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Abstract

The operation and maintenance of modern buildings increas-
ingly relies on sensor networks that continuously collect large
amounts of environmental and structural monitoring data. In
wooden buildings, continuously monitoring these measurements
remains challenging, allowing moisture-related problems to go
unnoticed until costly intervention is required. This study in-
vestigates whether a fine-tuned Granite Time Series Foundation
Model can support early moisture risk detection by forecasting
future moisture development and providing automated alerts.
A separate Granite model was fine-tuned for each building us-
ing moisture and environmental measurements collected from
the InnoRenew CoE building in Slovenia and the Forestry HUB
building in Spain. Performance was evaluated on unseen sea-
sonal test data and compared with daily-naive, weekly-naive,
Linear Regression, and Random Forest baselines. The Granite
model mostly outperformed the naive methods and Random
Forest, while achieving MAE and RMSE comparable to Linear
Regression. Despite the similar numerical accuracy, Granite bet-
ter captured the temporal patterns and fluctuations present in
the ground-truth measurements. The results demonstrate the po-
tential of pre-trained time-series models for automated moisture
monitoring and early risk alerts in wooden buildings.

Keywords

wood moisture, time-series forecasting, alert systems, building
monitoring

1 Introduction

Wood has become an increasingly important construction mate-
rial due to its renewable nature and widespread use in sustainable
construction. As the number of wooden buildings continues to
increase, ensuring their long-term durability and reliable opera-
tion becomes increasingly important. Among the various factors
influencing the service life of wooden structures, moisture is one
of the most critical. Elevated moisture levels can lead to fungal
decay, mould growth, and other degradation processes that re-
duce structural performance and may ultimately require costly
maintenance or repair.
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To mitigate these risks, modern wooden buildings are increas-
ingly equipped with sensor networks that continuously monitor
wood moisture content together with environmental variables
such as temperature and relative humidity. These systems gener-
ate large volumes of valuable information. However, collecting
data alone does not guarantee effective preventive maintenance.
In practice, building owners and facility managers do not con-
tinuously inspect thousands of sensor measurements or iden-
tify subtle temporal patterns that may indicate the early stages
of moisture-related problems. Consequently, important devel-
opments may remain unnoticed despite being recorded by the
monitoring infrastructure.

Artificial intelligence offers an opportunity to transform build-
ing monitoring from passive data collection into an active decision-
support process. Recent advances in time-series forecasting en-
able learning complex temporal relationships from historical
observations and forecasting future system behaviour. Such sys-
tems are not intended to replace human expertise, but instead to
continuously analyse incoming measurements and automatically
draw attention to situations that may require further inspection.

If successful, this approach could improve preventive main-
tenance by allowing building managers to identify developing
moisture-related risks before visible damage occurs, reducing
maintenance costs while improving building durability. Beyond
wooden buildings, similar methodologies could support auto-
mated monitoring and early warning in other structural health
monitoring applications where large volumes of sensor data are
continuously collected, including bridges, historical buildings,
industrial facilities, and other critical infrastructure.

In this paper, we investigate whether a fine-tuned Granite
Time Series Foundation Model can support early moisture risk
detection in wooden buildings through short-term forecasting of
wood moisture content. A separate Granite model is fine-tuned
and evaluated for each building: the InnoRenew CoE building in
Slovenia and the Forestry HUB building in Spain. The forecasting
performance is compared with statistical and machine-learning
baseline methods to assess the suitability of this approach for
practical building monitoring applications.

The remainder of this paper is organized as follows. Section 2
reviews related work on wood moisture monitoring, predictive
maintenance, and time-series forecasting. Section 3 describes the
study buildings, datasets, data preparation, forecasting models,
and experimental methodology. Section 4 presents the experimen-
tal results and compares the proposed approach with the baseline
methods. Finally, Section 5 concludes the paper by summarizing
the main findings, discussing the limitations of the study, and
outlining directions for future research.
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2 Related Work

Previous studies have established the relationship between wood
moisture and long-term durability, showing that prolonged ex-
posure to elevated moisture levels increases the risk of fungal
decay and other degradation processes [4]. Other works have
focused on continuous monitoring of timber buildings using em-
bedded sensors, wireless monitoring systems, and hygrothermal
modelling to analyse moisture evolution under real operating
conditions [8, 11]. More recently, machine learning has also been
applied to predict moisture behaviour in timber structures, for ex-
ample through Support Vector Regression models for long-term
hygrothermal performance under future climate scenarios [2].
Together, these studies demonstrate the importance of continu-
ous moisture monitoring for preserving the durability of wooden
buildings. However, they primarily focus on moisture measure-
ment, retrospective analysis, or long-term prediction rather than
operational forecasting capable of automatically identifying de-
veloping moisture-related risks from continuously collected sen-
sor data. In contrast, our work investigates whether a pre-trained
time-series foundation model can forecast future moisture de-
velopment and provide automated early warnings for building
monitoring.

Artificial intelligence has become an increasingly important
tool for predictive maintenance and forecasting in buildings.
Bouabdallaoui et al. [3] proposed a machine-learning framework
for predictive maintenance of building facilities, while Guo et
al. [7] demonstrated that deep learning models can accurately
forecast multivariate building energy consumption. Kramar and
Alchakov [9] further showed that forecasting performance de-
pends strongly on the ability of models to capture recurring
seasonal patterns. Although these studies demonstrate the po-
tential of artificial intelligence for analysing building-related
time series, they either address different application domains
or rely on task-specific forecasting models. Our work instead
focuses on operational moisture monitoring in wooden buildings
and investigates whether a pre-trained foundation model can be
adapted through fine-tuning rather than developing a dedicated
forecasting architecture from scratch.

Recent advances in time-series foundation models have intro-
duced a new generation of forecasting models pre-trained on
large and diverse collections of time-series data. Chronos refor-
mulated forecasting as a language modelling problem [1], while
Das et al. [5] proposed a decoder-only foundation model trained
on heterogeneous datasets. Ekambaram et al. [6] introduced Tiny
Time Mixers, demonstrating that lightweight pre-trained models
can achieve competitive forecasting performance with substan-
tially lower computational requirements. More recently, Park et
al. [10] demonstrated that fine-tuning foundation models signif-
icantly improves forecasting performance for building energy
systems compared with zero-shot inference. These studies con-
firm the strong potential of foundation models for time-series
forecasting, yet their application to operational wood moisture
forecasting remains largely unexplored. Building upon this re-
cent progress, our work evaluates the IBM Granite Time Series
Foundation Model for forecasting wood moisture content using
long-term monitoring data collected from two wooden buildings
and compares its performance with conventional statistical and
machine-learning forecasting methods.
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3 Methodology
3.1 Data Preparation

The experiments presented in this work were conducted using
monitoring data collected from two wooden buildings: the In-
noRenew CoE building in Slovenia and the Forestry HUB building
in Spain. Both buildings are equipped with monitoring systems
that continuously measure the condition of wood.

The preprocessing pipeline was designed to create a consistent
forecasting dataset. After hourly aggregation, the measurements
from each sensor were organised into independent multivariate
time series. Wood moisture content was selected as the fore-
casting target, while temperature, relative humidity, absolute
humidity, and temporal variables were used as model inputs.
Since temporal variables are cyclical by nature, the month, hour
of the day, and day of the year were encoded using sine and
cosine transformations.

Each sensor time series was divided into four seasonal subsets
corresponding to winter, spring, summer, and autumn. For ev-
ery season, the final 96 hours were reserved as the test period,
while the preceding 768 hours were used for validation and the
remaining observations for training. To make better use of the
limited seasonal data, the 512-hour input context required for
testing was taken from the last 512 hours of the validation period
immediately preceding the test horizon.

The available datasets also contained periods with missing
observations. The InnoRenew CoE dataset was missing approxi-
mately two weeks of measurements during autumn, while the
Forestry HUB dataset was missing almost one month of sum-
mer observations. Consequently, fewer samples were available
for training and evaluation in these seasons, which affected the
forecasting performance.

3.2 Granite Time Series Foundation Model

The primary forecasting model evaluated in this study is the
IBM Granite Time Series Foundation Model (Granite TTM), a
pre-trained deep learning model designed for multivariate time-
series forecasting. Instead of being trained from scratch for a
single application, Granite is first pre-trained on a large collec-
tion of time-series datasets and can then be adapted to a spe-
cific forecasting task through fine-tuning. This approach enables
the model to benefit from previously learned temporal repre-
sentations while requiring only a relatively small amount of
task-specific training data. The experiments were performed
using the publicly available IBM Granite Time Series Founda-
tion Model (ibm-granite/granite-timeseries-ttm-r2, revi-
sion 512-96-ft-r2.1), which supports a context length of 512
hours and a prediction horizon of 96 hours.

3.3 Baseline Models

To evaluate the forecasting performance of the Granite model, its
predictions were compared with four baseline approaches repre-
senting different levels of forecasting complexity: two persistence-
based methods and two commonly used machine-learning algo-
rithms.

The first baseline is the daily-naive model, which assumes
that future moisture values follow the same pattern observed
24 hours earlier. Each prediction is obtained by repeating the
corresponding observation from the previous day, providing a
simple reference for short-term forecasting.
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The second baseline is the weekly-naive model, which predicts
future values using observations recorded at the same time one
week earlier. Compared with the daily-naive approach, it captures
longer repeating patterns associated with weekly environmental
cycles.

The third baseline is a multivariate Linear Regression model,
which estimates future wood moisture as a linear combination of
the input variables. All input variables were standardized using
the mean and standard deviation computed from the training
data, and the same transformation was applied to the validation
and test data to ensure consistent feature scaling.

The final baseline is a Random Forest regressor consisting of
500 decision trees with a maximum depth of 20 and a minimum
leaf size of two samples. Random Forest models nonlinear re-
lationships by combining the predictions of multiple decision
trees, making it capable of capturing more complex interactions
between wood moisture, environmental conditions, and temporal
variables than a linear model.

All baseline models were evaluated using the same training,
validation, and test datasets and generated forecasts for the same
96-hour prediction horizon. This ensured that differences in fore-
casting performance were attributable solely to the forecasting
methods.

3.4 Experimental Design

Three experiments were conducted. The first experiment eval-
uated the Granite model against the daily-naive, weekly-naive,
Linear Regression, and Random Forest baselines using the In-
noRenew CoE dataset. The second experiment applied the same
experimental methodology to the Forestry HUB dataset, allowing
the forecasting performance to be evaluated under a different
building and climatic environment. The third experiment eval-
uated whether the proposed forecasting system can detect an
unexpected increase in wood moisture using an artificial moisture
increase introduced into the test data.

For the first and second experiments, the Granite model was
fine-tuned for 100 epochs, while validation was performed using a
sliding-window approach with multiple overlapping input-target
windows. The checkpoint achieving the lowest validation loss
was selected for the final evaluation. The selected checkpoint was
then evaluated on the final 96-hour test horizon using the last
512-hour historical context from the validation period. This pro-
cedure was repeated independently for winter, spring, summer,
and autumn to evaluate forecasting performance across different
environmental conditions.

For the third experiment, an artificial moisture increase was
introduced only into the measured values of the final 96-hour
winter test period. Since neither monitored building had abnor-
mally high moisture levels during the observation period, no
real moisture event suitable for evaluating the proposed alerting
procedure was available. The artificial sequence was therefore
generated by adding a smooth nonlinear drift based on a Smooth-
step interpolation function together with small temporally cor-
related fluctuations to the original measurements, simulating a
gradually developing moisture increase. At each forecast step,
the absolute difference between the Granite prediction and the
modified observation was calculated. A deviation alert was raised
when this difference exceeded the selected threshold for at least
three consecutive hours, while a separate alert was generated
when the modified moisture value exceeded the predefined safety
threshold.
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3.5 Evaluation Metrics

Forecasting performance was evaluated using two widely adopted
regression metrics: Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE). Both metrics quantify the difference be-
tween the predicted and observed wood moisture content over
the 96-hour forecasting horizon. For each forecasting model,
MAE and RMSE were computed separately for every season. In
addition, overall MAE and RMSE values were obtained by av-
eraging the results across all seasonal forecasting experiments,
providing an overall comparison of model performance.

4 Results

Tables 1 and 2 summarize the overall forecasting accuracy of all
evaluated methods, while Figure 1 presents the corresponding
seasonal forecasts for both datasets. On the InnoRenew CoE
dataset, Granite consistently outperformed both persistence-
based baselines and achieved forecasting accuracy comparable to
the classical machine learning models. Although Linear Regres-
sion obtained the lowest overall MAE and RMSE, the difference
compared with Granite was small. The seasonal forecasts further
confirm these results, showing that Granite consistently repro-
duced both the overall trend and short-term moisture variations
across all seasons.
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Figure 1: Seasonal forecasting results for the InnoRenew
and ForestryHub datasets.

The ForestryHub dataset proved more challenging due to the
higher variability of the measured wood moisture. Granite pro-
duced accurate forecasts during winter and autumn and remained
competitive during spring. The main exception was summer,
where the measured moisture dropped abruptly immediately af-
ter the beginning of the forecasting horizon (Figure 1), creating a



Information Society 2026, 5-9 October 2026, Ljubljana, Slovenia

ficial moisture increase and alert detection
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Figure 2: Artificial moisture increase experiment.

pattern that was not present in the preceding input context. This
season also contained the smallest amount of available training
data, which likely contributed to the higher prediction errors.
Consequently, Granite ranked behind the persistence-based base-
lines in the overall MAE and RMSE reported in Table 2. Nev-
ertheless, the seasonal forecasts indicate that Granite followed
the overall evolution of the moisture signal more closely than
the baseline methods, which often repeated previously observed
patterns or gradually diverged from the measured trend.

Table 1: Overall forecasting performance on the InnoRe-
new CoE dataset.

Method MAE RMSE
Granite 0.0488  0.0643
Daily naive 0.1137  0.1243
Weekly naive 0.1740  0.2149
Linear Regression  0.0483  0.0627
Random Forest 0.0572  0.0745

Table 2: Overall forecasting performance on the Forestry-
Hub dataset.

Method MAE RMSE
Granite 0.1551  0.2205
Daily naive 0.1538  0.2123
Weekly naive 0.1522  0.1879
Linear Regression  0.1784  0.3135
Random Forest 0.2055  0.2810

The artificial moisture increase experiment further demon-
strated the practical applicability of the proposed forecasting
framework for building monitoring. As illustrated in Figure 2,
the modified measurements gradually deviated from the Granite
forecast and eventually exceeded the predefined safety threshold.
By continuously comparing predicted and measured moisture
values, the monitoring procedure successfully detected the de-
veloping moisture increase and generated an alert before the
end of the forecasting horizon. The figure highlights the first
detected alert, which indicates the moment when the predefined
alert conditions were first satisfied.

5 Conclusion

This work investigated the applicability of the Granite Tiny-
TimeMixer foundation model for short-term wood moisture fore-
casting using two independent datasets collected from wooden
buildings. The proposed approach was evaluated against naive
forecasting methods and classical machine learning models using
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seasonal forecasting experiments with a 96-hour prediction hori-
zon. The experimental results showed that Granite consistently
ranked among the best-performing forecasting methods across
both datasets. On the InnoRenew CoE dataset, its forecasting
accuracy closely matched the best-performing classical machine
learning model, while on the ForestryHub dataset it remained
competitive despite the higher variability of the measurements.
In addition to the numerical evaluation, the seasonal forecast
curves showed that Granite generally reproduced the temporal
evolution of wood moisture more faithfully than the baseline
methods. The artificial moisture increase experiment showed
that the proposed approach can detect abnormal moisture de-
velopment and issue an alert when predefined conditions are
met.

Overall, the results indicate that pretrained foundation models
represent a promising alternative for wood moisture forecast-
ing and that their predictions can be effectively combined with
threshold-based monitoring to support the early identification
of abnormal moisture behaviour. Future work should investigate
training on larger datasets, including additional buildings and
longer observation periods, to further improve the robustness
and generalization of forecasting.
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