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1
Introduction

Climate change has become one of themost significant challenges of the 21st century [39]. It is primarily
driven by greenhouse gas emissions resulting from the combustion of fossil fuels for energy production
in homes, industry, and transport [40]. The Industrial Revolution of the 19th century, while a major
milestone in human progress, also established a long-term dependence on carbon-intensive energy
systems that now contribute significantly to global warming [17]. At the same time, global energy
demand continues to rise [18] due to population growth, industrial development, making the transition
to sustainable energy sources increasingly urgent. Renewable energy sources, particularly solar and
wind energy, have therefore seen rapid adoption [5] as alternatives to fossil fuels. However, their
effectiveness as a complete replacement remains uncertain, and their inherent intermittency — due
to dependence on weather conditions such as sunlight and wind — introduces variability that poses
challenges for maintaining a stable and reliable power grid [3].

Geothermal energy [20] is uniquely positioned to address some of the key limitations of solar and wind
power due to its ability to provide continuous and weather-independent energy. It utilizes the Earth’s
naturally occurring subsurface heat, which can be converted into electrical power and thermal energy
for various applications [12]. As a renewable energy source when managed sustainably, geothermal
energy has been shown to have significant potential, with some estimates suggesting it could contribute
at the terawatt scale [11] under favorable deployment scenarios. However, its utilization also introduces
significant engineering challenges. Geothermal energy production relies on complex infrastructure, in-
cluding extraction systems, heat exchangers, power conversion units, and re-injection processes. To
maintain reliable output, these plants must operate continuously, which places constant stress on their
components. Over time, this operational stress leads to gradual degradation, reducing system effi-
ciency and performance [34] [32]. If not detected early, such degradation can result in severe failures
and significant economic losses [43], particularly given that many geothermal plants currently oper-
ate within narrow profitability margins [14]. Consequently, continuous monitoring and maintenance of
geothermal systems is essential to ensure safe and efficient long-term operation.

The industry has historically relied on simple threshold-based monitoring systems for condition mon-
itoring and fault detection [29]. While these approaches are easy to interpret and implement, they
are limited in their ability to detect subtle changes in system behavior and provide little to no predic-
tive capability. More recently, some operators have adopted traditional machine learning models to
learn system behavior directly from data [54]. However, these approaches [24] typically require large
amounts of labeled training data [52], are highly task-specific, and often struggle to generalize across
different plant sites [22]. These limitations are particularly critical in geothermal energy systems, where
failure events are rare and labeled examples of faults are scarce. In addition, concerns around data
privacy and operational security often prevent operators from sharing plant-level sensor data, resulting
in fragmented and siloed datasets [53]. Together, these constraints in data availability, generalization,
and privacy demand a fundamental departure from conventional machine learning workflows.

Foundation models [6] represent precisely this kind of departure, offering a new paradigm built around
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generalization rather than task-specific training. Rather than learning from scratch on a narrow dataset,
thesemodels are pretrained on large, diverse datasets, allowing them to develop broad representations
that transfer across tasks with minimal additional training. This shift was largely enabled by transformer
architectures [47], which excel at capturing long-range dependencies in sequential data. The practical
consequence is significant: downstream adaptation no longer requires extensive labeled datasets or
task-specific training pipelines — a particular advantage in industrial settings like geothermal energy
operations, where data is scarce, fragmented, and rarely shared across sites. That said, the success
foundation models have demonstrated in language and vision does not automatically transfer to time
series data due to fundamental differences in data structure, including continuous-valued inputs, strong
temporal dependencies, and non-stationary dynamics [55] [30].

Adapting foundation models to time series data is non-trivial. Unlike text or images, time series lack
a natural tokenization process, and the diversity of sampling rates, scales, and temporal dynamics
across domains makes it difficult for any single model to generalize broadly. Time Series Foundation
Models (TSFMs) [26] have emerged as a direct response to these challenges, developing architec-
tural strategies that aim to capture general temporal representations applicable across this diversity.
Despite their growing momentum, however, TSFMs remain largely unexplored in complex industrial
environments. This gap is partly structural: most early TSFMs were designed exclusively for univari-
ate settings, making them ill-suited for industrial condition monitoring, where systems are inherently
multivariate [4][45]. Recent architectural advances have begun to change this [50], yet their suitability
for geothermal condition monitoring remains largely unexplored. It is unclear how well they handle the
unique operational dynamics of such systems, how they compare against established forecasting and
anomaly detection baselines, and to what extent their zero-shot capabilities hold under the specific
constraints and characteristics of geothermal data.

This thesis investigates these questions through a systematic evaluation of Time Series Foundation
Models for geothermal condition monitoring, spanning forecasting and anomaly detection tasks. All
models are evaluated in a zero-shot setting, without any task-specific training or fine-tuning, to assess
how well pretrained representations transfer to a specialized industrial domain.

The overarching research question addressed in this thesis is:

To what extent can Time Series Foundation Models serve as a practical and effective zero-shot
solution for condition monitoring in geothermal energy systems?

The primary contribution of this thesis is the first systematic evaluation of Time Series Foundation
Models in the geothermal energy domain. Through zero-shot forecasting and anomaly detection ex-
periments, we derive insights into how well TSFMs transfer to a complex industrial setting, what archi-
tectural properties drive their generalization, and where their current limitations lie, findings that carry
broader implications for the application of foundation models in industrial time series environments.

The thesis is structured as follows. Chapter 2 presents the theoretical background and literature survey,
introducing time series data, machine and deep learning approaches, and foundation models for time
series. Chapter 3 presents the main scientific research article included in this thesis, which evaluates
Time Series Foundation Models for forecasting and anomaly detection in geothermal operations under
zero-shot settings. Finally, Chapter 4 concludes the thesis and outlines directions for future research.



2
Background

2.1. Time Series Analysis
2.1.1. Time Series Data
A time series is an ordered sequence of observations indexed by time. Formally, it is represented as
{xt}Tt=1, where xt ∈ R denotes the observation recorded at time step t. Time series data is often
temporally dependent: the value observed at time t is causally influenced by preceding observations,
such that xt is not independent of xt−1, xt−2, .... This distinguishes time series from independently and
identically distributed (i.i.d.) data and motivates the use of models that explicitly capture sequential
structure.

2.1.2. Univariate and Multivariate Time Series
A univariate time series tracks a single variable over time, while a multivariate time series consists of
multiple variables recorded simultaneously, xt = (x

(1)
t , x

(2)
t , ..., x

(N)
t ) ∈ RN . In practice, the variables

within a multivariate series are often interdependent: the evolution of one variable may or may not
influence others. In industrial systems, for instance, pump frequency directly influences flow rate, which
in turn affects downstream temperatures and pressures. Capturing these cross-variable dependencies
is essential for accurate modeling.

2.1.3. Properties of Time Series Data
Time series data typically consists of four main properties [25], as illustrated in Figure 2.1. Trend
refers to the long term directional movement of the series: a sustained increase or decrease over
time. Seasonality refers to periodic, repeating patterns that occur regularly such as increased energy
consumption during winter or higher sales during holidays. Cyclicity refers to the long term fluctuations
that occur around the underlying trend but do not follow a fixed periodic schedule. Irregularity refers
to the irregular fluctuations that cannot be represented by trend, seasonality or cyclicity.

A time series is stationary if its mean and variance remain constant over time. Traditional forecasting
methods typically assume stationarity. However, this is rarely observed in real-world industrial data,
usually because it is heavily influenced by external factors like operator controls.

2.1.4. Covariates
Time series data is often influenced by external variables, known as covariates or exogenous variables.
These often include features such as holidays for sales context or operator controlled inputs such as
pump frequency in the geothermal domain. Covariates can be past known values or known future val-
ues. Incorporating these covariates when forecasting can result in a much more stronger performance
compared to relying on just the target’s temporal structure instead.

3



2.1. Time Series Analysis 4

Figure 2.1: Visual representation of the four properties of time series data: Trend, Seasonality, Cyclicity, and Irregularity.

2.1.5. Forecasting
Forecasting involves estimating future values of a time series based on past observations. Given a
context window of length L, a forecasting model produces predictions over a future horizon of length
H:

x̂t+1, x̂t+2, ..., x̂t+H = f(xt−L+1, xt−L+2, ..., xt). (2.1)

The choice of horizon H determines how far ahead predictions are made, although, longer horizons
are typically more challenging as uncertainty accumulates.

Figure 2.2: Visual representation of the three types of forecasting: Univariate, Multivariate, and Covariate-aware

The task differs based on the information available to the model, as illustrated in Figure 2.2. Univariate
forecasting considers only the historical values of the target variable to predict its future trajectory. Mul-
tivariate forecasting models multiple time series jointly, enabling the learning of relationships across
related variables. Covariate-aware forecasting [35] predicts a target variable using both its historical
values and additional covariates, which may include past as well as future-known observations that
influence the target.
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2.2. Statistical Models for Time Series
2.2.1. Auto-Regressive (AR) Models
AR models forecast future values using a linear combination of their own past values, operating on
the assumption that the future depends directly on the history [8]. This dependency is controlled by
defining how many past values the model can use to make its predictions.

AR models assume that the underlying time series is stationary and linear relationships exist between
past and future values. Due to this, they are generally well-suited for simple temporal dynamics but
struggle with complex non-linear patterns.

2.2.2. Moving Average (MA) Models
Time series data may consist of noise in individual points, which disrupts AR models because a noisy
observation at time t becomes an input for predictions at all subsequent steps t + 1, t + 2, ..., t + H,
causing error propagation. To counter this short-term noise, MA models smooth time series data using
a sliding window. By replacing values with the average of past observations, this approach acts as a
filter to stabilize underlying trends [33].

Similar to AR models, MA models also rely on the assumptions of stationarity and linearity, and thus
face the same limitations of being unable to model complex long-term temporal patterns.

2.2.3. ARMA and ARIMA
The Auto-Regressive Moving Average (ARMA) model [56] combines both AR and MA components, al-
lowing it to capture historical trends while mitigating sudden shocks. This makes it more expressive that
either AR or MA alone, while still maintaining a simple linear structure. However, ARMA still requires
the time series to be stationary.

The Auto-Regressive Integrated Moving Average (ARIMA) model [44] extends ARMA by introducing
an integration step, where differencing is applied to the data to remove trends and enforce stationarity.
While this improves flexbility for real-world data, ARIMA remains fundamentally linear and assumes
that relationships in the data can be captured through differencing and past dependencies. It does not
incorporate external variables, further limiting its performance in environments where external variables
play an important role.

2.2.4. SARIMA and SARIMAX
Seasonal ARIMA (SARIMA) [46] extends ARIMA by explicitly modeling repeating seasonal patterns
through seasonal auto-regressive and seasonal differencing components, allowing themodel to capture
periodic structures such as daily, weekly, or yearly cycles in the data.

SARIMAX [1] further extends this framework by incorporating external variables through a linear regres-
sion component. These external variables, as discussed earlier, play a significant role in the dynamics
of the systems and can heavily influence the target series.

These models, however, inherit the same limitations concerning ARIMA. They assume existing sea-
sonal structure, and may struggle with complex non-linear temporal structures. Additionally, their per-
formance typically degrades in high-dimensional settings where many external variables are present.

2.3. Deep Learning for Time Series
2.3.1. Recurrent Neural Networks
Since time series data is sequential, Recurrent Neural Networks (RNNs) [41] provide a strong approach
for learning patterns within the data. Traditional feed-forward neural networks assume that each data-
point is independent. However, this assumption does not hold for time series data, where observations
are heavily influenced by preceding datapoints. RNNs are specifically designed to model these tempo-
ral dependencies by maintaining a hidden state that acts as memory and evolves over time.

At each time step t, the model take an input vector xt and update its hidden state ht as follows:

ht = tanh(Wxxt +Whht−1 + bh) (2.2)
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where Wx is the input-to-hidden weight matrix, Wh is the hidden-to-hidden weight matrix, and bh is a
bias term. The hidden state ht acts as a compact memory representation of all previously observed
inputs up to time t.

The output at each time step is computed as:

yt = Wyht + by (2.3)

where Wy is the hidden-to-output weight matrix and by is the output bias term. This formulation is
visualized in Figure 2.3 over multiple timesteps and allows the model to generate a prediction at each
time step while still preserving temporal context through the hidden state.

Figure 2.3: Sequential flow of a RNN across consecutive timesteps. The hidden state ht continuously updates using the
current input xt and the previous hidden state ht−1 to map dependencies before generating the output yt.

Standard RNNs, however, suffer from several limitations. Since information is propagated through a
single hidden state across many timesteps, older information is usually overwritten. RNNs also often
suffer from vanishing or exploding gradients, making it difficult to learn long-term dependencies. This
results in important historical context being lost, limiting the model’s effectiveness [13].

2.3.2. Long Short-Term Memory Networks
Long Short-Term Memory (LSTM) networks [15] were introduced to address the limitations of stan-
dard RNNs. Rather than compressing all historical context into a single, continuously overwritten
hidden state, LSTMs introduce a dedicated cell state that preserves relevant information across long
sequences.

The cell state controls the flow of information using three gating mechanisms: the input gate which
controls what new information should be stored in the cell state, the forget gate which controls what
information is retained from the previous cell state, and the output gate which controls what information
should be sent to the hidden state. The overall architecture of a LSTM cell is illustrated in Figure 2.4.

Formally, at each time step t, state updates use the current input vector xt, the previous hidden state
ht−1, and the previous cell state ct−1 to perform gating computations:

ft = σ(Wfxt + Ufht−1 + bf ) (2.4)

it = σ(Wixt + Uiht−1 + bi) (2.5)

c̃t = tanh(Wcxt + Ucht−1 + bc) (2.6)

where W and U represent the input-to-hidden and hidden-to-hidden weight matrices, b denotes the
bias vectors and σ(·) = 1

1+e−(·) is the sigmoid function ensuring all gate values lie in (0, 1). The final
cell state ct is updated via a linear combination of the previous cell state and the new cell state:

ct = (ft ⊙ ct−1) + (it ⊙ c̃t) (2.7)
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Figure 2.4: Internal gating mechanism of a single LSTM cell, adapted from Ghojogh and Ghodsi [13]. Element-wise
multiplication (⊗) and addition (⊕) operators regulate how the forget gate ft, input gate it, and output gate ot modify the

long-term memory cell state ct and compute the recurrent hidden state ht.

where ⊙ denotes the Hadamard (element-wise) product. After the final cell state has been computed,
the output gate computes information relevant to update the hidden state:

ot = σ(Woxt + Uoht−1 + bo) (2.8)

ht = ot ⊙ tanh(ct) (2.9)

Finally, the output is computed via the hidden state:

yt = V ht + by (2.10)

where V is the hidden-to-output weight matrix and yt is the final output.

LSTMs are significantly more effective at capturing long temporal patterns compared to standard RNNs,
and have been widely adopted for forecasting tasks. However, they remain inherently sequential, lim-
iting parallelization during training and inference. Furthermore, LSTMs often require large amounts of
training data to achieve strong performance andmay still struggle with very long sequences [13]. These
limitations motivated the development of attention-based architectures such as the Transformer.

2.3.3. Transformers and Self-Attention
To mitigate the limitations of RNNs, the Transformer architecture [47] was introduced, relying on the
attention mechanism instead of recurrence to model relationships across sequences.

Attention allows the model to focus on the most relevant parts of the input sequence. Rather than
compressing historical information into a single hidden state, attention allows the model to consider all
prior steps and determine which ones are the most important for prediction.

Transformers implement this mechanism through self-attention, in which each step in a sequence at-
tends to all others, as illustrated in Figure 2.5. Formally, given an input sequence represented as
X ∈ Rn×d, where n is the sequence length and d is the hidden dimension, the model computes the
query, key and value matrices (Q, K, and V ) as

Q = XWQ, K = XWK , V = XWV , (2.11)

whereWQ,WK ∈ Rd×dq andWV ∈ Rd×dv are learnable projection matrices, and dq denotes the dimen-
sionality of the query and key vectors.
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Figure 2.5: Visualization of the self-attention mechanism, adapted from Raschka [38].

The scaled attention weights, denoted as the matrix A ∈ Rn×n, are then calculated using a softmax
activation:

A = softmax

(
QKT√

dq

)
, (2.12)

whereQKT computes dot-product similarity scores between queries and keys across timesteps, scaled
by 1/

√
dq to prevent vanishing gradients during training. The finalized attention matrix A is subse-

quently multiplied by the value matrix V to produce the final contextualized output matrix Z ∈ Rn×dv :

Z = AV (2.13)

This allows transformers to eliminate the sequential bottleneck and model long-term dependencies
effectively across large datasets. Self-attention forms the core component of stacked encoder and de-
coder layers, where it is combined with additional components such as feed-forward networks and layer
normalization, as illustrated in Figure 2.6. Multiple self-attention heads are typically used in parallel to
allow the model to capture different types of dependencies within the same sequence.

Transformer architectures can be categorized into three types:

• Encoder-decoder models consist of an encoder that processes the input sequence into embed-
dings, and a decoder that uses these embeddings to generate the output sequence.

• Encoder only models [10] process the entire input sequence using bidirectional self-attention,
allowing each token to attend to all others and thus capture full contextual information.

• Decoder-only models [36] employ masked self-attention, which restricts access to future tokens
and enables auto-regressive generation by predicting the next token based solely on past obser-
vations.

These architectures are suited to different types of tasks. Encoder-only models are typically used for
understanding the full input context which is useful for tasks like classification. Decoder-only models
are more suited for generative tasks like text generation, where future values are predicted sequentially
based on past observations. Encoder-decoder models are typically used to transform input sequences
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Figure 2.6: High-level architecture of the Transformer model showing encoder and decoder stacks with self-attention and
feed-forward layers, adapted from Vaswani et al. [47].

into a required output sequence, useful for tasks like translation. In practice, the choice of architecture
involves a trade-off between flexibility and computational efficiency.

2.4. Transformers for Time Series
2.4.1. Adapting Transformer for Time Series
Applying transformers to time series data introduced several challenges.

First, self-attention introduces computational complexity which scales quadratically with sequence length
[21], since every timestep must attend to all others. Second, the standard transformer architecture does
not encode temporal order [30]. Finally, time series data consists of continuous values, unlike the dis-
crete token representations used for natural language processing, introducing additional challenges in
representation and normalization [55].

Addressing these challenges requires several adaptations. Segmentation techniques like Patching [31]
are often used on long sequences, where consecutive timesteps are grouped and treated as single input
tokens, reducing the overall sequence length and computational cost. Positional encodings are used
to inject information about the temporal order into the model. Normalization techniques like Reversible
Instance Normalization (RevIN) [23] and LayerNorm [51] are used to handle distribution shifts, where
input features are scaled to standardize their mean and variance, preventing internal covariate shift
and improving training stability.

Together, these allow the transformer to move beyond discrete sequence modeling to continuous time
series modeling.

2.4.2. Transformer-based Time Series Models
Following the success of transformers in sequence modeling, several architectures have been adapted
specifically to address time series forecasting.
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Informer
Informer [58] adapts the transformer architecture by introducing the ProbSparse attention mechanism
designed to reduce computational complexity by using the dominant query and key pairs, and a gen-
erative decoder that produces entire horizon predictions in a single forward pass, eliminating the error
accumulation of auto-regressive generation.

Autoformer
Autoformer [49] embeds time series decomposition directly into the transformer, separating the trend
and seasonality properties across layers rather than as a preprocessing step. It also introduces an
Auto-Correlationmechanism that efficiently identifies recurring periodic patterns, enabling the model to
aggregate information across segments of points rather than treating each point independently.

Temporal Fusion Transformer
Temporal Fusion Transformer (TFT) [27] is an adaptable, interpretable model designed to handle mul-
tiple types of inputs: covariates, past observed values and future known values. It utilizes an LSTM for
short-term pattern extraction and attention for long-term pattern extraction.

PatchTST
PatchTST [31] introduces segmenting of time series into fixed length patches, treating each patch as
a token rather than individual time steps, significantly reducing the computation complexity. It also
utilizes a channel-independent approach where each variate is processed independently through the
same shared transformer backbone, reducing overfitting.

While these architectures improve forecasting performance significantly over classical statistical mod-
els, they remain largely task-specific. Each model introduces architectural decisions tailored to address
specific limitations such as computational efficiency and incorporation of covariates and none can gen-
eralize across domains without task-specific adaptation or training.

This limitation motivates a shift toward more general-purpose models that aim to learn transferable
representations through large-scale pre-training, reducing reliance on task-specific architectures and
domain-specific tuning. As such, these transformer-based forecasting models have served as impor-
tant stepping stones toward the emerging paradigm of foundation models for time series.

2.5. Foundation Models
Foundation models [57] [6] are models trained on a large diverse datasets to be able to perform a wide
range of downstream tasks. They learn general representations and patterns from data via large-scale
pretraining, enabling transferable knowledge that can be applied to new tasks across domains with
minimal additional training. They represent a paradigm shift away from traditional machine learning,
where models are trained for a single task.

Large Language Models (LLMs) are among the most successful examples of foundation models. Mod-
els like BERT (Bidirectional Encoder Representations from Transformers) [10] use a bidirectional en-
coder for language understanding and GPT (Generative Pretrained Transformer) [7] uses a unidirec-
tional decoder for generation. Both are typically adapted to downstream tasks through fine-tuning,
prompting or in-context learning.

The foundation model paradigm is driven by three core architectural components: tokenization, pre-
training, and transfer learning.

2.5.1. Tokenization
Tokenization is the process of converting raw data into a sequence of discrete units called tokens, which
the model can process. Modern foundation models typically use tokenization methods like Byte Pair
Encoding [42] which decompose rare or unseen words into smaller meaningful units. The resulting
token sequence is mapped to numerical embeddings and passed as input to the transformer. Tok-
enization plays a critical role as it directly determines what the model can represent: a challenge when
extending foundation models beyond text to other modalities such as time series, where no natural
discrete vocabulary exists.
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2.5.2. Pretraining
Pretraining refers to the initial phase of training a foundation model. The models are trained on large
diverse datasets using a self-supervised objective that requires no task-specific labels [28]. Though
computationally intensive [19], pretraining produces rich, transferable representations that capture gen-
eral structure in the data, forming the foundation for downstream adaptation.

2.5.3. Transfer Learning
Transfer learning [59] refers to adapting knowledge acquired during pretraining to new tasks or do-
mains with minimal additional training. This is done directly via zero-shot inference [37], where the
pretrained model is applied to a new task without any additional training or examples, relying entirely on
representations learned during pretraining. This makes foundation models immediately useful across
diverse domains out of the box. When some labeled data is available, fine-tuning [16] [7] updates
the pretrained model’s weights on a task-specific dataset, allowing the model to specialize its repre-
sentations while retaining general knowledge acquired during pretraining. Fine-tuning typically yields
stronger performance than zero-shot inference, but required labeled examples and introduces addi-
tional computational cost.

2.6. Time Series Foundation Models
Time Series Foundation Models (TSFMs) are a specialization of foundation models with a focus on
time series data. Their objective is to learn temporal dependencies and mappings from large amounts
of time series data in order to capture general patterns in time series behavior, and to transform this
knowledge into contextual representations that can be used for downstream tasks such as forecasting
and anomaly detection.

Since foundation models are typically applied to multi-modal data, with a strong focus on text, adapting
them to time series requires the use of various techniques that extend transformer architectures for
sequential data, as discussed earlier. Different TSFMs use different techniques and therefore differ
significantly in their architecture. Some focus purely on univariate forecasting, while others explicitly
incorporate covariates as part of their design.

The three models considered in this study—TimesFM, Chronos, and Moirai—represent different posi-
tions on this spectrum, differing in architecture, pretraining strategy, and the extent to which covariate
handling is a central aspect of their design.

2.6.1. Google TimesFM
TimesFM 2.5 [9] is a 200-million-parameter decoder-only TSFM that demonstrates strong performance
on univariate time-series datasets. In the univariate setting, the model relies solely on historical values
of the target variable to learn trends and seasonal patterns. Multivariate time-series forecasting, how-
ever, incorporates exogenous variables, also referred to as covariates, to provide additional contextual
information. TimesFM is trained exclusively in the univariate setting.

Themodel predicts future values bymodeling the next patch as a function of previous patches. Patching
refers to the process of grouping consecutive time steps into a single token, which reduces sequence
length and improves efficiency. Each patch captures local temporal patterns, while the transformer
models relationships between the patches. TimesFM is pretrained using a fully supervised learning
approach and uses patch masking during training to reduce overfitting to specific context or forecast
horizon lengths.

A key limitation of TimesFM is its lack of explicit support for covariates, primarily due to the scarcity of
large-scale, high-quality multivariate pretraining data. The authors suggest incorporating exogenous
features either by fitting a linear regression model on top of the TSFM outputs or by injecting covariates
directly into the input representation so that the attention mechanism can attend to them. However for
this study, we stick to the original implementation and evaluate TimesFM as a univariate forecaster.

2.6.2. Amazon Chronos
Chronos-2 [2] is 120 million parameter encoder-only model developed to address a core limitation
of current time series foundation models: the assumption of most tasks being completely univariate.
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Recognizing that most industrial settings are control driven, the authors designed Chronos-2 with native
covariate support as a core objective.

While most TSFMs apply standard temporal self-attention, aggregating information across patches
along the axis of a single series, Chronos applies an additional group attention layer, operating across
multiple different time series, allowing the transformer to attend not just to the target, but also the
covariates within a single forward pass. Both past and future known covariates are concatenated
and processed through the same transformer stack, enabling the model to perform in-context learning,
allowing zero-shot covariate handling capabilities. Input values are normalized and divided into fixed-
length non-overlapping patches before being embedded and passed through alternating time and group
attention layers. The authors acknowledge a significant data challenge: meaningful benchmarks with
strong covariate dependence are rare, so training relied on a combination of existing univariate datasets
and fully synthetic multivariate datasets for covariate informed tasks.

2.6.3. Salesforce Moirai
Moirai 1.1-R-Base [48] is a 91 million parameter (Base model) encoder-only model developed to ad-
dress the limitations of task specific deep learningmodels and targeted specific challenges like handling
varying dimensionality and time series with varying time steps.

Rather than assuming a fixed dimensionality, the authors propose Any-variate Attention, a technique
which first flattens all variates, including covariates, into a single sequence and then applies full self-
attention. Cross-frequency learning is handled throughmultiple patch size projection layers with varying
sizes: larger patches for high-frequency data and smaller patches for low-frequency data.

While this represents an advancement over models like TimesFM which are limited to univariate inputs,
Moirai makes no architectural distinction between target variates and covariates: both are treated as
interchangeable elements of a flattened sequence. Covariate support is therefore an emergent property
rather than a central architectural concern, which contrasts models like Chronos.
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Abstract

Geothermal energy plays an increasingly important role in decarbonizing heating, cooling, and
power production. As geothermal systems operate under extreme temperatures, pressures, and sub-
surface uncertainties, maintaining reliable operation is critical to sustaining a continuous energy
supply and reducing the total cost of ownership. Ensuring the safe and efficient operation of geother-
mal plants therefore requires continuous monitoring of complex, multivariate sensor streams to detect
equipment degradation and anticipate operational failures before they occur. This often relies on sep-
arate specialized physics-based and machine learning models for each task, with sparse labels and
inter-site variability limiting generalization. In this work, we explore the application of state-of-
the-art Time Series Foundation Models (TSFMs) as a unified alternative for both forecasting and
anomaly detection in geothermal operations. We present a geothermal-specific benchmark for time
series modeling and conduct a systematic comparative evaluation of conventional machine and deep
learning baselines against pretrained TSFMs under zero-shot conditions. The results demonstrate
that, in forecasting tasks, covariate-aware TSFMs, particularly Chronos, consistently outperform all
trained baselines, achieving 22–35% lower RMSE across horizons. For anomaly detection, we evalu-
ate multiple detection strategies and find that performance is influenced more strongly by the choice
of detection strategy and the availability of labeled fault data than by forecasting accuracy alone,
with TSFM embeddings consistently encoding system information and enabling effective anomaly
detection under labeled conditions. These findings establish TSFMs as a promising foundation for
intelligent condition monitoring in geothermal and broader industrial time series applications, while
highlighting the importance of explicit covariate modeling for this class of systems.

1 Introduction

The transition towards renewable energy sources has made geothermal energy an increasingly impor-
tant sustainable alternative to hydrocarbons (IEA, 2024). Unlike intermittent solar or wind resources,
geothermal energy provides reliable thermal energy derived from the Earth’s natural heat. However, its
long-term viability is strongly influenced by subsurface conditions, where harsh thermal, mechanical, and
chemical conditions lead to persistent operational challenges such as system degradation (Omrani & de
With, 2025). Consequently, the primary challenge in modern geothermal operations is not merely the
extraction of heat, but the monitoring and mitigation of systemic degradation.

Geothermal energy is harvested at varying depths using different types of systems, such as closed-
loop and open-loop configurations, for applications including power generation and direct-use heating.
These applications can be broadly categorized into three main types. The first involves ground-source
heat pumps (Kumar & Alam, 2025), that take advantage of the Earth’s stable subsurface temperature
to provide efficient heating for buildings. The second category is geothermal power generation (Zarrouk
& Moon, 2014), where high temperature geothermal resources are utilized to produce electricity. The
third category, and the focus of this work, is geothermal direct use (J. W. Lund & Toth, 2021) (J. Lund,
2006). In these systems, geothermal fluids with temperatures ranging from 30°C to 150°C are extracted
and passed through heat exchangers to transfer thermal energy to secondary systems, such as district or
building heating networks (Brown et al., 2022). The cooled geothermal fluid is then reinjected into the
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reservoir.

The operational integrity of this cycle depends on three tightly interconnected subsystems (Whole
Building Design Guide (WBDG), n.d.) (Purwaningsih & Abdurrahman, 2016), as shown in Figure 1. The
production facility consists of wells drilled to bring the hot geothermal fluids, referred to as brine, to the
surface using an ESP, an electrical submersible pump. Once at the surface, the fluid flows through the
mechanical system, which includes the piping, separator, filters and the heat exchanger (HEX). After the
thermal energy has been extracted, the brine is then injected back into the reservoir using the injection
facility, which consists of an injector/booster pump and the injector well.

Figure 1: Simplified illustration of the direct-use geothermal system, where hot brine is extracted via a
production facility and thermal energy is extracted via the mechanical system, and cool brine is reinjected
back via the injection facility.

Due to this interconnected nature, the systems are complex to operate and require careful monitoring
and maintenance to detect and service degradations in various components (Axelsson & Stefánsson, 2003).
The most common forms of anomalies and degradation in geothermal systems include scaling in wells
and pipelines, fouling, corrosion, and complexities in pumping systems. Scaling (Pambudi et al., 2015)
is the unwanted deposition of minerals present in the brine inside the pipes and components. Fouling
(Ogbonnaya & Ajayi, 2017) (Penot et al., 2023) is more broader than scaling, but also covers organic
matter. Corrosion (Nogara & Zarrouk, 2018) is the degradation caused by chemical reactions between
the high temperature geothermal brine and the system components. Pumping systems (Fakher et al.,
2021) undergo constant stress and are more prone to reduced efficiency and sudden failures.

Degradation in these components, even if not immediately significant, can progressively impact system
performance and if left unaddressed, may lead to severe operational interruptions or complete shutdowns,
resulting in significant economic and operational consequences (Shannon, 1975). Hence, it is necessary
to ensure healthy operation of equipment to promote safety and reduce downtime.

Following the operational challenges associated with geothermal system degradation, machine learning
and data-driven approaches are increasingly being adopted to support predictive maintenance, condition
monitoring, and anomaly detection in geothermal operations (Omrani et al., 2025a) (Omrani et al.,
2025b). These methods aim to identify degradation patterns such as scaling, fouling, and pump failures
before they develop into severe operational disruptions. Recent studies have explored the applicability of
such techniques across different degradation mechanisms. Al Harrasi et al. (2025) demonstrated the use
of ensemble models for improved prediction of scaling formation. For heat exchanger systems, Villa and
Brusamarello (2025) investigated machine learning approaches for fouling detection and reported that
memory-based models such as Long Short-Term Memory (LSTM) networks were particularly effective
due to their ability to capture temporal dynamics and incorporate covariates.

2



Extensive research has also been conducted on fault diagnosis and predictive maintenance of ESPs,
which are widely used in geothermal and broader energy production systems (Omrani et al., 2021) (Yang
et al., 2022). For instance, Wei et al. (2024) determined that data-driven approaches stick to using lim-
ited characteristics to determine faults. They established that adding physical constraints to an LSTM
model greatly decreases error in the predictions of the multiple different ESP faults, while Abdalla et al.
(2022) showcased an XGBoost model’s predictive power on detecting faults and Peng et al. (2021) used
a Principal Component Analysis (PCA) based method for the same purpose.

Figure 2: Illustration of ML workflows that are standard in the industrial domains. Involves data
collection, feature engineering, model selection, model training, hyperparameter tuning, validation and
finally deployment. Models are also monitored and retrained periodically to adapt them to regime shifts.

Despite these advances, these approaches are typically developed for specific wells or operating condi-
tions, and often exhibit limited generalization when applied to unseen sites due to differences in geological
properties and operating regimes. As a result, models must frequently be retrained for each deployment
scenario. A typical machine learning workflow (Wirth & Hipp, 2000) for training and deploying models to
perform monitoring in industrial systems is shown in Figure 2. This is of course, simplified to an extent, as
proper maintenance and deployment of conventional models involve extensive orchestration and manage-
ment (Kreuzberger et al., 2023). This process is often computationally expensive and resource-intensive
for industrial operators. In addition, separate models are commonly required for different downstream
tasks such as forecasting, fault detection and classification, leading to increased development and model
maintenance overhead. A conventional model trained to forecast a specific target is tightly coupled to
that task and cannot be repurposed for other objectives, hence being inherently task-specific. Further-
more, the limited availability of labeled failure data in geothermal settings remains a major bottleneck for
supervised approaches (Nunes et al., 2023). Faults are rare events and the data is often siloed within com-
panies, causing models to overfit on limited examples and fail to generalize across sites (Yang et al., 2022).

These limitations point toward a fundamental requirement: models that can generalize across sites and
tasks without depending on large amounts of labeled site-specific data. Foundation Models (Bommasani
et al., 2021) represent a paradigm shift in this regard, taking the principle of transfer learning — adapting
representations from one context to new settings with minimal retraining (Zhuang et al., 2019) — and
applying it at a much larger scale. Pretrained on large and diverse datasets, they learn general represen-
tations and patterns that can be adapted to a wide range of downstream tasks without retraining from
scratch. Their architecture further supports multiple modalities such as text, images, and time series,
making them versatile starting points for a broad class of industrial problems.

Time Series Foundation Models (TSFMs) (Liang et al., 2024) are a specialization of FMs that focus
on learning representations from time-series data. Their objective is to capture temporal dependencies
and extract meaningful information to perform tasks such as forecasting, anomaly detection, and event
modeling. Geothermal operations are inherently data-rich, continuously generating multivariate sensor
streams that record system behavior over time. This makes TSFMs particularly well-suited to address
the challenges described above, as condition monitoring in these systems involves detecting deviations,
anomalies, and degradation patterns within these signals (Kottapalli et al., 2025). Beyond their predictive
capabilities, the contextual embeddings — internal representations of the input time series — produced
by TSFMs may encode meaningful information about system state, potentially capturing degradation
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trends or anomalous operating conditions even without task-specific supervision. They can be deployed
under different inference strategies depending on the availability of labeled data. In zero-shot inference,
the pretrained model is applied directly to a new task without any additional training, relying entirely
on representations learned during pretraining. In few-shot inference, a small number of labeled examples
are provided as context to guide predictions (Iwata & Kumagai, 2020). Fine-tuning, by contrast, involves
continuing to train the model on task-specific data, allowing it to adapt its learned representations to the
target domain (Das et al., 2024a). While fine-tuning can produce meaningful performance improvements,
it requires sufficient labeled data and introduces computational overhead (Pratap et al., 2025). Train-
ing TSFMs from scratch is even more demanding, requiring large scale compute infrastructure and vast
datasets (Sun et al., 2024), resources that are rarely available in industrial deployments. This motivates
evaluating TSFMs primarily in the zero-shot setting, which represents the most practically accessible
deployment scenario for data-scarce environments such as geothermal operations.

In the zero-shot setting, TSFMs bypass the requirement for extensive site-specific historical data
entirely, directly addressing the data scarcity and generalization limitations that constrain traditional
approaches. Rather than training a separate model per site or per task, a single pretrained TSFM can be
applied across varying operating conditions and downstream objectives, reducing deployment overhead
while improving robustness. Replacing conventional models in Figure 2, a zero-shot TSFM offers the
potential to reduce the overhead associated with task-specific data collection, feature engineering, and
model tuning. This work investigates precisely this scenario: we evaluate existing pretrained TSFMs on
geothermal operational data, assessing how well their zero-shot capabilities transfer to a setting where
system behavior is driven primarily by operational covariates rather than recurring temporal patterns.

Recent research (see Table 1) highlights the evolving role of TSFMs across diverse industries. Al-
though their industrial adoption remains in its early stages, several sectors have begun exploring their
potential across a range of tasks. A notable trend is that most successful demonstrations of zero-shot
capabilities have been reported in predominantly univariate settings, while applications involving external
covariates have largely relied on fine-tuning. This distinction is particularly evident in domains such as
energy systems and finance, where covariate information plays a central role and zero-shot performance
remains limited. To our knowledge, this work is the first to evaluate TSFMs in a purely zero-shot setting
on a covariate-driven geothermal energy system, with strong zero-shot performance representing a key
contribution of this study.

Study Domain Input Type Training Type Zero-shot
Performance

Shetty et al. (2025) Industrial Assets Covariate-aware Pretraining + fine-
tuning

Non-applicable

Park et al. (2025) Energy Systems Univariate Fine-tuning Suboptimal
(fine-tuning
essential)

Meyer et al. (2025) Smart Grids Univariate Zero-shot Strong

Marconi (2025) Finance Covariate-aware Fine-tuning Suboptimal
(fine-tuning
required)

This work Geothermal Energy
Systems

Covariate-aware Zero-shot Strong

Table 1: Overview of recent TSFM studies, focusing on data characteristics, training regimes, and zero-
shot applicability across domains.

Applying TSFMs in the energy systems operation introduces an additional layer of complexity.
Geothermal systems are subject to frequent operator interventions and control actions that strongly
influence system behavior, introducing covariate complexity that general-purpose TSFMs, typically pre-
trained on univariate series (Qin et al., 2025), are not inherently designed to handle covariates. This raises
a practical challenge of how to effectively integrate control-related covariates into TSFMs. Crucially, our
work highlights that recent advancements in covariate integration frameworks can achieve strong perfor-
mance out-of-the-box, potentially mitigating the need for resource-intensive fine-tuning. To investigate
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this, we evaluate TSFMs under different input configurations, comparing univariate and covariate-aware
setups to assess the impact of covariate incorporation on model performance.

Benchmarking TSFMs on this class of problems requires datasets that reflect covariate-driven dy-
namics; however, existing time-series forecasting benchmarks provide limited insight, as they often lack
meaningful covariates (Shchur et al., 2025). As a result, many recently proposed models are evaluated
primarily in univariate or weakly multivariate settings (Arango et al., 2025), where performance is driven
largely by seasonality or historical trends, rather than external control signals. This gap highlights the
need for benchmark frameworks tailored to covariate-driven settings.

This paper presents the first systematic evaluation of TSFMs in the geothermal energy domain, fo-
cusing on their applicability, benefits, and limitations for condition monitoring and anomaly detection in
geothermal plant operations. To enable a controlled and meaningful evaluation, we introduce a bench-
marking framework that simulates key aspects of control-driven industrial geothermal systems, including
operational interventions and covariate dynamics characteristic of real plant behavior. Using this frame-
work, we benchmark multiple TSFMs to assess their performance in forecasting and anomaly detection
tasks. Specifically, we address the following research questions:

1. How well do state-of-the-art pretrained Time Series Foundation Models perform for
condition monitoring and anomaly detection in geothermal operations under zero-shot
settings?

2. What are the benefits and limitations of using TSFMs compared to traditional machine
learning models in this context?

Our results show that TSFMs outperform all trained baselines across forecasting tasks, with larger
gains at longer horizons where task-specific models degrade most. Their embeddings also serve as effective
representations of system dynamics, enabling strong and consistent anomaly detection across all evaluated
fault types when used with a supervised classifier. Overall, TSFMs show strong potential for industrial
condition monitoring.

The paper is structured as follows. The Methodology section introduces the overall pipeline, cover-
ing the selected TSFMs, forecasting setup, anomaly detection approach, and evaluation metrics. The
Case Study section describes the three degradation events and how they inform the construction of the
benchmark datasets. The Results and Evaluation section presents the forecasting and anomaly detection
outcomes alongside an analysis of findings. The Discussion section examines key insights, limitations, and
opportunities for improvement, and the paper concludes with a summary of contributions and directions
for future work.
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2 Methodology

Figure 3: The overall framework showcases the complete pipeline: from preprocessing to model inference
and downstream evaluation. Solid lines indicate data flow, while dashed lines represent model application
to evaluation data for inference and downstream application.

The overall framework schematic is displayed in Figure 3. The pipeline is designed to systematically evalu-
ate the applicability of TSFMs by providing a standardized workflow for benchmarking their performance
against conventional baseline models across forecasting and anomaly detection tasks.

The input to the pipeline is multivariate time-series data representative of a geothermal direct-use
system, comprising sensor readings including pressures, temperatures, flow rates, pump frequencies, and
power output, among many others. This data serves as the basis for all downstream tasks: covariate-
informed forecasting for condition monitoring, and anomaly detection for degradation identification. Each
step of the pipeline is described below.

Step 1: Data Preprocessing

Raw sensor data is first preprocessed to ensure it is physically consistent and suitable for model ingestion.
Missing values are imputed using column-wise means, and out-of-range or physically invalid readings are
removed to filter sensor malfunctions. Since the dataset is synthetically generated, ground-truth anomaly
labels are available and used directly for evaluation without additional labeling steps. Finally, feature
scaling is applied where required: deep learning models are trained on min-max normalized inputs, while
foundation models perform normalization internally and tree-based models require no scaling.

Step 2: Model Ready Data

The preprocessed data is partitioned into training and evaluation splits. Since this study focuses on
zero-shot evaluation of TSFMs, the foundation models require no training data and are applied directly
to the evaluation set. However, the framework retains the training split as an essential component for
two reasons: first, the baseline models are trained on this data; second, fine-tuning of TSFMs on domain-
specific data remains an open and natural direction for future work, and the framework is designed to
support this without modification. All models, whether trained from scratch or applied zero-shot, are
subsequently evaluated on the held-out evaluation data in the steps that follow.

Step 3: Models

The model block is designed to be modular, allowing any forecasting model to be slotted into the pipeline.
Downstream processes such as inference, forecasting-based anomaly detection, and evaluation are designed
to operate on models that produce sequential forecasts, with model-specific adaptations where necessary.
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Embedding-based anomaly detection additionally requires the model to expose its internal latent repre-
sentations. The block is divided into two components: the foundation models under evaluation, and the
conventional baseline models used for comparison.

Step 3A: Foundation Models

Three state-of-the-art TSFMs are evaluated in this study, selected to represent three distinct architectural
paradigms: dedicated covariate attention, unified variate flattening, and univariate-only decoding. All
three are evaluated in a purely zero-shot setting, with no finetuning or task-specific adaptation applied.

• Amazon Chronos-2 (Ansari et al., 2025): a 120M encoder-only model with a dedicated cross at-
tention mechanism that natively incorporates covariates within the attention computation, enabling
zero-shot covariate-aware forecasting.

• Salesforce Moirai 1.1-R-Base (Woo et al., 2024): a 91M encoder-only model that supports
arbitrary numbers of variates by flattening all inputs, including covariates and targets, into a single
sequence before applying self-attention.

• Google TimesFM 2.5 (Das et al., 2024b): a 200M decoder-only model operating exclusively in
the univariate setting, evaluated here without covariate support as per its original implementation.

Step 3B: Baseline Models

Several conventional models serve as baselines to interpret TSFM performance. All baseline models are
trained on the training data, in contrast to the TSFMs which operate zero-shot. Model configurations
are provided for reproducibility and fair comparison.

• Random Forest (Breiman, 2001): a quantile regression forest with 200 estimators, implemented
using scikit-learn (Pedregosa et al., 2011). Operates as a pointwise regressor without temporal
structure, and is therefore evaluated only at a fixed horizon.

• LSTM (Hochreiter & Schmidhuber, 1997) (Ben Aoun et al., 2026): an encoder-decoder recurrent
network implemented in scikit-learn. A 128-neuron encoder LSTM summarises past observations
and target values into a context vector, which is concatenated with known future covariates and
passed to a 128-neuron decoder LSTM with dropout. A time-distributed output layer produces
three quantiles per forecast step, enabling probabilistic multi-horizon forecasting.

• TiDE (Das et al., 2024c): a Time-series Dense Encoder implemented using the Darts library
(Herzen et al., 2022). Configured with 2 encoder and 2 decoder layers, a 256-neuron hidden layer,
and a 64-neuron temporal decoder with layer normalisation and dropout regularisation. Produces
multi-horizon probabilistic forecasts via quantile regression.

• Naive Model: a simple persistence baseline that repeats the last observed value across the entire
forecast horizon. This serves as a reference to quantify task difficulty. It is used exclusively for
forecasting and is not applied to anomaly detection tasks.

Step 4: Inference

During inference, models are provided with a fixed-length context window of past observations, consisting
of historical features and target values, together with known future features, and are tasked with predict-
ing future target values over a predefined horizon. In our setting, the features correspond to operational
control variables used by plant operators to regulate system behavior. Figure 4 illustrates this process
for a single inference window.
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Figure 4: Illustration of the time-series forecasting task during inference using a sliding window approach.
The model ingests a context of past targets and features alongside known future features to produce
forecasts over the defined horizon.

Formally, let xt ∈ Rd denote the multivariate feature vector at time t, where d is the number of input
variables, and let yt ∈ R denote the scalar target variable. Given a context length L and prediction
horizon H, the model receives the historical context {(xt−L+1, yt−L+1), . . . , (xt, yt)} together with known
future features {xt+1, . . . ,xt+H}, and predicts the future target sequence {ŷt+1, . . . , ŷt+H}. Specifically,
for each future timestep, the model outputs a lower prediction bound, point forecast, and upper predic-
tion bound, {(ŷlowt+h, ŷt+h, ŷ

up
t+h)}Hh=1, where ŷlowt+h and ŷupt+h correspond to the empirical 2.5% and 97.5%

quantiles, respectively, yielding a 95% prediction interval that captures predictive uncertainty in addition
to the expected target trajectory. For all models, the quantile levels are defined as (0.025, 0.975). The
only exception is TimesFM, for which (0.1, 0.9) is used instead, due to its quantile head being restricted
to fixed 10% intervals.

Inference follows a sliding window procedure. For a time series of length T , windows are generated by
iteratively shifting the starting position using a stride S, such that the i-th window begins at time ti = i·S.
In this study, the stride is set equal to the prediction horizon (S = H), producing non-overlapping forecast
segments.

Step 5: Anomaly Detection

Anomaly detection aims to identify abnormal system behavior from multivariate time-series observations.
Formally, given a sequence of input features X = {x1, . . . ,xT } and corresponding target observations
Y = {y1, . . . , yT }, the objective is to assign an anomaly label at ∈ {0, 1} to each timestep t, where at = 1
indicates anomalous behavior and at = 0 denotes normal operation.

As is the case in many industrial equipment systems, geothermal plant environments exhibit anomalies
that are typically not expressed as isolated point events but rather as gradual and persistent degradations
in system performance. Equipment degradation often manifests through reduced operational effectiveness
that progressively develops over time and persists until maintenance is performed or components are
replaced. As such, anomalous behavior is commonly characterized by extended temporal intervals rather
than abrupt spikes or drops in sensor values (Bondad & Redoña, 2026).

Following the anomaly detection taxonomy presented by Boniol et al. (2024), the methods employed
in this study span multiple methodological categories, including prediction-based, density-based, and
classification-based approaches. However, rather than organizing methods solely according to their
anomaly detection mechanism, we group them based on the type of representation produced by the
model during inference (Darban et al., 2024).
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Specifically, we distinguish between two categories: forecasting-based anomaly detection and embedding-
based anomaly detection. The former utilizes the model’s predicted future target values and associated
uncertainty estimates to detect deviations between expected and observed system behavior. The latter
instead operates on latent embedding representations generated from the historical context window, treat-
ing these embeddings as compact summaries of system state from which anomalous operating regimes can
be identified. This distinction enables the separation of short-term predictive deviations from longer-term
shifts in system dynamics that may not be directly reflected in forecasting error alone (Delibasoglu &
Heintz, 2024).

In total, we evaluate four anomaly detection strategies. Forecasting based methods include a novelty
detection approach and a supervised Random Forest classifier, representing unsupervised and supervised
uses of forecasting outputs, respectively. Embedding based methods include a density-based Isolation
Forest and a supervised Multi Layer Perceptron (MLP) classifier, enabling the evaluation of both unsu-
pervised and supervised anomaly detection on learned latent representations.

Step 5A: Forecasting Based Anomaly Detection

Step 5A.1 Novelty Detection

Forecasting model uncertainty can serve as an indicator of anomalous behavior (Ovadia et al., 2019):
model uncertainty spikes during anomalous regimes due to deviations from expected system dynamics
given the preceding context. Leveraging this, we employ an empirical coverage approach (Gneiting &
Raftery, 2007)

Let yt:t+H−1 = {yt, . . . , yt+H−1} be the observed values over a forecasting horizon H = 24, and let
q̂α(t + h) denote the predicted quantile at level α ∈ (0, 1) for horizon step h. The empirical coverage
(EC) of a prediction interval [q̂αl

, q̂αu
] over the window starting at time t is defined as

EC(t) =
1

H

H−1∑
h=0

I (q̂αl
(t+ h) ≤ yt+h ≤ q̂αu

(t+ h)) , (1)

where I(·) is the indicator function. For a nominal (1− α) prediction interval with

αl =
α

2
, αu = 1− α

2
, (2)

a window is flagged as anomalous if
EC(t) < 1− α. (3)

In this work, α = 0.05, corresponding to a 95% prediction interval. Accounting for cases where the model
exhibits very high uncertainty, resulting in excessively wide prediction intervals, an additional condition
is used. The mean interval width is defined as

w(t) =
1

H

H−1∑
h=0

(q̂αu
(t+ h)− q̂αl

(t+ h)) . (4)

Let σclean denote the standard deviation of the target variable computed on clean training data. A
window is also classified as anomalous if

w(t) > 3σclean. (5)

For TimesFM, which produces quantiles only at multiples of 10%, the [0.1, 0.9] prediction interval is used,
and a window is flagged as anomalous if

EC(t) < 0.8. (6)

These thresholds enable consistent model comparison to demonstrate the methodology; optimizing thresh-
old selection is left for future work.

Step 5A.2: Classifier Random Forest

A supervised classification model is trained on a subset of labeled anomalous data and applied to the
outputs of the forecasting model to provide early warning signals for operators. In this implementation,
the classifier g(·) is instantiated as a Random Forest model (Breiman, 2001), chosen for its robustness
and ability to capture non-linear boundaries. Given labeled training data Dcls = {(xt, st, yt)}, where xt
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represents control inputs (features), st the target signal, and yt ∈ {0, 1} the anomaly label, the classifier
is trained to map feature–signal pairs to anomaly labels: g : (xt, st) 7→ yt.

At inference time, the forecasting model produces a H-step-ahead prediction ŝt:t+H−1 given obser-
vation up to time t, which is then combined with the corresponding feature inputs, xt, and passed to
the classifier to obtain the predicted label ŷt = g(xt, ŝt:t+H−1). An anomaly is flagged whenever ŷt = 1,
enabling detection on predicted future behavior rather than observed values. Performance consequently
depends on both the quality of labeled fault data and the forecasting model’s ability to capture the
system’s temporal dynamics.

Step 5B: Embedding Based Anomaly Detection

Rather than operating on forecast outputs, embedding based methods exploit the latent representations
produced by the model during inference. Models that generate such representations produce a compact
embedding for each context window, summarizing the historical system state, such that each sliding
window yields both a forecast and an associated context embedding. As detailed in Table 2, these raw
internal representations often consist of multiple data patches across time and variables, which must be
condensed into a fixed-length feature vector. To achieve this, we employ pooling (Gholamalinezhad &
Khosravi, 2020), specifically average pooling across temporal patches, which aggregates information by
computing the mean representation within each patch. This is followed by flattening, which reshapes the
resulting multi-dimensional tensor into a one-dimensional feature vector for downstream processing.

Model Raw Embedding Shape Pooling Strategy Final Dimension

LSTM (128,) None (128,)
TiDE (256,) None (256,)
Chronos (6, 13, 768) Pooling + Flattening (4608,)
Moirai (144, 768) Pooling (768,)
TimesFM (6, 1280) Pooling (1280,)

Table 2: Embedding dimensions and pooling strategies. For LSTM and TiDE, dimensions reflect the
selected encoder layer size. For TSFMs, the first dimension represents temporal patches (144 for Moirai;
6 for TimesFM). For Chronos, the shape (6, 13, 768) denotes 5 covariates plus 1 target variable, each with
a patch size of 13. Pooling is applied to condense temporal patches into a fixed-length vector for anomaly
detection.

Step 5B.1: Isolation Forest

An Isolation Forest (Liu et al., 2009) is fitted on embeddings extracted from a known clean period of
operation: the first year of data consisting of 360 embedding vectors. As an unsupervised anomaly
detection method, it does not require labeled anomalous examples during training and instead learns
the structure of normal operating behavior directly from healthy data. It operates on the principle
that anomalous observations are structurally easier to isolate than normal ones: anomalies require fewer
random binary splits to be separated from the rest of the data, and thus have shorter average path lengths
in the ensemble of isolation trees. Since embedding dimensionality varies across models, hyperparameter
tuning is performed via grid search over the number of estimators, maximum sample size, feature fraction,
and bootstrap strategy as mentioned in Table 10 (Appendix C), rather than manually selecting parameters
for each model individually. Hyperparameter selection maximizes µ− σ of the training decision function
scores, favoring configurations that assign consistently high normality scores to the clean training data.
The fitted model is then evaluated on embeddings extracted from the remaining period of the dataset.

Step 5B.2: Classifier MLP

Similar to the Random Forest classifier, a supervised MLP classifier is trained on labeled embeddings
to distinguish between normal and anomalous operating regimes. Since model embeddings can be high-
dimensional, a feedforward neural network is chosen over simpler classifiers for its capacity to learn
non-linear decision boundaries in high-dimensional spaces (Hornik et al., 1989).

As with Isolation Forest, the MLP dynamically adapts its input dimensionality to match the em-
bedding dimension d of the evaluated model. Because these embeddings vary significantly across archi-
tectures, the classification network must adjust to optimally leverage each feature space; thus, rather
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than using a static configuration, the MLP undergoes hyperparameter tuning via grid search over the
configurations detailed in Table 10 (Appendix C). Implemented using scikit-learn, the optimized
MLP maps each embedding ei to a binary anomaly label: ŷi = g(ei) ∈ {0, 1}, where ŷi = 1 indicates
anomalous behavior. As with the forecasting based classifier, performance depends on the separability of
the embedding space and the quality of the labeled training data.

Step 6: Evaluation

Forecasting is evaluated using standard accuracy metrics:

• R2: Coefficient of Determination, measuring the proportion of variance in the target explained by

the model. Given true values y1, . . . , yN , predictions ŷ1, . . . , ŷN , and mean ȳ =
1

N

∑N
i=1 yi, it is

computed as

R2 = 1−
∑N

i=1(yi − ŷi)
2∑N

i=1(yi − ȳ)2
. (7)

• RMSE: Root Mean Squared Error, measuring the average magnitude of the prediction error,
defined as

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2. (8)

Anomaly detection is evaluated using range-based precision and recall (Lee et al., 2018) to account for
the temporal characteristics of geothermal degradation events. In this work, we use the implementation
provided by Ryohei Izawa (2021). The cardinality parameter is set to “reciprocal”, which penalizes
fragmentation and encourages models to produce continuous flags. The bias parameter is set to “front”
to prioritize the early portion of an anomalous segment, which is critical for early warning of onset
degradation. Precision is computed with a threshold of 0.0, counting any detection within the anomaly
range as a true positive, while recall uses a threshold of 0.6 to require moderate coverage of the anomaly
for a positive detection. The F1 score is then computed as

F1 = 2 · Precision · Recall
Precision + Recall

. (9)

Precision, recall and F1-scores are reported for each task. Parameters are fixed to standardize evaluation,
prioritizing model comparison over hyperparameter optimization.

Implementation Details

All experiments were conducted on a Microsoft Azure cloud virtual machine with configuration Stan-
dard NC6s v3, equipped with 6 CPU cores, 112 GB RAM, 736 GB disk storage, and a single NVIDIA
Tesla V100 GPU.

Experiments were implemented in Python using Jupyter notebooks. A variety of libraries were used
depending on the model, including azure-ai-ml, numpy, pandas, scikit-learn, sklearn-quantile,
matplotlib, and deep learning frameworks such as TensorFlow and PyTorch. Model-specific libraries
included chronos-forecasting, uni2ts, darts, and pytorch-lightning.

Due to compatibility constraints, dataset generation and experiments involving the TimesFM model
were executed on a local machine with an Intel Core i5-1235U processor, 16 GB RAM, and integrated
Intel Iris Xe graphics.
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3 Case Study and Datasets

3.1 System Overview

Figure 5: Overview of the geothermal direct use system, showcasing the flow of geothermal brine from the
production well through separator, filters, and heat exchanger, along with associated control and power
inputs.

The core components of the geothermal plant for direct-use heating application are showcased in Figure
5. The scope of this study is limited to hydrothermal deep geothermal system intended for direct use
heating applications, where high temperature brine is produced from the subsurface and used directly
as a heat source without conversion to electricity. Geothermal brine is extracted from the production
well using an Electrical Submersible Pump (ESP). The fluid then flows sequentially through a separator,
filter A, a heat exchanger, filter B, and is finally reinjected into the reservoir via the injection well.

The system operates under tightly controlled conditions, where various different components influence
overall thermodynamic and hydraulic behavior. This makes it a suitable testing ground for evaluating
forecasting and anomaly detection methods in complex industrial systems.

3.2 Task Definition

Model performance is evaluated through two main tasks: covariate-informed forecasting and anomaly
detection via forecasting-based or embedding-based approaches.

While the broader framework forecasts multiple system variables, a more thorough analysis is per-
formed for the case study of the heat exchanger secondary side outlet temperature. This variable is
selected as the primary benchmarking target because it represents a critical operational state with tight,
non-linear dependencies on input control and state variables (including flow rates, pressures, and pump
behavior).

The anomaly detection tasks target three degradation events, each chosen to represent a different
fault mechanism:

• Heat Exchanger Fouling: Represented as a decline in the system’s thermal efficiency.

• Electrical Submersible Pump Degradation: Represented as a decline in the pump’s generated
head.

• Filter Clogging: Represented as an increase in the pressure drop across the filter.

3.3 Simulation Environment

To generate realistic datasets, we adapt the GEMINI Geothermal Digital Twin (Omrani et al., 2026)
(Omrani et al., n.d.) (Hashemi et al., 2025), extending it to support simulation of both normal and
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degraded operating conditions. The simulator provides extensive control over operational parameters and
component characteristics, enabling the generation of diverse time-series data under varying conditions.

The geothermal system is modeled as multivariate time-series data consisting of 32 operational vari-
ables categorized into control inputs and component states. The primary control variables include the
producer wellhead pressure (P prod

wh ), secondary flow rate (qs), secondary heat exchanger inlet temperature
(T s

in), and ESP frequency (fesp).
The remaining variables monitor the thermodynamic and hydraulic state of the process, recording

inlet/outlet pressures and temperatures across the heat exchanger, ESP, separators, and filtration units
(FilterA/B), as well as power metrics (Eel

esp, E
el
booster pump and ThermalPowerGen).

All pressures are measured in bar, temperatures in degrees Celsius, flow rates in m3/h, and frequencies
in Hz.

Modeling Assumptions

• No temperature loss prior to the heat exchanger (thermal resistance set to zero).

• No pressure losses in surface pipelines.

• Producer and injector reservoir productivity indices, representing the reservoir’s capacity to produce
or inject fluid, are set to 20 and 3.4 m3/(bar · h) respectively.

• Producer reservoir pressure and injector reservoir pressure are both set to 265 bar.

• Ambient temperature fixed at 20◦C.

The heat exchanger is modeled using a counter-flow configuration, selected for its superior thermal
efficiency compared to parallel-flow designs (Chand et al., 2021).

Manual specification of control actions over long temporal horizons is challenging when aiming to cap-
ture the variability observed in real plant operations. Defining realistic time-dependence across multiple
interlinked variables would require significant expert effort and may still fail to reflect the unpredictable
nature of operator behavior. Instead, we employ random control variation to emulate operator driven
adjustments during normal plant operation. Although unpredictable, the control ranges and frequencies
were consulted with subject matter experts and validated against real world operational data.

3.4 Synthetic Data Generation

Variability is modeled using a Bernoulli-Gaussian process. This method introduces occasional interven-
tions to the system and allows evaluating forecasting models’ performance under realistic stress and
volatility.

Every minute, each variable has a fixed probability of change. When triggered, the adjustment is
sampled from the corresponding distribution and clipped to remain within safe operational bounds:

• ESP Frequency (fesp): 0.002% chance per minute of increase or decrease by a value drawn from a
uniform distribution U(3, 5) Hz, clipped to 55–70 Hz. This models very rare operator interventions
within typical ESP operating limits. When triggered, the current frequency is adjusted by 0.05%
every hour until it reaches the desired value.

• Flow Rate (qs): 0.03% chance per minute of increase or decrease by a value drawn from a Gaussian
distribution N (0, 0.1) m3/h, clipped to 145–165 m3/h. This reflects occasional tuning actions with
small but realistic magnitude.

• Inlet Temperature (T s
in): 0.2% chance per minute of increase or decrease by a value drawn from

N (0, 0.045)◦C, clipped to 20–30◦C. This captures infrequent thermal adjustments while enforcing
realistic bounds.

• Wellhead Production Pressure (pprodwh ): 0.01% chance per minute of increase or decrease by
a value drawn from N (0, 0.0005) bar, clipped to 5–10 bar. This models very rare pressure-related
interventions with minimal magnitude.
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Figure 6: Time series of control variables: illustrating normal operational behavior over 360 days sampled
at hourly resolution, highlighting rare and bounded variations in pump frequency (fesp), heat exchanger

inlet secondary flowrate (qs) and temperature (T s
in), and producer wellhead pressure (pprodwh ).

The variation is showcased in Figure 6, which visualizes control variables in Dataset 1 (see Section
3.6 for details) over a period of 360 days of normal operation. These small but meaningful adjustments
provide a realistic simulation for human intervention without requiring an overly complex model.

3.5 Degradation Modeling

Three degradation events are considered: Electrical Submersible Pump (ESP) degradation, heat ex-
changer fouling, and filter clogging. Degradation events are evaluated once per day. Each event is rep-
resented as beginning from normal operation, progressing through gradual degradation, and terminating
in a maintenance action that restores the component to back to normal conditions.

Each component is associated with an explicit degradation rate, which may vary between events.
Within a single event, the degradation rate remains constant. Degradation is modeled by gradually
increasing a component’s resistance parameter, which reduces operational efficiency.

3.5.1 ESP Degradation

The ESP degradation rate is sampled from a uniform distribution U(0.5, 0.75), resulting in one degrada-
tion event per year. When triggered, the ESP resistance is updated as

r ← r · (1 + U(0.02, 0.05)). (10)

This process continues until the ESP resistance increases to 20%, after which the ESP is shut down by
setting its operating frequency to zero, and maintenance is initiated. During maintenance, the resistance
is reduced hourly using a Bernoulli–Uniform process with probability 0.75 and magnitude U(0.05, 0.09),
until the resistance returns to its normal value. A cooldown period prevents new degradation events from
occurring for a fixed number of days following maintenance. Figure 7 visualizes this process from Dataset
3 (see Section 3.6 for details).
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Figure 7: ESP operating frequency and generated head over 720 days, showing two degradation events.
Normal operation is indicated in the green region, while degrading operation in the red region. This illus-
trates degradation manifesting as a gradual decline in pump performance (ESPhead), reflecting reduced
head generation despite nominal operating frequency (fesp).

3.5.2 Heat Exchanger Fouling

Heat exchanger fouling rates are drawn from U(0.5, 0.9), producing two fouling events per year. When
triggered, the hydraulic resistance increases according to

r ← r · (1 + U(0.01, 0.03)). (11)

This increase leads to higher pressure drops and reduced thermal efficiency, which is represented using
an exponential model in which the heat transfer coefficient decays smoothly according to

Udegraded ← Uclean exp[−k(r − r0)] (12)

where Uclean = 250e3 W/K, r0 = 0.001 (representing clean state resistance), and k = 120, represent-
ing the decay factor, was calibrated to represent a realistic loss in outlet temperature over the fouling
range. Fouling progresses until the pressure drop across the heat exchanger reaches 2 bar, at which point
maintenance is triggered. During maintenance, resistance is reduced hourly using a Bernoulli–Uniform
process with probability 0.5± 0.2 and magnitude U(0.01, 0.05).

Additionally, these events incorporate severity escalation: after a predefined number of days, all
degradation increments are increased by 50%. As with the ESP, a cooldown period is enforced after
maintenance before new fouling events may occur.
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Figure 8: Time series of heat exchanger operating variables during normal and degrading operation. The
primary inlet temperature (T p

in) is held constant at 80◦C, while variations in primary (Qp) and secondary
(Qs) flow rates and pump frequency (fesp) interact with fouling-induced resistance. Degraded operation
is highlighted in red and normal operation in green.

Figure 9: Normalized secondary outlet temperatures (T s
in) over the same period, illustrating the reduction

in performance during fouling events (red) relative to normal operation (green). The temperature drop
reflects the combined effect of reduced heat-transfer efficiency and the flowrates on the heat exchanger.

Figures 8 and 9 illustrate the impact of heat exchanger fouling on thermal behavior. While the primary
inlet temperature (T p

in) is maintained at a constant 80◦C, progressive fouling leads to a noticeable decline
in secondary outlet temperature (T p

in) , which is also heavily influenced by the flowrates, indicating
reduced effectiveness.

3.5.3 Filter Clogging

Two filters are modeled, with Filter A degrading faster than Filter B, since the brine encounters it first.
The degradation rates are sampled from U(0.8 ± 0.1) and U(0.6 ± 0.1), respectively. When triggered,
their resistances are increased by U(0.1, 0.3) and U(0.09, 0.2), respectively.

Clogging continues until the pressure drop across a filter reaches 0.2 bar, at which point maintenance
is initiated. During maintenance, resistances are reduced hourly using a probabilistic process with prob-
ability 0.6 ± 0.2 and magnitude U(0.01, 0.02). As with other components, a cooldown period prevents
immediate reoccurrence of degradation. Figure 10 visualizes this process.
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Figure 10: Time series of FilterA and FilterB pressure drops (∆P ) across normal (green) and degradation
(red) operating conditions.

Overall, this framework models realistic degradation and maintenance patterns, accounting for vari-
ations in damage severity, downtime, and repair effectiveness across different components.

3.6 Dataset Information and Visualization

Six datasets are provided at an hourly resolution, obtained by aggregating minute-level data, as shown
in Table 3:

Dataset Condition Duration Number of Events Number of Samples

Dataset 1 Clean 360 days 0 8640
Dataset 2 Clean 360 days 0 8640
Dataset 3 ESP 720 days 2 17280
Dataset 4 HEX 1080 days 5 25920
Dataset 5 Filter 360 days 12 8640
Dataset 6 Combined 1080 days 49 25920

Table 3: Overview of datasets used in the case study benchmark. The first table reports dataset metadata,
while the second summarizes dataset conditions and label structure. All datasets contain 32 variables (1
timestamp, 27 operational features, 4 label columns).

Dataset 2 is the continuation of Dataset 1, with the exception of a manual adjustment to the ESP
frequency (fesp), which is set to 67 Hz at the start of Dataset 2 (Dataset 1 restricts the frequency to a
maximum of 62 Hz). Datasets 3-6 are continuations of Dataset 2. By continuation, it is implied that
both timestamps and the control parameter states are carried forward without reset. All datasets were
generated with the same seed (84) to ensure consistency. The datasets will be made publicly available
through Nieuwe Warmte Nu (n.d.), and the source code used in this study will be made available upon
request.

4 Results and Evaluation

4.1 Forecasting Task

To evaluate generalization under operational regime shift, baseline models are trained on Dataset 1 and
tested on Dataset 2. Conversely, foundation models are evaluated directly on Dataset 2 under zero-shot
conditions. The target variable is the heat exchanger’s secondary-side outlet temperature, representing
the delivery fluid temperature for downstream direct-use heating. Using a fixed 7-day context window,
performance is measured across 24, 48, and 96-hour horizons to verify robustness.

Table 4 reports mean performance across forecasting horizons. Standard deviations are computed
over 5 independent runs, capturing variability arising from model initialization, and are reported in
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Horizon: 24 Horizon: 48 Horizon: 96

Model R2 RMSE R2 RMSE R2 RMSE

Naive 0.894 0.681 0.789 0.957 0.588 1.338
RandomForest 0.805 0.923 - - - -
LSTM 0.923 0.581 0.872 0.742 0.791 0.947
TiDE 0.971 2.942 0.986 3.024 0.824 2.879
Chronos 0.967 0.378 0.944 0.493 0.875 0.737
Moirai 0.879 0.727 0.760 1.021 0.522 1.442
TimesFM* 0.879 0.727 0.777 0.984 0.547 1.404
Chronos* 0.860 0.780 0.766 1.009 0.453 1.542
Moirai* 0.880 0.722 0.771 0.998 0.539 1.414

Table 4: Forecasting performance on heat exchanger secondary outlet temperature (Dataset 2) across
horizons (24, 48, 96). Results report covariate-aware forecasting unless otherwise indicated. Models
marked with * denote univariate forecasting. Best values per column are in bold.

Table 8, and inference runtimes, measured once per model, are reported in Table 9 (both in Appendix
A). Chronos (covariate-aware) achieves the lowest RMSE across all horizons (0.378, 0.493, 0.737 at 24,
48, and 96 hours) and the highest R2 at the longest horizon (0.875), making it the most accurate model
in this evaluation. LSTM ranks second in RMSE across horizons and shows gradual degradation with
increasing horizon, reaching R2 = 0.791 and RMSE = 0.947 at 96 hours. The Naive baseline performs
well at short horizons (R2 = 0.894 at 24 hours) but degrades at longer horizons (R2 = 0.588 at 96 hours),
reflecting increasing forecasting difficulty.

TiDE achieves the highest R2 at horizons 24 and 48 (0.971 and 0.986), while producing substantially
higher RMSE values across all horizons (2.942, 3.024, and 2.879), exceeding all other models. Among
zero-shot foundation models, the effect of covariates varies across architectures. Chronos shows a clear
performance drop in univariate mode, with R2 decreasing from 0.967 to 0.860 at horizon 24 and to 0.453
at horizon 96, indicating strong dependence on exogenous inputs. Moirai shows only minor differences
between multivariate and univariate configurations across all horizons, suggesting limited use of covariate
information.

Figure 11: Chronos forecasting at horizon 48, showcasing strong forecasting accuracy and low prediction
error, explaining it’s low RMSE across all horizons

TiDE’s high R2 at shorter horizons suggests strong capture of variance in the target signal; however, its
high RMSE reflects the MLP-based architecture’s emphasis on global trend fitting rather than pointwise
accuracy, leading to large deviations at individual timesteps. Figure 12 confirms this behavior: TiDE
follows the overall signal trend but shows occasional large errors at specific time points. Chronos produces
more stable forecasts, as shown in Figure 11, which explains its lower RMSE despite comparable R2

values. The strong performance of LSTM under regime shift suggests that learned temporal dependencies
generalize reasonably well across operating conditions, although the performance gap relative to Chronos
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indicates remaining limitations.

Figure 12: TiDE forecasting at horizon 48, showcasing strong variance capture but weaker pointwise
accuracy, resulting in high R2 yet significantly high RMSE driven by its architecture’s emphasis on
global trend capture rather than pointwise alignment.

The under-performance of univariate zero-shot foundation models relative to the Naive baseline high-
lights a key limitation: without covariates, such models cannot distinguish operating regimes from the
temperature signal alone. The stark contrast between Chronos’ multivariate and univariate performance
(Appendix B) confirms that covariates provide critical predictive information missing from the target
series. Conversely, Moirai shows negligible differences between configurations (Appendix B), indicating
poor covariate utilization. Ultimately, effectively leveraging exogenous inputs is vital for long-horizon
forecasting in this system.

Overall, these results show that pretrained foundation models, in particular Chronos, achieve strong
forecasting performance when covariates are integrated effectively, outperforming trained baselines such
as LSTM and TiDE. This is notable because Chronos operates in a zero-shot setting without task-specific
fine-tuning, indicating that its architecture generalizes well to this industrial forecasting task.

4.2 Anomaly Detection Tasks

This section evaluates anomaly detection performance on the three degradation scenarios discussed in
Section 3. Each scenario targets a different component and is used to assess model robustness across
distinct failure modes. The following subsections introduce the specific evaluation setups.

4.2.1 Heat Exchanger Fouling

Baseline models are trained on Dataset 1, as in the forecasting task. Evaluation is performed on Dataset
2 and Dataset 4 using a sliding-window inference procedure. A context window of 7 days (168 hourly
observations) is used, consistent with the forecasting setup, and only a 24-hour horizon is considered.

The anomaly detection target is derived from raw temperature measurements through the Number
of Transfer Units (NTU), defined as

εt =
qs (T

s
out − T s

in)

min (qp, qs) (T
p
in − T s

in)
, NTU = − ln(1− ε+ 10−7). (13)

NTU combines both inlet and outlet temperatures into a single value that directly represents heat ex-
changer effectiveness, making it a more interpretable indicator of fouling than outlet temperature alone,
and is the standard industry metric for this purpose (Andrijić et al., 2021).

For Random Forest and MLP classifiers, the training and evaluation split is performed on the con-
catenation of Dataset 2 and Dataset 4 in temporal order. The resulting sequence is split chronologically,
such that approximately 54.5% of the combined data (corresponding to all of Dataset 2 and the initial
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segment of Dataset 4) is used for training, while the remaining 45.5% is used for evaluation. The unsu-
pervised methods, on the other hand, are trained and calibrated exclusively on healthy data (Dataset 2)
and evaluated directly on Dataset 4.

Forecasting Novelty Detection Classifier (RF)

Model R2 RMSE P R F1 P R F1

RandomForest -0.862 1.602 0.720 0.864 0.786 0.251 0.550 0.345
LSTM 0.771 0.561 0.565 0.644 0.602 0.847 0.701 0.767
TiDE 0.885 1.546 0.661 0.613 0.636 0.731 0.701 0.716
Chronos 0.845 0.461 0.686 0.604 0.642 0.875 0.705 0.781
Moirai 0.862 0.435 0.631 0.607 0.619 0.928 0.702 0.800
TimesFM 0.848 0.456 0.594 0.674 0.632 0.823 0.722 0.776

Embedding-Based Anomaly Detection

Model Isolation Forest Classifier (MLP)

LSTM 0.635 0.714 0.672 0.794 0.723 0.757
TiDE 0.665 0.603 0.632 0.592 0.664 0.626
Chronos 0.542 0.245 0.337 0.638 0.616 0.627
Moirai 0.564 0.603 0.583 0.697 0.632 0.663
TimesFM 0.751 0.604 0.670 0.759 0.627 0.686

Table 5: Forecasting and anomaly detection performance on the heat exchanger task. The top section
reports forecasting performance (R2, RMSE) and forecasting-based anomaly detection results. The bot-
tom section reports embedding-based anomaly detection performance. Anomaly detection performance is
evaluated using Precision (P), Recall (R), and F1-score (F1). Higher values indicate better performance
for all metrics except RMSE, for which lower values are better. Best values per column are shown in
bold.

Table 5 summarizes the mean performance on the heat exchanger forecasting and anomaly detection
tasks. Standard deviations, computed over 5 independent runs, are reported in Appendix C.1, together
with inference runtimes and hyperparameter settings for embedding-based methods. In forecasting, foun-
dation models lead: Moirai achieves the lowest RMSE of 0.435, closely followed by TimesFM at 0.456 and
Chronos at 0.461. LSTM remains competitive with an RMSE of 0.561, while TiDE yields a high R2 of
0.885 but poor RMSE of 1.546. Random Forest forecasts poorly with an R2 of −0.862 and RMSE of 1.602.
However, for forecasting-based novelty detection, Random Forest achieves the highest F1-score of 0.786,
while other models cluster between 0.60 and 0.64. In the forecasting-based classifier approach, Random
Forest drops to a low 0.345 F1-score, with other models performing comparably. For embedding-based
Isolation Forest detection, Chronos yields the lowest F1-score of 0.337 against a 0.58–0.67 range for the
other models. Conversely, the MLP-based classifier delivers the most consistent results across all models,
spanning F1-scores of 0.62–0.75.

TiDE’s RMSE is consistent with its behavior observed in prior tasks: the model captures the overall
trend of the NTU signal but struggles with accurate pointwise predictions, explaining the divergence
between its strong R2 and poor RMSE. Random Forest fails to produce meaningful forecasts, and LSTM,
while competitive, remains slightly behind the foundation models. Together, these results reinforce the
forecasting advantage of pretrained foundation models over task-specific baselines.

In forecasting-based novelty detection, this ranking inverts: Random Forest achieves the highest F1-
score of 0.786 despite its weak forecasting. This stems from the fault’s gradual degradation nature.
Because Random Forest cannot adapt to slow distributional shifts, the actual NTU observations consis-
tently fall outside its prediction intervals. This triggers continuous anomaly flags, yielding high recall
through indiscriminate alarming rather than true degradation tracking. Conversely, superior forecasting
models adapt to gradual shifts, treating the degradation as the new normal and suppressing anomaly
flags. This is illustrated in Figure 13, where foundation models maintain low, stable errors throughout
the degradation period, while Random Forest exhibits volatile error margins.

The forecasting-based Random Forest classifier reverses this trend, as performance scales directly with
forecast quality. Random Forest’s poor forecasts translate into a sharp F1 drop to 0.345: a reduction
of 40% from the novelty setting. Foundation models and LSTM yield stronger results with F1-scores of
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Figure 13: A dual-plot showing actual vs. predicted values (top) and absolute errors (bottom). Founda-
tion models show superior pointwise stability compared to the more volatile error margins of the Random
Forest and LSTM baseline. The red regions indicate anomalous regions.

0.716-0.800, led by Moirai at 0.800. However, generalization remains limited; as classifier accuracy on
held-out evaluation data ranges from 0.367 (Random Forest) to 0.685 (TimesFM), compared to 0.522
using ground-truth NTU observations. This gap confirms classifier sensitivity to both forecast quality
and training data representativeness.

For embedding-based Isolation Forest detection, most models yield consistent results with F1-scores
in range of 0.58-0.67, except Chronos, which drops to 0.337 due to low recall of 0.245. This is likely caused
by the high dimensionality (4608) and cross-attention structure of Chronos embeddings, which compress
into a less separable latent space for the unsupervised method. The MLP classifier largely recovers this
gap, achieving F1-scores of 0.62-0.76, indicating that fault-relevant features are present but require su-
pervised boundaries to extract. LSTM leads the MLP approach with its F1-score of 0.757, potentially
due to the easier separability of its lower dimensional embeddings (128), though generalization remains
constrained with test accuracies spanning 0.50 (Chronos) to 0.713 (TiDE).

Together, these results reveal two main limitations. First, unsupervised novelty detection becomes less
sensitive during gradual degradation, as forecasting models adapt to slowly changing system behavior.
Second, supervised classifiers avoid this issue but require sufficiently labeled datasets, which are rarely
available in industrial settings.

4.2.2 Electrical Submersible Pump Degradation

Baseline models are trained on Dataset 1, as in the forecasting task. Evaluation is performed on Dataset 2
and Dataset 3 using the same sliding-window inference setup as in the heat exchanger task. For classifier-
based methods, a 67.5%/32.5% train/evaluation split is used on labeled fault data. Unsupervised methods
follow the same setup as in the previous task. The anomaly detection target is ESPhead, representing
pump efficiency under varying operating conditions.

Table 6 summarizes the mean performance on the electrical submersible pump task. Standard devia-
tions, computed over 5 independent runs, inference run-times and hyperparameter settings for embedding-
based methods are provided in Appendix C.2. In forecasting, foundation models dominate: Chronos
performs best with an R2 of 0.918 and an RMSE of 1.233, followed by Moirai with an R2 of 0.890 and an
RMSE of 1.431, and TimesFM with an R2 of 0.849 and an RMSE of 1.676. LSTM is a competitive base-
line with an RMSE of 2.162, whereas TiDE yields a high R2 of 0.878 but a poor RMSE of 6.107. Random
Forest performs worst in forecasting with an R2 of 0.339 and an RMSE of 3.510. For forecasting-based
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Forecasting Novelty Detection Classifier (RF)

Model R2 RMSE P R F1 P R F1

RandomForest 0.339 3.510 0.324 1.000 0.489 0.677 0.633 0.654
LSTM 0.749 2.162 0.552 0.672 0.606 0.203 0.600 0.304
TiDE 0.878 6.107 0.894 0.811 0.851 0.048 0.600 0.089
Chronos 0.918 1.233 0.772 0.604 0.677 0.365 0.600 0.454
Moirai 0.890 1.431 0.603 0.607 0.605 0.331 0.600 0.427
TimesFM 0.849 1.676 0.559 0.406 0.471 0.324 0.600 0.421

Embedding-Based Anomaly Detection

Model Isolation Forest Classifier (MLP)

LSTM 0.817 0.821 0.819 0.199 0.609 0.300
TiDE 0.778 0.608 0.683 0.666 0.602 0.632
Chronos 0.272 0.312 0.291 0.600 0.637 0.618
Moirai 0.357 0.606 0.449 0.700 0.621 0.658
TimesFM 0.324 0.600 0.421 0.705 0.629 0.665

Table 6: Forecasting and anomaly detection performance on the electrical submersible pump task. The
top section reports forecasting metrics and forecasting-based anomaly detection results. The bottom
section reports embedding-based anomaly detection performance. Best values per column are in bold.

novelty detection, TiDE leads with an F1-score of 0.851, outperforming Chronos with 0.677, LSTM with
0.606, and Moirai with 0.605, while Random Forest with 0.489 and TimesFM with 0.471 lag behind. In
the forecasting-based classifier setting, Random Forest performs best with an F1-score of 0.654, while
LSTM drops to 0.304 and TiDE drops further to 0.089. In embedding-based anomaly detection via Iso-
lation Forest, LSTM achieves the highest F1-score of 0.819, while Chronos performs worst with 0.291.
Conversely, the embedding-based MLP classifier yields the most consistent performance, with F1-scores
ranging from 0.618 for Chronos to 0.665 for TimesFM.

TiDE’s high R2 yet poor RMSE is consistent with earlier observations: the model captures the overall
trends but fails to model individual predictions. Random Forest underperforms globally, and LSTM
serves as a solid baseline that still trails behind the foundation models. These results again reinforce
the forecasting advantage of pretrained foundation models in capturing complex temporal relationships
without any task-specific fine-tuning.

In forecasting-based novelty detection, the performance ranking partially inverts. TiDE achieves the
highest F1-score of 0.851 despite its weak pointwise forecasting accuracy; its high RMSE 6.107 stems
from persistent deviations during regime shifts, which inherently generates more anomaly flags. Simi-
larly, the LSTM baseline matches foundation model anomaly detection performance, likely by failing to
track the degradation trend. While this lack of adaptation penalizes its forecasting metrics, the resulting
sustained deviation from actual values provides the consistent flags necessary for detection. Conversely,
the stronger forecasters (Chronos, Moirai, TimesFM) adapt smoothly to gradual degradation, reducing
discrimination between normal and anomalous operating regimes. Figure 14 illustrates this trade-off:
superior forecasting accuracy actively diminishes anomaly detection sensitivity under slow, progressive
faults.

The forecasting-based classifier performs poorly overall, with the sole exception of Random Forest,
achieving F1-score of 0.654. This failure stems from the classifier’s poor generalizability, as evidenced
by low test accuracies across all inputs: 0.426 on actual data, 0.448 on RF, 0.402 on LSTM, 0.40 on
TiDE, 0.42 on Chronos, 0.42 on Moirai, and 0.41 on TimesFM. A contributing factor is the limited
fault events for this case available during training: the classifier is trained only train on a single fault
event and is evaluated on a different unseen event. This may be constraining its ability to learn decision
boundaries and limiting its generalizability. This performance decline highlights a key limitation of
standard classifiers trained on forecast outputs. The classifier fails to separate normal and anomalous
operating regimes; a shift that appears obvious to a human observer is likely misinterpreted by the model
as a routine operational change. Additionally, this bottleneck reinforces the dependency on labeled data
quality noted previously.

For embedding-based Isolation Forest detection, LSTM achieves the highest F1-score of 0.819, while

22



Figure 14: ESP Head forecasting comparison across models at a 24-step horizon, showcasing that models
capturing overall signal trends can still enable effective anomaly detection despite comparatively weak
forecasting performance, while more accurate forecasts do not always yield the highest detection perfor-
mance.

Chronos performs worst with 0.291. LSTM produces relatively compact, lower-dimensional represen-
tations that preserve local temporal variation, making anomalies more separable under unsupervised
partitioning. In contrast, Chronos embeddings are higher-dimensional, which can blur local separabil-
ity in the latent space and reduce Isolation Forest effectiveness. The remaining foundation models fall
between these extremes, reflecting a trade-off between global representation expressiveness and local
anomaly separability.

The embedding-based MLP classifier yields stable performance across foundation models, with F1-
scores tightly spanning 0.618–0.665 and classifier accuracies reaching 0.83–0.90 (Chronos, Moirai, TimesFM).
This indicates again that discriminative information is consistently present in the latent space, but re-
quires supervised decision boundaries to be extracted. Notably, Chronos achieves competitive results
here despite its weak Isolation Forest performance, confirming again that its embeddings are highly infor-
mative but poorly suited for unsupervised separation. Conversely, LSTM showcases the weakest F1-score
of 0.300 and classifier accuracy of 0.39, while TiDE achieves just 0.48 classifier accuracy. This sharp
divide suggests that models with weaker forecasting performance may produce embeddings which are less
representative of the system state, reducing reliability under supervised learning.

The ESP fault results reinforce findings from earlier tasks while adding additional insights. Forecasting-
based novelty detection remains sensitive to the forecasting–accuracy trade-off, where stronger forecasters
adapt to gradual degradation and reduce anomaly sensitivity. Similarly, forecasting-based classifiers fail
across most models, indicating limited generalization when labeled fault examples are scarce and decision
boundaries are affected by gradual regime shifts. Embedding-based Isolation Forest shows inconsistent
performance largely influenced by the structure of the latent space rather than representation quality.
The embedding-based MLP classifier is the most robust approach, consistently separating normal and
anomalous conditions across all foundation models and achieving accuracies up to 0.90 despite limited
fault data. This supports the finding that TSFM embeddings encode meaningful system information that
supervised methods can effectively exploit, even when other detection strategies fail.

4.2.3 Filter Clogging

Baseline models are trained on Dataset 1, as in the forecasting task. Evaluation is performed on Dataset
2 through Dataset 5 using the same sliding-window inference setup as in the previous tasks. For classifier-
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based methods, a 78.3%/21.7% train/evaluation split is used on labeled fault data. Unsupervised methods
follow the same setup as in the previous tasks. The anomaly detection target is FilterA∆P , representing
the pressure drop across the filter and serving as an indicator of filter condition.

Forecasting Novelty Detection Classifier (RF)

Model R2 RMSE P R F1 P R F1

RandomForest -0.189 0.051 0.075 1.000 0.141 0.000 0.000 0.000
LSTM -0.149 0.051 0.272 0.993 0.427 0.939 0.692 0.797
TiDE 0.955 0.066 0.487 0.941 0.642 0.611 0.843 0.708
Chronos 0.986 0.005 0.551 0.941 0.695 1.000 0.850 0.919
Moirai 0.970 0.008 0.534 0.971 0.689 0.785 0.816 0.800
TimesFM 0.976 0.007 0.321 0.980 0.484 1.000 0.692 0.818

Embedding-Based Anomaly Detection

Model Isolation Forest Classifier (MLP)

LSTM 0.015 1.000 0.031 1.000 0.993 0.996
TiDE 0.081 1.000 0.150 0.986 0.986 0.986
Chronos 0.800 0.679 0.734 0.981 0.856 0.870
Moirai 0.946 0.938 0.942 0.984 0.909 0.945
TimesFM 0.926 1.000 0.961 0.818 0.872 0.844

Table 7: Forecasting and anomaly detection performance on the filter task. The top section reports fore-
casting metrics and forecasting-based anomaly detection results. The bottom section reports embedding-
based anomaly detection performance. Best values per column are in bold.

Table 7 summarizes mean performance on the filter task. Standard deviations, computed over 5
independent runs, inference run-times and hyperparameter settings for embedding-based methods are
provided in Appendix C.3. In forecasting, foundation models lead: Chronos performs best with R2 of
0.986 and RMSE 0.005, followed by TimesFM with R2 of 0.976 and RMSE of 0.007 and Moirai with
R2 of 0.970 and RMSE of 0.008. TiDE is strong with R2 of 0.955 but has a higher RMSE of 0.066,
while LSTM and Random Forest perform poorly with negative R2 scores and RMSEs around 0.051.
For forecasting-based novelty detection, Chronos leads with an F1-score of 0.695, closely followed by
Moirai at 0.689 and TiDE at 0.642, while TimesFM at 0.484, LSTM at 0.427 and Random Forest at
0.141 lag. In the forecasting-based classifier, Chronos again tops performance with a F1-score of 0.919,
followed by TimesFM at 0.818, Moirai at 0.800, LSTM at 0.797 and TiDE at 0.708, while Random Forest
fails completely with F1-score of 0.000. For embedding-based Isolation Forest detection, performance
varies: TimesFM leads with F1-score of 0.961, followed by Moirai at 0.942 and Chronos at 0.734, whereas
TiDE achieves 0.150 and LSTM achieves 0.031, despite perfect recall. Conversely, the embedding-based
MLP classifier delivers consistently high performance across all models, spanning from 0.844 F1-score for
TimesFM, up to 0.996 for LSTM, with TiDE at 0.986 and Moirai at 0.945 also showing strong results.

The complete failure of Random Forest and LSTM (negative R2 scores) in forecasting indicates that
the filter signal contains complex temporal structures that tree-based and standard recurrent approaches
cannot capture without sufficient exposure during training. TiDE’s strong R2 of 0.955 alongside a higher
RMSE of 0.066 compared to foundation models is again consistent with its pattern across tasks. The
uniformly high recall in novelty detection, 0.941–1.000, across all models indicates that the filter fault
manifests as a sharp, sudden deviation rather than a gradual drift, making it easily detectable regardless
of forecast quality. Precision is therefore the key differentiator: stronger forecasters maintain tighter
prediction intervals during normal operation, minimizing false positives. Conversely, Random Forest
and LSTM trigger alarms almost indiscriminately, achieving near-perfect recall at the cost of near-zero
precision, rendering their detection outputs unusable.

The Random Forest classifier yields a F1-score of 0.000 for the Random Forest model despite its
forecasts being no worse than the LSTM. It produces residuals that carry no discriminative information
for a supervised classifier, yielding zero true positive classifications. Chronos and TimesFM achieving
perfect precision of 1.000 in the classifier confirms that their residuals are highly structured and cleanly
separable, which is consistent with their strong forecasting performance on this task. Figure 15 showcases
this difference in forecasting.

The Isolation Forest failure for LSTM and TiDE (F1 = 0.031 and 0.150) despite their near-perfect
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Figure 15: Filter A pressure drop forecasting across models at a 24-step horizon, showcasing that accurate
tracking of the rising degradation trend enables near-perfect anomaly detection, while poor forecasts fail
to trigger the classifier.

MLP classifier results (F1 = 0.996 and 0.986) is the sharpest observation in this section, mirroring the
Chronos pattern from previous two tasks. While the fault information is clearly encoded in their em-
beddings and linearly extractable via supervised learning, it is too irregular for the unsupervised method
to exploit. Conversely, foundation model embeddings, particularly TimesFM and Moirai, are structured
linearly enough for Isolation Forest to isolate the fault regime entirely without labels, representing a
significant advantage for zero-shot deployment. Finally, the uniformly higher MLP performance on this
task compared to previous scenarios suggests the filter fault produces globally distinctive operational
signatures that are significantly easier to learn, regardless of the underlying embedding source.

Taken together, these results further reinforce that detection strategy and fault characteristics interact
strongly, and that supervised classification on TSFM embeddings remains the most reliable and consistent
approach across varying fault regimes.

5 Discussion

5.1 Forecasting

The forecasting results demonstrate a clear advantage of TSFMs over conventionally trained models.
Despite requiring no task-specific training data, TSFMs adapt effectively to the volatile control-driven
dynamics of geothermal plants, a setting where conventional models, trained on historical plant data,
showcase worse performance in the evaluation distribution.

Among the TSFMs, Chronos achieves the strongest performance, significantly outperforming all con-
ventional baselines. This is mainly attributed to how each model handles multivariate relationships.
Chronos incorporates covariates directly within the attention mechanism, allowing it to directly leverage
control variables as meaningful contextual signals. Moirai encodes all features and the target into a
single unified representation before attention is applied, which appears to compress and lose covariate
information. TimesFM does not incorporate covariates at all. This leads to both Moirai and TimesFM
performing slightly below the naive model baseline. This aligns with their architectural design, as both
these models were originally designed for univariate forecasting.

These differences point to a broader insight: while prior work (see Table 1) has often emphasized
finetuning as a necessary step to effectively deploy TSFMs on downstream tasks (Mulayim et al., 2025),
our results suggest that architecture is more fundamental for effective task adaptation. Chronos was
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designed to incorporate covariates, and this single architectural choice is sufficient for it to outperform
every competing model without any task-specific supervision.

The importance of multivariate relationships in control-driven systems become increasingly clear as
the horizon lengths are increased, a setting where pattern-based models fail entirely, yet Chronos main-
tains strong performance. Accurate multi-step forecasts carry direct operational value, enabling informed
decision-making and allowing operators to anticipate the downstream effects of control changes, position-
ing TSFMs as a strong candidate for deployment in geothermal condition monitoring.

In contrast, Chronos in the univariate setting, Moirai in both multivariate and univariate setting, and
TimesFM in its default univariate setting exhibit performance comparable to or worse than a naive per-
sistence baseline. These results indicate that, depending on the forecast horizon, the models fail to move
beyond trivial persistence behavior. Given the substantial computational cost associated with pretrain-
ing these large foundation models, such behavior highlights a key practical limitation when multivariate
dependencies are not effectively leveraged.

5.2 Anomaly Detection

Anomaly detection results revealed considerably more nuance than the forecasting task. Performance
varied widely across both models and tasks, yet several consistent patterns emerged.

Foundation models achieved the strongest forecasting performance across all three tasks, but forecast
quality did not consistently translate into anomaly detection performance. This disconnect is driven
from a fundamental tension between the two objectives: strong forecasters adapt to gradual degradation,
reducing residual errors and suppressing the very signals that anomaly detection relies on. As a result, the
best forecaster is not necessarily the best anomaly detector. Novelty detection is especially susceptible to
this, as it operates by testing whether actual observations fall within the model’s predicted uncertainty
bounds. When a model adapts to slow degradation and treats it as the new normal, anomaly flags are
suppressed precisely when they are most needed.

This behavior is, however, strongly task-dependent. In the filter clogging task, where degradation was
abrupt and clearly distinguishable, foundation models held a clear advantage due to their tight prediction
intervals and low false positive rates. In contrast, for the heat exchanger and ESP tasks, where degra-
dation was gradual and slow-moving, trained baselines such as Random Forest and LSTM sometimes
outperformed foundation models in novelty detection, not because they tracked the signal better, but
because their failure to adapt produced persistent deviations that triggered consistent anomaly flags.

Supervised methods were generally strong when sufficient labeled data was available. The Random
Forest classifier achieved competitive results in two of the three tasks, but its performance was heavily
dependent on its generalizability. When the classifier successfully learned a separable decision boundary
between normal and anomalous regimes, results were strong. However, as observed in the ESP task, poor
generalization caused the classifier to fail entirely, producing poor scores regardless of the input source.

Embedding-based methods offered a more reliable alternative to forecasting-based approaches. Across
all three tasks, the supervised MLP classifier applied to foundation model embeddings yielded the most
consistent performance, reinforcing the conclusion that these embeddings encode rich, fault-relevant in-
formation. However, this information is not readily accessible to unsupervised methods: Isolation Forest
results were variable and often unreliable, while the MLP classifier consistently extracted meaningful
structure when provided with labeled supervision. This points to a key practical constraint: the discrim-
inative content within these embeddings requires explicit labeling to utilize.

Different models also encode information in fundamentally different ways. Chronos embeddings proved
highly informative under supervised learning yet performed poorly with Isolation Forest across multiple
tasks, suggesting that while the embeddings are rich, their structure is not geometrically separable in
a way that unsupervised clustering can exploit. Foundation models such as Moirai and TimesFM, by
contrast, produced embeddings that were sufficiently structured for Isolation Forest to achieve strong
zero-shot detection in the filter task, representing a meaningful advantage for label-free deployment sce-
narios.

Taken together, these results highlight two recurring limitations. Unsupervised novelty detection be-
comes less effective during gradual faults because the forecasting model adapts to the slowly changing
behavior, making the abnormal patterns harder to distinguish from normal operation. Supervised classi-
fiers avoid this issue, but they rely on having enough labeled examples of different fault types, which is
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often not available in real industrial settings.

5.3 Limitations

There are several limitations that affect the generalizability of this study.
First, all experiments are conducted on data generated using a modified version of the GEMINI

Geothermal Digital Twin. While the high-fidelity nature of this twin provides valuable insights into
control-driven industrial dynamics, it cannot fully replicate the noise and unpredictability inherent to
physical deployments.

Second, all foundation models are evaluated exclusively in a zero-shot setting. This choice is in-
tentional, as it reflects the primary focus of assessing generalization without task-specific adaptation.
However, prior work (Marconi, 2025; Park et al., 2025) has shown that fine-tuning can yield additional
performance gains, particularly in covariate-rich settings.

Third, the study evaluates three Time Series Foundation Models with different design assumptions.
Moirai and TimesFM were primarily developed for univariate forecasting, whereas Chronos is explicitly
designed to incorporate covariates. As a result, the comparatively stronger performance of Chronos in
this study is therefore not unexpected.

Fourth, anomaly detection is evaluated under a fixed forecasting horizon and fixed context length,
whereas forecasting experiments consider multiple horizons. The effect of varying context lengths is not
explored, although it may influence sensitivity to gradual degradation patterns.

Fifth, while basic hyperparameter tuning is performed for embedding-based anomaly detection meth-
ods, a more systematic analysis may further improve performance across tasks.

Finally, inference run-times are reported for all models and tasks, but the underlying factors contribut-
ing to these differences are not explicitly analyzed. Understanding and isolating the reasons for these
run-times, such as model architecture, or internal data-flow pipelines, could hold meaningful revelations
for further model development.

6 Conclusion and Future Work

This work evaluated pretrained time series foundation models against task-specific baselines across fore-
casting and anomaly detection tasks in an industrial geothermal setting, spanning heat exchanger fouling,
electrical submersible pump degradation, and filter clogging. To support reproducibility and future bench-
marking, the datasets generated via the geothermal digital twin are made publicly available, addressing
the absence of existing benchmarks that combine meaningful control variables, operational variability,
and labeled degradation events in realistic geothermal settings.

In forecasting, Chronos consistently delivered the strongest performance across all tasks and horizons,
outperforming both trained baselines and competing foundation models. Its advantage was more signifi-
cant at longer horizons, where the limitations of task-specific models became apparent. For operational
decision-making, this matters directly: longer-horizon forecasting enables earlier intervention, giving op-
erators more time to respond to developing faults before they escalate. This result carries a broader
implication: covariate-aware forecasting is not merely beneficial but a fundamental requirement for in-
dustrial control-driven systems, motivating the development of foundation models explicitly designed for
multivariate industrial environments. Architectural choices are thus the primary driver of generalization
across industrial time series settings.

These findings also directly support the central claim of this work regarding cross-site generalization.
When compared against baseline models such as Random Forest, LSTM, and TiDE, which require full
task-specific training, TSFMs consistently maintain strong performance without any task-specific adapta-
tion. The observed performance degradation of these baselines under regime shift highlights the difficulty
of transferring conventionally trained models across sites, suggesting that covariate-aware TSFMs repre-
sent a more practical approach for data-scarce industrial settings.

Beyond forecasting, anomaly detection revealed a more complex picture. Task complexity governs the
performance ceiling: when faults are gradual and slow-moving, forecasting quality actively decouples from
anomaly detection performance, as strong forecasters adapt to degradation and suppress the signals that
detection relies on. Unsupervised methods are particularly vulnerable to this, while supervised classifiers
can circumvent it when sufficient labeled data is available.

Model embeddings proved consistently informative across all tasks and fault types, strengthening the
case for embedding-based anomaly detection pipelines. However, discriminative information within these
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embeddings required explicit supervision to extract reliably. Unsupervised approaches such as Isolation
Forest yielded inconsistent results, while supervised MLP classifiers achieved strong and consistent per-
formance. This dependency on labeled data represents a practical constraint for industrial deployment,
where fault labels are scarce, expensive to obtain, and rarely representative of the full fault space.

Several directions follow naturally from these findings. Field validation on real-world datasets remains
an important open avenue, as the controlled nature of the evaluation setting limits conclusions about
robustness under noise and sensor drift, conditions often present in live industrial environments. Fine-
tuning strategies require investigation: this study evaluated foundation models in a zero-shot setting,
leaving performance gains from full fine-tuning, parameter-efficient adaptation, and few-shot approaches
unexplored. Beyond forecasting, evaluating the effect of varying context lengths and forecasting hori-
zons on anomaly detection sensitivity represents a natural extension. A more systematic hyperparameter
analysis for embedding-based detection methods may further close the performance gap between unsuper-
vised and supervised methods. Finally, as deployment at scale requires simultaneous forecasting across
hundreds of sensors, understanding how architectural choices affect inference efficiency remains an open
and relevant question.

Ultimately, this work demonstrates that pretrained foundation models represent a viable and often su-
perior alternative to task-specific approaches in industrial time series applications, but realizing their full
potential requires careful alignment between model architecture, fault characteristics, and the availability
of labeled operational data.
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Herzen, J., Lässig, F., Piazzetta, S. G., Neuer, T., Tafti, L., Raille, G., . . . Grosch, G. (2022). Darts:
User-friendly modern machine learning for time series. Journal of Machine Learning Research,
23 (124), 1-6. Retrieved from http://jmlr.org/papers/v23/21-1177.html

Hochreiter, S., & Schmidhuber, J. (1997, 11). Long short-term memory. Neural Computation, 9 , 1735-
1780. doi: 10.1162/neco.1997.9.8.1735

Hornik, K., Stinchcombe, M., & White, H. (1989). Multilayer feedforward networks are universal ap-
proximators. Neural Networks, 2 (5), 359-366. Retrieved from https://www.sciencedirect.com/

science/article/pii/0893608089900208 doi: https://doi.org/10.1016/0893-6080(89)90020-8
IEA. (2024). The future of geothermal energy. Paris. Retrieved from https://www.iea.org/reports/

the-future-of-geothermal-energy (Licence: CC BY 4.0)
Iwata, T., & Kumagai, A. (2020). Few-shot learning for time-series forecasting. Retrieved from https://

arxiv.org/abs/2009.14379

Kottapalli, S. R. K., Hubli, K., Chandrashekhara, S., Jain, G., Hubli, S., Botla, G., & Doddaiah, R.
(2025). Foundation models for time series: A survey. Retrieved from https://arxiv.org/abs/

2504.04011
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Appendix

A Forecasting Task — Supplementary Results

Horizon: 24 Horizon: 48 Horizon: 96

Model R2 (std) RMSE (std) R2 (std) RMSE (std) R2 (std) RMSE (std)

Naive 0.000 0.000 0.000 0.000 0.000 0.000
RandomForest 0.001 0.003 - - - -
LSTM 0.005 0.018 0.026 0.076 0.052 0.120
TiDE 0.000 0.000 0.000 0.000 0.000 0.000
Chronos 0.000 0.000 0.000 0.000 0.000 0.000
Moirai 0.000 0.001 0.001 0.001 0.002 0.002
TimesFM* 0.000 0.000 0.000 0.000 0.000 0.000
Chronos* 0.000 0.000 0.000 0.000 0.000 0.000
Moirai* 0.000 0.001 0.001 0.003 0.001 0.001

Table 8: Standard deviation of forecasting performance across five independent runs. Models marked
with * denote univariate forecasting.

Table 8 summarizes the standard deviation of 5 runs across the models. Traditional deep learning
(LSTM) is highly unstable, with performance variance scaling sharply as the horizon expands (RMSE
standard deviation rises from 0.005 to 0.120). Conversely, foundation models (Chronos, TimesFM) and
TiDE exhibit zero or near-zero variance, demonstrating exceptional architectural stability.

Model 24 (sec) 48 (sec) 96 (sec)

Randomforest 17 – –
LSTM 1 1 1
TiDE 42 15 8
Chronos 33 17 9
Moirai 196 100 51
TimesFM 82 40 14

Table 9: Execution time comparison across different horizons.

Table 9 summarizes the inference speeds across models. As the forecasting horizon increases from
24 to 96 steps, execution times decrease significantly across nearly all models. This speedup is a direct
artifact of dataset constraints. With a fixed total data length, extending the prediction horizon reduces
the remaining data available for testing, resulting in fewer valid inference windows and fewer total model
evaluations. The single exception is the LSTM, which runs almost instantaneously at a flat 1 second
regardless of the horizon.
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B Qualitative Forecasts across Models

Chronos*

(a) H=24

(b) H=48

(c) H=96

Figure 16: Chronos (univariate) forecasting across prediction horizons.

Figure 16 highlights the limitations of univariate forecasting compared to covariate-aware approaches.
In the univariate setting, Chronos achieves R2 scores of 0.86, 0.77, and 0.45 for prediction horizons of
24, 48, and 96 timesteps, respectively. Performance degrades with increasing horizon length and falls
below that of the naive baseline (Table 4), aligning more closely with other TSFMs. In contrast, when
covariates are incorporated, Chronos demonstrates substantially improved performance. This underscores
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the critical role of covariates in accurately modeling control-driven systems.

Moirai*

(a) H=24

(b) H=48

(c) H=96

Figure 17: Moirai (univariate) forecasting across prediction horizons.

Figure 17 illustrates Moirai’s univariate forecasting performance across increasing prediction horizons.
The model achieves comparable performance to its covariate-aware counterpart (Table 4), with minimal
degradation observed when excluding covariates. This suggests that Moirai does not effectively leverage
additional covariate information in this setting, as the absence of covariates does not significantly impact
forecasting accuracy.

35



C Anomaly Detection — Supplementary Results

Model Hyperparameter Values

Isolation Forest

n estimators 100, 300, 500
max samples auto, 128, 256
max features 0.5, 1.0
bootstrap False, True

MLP

hidden layer sizes (128, ), (256, ), (256, 64), (512, 128)
activation relu, tanh
alpha 1e− 5, 1e− 4, 1e− 3
learning rate init 1e− 4, 1e− 3
batch size 32, 64, 128

Table 10: Unified hyperparameter search spaces for Isolation Forest and MLP used in anomaly detection
experiments.

Table 10 outlines the grid search configurations utilized for tuning the embedding-based anomaly
detection methods, Isolation Forest and Classifier MLP.

C.1 Heat Exchanger Fouling Task

Forecasting (STD) Novelty Detection (STD) Classifier (RF) (STD)

Model R2 RMSE P R F1 P R F1

RandomForest 0.009 0.003 0.056 0.010 0.036 0.000 0.000 0.000
LSTM 0.018 0.022 0.022 0.008 0.014 0.034 0.000 0.013
TiDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Chronos 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Moirai 0.001 0.003 0.000 0.002 0.001 0.000 0.003 0.001
TimesFM 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Embedding-Based Anomaly Detection (STD)

Model Isolation Forest Classifier (MLP)

LSTM 0.050 0.020 0.024 0.019 0.003 0.010
TiDE 0.000 0.000 0.000 0.000 0.000 0.000
Chronos 0.000 0.000 0.000 0.000 0.000 0.000
Moirai 0.000 0.001 0.000 0.000 0.000 0.000
TimesFM 0.000 0.000 0.000 0.000 0.000 0.000

Table 11: Standard deviation (STD) of forecasting and anomaly detection performance across runs for
the heat exchanger task.

Tables 11, 12, and 13 report supplementary details for the heat exchanger task. Table 11 presents
the standard deviations of all forecasting and anomaly detection metrics across five independent runs.
Table 12 reports inference run-times across models over 34,392 samples, reflecting the computational cost
of each approach under identical conditions. Table 13 lists the optimal hyperparameter configurations
selected for the Isolation Forest and MLP classifier across all embedding sources following grid search.

Figure 18 presents model forecasts for the heat exchanger fouling task using NTU as the target
variable. Differences in model behavior are clearly visible, with some approaches better capturing long-
term degradation trends while others exhibit higher variance or lag in response. These qualitative results
complement the quantitative evaluation and provide insight into model suitability for anomaly detection
in control-driven systems.
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Model Runtime (seconds)

Random Forest 68
LSTM 2
TiDE 115
Chronos 142
Moirai 789
TimeSFM 635

Table 12: Inference Runtimes of Different Models over 34392 samples

Model Space Hyperparameter Optimal Value per Foundation Model

Isolation Forest bootstrap False (All models)
max samples auto (All models)

max features
0.5 (LSTM, Moirai)
1.0 (TiDE, Chronos, TimesFM)

n estimators
500 (LSTM, Moirai)
100 (TiDE, Chronos, TimesFM)

Classifier (MLP) learning rate init 0.001 (All models)

activation
relu (LSTM, TiDE, Chronos)
tanh (Moirai, TimesFM)

alpha

1e− 4 (LSTM, TiDE)
1e− 5 (Chronos, TimesFM)
1e− 3 (Moirai)

batch size

32 (LSTM, TiDE, Moirai)
128 (Chronos)
64 (TimesFM)

hidden layer sizes

(512, 128) (LSTM, Moirai)
(256, 64) (TiDE, Chronos)
(128, ) (TimesFM)

Table 13: Optimal hyperparameter configurations for Isolation Forest and MLP classifiers across embed-
ding models for HEX task.

C.2 Electrical Submersible Pump Degradation

Tables 14, 15, and 16 report supplementary details for the electrical submersible pump task. Table 14
presents the standard deviations of all forecasting and anomaly detection metrics across five independent
runs. Table 15 reports inference run-times across models over 25,752 samples, reflecting the compu-
tational cost of each approach under identical conditions. Table 16 lists the optimal hyperparameter
configurations selected for the Isolation Forest and MLP classifier across all embedding sources following
grid search.

Figure 19 presents model forecasts for electrical submersible pump degradation using pump head as the
target variable. Variations in model behavior are evident, with some approaches better capturing gradual
degradation patterns while others exhibit delayed responses or increased variability. These qualitative
observations complement the quantitative results and provide additional insight into model effectiveness
for anomaly detection in industrial systems.

C.3 Filter Clogging

Tables 17, 18, and 19 report supplementary details for the filter task. Table 17 presents the standard
deviations of all forecasting and anomaly detection metrics across five independent runs. Table 18 re-
ports inference run-times across models over 17,112 samples, reflecting the computational cost of each
approach under identical conditions. Table 19 lists the optimal hyperparameter configurations selected
for the Isolation Forest and MLP classifier across all embedding sources following grid search.
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(a) RandomForest (b) LSTM

(c) TiDE (d) Chronos

(e) Moirai (f) TimesFM

Figure 18: Forecasts for heat exchanger fouling (NTU) across different models.

(a) RandomForest (b) LSTM

(c) TiDE (d) Chronos

(e) Moirai (f) TimesFM

Figure 19: Forecasts for electrical submersible pump degradation (head) across different models.
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Forecasting (STD) Novelty Detection (STD) Classifier (RF) (STD)

Model R2 RMSE P R F1 P R F1

RandomForest 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
LSTM 0.016 0.070 0.095 0.021 0.066 0.072 0.000 0.073
TiDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Chronos 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Moirai 0.002 0.000 0.001 0.000 0.002 0.001 0.000 0.002
TimesFM 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Embedding-Based Anomaly Detection (STD)

Model Isolation Forest Classifier (MLP)

LSTM 0.063 0.004 0.031 0.288 0.006 0.162
TiDE 0.000 0.000 0.000 0.000 0.000 0.000
Chronos 0.000 0.000 0.000 0.000 0.000 0.000
Moirai 0.000 0.000 0.000 0.000 0.000 0.000
TimesFM 0.000 0.000 0.000 0.000 0.000 0.000

Table 14: Standard deviation (STD) of forecasting and anomaly detection performance across runs for
the electrical submersible pump task.

Model Runtime (seconds)

Random Forest 52
LSTM 1
TiDE 86
Chronos 104
Moirai 589
TimeSFM 486

Table 15: Inference Runtimes of Different Models over 25752 samples

Figure 20 presents model forecasts for the filter clogging task using pressure drop as the target
variable. Differences in model behavior are evident, with some approaches more accurately tracking
gradual increases associated with clogging, while others stick to the training distribution, ignoring the
distribution shift entirely. These qualitative results complement the quantitative evaluation and provide
further insight into model suitability for anomaly detection in control-driven systems.

39



Model Space Hyperparameter Optimal Value per Foundation Model

Isolation Forest bootstrap False (All models)
max samples auto (All models)

max features
0.5 (LSTM, TiDE, TimesFM)
1.0 (Chronos, Moirai)

n estimators

300 (LSTM)
100 (TiDE, Moirai, TimesFM)
500 (Chronos)

Classifier (MLP) learning rate init 0.001 (All models)
alpha 1e− 5 (All models)

activation
tanh (TiDE, Chronos, TimesFM)
relu (Moirai)

batch size
32 (TiDE, Chronos, Moirai)
64 (TimesFM)

hidden layer sizes

(512, 128) (TiDE)
(256, ) (Chronos)
(256, 64) (Moirai)
(128, ) (TimesFM)

Table 16: Optimal hyperparameter configurations for Isolation Forest and MLP classifiers across embed-
ding models for ESP task.

(a) RandomForest (b) LSTM

(c) TiDE (d) Chronos

(e) Moirai (f) TimesFM

Figure 20: Forecasts for filter clogging (pressure drop) across different models.
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Forecasting (STD) Novelty Detection (STD) Classifier (RF) (STD)

Model R2 RMSE P R F1 P R F1

RandomForest 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
LSTM 0.008 0.000 0.053 0.074 0.074 0.022 0.022 0.017
TiDE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Chronos 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Moirai 0.001 0.000 0.000 0.001 0.000 0.000 0.001 0.000
TimesFM 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Embedding-Based Anomaly Detection (STD)

Model Isolation Forest Classifier (MLP)

LSTM 0.001 0.000 0.003 0.000 0.001 0.000
TiDE 0.000 0.000 0.000 0.000 0.000 0.000
Chronos 0.000 0.000 0.000 0.000 0.000 0.000
Moirai 0.000 0.000 0.000 0.000 0.000 0.000
TimesFM 0.000 0.000 0.000 0.000 0.000 0.000

Table 17: Standard deviation (STD) of forecasting and anomaly detection performance across runs for
the filter task.

Model Runtime (seconds)

Random Forest 63
LSTM 1
TiDE 57
Chronos 69
Moirai 384
TimeSFM 257

Table 18: Inference Runtimes of Different Models over 17112 samples

Model Space Hyperparameter Optimal Value per Foundation Model

Isolation Forest bootstrap False (All models)
max samples auto (All models)

max features
0.5 (LSTM, Moirai, TimesFM)
1.0 (TiDE, Chronos)

n estimators

100 (LSTM)
300 (Moirai)
500 (TiDE, Chronos, TimesFM)

Classifier (MLP) learning rate init 0.001 (All models)
alpha 1e− 5 (All models)

activation
relu (LSTM, Chronos, Moirai)
tanh (TiDE, TimesFM)

batch size

32 (LSTM, TiDE, TimesFM)
64 (Moirai)
128 (Chronos)

hidden layer sizes

(128, ) (LSTM, Chronos, TimesFM)
(512, 128) (TiDE, Moirai)

Table 19: Optimal hyperparameter configurations for Isolation Forest and MLP classifiers across embed-
ding models for filter task.
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4
Conclusion and Future Work

In this thesis, we first established the critical context: the urgent climate issues overwhelming our planet,
and how current attempts to replace fossil fuels are limited by the intermittency of other renewable
energy sources. This directly led us to the core focus of this work: geothermal energy systems. While
these systems are crucial for continuous power, they are severely constrained by data scarcity, rare fault
events, and a major limitation in current machine learning workflows: poor cross-site generalizability.
This specific bottleneck motivated the central question of this thesis: whether Time Series Foundation
Models can serve as a practical zero-shot solution for condition monitoring in these systems.

Evaluating TSFMs in this domain proved to be a unique challenge. Most prior research on TSFMs
has focused on univariate settings, where model performance is driven largely by historical trends and
seasonality. Geothermal systems, however, are covariate-driven: operator controls influence the bulk
of the observed sensor behavior, rendering univariate approaches ill-suited for this class of problems.
This thesis showed that recent architectural advancements, specifically mechanisms that explicitly inte-
grate exogenous covariates, are critical in bridging this gap, enabling the generalization capability that
TSFMs were designed to offer.

TSFMs were evaluated across two axes: forecasting and anomaly detection. In forecasting, perfor-
mance proved highly dependent on covariate integration. Chronos outperformed all baselines and
competing foundation models by substantial margins, achieving 22–35% reductions in RMSE across
forecasting horizons. This result carries two important conclusions. First, covariate-aware TSFMs are
strong zero-shot forecasters, capable of outperforming models that received full task-specific training.
Second, architectural choices are decisive: deactivating Chronos’ covariate integration caused its per-
formance to drop below the trained baselines, a pattern consistent with Moirai and TimesFM, which
were not designed with explicit covariate handling and underperformed accordingly. Together, these
findings demonstrate that architectural capability is a primary driver of a foundation model’s zero-shot
utility in complex physical systems.

Anomaly detection revealed a more complex picture, evaluated through two different approaches:
forecasting-based and embedding-based detection. Forecasting-based novelty detection exposed a
fundamental tension: strong forecasters such as Chronos adapt smoothly to gradual degradation, sup-
pressing anomaly flags. Forecasting accuracy and anomaly detection sensitivity are therefore decou-
pled for gradual degradations, an important practical limitation. Pairing forecast outputs with a super-
vised classifier partially addressed this, but performance was dependent on the availability of sufficient
labeled fault data and the classifier’s ability to generalize across the fault types. When these conditions
were met, strong forecasters benefited; when they were not, performance degraded across the board.

Embedding-based detection provided further insight. Isolation Forest yielded inconsistent results across
tasks, revealing that forecast quality does not imply embedding separability. Chronos, the strongest
forecaster, produced the highest-dimensional embeddings, which proved difficult for an unsupervised
method to separate effectively. The supervised MLP classifier on embeddings was the only approach
to yield consistent and reliable performance across all tasks and fault types. This confirmed that TSFM
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embeddings are information-rich representations of system state, but the discriminative information
they contain requires supervised extraction to be reliably utilized. Four conclusions follow from these
findings: covariate-aware TSFMs are effective zero-shot forecasters; architectural design is the pri-
mary driver in control-driven environments; task complexity governs anomaly detection performance
and decouples it from forecasting quality; and TSFM embeddings encode meaningful information that
enables reliable anomaly detection when paired with a supervised classifier.

The overarching research question of this thesis has been answered. Covariate-aware TSFMs are a
practical and effective zero-shot solution for condition monitoring in geothermal energy systems, out-
performing conventional task-specific baselines that required full supervised training. This positions
TSFMs as a viable foundation for condition monitoring not only in geothermal operations, but across
complex industrial environments and renewable energy infrastructures that are increasingly important
in a sustainable, non-fossil fuel future.

Several directions for future work follow naturally from these findings. Fine-tuning strategies require
investigation, as this thesis evaluatedmodels exclusively in a zero-shot setting and the additional perfor-
mance gains from fine-tuning remain unquantified. Broader application across other covariate-driven
industrial domains would solidify the findings presented here. Finally, more extensive testing across
varying context lengths, forecasting horizons, and fault types would strengthen conclusions about the
robustness of TSFMs under the conditions encountered in live industrial deployments.

Looking ahead, it is clear that Time Series Foundation Models will only continue to evolve. By demon-
strating that the deliberate integration of covariates is what allows these models to outperform standard
baselines, this thesis underscores that architectural design is the primary driver of success in control-
driven industrial environments. As these architectural advancements progress, TSFMs will become
increasingly robust, eventually paving the way for full-scale industrial adoption, reducing the reliance
on traditional, fragmented machine learning workflows. Ultimately, the future of our energy infrastruc-
ture is in our hands. Accelerating the transition to sustainable energy is a necessity for the continuity
of our species, and leveraging AI to complement and enhance these systems is our most powerful tool
to ensure a safer, more efficient, and secure planet.
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A
Declaration of Generative AI Usage

In accordance with the University’s academic integrity guidelines, this appendix documents the gener-
ative AI tools used during the research, development, and writing of this thesis. I retain full intellectual
ownership and responsibility for all content, including text, code, methodologies, and conclusions. AI
tools were used only as support, and all outputs were reviewed, verified, and edited by me.

A.1. Literature Support
AI tools were used to assist in searching for relevant scientific literature to support specific claims or to
evaluate their validity.

• Tools Used: ChatGPT and Copilot
• My Oversight: I provided claims to the tools and requested supporting references. All sug-
gested sources were independently verified by manually locating and reviewing the original pa-
pers. Given the possibility of hallucinated or incorrect references, all literature was carefully
checked before inclusion in the thesis.

A.2. Programming and Data Analysis Support
AI tools were used to assist in implementing parts of the framework and in understanding existing
codebases.

• Tools Used: Copilot
• My Oversight: While I primarily developed the code independently, AI tools were occasionally
used to generate code and to help understand complex codebases. All generated code was
reviewed, understood, and adapted before use.

A.3. Text Refinement Support
AI tools were used to assist in refining and improving the written content in the thesis.

• Tools Used: ChatGPT, Claude, Copilot, and Gemini
• My Oversight: I drafted the core ideas and conclusions myself, and used AI tools to improve
structure, narrative flow and academic tone, while ensuring that all intellectual content remained
my own.

Overall, AI tools were used to enhance my work, not replace independent thinking.
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