recent study (Jie et al., 2025). In
the same vein, a VMD–CNN–LSTM–Self-Attention frame-
work has been developed for interval prediction of natural
gas field station loads, integrating signal decomposition and
confidence-based graded alarms to improve predictive relia-
bility and safety-oriented decision support (Zhao et al., 2025).
While effective, these DL models frequently lack the inter-
pretability required for safety-critical maintenance decisions,
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where operators must understand the “why” behind a predicted
failure (Lu & Frank Cheng, 2025). To address this, there is
an increasing demand for models that balance high precision
with algorithmic transparency.
In this light, classical statistical and tree-based ensemble mod-
els continue to demonstrate strong competitiveness in energy
forecasting tasks, particularly when multiple seasonalities are
present. For example, autoregressive and decomposition-based
methods effectively model seasonal gas consumption patterns
(Ding, Zhao, & Jin, 2023), while ensemble learning shows
strong generalization in industrial time-series applications
(Magdin, 2025). Accordingly, this paper evaluates two in-
terpretable models for 5-day pressure forecasting: SARIMAX,
which captures autoregressive, seasonal, and exogenous ef-
fects, and LightGBM, which models nonlinear interactions
efficiently with feature-importance analysis. Both are inte-
grated into a preprocessing pipeline handling irregular sam-
pling, missing data, and non-stationary level shifts. Evalua-
tion on a homogeneous subset of gas pressure measurement
recorders (GPMR) establishes reliable baselines and shows
that the framework supports auditable, scalable, and computa-
tionally efficient PHM for gas transmission networks.
The remainder of this paper is organized as follows. Sec-
tion 2 presents the industrial context, dataset, and key chal-
lenges in pressure monitoring. Section 3 details the proposed
framework, including preprocessing and the SARIMAX and
LightGBM formulations. Section 4 discusses predictive per-
formance, feature importance, and model behavior from an
operational perspective. Finally, Section 5 summarizes the
findings, PHM deployment implications, and future research
directions.

2. INDUSTRIAL CONTEXT AND PROBLEM STATEMENT

2.1. Case study and data description

The present study uses measurements from GPMRs installed
at gas pressure reduction and delivery stations (Fig. 1). These
devices monitor regulated downstream pressure and transmit
aggregated 5-minute values, together with hourly minimum
and maximum indicators. The dataset covers July 2023 to
September 2025 and includes over 235 million pressure ob-
servations from about 2,400 recorders. For methodological
consistency, the analysis focuses on a homogeneous subset of
118 GPMRs with similar downstream regulation levels (≈3.9
bar), identical station type, and at least 1.5 years of usable data.
This subset was selected using a Gaussian Mixture Model to
retain stations with comparable pressure distributions and dy-
namics.
Operator event logs record manual interventions, including
regulator adjustments, maintenance actions, and operational
procedures that may change the pressure regime. They are
not used as explanatory variables; instead, they identify non-
nominal periods excluded from training to prevent models
from learning intervention-driven dynamics.

Figure 1. Gas pressure reduction and delivery station

Meteorological variables, especially air temperature, are
used as optional exogenous regressors because they affect gas
demand and indirectly influence pressure dynamics. For each
station, observations from the nearest weather station are tem-
porally aligned with pressure data to capture demand-related
variations beyond pressure history.

2.2. Operational challenges

Although regulated, downstream pressure shows complex dy-
namics driven by seasonal demand, ambient temperature, oper-
ator interventions, setpoint changes, telemetry gaps, and possi-
ble equipment aging. A major industrial challenge is the lack
of reliable labels for degradation onset: pressure variations
may reflect normal operations rather than faults, while main-
tenance can generate extreme but non-failure-related values.
Since intervention logs are often incomplete or misaligned
with measurements, separating operational changes from true
anomalies remains difficult, making supervised anomaly de-
tection poorly suited.
To address these limitations, this work adopts a prediction-
based monitoring strategy consistent with condition-based
maintenance. The task is formulated as a 5-day multistep
forecasting: (i) learning nominal pressure dynamics from his-
torical data, (ii) predicting future trajectories, and (iii) in-
terpreting sustained forecast–observation deviations as signs
of emerging drift. This avoids explicit anomaly labels and
reframes degradation detection as deviation from expected
behavior, which is well-suited to industrial settings with rare
failures and frequent operational perturbations. Within this
scope, the contribution of this paper is not to design a full
anomaly decision system, but to investigate interpretable
forecasting baselines suitable for pressure monitoring under
real operational constraints.

3. METHODOLOGICAL FRAMEWORK

Figure 2 summarizes the methodological framework used for
medium-term downstream gas pressure forecasting.

First, heterogeneous data are collected from GPMRs, opera-
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Figure 2. Workflow of the proposed forecasting framework

tor intervention logs, and meteorological variables, providing
complementary information on network behavior and operat-
ing context. A unified preprocessing pipeline then converts
raw measurements into learning-ready time series by applying
gap-aware interpolation, temporal alignment, hourly resam-
pling, level-shift correction via change-point detection, outlier
mitigation, and reliability masks to remove unstable periods.
Finally, the processed data are used to train two complemen-
tary forecasting models: a statistical SARIMAX model captur-
ing seasonal and exogenous effects, and a LightGBM model
that leverages nonlinear relationships through lagged pressure
variables and calendar features. Both models produce five-day
multistep forecasts, matching the operational monitoring hori-
zon. The framework components are detailed in the following
subsections.

3.1. Handling missing data

Missing observations are recurrent in industrial telemetry and
mainly arise from two mechanisms: prolonged interrup-
tions due to station shutdowns or sensor unavailability, and
short gaps caused by delayed or failed telemetry transmis-
sions. To handle them while preserving physical plausibility, a
gap-aware interpolation strategy is applied according to the
length of consecutive missing segments. Each gap is identified
by run-length encoding of the null indicator; gaps shorter than
or equal to Gmax are interpolated, whereas longer gaps are
kept missing.
For the original five-minute pressure measurements, Gmax =
12, corresponding to a maximum interpolated duration of one
hour. Short gaps are filled by linear spline interpolation using
valid neighboring observations, whereas longer gaps are kept

missing to avoid introducing artificial dynamics over extended
interruptions. Since the selected 118 GPMRs contain at least
1.5 years of usable data over an approximately 2.1-year ob-
servation period, interpolation affects only a limited fraction
of the dataset, and training remains based predominantly on
observed values.

3.2. Time alignment and resampling

All data sources are synchronized on a common timestamp
axis to ensure temporal consistency. Pressure measurements,
meteorological observations, and operator logs are converted
to a common datetime format and aligned with the reference
pressure timeline. Meteorological variables are merged with
each GPMR series using the linked weather stations, while
operator events are projected onto the same temporal grid to
identify the corresponding pressure observations.
Pressure measurements, originally recorded every five min-
utes, are then resampled to an hourly resolution by window
averaging. This choice ensures consistency with hourly mete-
orological data, remains adequate for capturing gradual pres-
sure drifts, and reduces both the forecasting horizon length
and computational burden while filtering high-frequency con-
sumption noise.
However, temporal aggregation inevitably entails some infor-
mation loss and potential aliasing effects. To quantify this
impact, the Fraction of Variance Unexplained (FVU) is
computed by comparing the original pressure signal with the
hourly aggregated signal reconstructed at five-minute resolu-
tion:

FVU =
MSE(f)

Var(Y )
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where MSE(f) is the mean squared reconstruction error and
Var(Y ) the local variance of the original signal computed
over a one-week sliding window. Across the studied GPMR
sample, the average FVU is approximately 16%, indicating
that the hourly representation preserves most signal variability
while filtering high-frequency fluctuations.

3.3. Change-point detection and level-shift correction

Pressure time series may exhibit abrupt level shifts caused by
operator setpoint adjustments or station configuration changes.
These regime changes introduce structural breaks that can de-
grade forecasting performance by violating the assumption
of locally stable statistical properties. To mitigate this effect,
change points are detected using the Pruned Exact Linear
Time (PELT) algorithm implemented in the Python Ruptures
library. A linear kernel is used with a minimum segment length
of 360 samples and a penalty parameter of 0.5, allowing an
unknown number of structural breaks to be identified.
For each detected rupture, the shift magnitude is estimated by
comparing local averages before and after the change point
using two empirically selected windows, [t − 40, t − 5] and
[t+5, t+40]. These empirically selected windows provide sta-
ble local means while excluding the immediate rupture neigh-
borhood to avoid transient effects. The difference between the
corresponding two mean values defines the estimated jump.
Detected shifts are then processed in reverse chronological or-
der and cumulatively subtracted from subsequent observations,
yielding a corrected series in which regime-induced offsets
are removed while short-term dynamics are preserved.
The effect of this correction is illustrated in Fig. 3, which
shows examples of pressure series before (blue line) and after
the level-shift adjustment (orange line). The procedure effec-
tively removes abrupt regime-induced offsets while preserving
the local variability and short-term dynamics of the signal. As
a result, the corrected series exhibit more consistent statistical
properties across time. This transformation allows the models
to focus on gradual pressure drifts associated with regulator
behavior rather than on discrete operator interventions.

Figure 3. Illustration of level-shift removal in pressure (in bar)

3.4. Outlier mitigation and reliability masking

Pressure time series occasionally contain extreme values or
short spikes associated with station purging, maintenance op-
erations, or transient telemetry artifacts. Because these events

are rare and poorly documented, explicitly modeling them
would introduce noise and degrade forecasting performance.
To mitigate their impact, outlier observations are handled
using a clipping strategy. The admissible pressure range is
defined as ±6 times a locally estimated standard deviation
over a sliding one-month window. This deviation is estimated
using the Optimal Quantile Absolute Deviation (OQAD)
method, which provides a robust scale estimate in the pres-
ence of outliers. Values exceeding this range are clipped to the
nearest boundary rather than removed, preserving temporal
continuity while limiting the influence of extreme observa-
tions. In practice, only a very small fraction of observations
are affected by this procedure, confirming the rarity of such
events. As illustrated in Fig. 4, clipping effectively limits ex-
treme spikes while preserving the overall structure and normal
operating dynamics of the pressure series, thereby improving
the robustness of the forecasting models.

Figure 4. Illustration of outlier removal in pressure (in bar)

In addition to outlier mitigation, a binary reliability mask
mt is constructed to exclude unreliable timestamps during
model training. The mask combines data-quality and oper-
ational criteria. First, temporal dilation is applied around
filtered observations, such as clipped values or interpolated
segments, using a centered rolling maximum with a window
of ±3 hours. Second, intervention logs are used to mask peri-
ods surrounding operator actions, with an exclusion window
of approximately five hours around each event. This conser-
vative strategy limits contamination of the nominal training
set by poorly documented transients, since anomaly labels are
incomplete and the true pressure state cannot be reliably recon-
structed. More data-efficient alternatives, such as Kalman fil-
tering or robust smoothing, could preserve additional samples
but require stronger assumptions on the underlying dynamics
and are left for future work. When reliable event annotations
become available, such transients could be retained as a dedi-
cated test subset for residual-based anomaly detection. Finally,
to ensure an unbiased evaluation, the mask is forced to zero
over the final forecasting horizon, keeping this period fully
available for testing.

3.5. Forecasting models

SARIMAX model. SARIMAX is implemented at the indi-
vidual GPMR level, with one model fitted for each series and
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forecasting cycle. Because SARIMAX relies on the recent
autoregressive structure of the signal, training is performed on
a sliding window rather than the full historical series. Temper-
ature is used as the only exogenous variable, and the seasonal
period is fixed to s = 24 to capture daily seasonality in hourly
data.
Fig 5 presents the SARIMAX training and evaluation work-

flow. Its hyperparameters are optimized using Optuna, which
employs a Tree-structured Parzen Estimator (TPE) sampler,
a Bayesian optimization method that sequentially explores
the parameter space based on previous trials. The optimized
parameters include the non-seasonal order (p, d, q), the sea-
sonal order (P,D,Q, 24), the trend specification (n or c), and
the training-window length. The search space is defined as
p ∈ {1, 2, 3}, d ∈ {0, 1}, q ∈ {1, 2, 3}, P,D,Q ∈ {0, 1},
with training windows ranging from 30 to 180 days. Each
configuration is evaluated using a fixed temporal split, where
the last 5 days are reserved for testing, the preceding 5 days
for validation, and the remaining portion of the window for
training. The objective minimized by Optuna is the average
validation RMSE across GPMRs.
After optimization, the best configurations are re-evaluated on
all GPMR. For each configuration, the model for each GPMR
is first trained on the training subset to forecast the validation
horizon, then re-fitted on the combined train and validation
data to generate the final 5-day test forecast. This procedure
provides an interpretable statistical benchmark while account-
ing for seasonality and meteorological effects, albeit with a
higher computational cost due to repeated model re-estimation.

LightGBM model. LightGBM is implemented as a
global forecasting model trained on the concatenation of
all GPMR samples, where the target corresponds to the
next-hour pressure. As illustrated in Fig. 6, the workflow
first constructs a feature representation combining exogenous
variables and autoregressive descriptors of the pressure
signal. The exogenous block includes temperature and
calendar variables (hour, week, weekday, month, day,
days in month), together with the GPMR identifier.
The autoregressive block consists of 16 lagged pressures
[1, 2, 3, 4, 5, 6, 7, 12, 24, 36, 48, 72, 96, 120, 144, 168] and
rolling statistic features (RSF) computed over 24-hour and
168-hour windows. These RSF summarize recent pressure
dynamics through the mean, median, standard deviation,
minimum, and maximum of the preceding observations.
For each GPMR, a feature table is constructed by merging

pressure and exogenous variables, then generating lag and
rolling features. The current pressure value is excluded
from predictors to prevent leakage. The resulting dataset
contains 46 features, including meteorological and calendar
descriptors, the GPMR identifier, 16 lagged variables, and
10 rolling statistics. The GPMR identifier is used only as
a categorical grouping variable in the pooled LightGBM
model to capture station-specific heterogeneity. It is not
considered a physical feature and is excluded from the

physical interpretation of feature importance to avoid bias.
Data are split chronologically into training, validation, and
test sets, with the last 5 days reserved for testing and the
preceding 5 days for validation. Because the maximum lag
equals 168 hours, the first 168 training samples are discarded
to preserve feature-label alignment.
LightGBM model is trained once on the pooled training
set using a gradient-boosted decision tree objective (l2).
During validation and testing, forecasts are produced using
a recursive multi-step strategy: at each step, lag and
rolling features are reconstructed from the available history,
combining observed past values with previously predicted
ones, while exogenous variables are directly injected. This
approach enables 5-day ahead forecasting using a single
one-step model while remaining consistent with deployment
conditions.

4. RESULTS AND OPERATIONAL DISCUSSION

The results reported in this section were obtained using Python
3.13.3 on macOS Sequoia 15.7.3, with an Apple M4 Pro
processor, 12 CPU cores, and 24 GB of unified memory. Since
no deep learning reference model is included, the reported
errors should be interpreted as baseline performance levels
for interpretable models, rather than as evidence of general
competitiveness against more complex architectures.

SARIMAX model. For SARIMAX, the hyperparameter
search was performed globally over the homogeneous GPMR
subset: each candidate configuration was evaluated on all
available GPMRs, and the objective minimized the mean vali-
dation RMSE across stations. The configurations reported in
Tab. 1 therefore correspond to the best aggregate-performing
settings, rather than the most frequently selected configura-
tions from independent per-GPMR optimizations. The first
configuration corresponds to (p, d, q) = (3, 1, 1) with sea-
sonal order (1, 0, 1) and a training window of 3600 samples
(≈ 150 days). The relatively autoregressive order (p = 3)
indicates that pressure dynamics depend on 3 recent observa-
tions, reflecting the short-term inertia of gas networks and the
stabilizing effect of regulator control loops. The presence of a
moving-average term (q = 1) captures transient disturbances
and stochastic fluctuations related to consumption variabil-
ity. The first-order differencing (d = 1) removes slow drifts
in the signal, which may arise from gradual demand varia-
tions or operator adjustments of pressure setpoints. Finally,
the seasonal autoregressive and moving-average components
(P,Q) = (1, 1) model recurring daily operational patterns in
pressure dynamics.

The two alternative configurations, (2, 1, 2) and (1, 0, 3),
show a similar balance between autoregressive and moving-
average components, confirming that pressure evolution re-
sults from both persistent system dynamics and short-term
stochastic perturbations. The selected training windows (rang-
ing from 90 to 180 days) suggest that reliable parameter
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Figure 5. SARIMAX training and evaluation workflow

Figure 6. LightGBM training and evaluation workflow

Table 1. Best SARIMAX configurations identified by Optuna
across all GPMRs.

Rank (p, d, q) (P,D,Q, s) Trend Train window
1 (3,1,1) (1,0,1,24) c 3600
2 (2,1,2) (1,1,1,24) c 4320
3 (1,0,3) (0,1,0,24) c 2160

estimation requires capturing multiple operational cycles. Fi-
nally, the inclusion of a constant trend term (trend = c)
allows the model to account for a non-zero baseline level in
the pressure signal, reflecting the regulated operating setpoint
around which short-term fluctuations occur.
Following the proposed workflow in Fig. 5, each GPMR time

Figure 7. Pressure forecast (in bar) using SARIMAX

series is trained using the 3-best SARIMAX configurations,
and the model achieving the lowest validation error is retained
to produce the final forecast. Across all GPMRs, the resulting
mean test RMSE ≈ 11.5mbar, indicating that the model cap-
tures the main pressure dynamics with relatively acceptable
deviations compared to the typical operating pressure range.
Figure 7 illustrates the 5-day forecast for a representative

GPMR (ID 091), achieving RMSE ≈ 7.1mbar. The model
accurately reproduces the amplitude and timing of daily pres-
sure oscillations. Small deviations near sharp extrema reflect
the typical accumulation of errors in recursive multi-step fore-
casting.

LightGBM model. Unlike SARIMAX, which fits an indi-
vidual model for each GPMR, LightGBM is trained as a single
global model using the concatenation of the 118 GPMR time
series. This strategy enables the model to learn shared pressure
dynamics across stations while exploiting a richer feature set
composed of lagged pressures, rolling statistics, meteorolog-
ical, and calendar features. Across all GPMRs, the result-
ing mean test RMSE is approximately 13.1mbar. Although
slightly higher than the SARIMAX benchmark (≈ 11.5mbar),
this error remains moderate relative to the typical operating
pressure range and confirms the capability of the global model
to reproduce the main pressure dynamics across heterogeneous
stations.

Fig. 8 presents an illustrative forecast for the same repre-

Figure 8. Pressure forecast (in bar) using LightGBM

sentative GPMR (ID 091) over the 5-day prediction horizon.
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The prediction achieves RMSE ≈ 8.5mbar, indicating that
the model captures most of the temporal variability of the
pressure signal. The predicted trajectory follows the observed
daily oscillations and overall trend, although the forecasts ap-
pear smoother than those obtained with SARIMAX (Fig. 7 vs.
Fig. 8). This smoothing effect is typical of global machine-
learning models and explains the slightly higher RMSE, as
sharp local variations tend to be attenuated.

To better interpret the behavior of the LightGBM model,

Figure 9. LightGBM feature importance analysis

Fig. 9 reports the ranking of the most influential predictors
according to two complementary importance metrics: split
number and gain importance. The split number measures
how frequently a feature is used to partition the decision trees,
indicating variables that repeatedly contribute to the model
structure. In contrast, gain importance quantifies the reduc-
tion of the loss function obtained when a feature is used for a
split, thus highlighting the predictors that contribute most to
improving forecasting accuracy.
According to the split-based ranking, several predictors con-
tribute regularly to the model decisions, including short-term
pressure lags (pression 1, pression 2, pression 3),
meteorological conditions (meteo), rolling statistical de-
scriptors of the pressure signal (e.g., p rol kurt 24,
p rol skew 24), and the calendar variable hour. This dis-
tribution indicates that the model systematically combines
recent system states, demand-related meteorological drivers,
and daily operational cycles to describe pressure dynamics.
In particular, the strong presence of rolling statistics suggests
that the model captures short-term regime changes in pressure
variability, which may correspond to transient demand peaks
or local network adjustments.
The gain-based ranking provides a complementary perspec-
tive. It shows that the immediate pressure history, especially
pression 1, dominates the predictive power of the model,

with a significantly larger contribution to error reduction than
other variables. Additional lags such as pression 24 and
pression 2 also play an important role, indicating that the
model relies heavily on the persistence of pressure states over
short and daily horizons. In comparison, meteorological and
calendar features appear less influential in terms of gain, sug-
gesting that they mainly act as contextual variables that refine
predictions rather than driving them directly.
These observations are consistent with the SARIMAX con-
figurations reported in Tab. 1. The best-performing models
systematically include autoregressive components with several
recent lags (e.g., p = 1, 2, 3) as well as a seasonal component
with period s = 24. This structure reflects the same two domi-
nant mechanisms highlighted by the LightGBM importance
analysis: short-term persistence of pressure dynamics and
a strong daily periodicity. Additionally, the LightGBM ap-
proach therefore offers a different trade-off between accuracy
and scalability. While the statistical model slightly outper-
forms the global model in terms of average RMSE, LightGBM
provides a single global model, reducing the overall training
time. From a deployment viewpoint, LightGBM is particularly
attractive because, once trained, it provides fast CPU-based in-
ference with limited memory requirements, making it suitable
for large-scale monitoring of multiple GPMRs. SARIMAX
offers strong station-level interpretability, but its per-series
fitting strategy is less scalable when the number of monitored
recorders increases.
From an operational perspective, the SARIMAX and Light-
GBM results confirm that downstream pressure evolution is
mainly governed by the recent pressure trajectory itself, re-
flecting both the inertia of the gas transmission system and
the feedback regulation mechanisms of pressure control de-
vices. Exogenous and calendar variables nevertheless pro-
vide complementary information for anticipating recurrent
demand cycles and seasonal consumption patterns. For a
future fault detection stage, the decision boundary could be
calibrated from the distribution of nominal forecast residu-
als using validation-based quantiles or prediction intervals,
with alarms triggered only when deviations persist over con-
secutive time steps. These findings open several directions
for further development. Sequence-based architectures, such
as LSTM could better capture short-term pressure dynamics,
while attention-based or transformer models may learn longer-
range dependencies and multi-scale seasonal patterns, such
as daily or weekly demand cycles. Future work could also
integrate heterogeneous inputs and physical knowledge by
combining pressure history, meteorological, and calendar vari-
ables within hybrid or physics-informed architectures, and by
exploiting spatio-temporal models, such as graph neural net-
works, to capture pressure propagation across interconnected
stations.
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5. CONCLUSIONS AND PERSPECTIVES

This study investigated the problem of short-term downstream
pressure forecasting in gas transmission networks using two
complementary modeling approaches: the statistical SARI-
MAX model and the tree-based ensemble method LightGBM.
Both models are integrated within a dedicated preprocessing
workflow designed to address practical challenges of industrial
monitoring data, including irregular sampling, missing val-
ues, and non-stationary level shifts. The results show reliable
predictions over a 5-day horizon, with SARIMAX achieving
slightly lower average RMSE, while LightGBM demonstrates
strong robustness and scalability through a single global model
trained across all stations.
From an operational standpoint, the study highlights the im-
portance of combining interpretable statistical and machine-
learning models for industrial monitoring tasks. Such ap-
proaches remain competitive in energy forecasting applica-
tions and provide transparent mechanisms to analyze the
drivers of pressure dynamics while maintaining computational
efficiency for large monitoring infrastructures.
Future work could extend the proposed framework through
systematic comparisons with advanced data-driven models and
reference baselines, including LSTM, DLinear, persistence,
and seasonal naı̈ve forecasting, in order to better quantify the
relative predictive gain of interpretable approaches. Integrat-
ing physics-informed learning strategies and spatio-temporal
representations may also help capture multi-scale temporal
patterns and spatial dependencies across interconnected sta-
tions, thereby improving forecasting robustness for large-scale
gas transmission networks.
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neering from École Centrale de Nantes in

2012. She was a Postdoctoral Fellow at IFSTTAR from 2013
to 2015, an Assistant Professor at the University of Technol-
ogy of Troyes from 2016 to 2017, and an Associate Professor
at the National Engineering School of Tarbes (ENIT) from

2017 to 2025. Her research focuses on artificial intelligence
for predictive maintenance and Prognostics and Health Man-
agement.

Kamal Medjaher is a Full Professor at the
University of Technology Tarbes Occitanie
Pyrénées (UTTOP), France, and member
of the Production Engineering Laboratory
(LGP). He received the Ph.D. degree in con-

trol and industrial computing from the University of Lille 1, in
2005. He was an Associate Professor at the National Institute
of Mechanics and Microtechnologies, Besançon, and FEMTO-
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