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Abstract

Environmental air anomaly detection is crucial for ensuring the healthy growth of livestock
in smart pig farming systems. This study focuses on four key environmental variables
within pig housing: temperature, relative humidity, carbon dioxide concentration, and
ammonia concentration. Based on these variables, it proposes a novel encoder–decoder
architecture for anomaly detection based on continuous-time models. The proposed frame-
work consists of two embedding layers: an encoder module built around a continuous-time
neural network, and a decoder composed of multilayer perceptrons. The model is trained
in a self-supervised manner and optimized using a reconstruction-based loss function.
Extensive experiments are conducted on a multivariate multi-sequence dataset collected
from real-world pig farming environments. Experimental results show that the proposed ar-
chitecture significantly outperforms existing transformer-based methods, achieving 92.39%
accuracy, 92.08% precision, 85.84% recall, and an F1 score of 88.19%. These findings high-
light the practical value of accurate anomaly detection in smart farming systems; timely
identification of environmental irregularities enables proactive intervention, reduces animal
stress, minimizes disease risk, and ultimately improves the sustainability and productivity
of livestock operations.

Keywords: smart farming; anomaly detection; continuous-time model

1. Introduction
The rapid growth of the global population and the acceleration of urbanization have

elevated the importance of livestock production to unprecedented levels. As a primary
source of dietary protein, the livestock industry not only ensures food security but also
revitalizes rural economies and contributes significantly to national economic development.
However, traditional livestock management practices rely heavily on human experience; as
such, they face limitations in simultaneously addressing the complex demands of improving
productivity, enhancing animal welfare, and achieving environmental sustainability. In
response to these challenges the data-driven management paradigm of precision livestock
farming (PLF) has emerged as a critical framework for advancing sustainable livestock
production [1,2].

PLF integrates a variety of sensors and IoT-based infrastructure to monitor the phys-
iological status of individual animals and environmental conditions in real time while
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optimizing management strategies through data analysis. By comprehensively tracking
key environmental variables such as temperature (T), relative humidity (RH), ammonia
(NH3), and carbon dioxide (CO2) along with physiological indicators such as feed intake [3],
activity levels [4], and body temperature [5], PLF aims to enhance both productivity and
animal welfare. Notably, the convergence of sensor technologies and machine learning
has played a pivotal role in enabling real-time processing of large-scale time series data
and the quantitative evaluation of dynamic changes in environmental and physiological
conditions [6–14].

Although sensor data collected in PLF systems are essential for decision-making, these
data often contain anomalies that are not mere errors but rather meaningful signals with
the potential to affect animal health and productivity. External factors such as sudden
weather changes, equipment degradation, power supply instability, and fluctuations in
stocking density can trigger abrupt environmental changes, posing significant threats to
animal welfare. For instance, ventilation system failures or sensor malfunctions that cause
sudden shifts in temperature or gas concentration may result in respiratory diseases [15] or
impaired growth due to reduced feed intake [16]. Thus, anomalies should be considered
early warning indicators that demand prompt attention, and their timely detection is
essential for ensuring the operational reliability and sustainability of PLF systems.

Early research on anomaly detection was primarily reliant on statistical methods. Tech-
niques such as Z-score analysis [17], interquartile range (IQR) analysis [18], autoregressive
integrated moving average (ARIMA) models [19], and linear regression [20] have been
used to identify outliers or anomalies based on deviations from normal variable ranges or
prediction errors. While these approaches are easy to implement and effective for small-
scale datasets, they fall short of capturing the complexity and multivariate dependencies
inherent in real-world time series data. In particular, their underlying assumptions such as
linearity and stationarity are frequently violated in agricultural datasets, making it difficult
to cope with irregular sampling, sensor noise, and long-term dependencies.

To address these limitations, deep learning-based methods for anomaly detection have
gained increasing attention. Autoformer [21] introduces a novel transformer-based archi-
tecture tailored for long-term time series forecasting, addressing limitations in conventional
attention mechanisms. By embedding a progressive series decomposition and replacing
standard self-attention with an auto-correlation mechanism, Autoformer effectively mod-
els both trend and seasonal components. TimesNet [22] represents a paradigm shift by
reinterpreting time series modeling in two dimensions. It converts one-dimensional time
series data into two-dimensional tensors in order to decouple intra-period and inter-period
variations, allowing for the use of efficient 2D convolutional structures. With its novel
TimesBlock architecture, TimesNet achieves state-of-the-art (SOTA) performance in fore-
casting, classification, anomaly detection, and imputation tasks. Zeng et al. [23] critically
examined the rapid adoption of transformer-based models in time series forecasting, ar-
guing that many empirical results are biased due to flawed experimental protocols. Their
comprehensive evaluation revealed that transformers do not consistently outperform sim-
pler baselines, underscoring the need to re-examine benchmarking standards and design
choices in this domain.

Applying these advanced anomaly detection techniques to PLF, Guo et al. [24] pro-
posed the OTDBO-TCN-GRU model, which integrates the dung beetle optimization al-
gorithm, temporal convolutional networks, and gated recurrent units (GRUs) to predict
key environmental parameters in pig houses. This model addresses the low predictive
accuracy and limited adaptability of traditional methods, surpassing standard models
like Gated Recurrent Units (GRU), Long Short-Term Memory (LSTM), and XGBoost by
achieving a mean absolute error of 0.0474, mean squared error of 0.0039, and correlation
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coefficient of 0.9871. Rong et al. [25] developed an IoT-based environmental monitoring
and evaluation system for pig houses. Their approach utilizes median and Kalman filtering
for data fusion along with a hybrid weight calculation approach for constructing evaluation
indices. This system was shown to significantly improve monitoring accuracy for more
precise environmental assessment and control, reducing the temperature error to just 0.12%
after Kalman filtering. Park et al. [26] presented a deep learning-based anomaly detection
framework for livestock farm equipment that uses optimized recurrent neural networks to
monitor and predict equipment malfunctions in real time. Their method detected 93% of
artificially induced anomalies, resulting in improved equipment reliability and reduced
operational risks. Peng et al. [27] evaluated and compared three traditional machine
learning algorithms and three deep learning models for predicting ammonia concentration
in pig houses, identifying LSTM and RNN as the most effective after optimization using
particle swarm optimization. The PSO-LSTM and PSO-RNN models achieved R2 values of
0.9487 and 0.9458, respectively, demonstrating strong performance in forecasting ammonia
levels up to two hours in advance. Jin et al. [28] proposed an improved intelligent control
system for regulating temperature and humidity by integrating machine learning with
fuzzy control algorithms. Their experimental results showed a 90% reduction in abnor-
mal environmental conditions compared to traditional threshold-based systems. Lastly,
Li et al. [29] developed an intelligent control system based on an enhanced three-way K-
means clustering algorithm that dynamically allocates control strategies based on real-time
environmental data. Compared with natural ventilation and conventional threshold-based
methods, their system increased the minimum indoor temperature by 4 ◦C, decreased the
maximum temperature by 8 ◦C, and reduced the average air humidity from 73.4% to 68.2%,
allowing for significantly enhanced environmental stability in pig houses.

Nevertheless, most transformer-based and GRU-based models assume synchronous
sampling intervals, which limits their applicability in real-world PLF settings where sensor
data are often collected asynchronously and are prone to missing values. Although recent
studies have introduced techniques such as time interval embeddings and continuous-time
representations, these strategies have yet to fully resolve the challenges posed by temporal
irregularities and distortions introduced during preprocessing. Consequently, there is
growing interest in modeling paradigms that inherently accommodate the continuous
nature of time. In this context, several continuous-time neural network models have re-
cently emerged. The neural ordinary differential equations (Neural ODEs) [30] model
hidden state evolution as a continuous-time dynamical system parameterized by neural
networks. This allows for flexible representation of complex temporal patterns, particularly
in domains with irregular sampling. However, Neural ODEs often suffer from training
instability, high computational cost, and sensitivity to numerical solver configurations,
limiting their scalability in large-scale or real-time applications. Another related approach
involves time-aware recurrent neural networks such as time-aware LSTM (T-LSTM) [31],
which incorporate elapsed time intervals into the gating mechanisms of recurrent mod-
els. While these models are effective in handling missing values and irregular intervals,
they remain fundamentally discrete in nature and may fail to fully capture fine-grained
continuous dynamics.

In contrast, newly proposed continuous-time neural architectures such as the liquid
time-constant (LTC) model [32] and closed-form continuous-time (CfC) model [33] offer
fundamentally different approaches to time series modeling. The CfC model solves ordi-
nary differential equations analytically, enabling exact continuous-time state transitions,
while the LTC model dynamically adjusts its neuronal time constants in response to in-
puts, mimicking the behavior of biological neurons. These formulations provide several
advantages over traditional deep RNNs and transformers, including improved param-
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eter efficiency, more stable gradient behavior, and faster convergence. In particular, the
closed-form parameterization of CfC offers notable benefits for large-scale and densely-
sampled multivariate environmental data such as those found in pig farming thanks to
reduced computational overhead and enhanced training robustness. Unlike conventional
discrete-time models, these architectures inherently encode elapsed time, allowing them to
support more accurate and efficient pattern recognition and anomaly detection in complex
agricultural environments.

Based on these insights, in this study we introduce continuous-time neural networks
for anomaly detection in pig farm environmental data. Specifically, we propose an encoder–
decoder architecture in which the CfC model serves as the core component of the encoder.
Environmental data are first processed by an embedding module comprising token and
positional embedding layers. The resulting features are then passed through the CfC model
to generate continuous-time state updates, which are subsequently projected back to the
input space. Given the challenges of obtaining labeled anomalies, the proposed architecture
is trained in a self-supervised manner using reconstruction-based loss functions to guide
gradient updates. To evaluate the effectiveness of the proposed method, we conduct a
comparative study against five SOTA anomaly detection models. Experimental results
demonstrate that our approach consistently outperforms these baselines on multi-sequence
multivariate time series datasets, achieving superior performance in terms of accuracy,
precision, recall, and F1 score. These findings confirm the effectiveness and generalizability
of the proposed continuous-time architecture in livestock anomaly detection tasks.

The main contributions of this work are summarized as follows:

1. We introduce a novel paradigm of continuous-time neural networks for anomaly
detection in pig farming environments. Unlike existing methods, the proposed
continuous-time models demonstrate strong ability to capture complex temporal
dependencies in multi-sequence multivariate time series data.

2. We propose an encoder–decoder architecture based on continuous-time neural net-
works and adopt an unsupervised learning strategy, enabling end-to-end anomaly
detection without the need for labeled data.

3. Extensive experiments show that the proposed method consistently outperforms
SOTA baseline models in terms of anomaly detection performance, highlighting its
robustness and practical applicability in livestock monitoring scenarios.

The remainder of this paper is organized as follows. Section 2 introduces the dataset
and preprocessing procedures, followed by a detailed description of the proposed architec-
ture and experimental setup. Section 3 presents the experimental results and comparative
analysis with baseline models. Section 4 discusses the limitations of the study and outlines
directions for future research. Finally, Section 5 concludes the paper with a summary of the
key findings.

2. Materials and Methods
2.1. Dataset

The dataset used in this study was collected from a commercial pig farm located
at 121 Dalguji-gil, Jingyo-myeon, Hadong-gun, Gyeongsangnam-do, Korea (35.0671° N,
127.7500° E) as part of the Pork Bioenergy Data project supported by the Industry-Academic
Cooperation Group of Jeonbuk National University and available through the Korea AI
Hub platform. All monitoring sites were situated within four distinct pig pens on the same
farm rather than across geographically separate regions. Each pen housed approximately
50 pigs during the growing-finishing phase, with animal ages ranging from 150 to 180 days.
The housing structures were identical across all pens, each measuring 12 m in length, 2.3 m
in width, and 2.4 m in height. To ensure a stable internal environment, each pen was
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equipped with a heating system and ventilation fans, and daily cleaning procedures were
performed to maintain sanitation. The roofs were constructed from fiber-reinforced plastic,
and all pens shared a north–south orientation. Stocking density and climate control systems
were consistent across all pens to standardize environmental conditions.

Environmental data were collected using integrated sensor modules mounted on the
wall of each pig pen at a height of 0.5 m above the floor. Each module consisted of an SHT31
or SHT35 (Sensirion, Sensirion AG, Stäfa, Switzerland) sensor for temperature and relative
humidity, an MH-Z19C (Winsen, Winsen Electronics Technology Co., Ltd., ZhengZhou,
China) sensor for CO2 concentration, and an MICS-6814 sensor for NH3 concentration. One
such module was installed in each pig pen, with all environmental parameters measured at
the same spatial location. Data were continuously recorded at 5-min intervals from 1 Au-
gust 2023 to 31 May 2024, yielding 87,840 time series samples per variable. To facilitate the
analysis of daily trends, the raw data were averaged over every 288 samples (equivalent to
one day), as illustrated in Figure 1. The top row of the figure presents official meteorological
data obtained from the Korea Meteorological Administration for the farm’s location. The
left panel displays the daily maximum, minimum, and average air temperatures, while the
right panel shows the corresponding daily average relative humidity and precipitation lev-
els. These data indicate substantial seasonal variation, with outdoor temperatures ranging
from −5 ◦C to over 35 ◦C and relative humidity fluctuating between 60% and 90%, often
accompanied by episodic rainfall events. In contrast, the middle row of the figure illustrates
the measured environmental conditions inside the pig pens. Due to active climate control
(heating and ventilation), the daily average indoor temperature remained relatively stable,
typically ranging from 25 ◦C to 27 ◦C. Similarly, indoor relative humidity was maintained
within a narrower and lower range of approximately 25% to 40%, despite the pronounced
variability in outdoor conditions. The bottom row of the figure shows the trends in CO2

and NH3 concentrations. Daily mean CO2 levels within the pens generally ranged from
600 to 1000 ppm, while NH3 concentrations were typically maintained between 10 and
12 ppm, with occasional spikes. These values are consistent with expected concentrations in
intensively managed livestock housing, and are significantly higher than ambient outdoor
levels. Overall, Figure 1 highlights the stark contrast between external climatic variability
and the controlled indoor environment maintained for livestock. While outdoor conditions
are subject to substantial seasonal and meteorological fluctuations, the indoor microclimate
is actively regulated to remain within a stable and optimal range in order to ensure animal
health and productivity. This divergence underscores the importance of direct environ-
mental monitoring within livestock facilities to accurately assess animal welfare and the
environmental conditions to which animals are exposed.

For the purpose of training and evaluating the proposed anomaly detection model,
the dataset was partitioned into 52,416 samples for training, 17,280 samples for validation,
and 18,144 samples for testing. Descriptive statistics for each environmental variable are
presented in Table 1. To structure the input for time series modeling, a sliding window
approach was employed to segment the continuous data streams into fixed-length subse-
quences. For the training set, a window size of 288 and stride of 1 were used, resulting
in a large number of overlapping subsequences. This dense segmentation is beneficial in
the context of unsupervised learning, where using more data enhances the model’s ability
to learn robust feature representations. In contrast, for the validation and test sets, the
window size and stride were set to the same value in order to produce non-overlapping
subsequences, which ensures that each segment represents a distinct time period and
avoids information leakage. Each subsequence is represented as a two-dimensional matrix,
with the first dimension corresponding to the sequence length (i.e., number of time steps)
and the second encoding the region ID along with the four environmental variables. The
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training data were used in an entirely unsupervised manner without any labels, while the
validation and test sets were annotated with point-level binary anomaly labels to enable
performance evaluation. These anomaly annotations were generated through a two-step
process. First, a set of classical machine learning-based anomaly detection algorithms (local
outlier factor, Z-score analysis, interquartile range (IQR), and one-class support vector
machine) was applied to produce candidate anomaly labels. The union of the results from
all methods was then taken in order to maximize the coverage of potential anomalous
events. Second, manual inspection was conducted to refine the candidate labels by remov-
ing unreasonable or inaccurate detections, thereby enhancing the reliability and validity of
the final anomaly annotations.
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Figure 1. Visualization of climate information of the pig farm and the dataset. The two graphs in the
first row indicate the temperature, relative humidity, and precipitation during data collection, while
the other graphs show the daily trends of each environmental variable.

Table 1. Detailed information of the dataset used in this study. Each sample has four environmental
measurements: temperature, relative humidity, carbon dioxide, and ammonia.

Region ID Training Validation Testing
1 19,008 6336 6336
2 18,144 6048 6336
3 7488 2304 2880
4 7776 2592 2592

Total 52,416 17,280 18,144

2.2. Methods

The overall framework of the proposed method is illustrated in Figure 2. It primarily
consists of three modules: data embedding, encoding, and decoding. The data embedding
module comprises two components, namely, token embedding and positional embedding.
Token embedding projects the raw numerical inputs into a high-dimensional feature space
of dimension D, while positional embedding encodes the temporal positions of elements
within the input sequence, allowing the model to capture positional dependencies and
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sequence ordering. The encoder module is constructed using a continuous-time neural
model with a residual connection, followed by a layer normalization step. The continuous-
time model is capable of learning the intrinsic dynamics of environmental variables and
capturing time-dependent abnormal changes, thereby generating informative state feature
representations. The decoder module takes these state feature maps as input and projects
them back into the original input space. Because the model is trained under an unsuper-
vised learning paradigm, the decoder is optimized to reconstruct the input sequences as
accurately as possible. A reconstruction loss function is employed to guide the training
process, encouraging the model to learn meaningful representations that effectively capture
both normal patterns and potential anomalies.

Time
Sequence
(𝑁	×𝐶)

CT Model
(𝑁	×𝐷)

Token Embedding
(𝑁	×𝐷)

Position Embedding
(𝑁	×𝐷)

LayerNorm
(𝑁	×𝐷)

MLP Models
(𝑁	×𝐶)

Loss functions
MSE/MAE

Data Embedding Encoder Decoder

Figure 2. Overview of the proposed method, which mainly contains three modules: the data
embedding module, encoder, and decoder. The data embedding module consists of two parts: token
embedding, which maps numerical inputs into the high-dimension feature space, and position
embedding, which extracts the positional relationships between input sequences. The encoder
module is composed of a continuous-time model, denoted in the figure as CT Model, and a layer
normalization step, denoted as LayerNorm. The decoder module is composed of a series of linear
layers that reconstruct the hidden states into the input space.

2.2.1. Continuous-Time Model

Modeling temporal dynamics is a fundamental challenge in time series learning.
Traditional recurrent neural networks (RNNs), including LSTM and GRU varieties, pro-
cess sequential data at discrete and fixed time intervals, which limits their ability to
model continuous-time dynamics and handle irregularly sampled sequences. In contrast,
continuous-time models represent hidden state evolution as a function of time governed
by differential equations, offering a more natural and principled framework for capturing
real-world temporal processes that unfold continuously and often asynchronously. Com-
pared to traditional RNNs, continuous-time models provide three key advantages: time
resolution independence, allowing for flexible handling of variable and irregular time inter-
vals; physically grounded dynamics, making them particularly suitable for domains such
as neuroscience or physics-informed modeling; and improved interpretability thanks to
their explicit modeling of temporal decay and integration. Two prominent continuous-time
neural models have recently been proposed: the liquid time-constant (LTC) network [32],
and the closed-form continuous-time (CfC) model [33]. The LTC model simulates neural
state evolution using first-order ordinary differential equations (ODEs) approximated via
numerical integration. Its formulation is shown in Equation (1):

dx(t)
dt

= f (x(t), I(t), t, θ) · (A − x(t))− x(t)
τ

(1)

where x(t) is the function of the model, I(t) is the input at time step t, and A, θ, and τ

are learnable parameters. This formulation enables neurons to dynamically adapt their
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temporal responsiveness, closely mimicking biological time constants. However, LTC is
sensitive to numerical instability and incurs increased computational cost, as it requires
small integration steps in order to maintain accuracy. To address these limitations, the CfC
model introduces a more stable and analytically tractable alternative. It replaces numerical
integration with a closed-form solution of the state evolution, assuming piecewise-constant
inputs between time points, as shown in Equation (2):

dx(t)
dt

= σ(t) · [g(x(t), I(t); θg)− x(t)] + (1 − σ(t)) · [h(x(t), I(t); θh)− x(t)] (2)

where σ(t) = σ(− f (x(t), I(t); θ f ), t) is a gating factor that is similar to the forgetting
mechanism in LSTM model, θg, θh, and θ f are learnable parameters, and g(·), h(·), and f (·)
are three neural network functions. f (·) produces gating factors, controlling the the degree
of time reliability, while g(·) and h(·) represent two different ways of updating the state.
This elegant formulation provides several significant advantages, including numerical
stability by eliminating discretization errors, computational efficiency due to the absence
of fine-grained numerical integration, and theoretical clarity through alignment with the
analytical behavior of first-order linear systems.

In addition to LTC and CfC, neural ordinary differential equations (neural ODEs) [30]
constitute another influential family of continuous-time models. Neural ODEs parameterize
the time derivative of the hidden state using a neural network, and estimate the state
trajectory by numerically solving the ODE in both the forward and backward passes. While
highly flexible and expressive, neural ODEs often suffer from increased computational
complexity and training instability due to their reliance on adaptive solvers, which is
particularly the case for stiff systems or long prediction horizons. In contrast, the CfC
model expresses state transitions via closed-form equations. This offers both theoretical
and practical benefits, especially for large-scale long-horizon multivariate time series
data such as environmental monitoring data. First, CfC allows for stable and efficient
gradient computation through direct backpropagation, eliminating the instability and
overhead introduced by adaptive solvers. Second, its constant computational complexity
per time step makes it well-suited for real-time and resource-constrained applications,
regardless of the underlying system’s stiffness or sampling interval. Third, CfC maintains
sufficient expressive power to capture the relatively smooth and continuous dynamics
that characterize environmental data while also enhancing model interpretability and
robustness. Notably, the closed-form and piecewise-analytical structure of CfC makes each
hidden state update transparent and interpretable. The parameters and gating mechanisms
directly influence state evolution, facilitating insights into temporal dependencies and
system behavior. In contrast, neural ODEs operate as black-box neural networks coupled
with numerical solvers. As a result, they offer limited interpretability, particularly in long-
term forecasting or safety-critical applications. Furthermore, CfC is inherently suited for
irregularly sampled sequences, as it computes state transitions analytically over arbitrary
time intervals without requiring resampling or interpolation. While neural ODEs can in
principle handle irregular sampling, they rely on adaptive-step solvers, which may be
prone to numerical instability and elevated computational cost when processing highly
irregular data or stiff systems. By decoupling temporal adaptation from solver dynamics,
CfC enables stable, efficient, and interpretable modeling for real-world time series tasks
involving asynchronous or sparse observations.

In the context of environmental anomaly detection on pig farms, continuous-time models
such as CfC offer substantial advantages over both RNN-based and neural ODE-based
approaches. Monitoring environmental variables such as temperature, humidity, CO2, and
ammonia concentrations requires models that can efficiently and reliably process large-scale
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and long-duration time series data. Traditional RNN-based models such as LSTM and GRU
are susceptible to vanishing gradients and incur high computational costs on long sequences,
limiting both detection performance and deployment scalability. Although offering greater
modeling flexibility, neural ODEs often require computationally intensive numerical solvers,
resulting in slower training and inference. In contrast, CfC provides closed-form state updates,
enabling stable gradient computation, faster convergence, and fixed computational cost per
time step. These properties lead to notable improvements in training efficiency, robustness,
and deployment feasibility. As a result, CfC is particularly well suited for real-time anomaly
detection in livestock farming environments, where accurate, scalable, and resource-efficient
processing of environmental time series data is essential.

2.2.2. Unsupervised Anomaly Detection

This study performs anomaly detection on environmental variables in pig farms using
an unsupervised learning paradigm. Specifically, the input time sequence is denoted as
x(t) ∈ RN×C, where N represents the sliding window size (set to 288) and C denotes the
number of channels, which includes four environmental variables (temperature, relative
humidity, CO2, and NH3) along with a region identifier. The input sequence is first
processed by a token embedding layer and a position embedding layer, which together map
scalar values into a high-dimensional feature space and encode the positional relationships
between time steps. This embedding process is defined in Equation (3), where the resulting
feature representation is Femb ∈ RN×D:

Femb = TokenEmbed(x(t)) + PositionEmbed(x(t)). (3)

The continuous-time model then takes the embedding Femb as input and generates output
features along with hidden states. The computation process is similar to that of LSTM, but
only the output features are used for residual connections. Taking the CfC model as an
example, the output feature Fout (of shape N × D) is computed as follows:

Fout = LayerNorm(Femb +FC f C(Femb)). (4)

Finally, the output features Fout are passed through a decoder consisting of three multilayer
perceptrons and two activation functions in order to reconstruct the original time sequence
x̂(t). The reconstruction process is formulated as follows:

x̂(t) = GELU(MLP(Fout)). (5)

This self-supervised learning framework enables the model to effectively capture both the
local temporal patterns and global trends of the time series without requiring labeled data.

During inference, anomalies are identified by comparing the reconstruction error of
each point with a predefined threshold. Through self-supervised training, the model learns
to perceive temporal dependencies (i.e., logical continuity in time), short-term regularities
(local patterns), and long-term tendencies (global trends). Any point with a reconstruction
error exceeding the threshold is classified as an anomalous data point. The deviation
of such points from the learned representation indicates that they lie outside the typical
distribution of the feature space, meaning that they can be classified as outliers.

2.2.3. Loss Functions

The output of the model consists of reconstructed time sequences, making the task
inherently a regression problem. To optimize model training, we employ a combination
of the mean squared error (MSE) and mean absolute error (MAE) as the loss function.
The MSE is more sensitive to large deviations and penalizes larger errors more heavily,
thereby encouraging the model to correct significant anomalies. In contrast, the MAE
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promotes robustness and leads to more stable reconstructions by treating all errors equally.
To leverage the strengths of both metrics, we combine them using a weighting factor α, as
defined in Equation (6):

Lall = (1− α) · LMSE + α · LMAE =
1
N
[(1− α) ·

N

∑
i=1

(x(t)− x̂(t))2 + α ·
N

∑
i=1

|x(t)− x̂(t)|]. (6)

3. Experiments
3.1. Experimental Setup

The proposed method was implemented using PyTorch 2.0.0 with Python 3.10. The
embedding dimension D for both the token and positional embedding modules was set
to 256 and the hidden size of the CfC model was configured to 512. The window size N
was fixed at 288, corresponding to a 24-h period, and the stride was set to 1 for the training
dataset and 288 for both the validation and test datasets. The choice of a 288-point time
window is motivated by the temporal characteristics of the environmental data collected
from pig farms. Given that the sensors recorded data every 5 min, a window of 288 data
points spans an entire 24-h cycle. This design enables the model to effectively capture
daily periodic patterns in environmental variables, which are commonly influenced by
farm management routines and external climatic fluctuations. The model was trained with
an initial learning rate of 0.0001 and a batch size of 256. The learning rate was scheduled
to decay following a cosine annealing policy over 100 epochs. To prevent overfitting, we
applied an early stopping mechanism with the patience value set to 10 epochs. Optimization
was performed using the Adam optimizer with the default weight decay parameters. All
experiments were conducted on a single NVIDIA RTX 4090 GPU running Ubuntu 22.04.

3.2. Evaluation Metrics

In the context of anomaly detection, each prediction may be classified as true positive
(TP), true negative (TN), false positive (FP), or false negative (FN). The common classifica-
tion metrics of accuracy, precision, recall and F1 score were used to evaluate the proposed
method, and are defined as shown below.

Accuracy =
TP + TN

TP + TN + FP + FN
,

Precision =
TP

TP + FP
,

Recall =
TP

TP + FN
,

F1 = 2 × Precision × Recall
Precision + Recall

.

(7)

These metrics capture different aspects of detector performance: accuracy reflects overall
success, but can be misleading in highly imbalanced settings (i.e., where anomalies are rare);
precision emphasizes the cost of false alarms; recall emphasizes the cost of missed anoma-
lies; finally, the F1 score offers a single scalar that balances these two error types, making it
particularly useful when the anomaly and normal classes are of unequal importance.

3.3. Experimental Results
3.3.1. Comparisons with the SOTA Models

Table 2 presents the anomaly detection performance of six representative methods
across the four environmental variables. Each method is evaluated using the four metrics
of accuracy, precision, recall, and F1 score. In addition, macro-averaged scores across all
variables are reported. The proposed method consistently outperforms all baselines across
all evaluation metrics. Specifically, it achieves an average accuracy of 92.39%, precision of
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92.08%, recall of 85.84%, and F1 score of 88.19%. TimesNet [22] ranks second overall, but
lags behind the proposed method by 13.1% in accuracy, 18.5% in precision, 13.4% in recall,
and 15.7% in F1 score. Other well-known architectures for time series anomaly detection
such as AutoFormer [21], DLinear [23], and the vanilla transformer model [34] perform
noticeably worse, with accuracy ranging between 64–79% and precision from 50–73%.
These results indicate that simply increasing model depth or expanding receptive fields
in the discrete-time domain is insufficient for fine-grained anomaly detection in highly
dynamic and complex environments such as livestock housing.

Table 2. Performance comparisons between the proposed method and other SOTA methods. The
four commonly used metrics are listed in the table for all four variables. Average term indicates the
mean value of the four variables, while the best performance is indicated in bold typeface.

Models Accuracy Precision Recall F1 Score

T 68.22% 68.32% 90.06% 77.70%
RH 56.98% 23.94% 47.04% 31.73%
CO2 56.99% 35.50% 52.79% 42.45%
NH3 74.18% 74.63 93.71% 83.09%

AutoFormer [21]

Average 64.09% 50.59% 70.90% 58.74%
T 73.30% 74.30% 86.50% 79.93%

RH 74.45% 36.27% 26.69% 30.75%
CO2 67.23% 44.81% 39.07% 41.74%
NH3 77.33% 77.99% 92.64% 84.68%

DLinear [23]

Average 73.08% 58.34% 61.22% 59.28%
T 73.77% 75.42% 85.04% 79.94%

RH 85.12% 70.54% 51.48% 59.52%
CO2 79.98% 67.70% 63.83% 65.71%
NH3 78.34% 80.72% 89.32% 84.80%

TimesNet [22]

Average 79.30% 73.60% 72.42% 72.49%
T 75.60% 76.23% 87.65% 81.54%

RH 84.55% 68.83% 49.87% 57.83%
CO2 77.24% 64.29% 54.55% 59.02%
NH3 78.27% 79.85% 90.80% 84.97%

Transformer [34]

Average 78.91% 72.30% 70.72% 70.84%
T 70.66% 73.35% 82.09% 77.48%

RH 75.56% 41.56% 36.93% 39.11%
CO2 69.11% 48.30% 39.75% 43.61%
NH3 76.46% 78.22% 90.38% 83.86%

LTC [32]

Average 72.95% 60.36% 62.29% 61.60%
T 93.09% 92.61% 96.46% 94.50%

RH 91.50% 91.32% 66.31% 76.83%
CO2 92.55% 92.13% 82.23% 86.90%
NH3 92.42% 92.25% 96.94% 94.53%

Ours

Average 92.39% 92.08% 85.84% 88.19%

A direct comparison within the category of continuous-time models further under-
scores the advantage of the closed-form formulation. While the LTC model [32] already
outperforms AutoFormer and DLinear in terms of F1 score, replacing LTC with the CfC
model yields an additional gain of 19.4% in accuracy and 26.6% in F1 score. We attribute
this improvement to two main factors: first, the analytical solution of CfC enables sta-
ble gradient propagation, effectively mitigating issues related to numerical stiffness and
allowing precise modeling of subsample temporal dynamics; second, the CfC model em-
ploys three distinct neural network functions, which enhances its expressive power and
enables more accurate learning of the underlying temporal patterns in environmental
time series data.
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A variable-wise performance analysis provides further insights. For relative humid-
ity, most models exhibit significant drops in precision, with values ranging from 23.94%
to 70.5%, whereas the CfC model maintains a high precision of 91.32%, demonstrating
superior robustness to sensor fluctuations. On the CO2 variable, our model achieves the
highest F1 score of 86.90%, outperforming TimesNet by a margin of 21.2%. Furthermore,
the CfC model attains a recall of 96.94% for NH3, highlighting its strong ability to avoid
false negatives; this is a particularly critical feature for early warning systems in livestock
welfare management. These results provide strong empirical support for the theoretical
motivation behind adopting continuous-time modeling for anomaly detection in livestock
farm environments. By respecting the differential nature of temporal data streams, the CfC
model enhances decision boundaries (as evidenced by its high precision) while simultane-
ously expanding coverage of abnormal patterns (reflected in high recall), thereby achieving
superior performance across all evaluation metrics.

To further illustrate the effectiveness of the proposed method for multivariate time-
series anomaly detection across multiple regions, we visualize the F1 scores for each
environmental variable in all four regions, as shown in the left subfigure of Figure 3. The
radar plot offers a comprehensive comparison of all models across regions and variables,
globally emphasizing the superiority of the proposed approach over existing baselines.
As depicted in the figure, our method consistently outperforms all competing models for
every variable and region. A more fine-grained analysis reveals that most existing models
tend to exhibit lower F1 scores on CO2 and RH while performing relatively better on T
and NH3. Among the baselines, TimesNet shows the least fluctuation in F1 performance
across different variables and regions, suggesting a certain degree of robustness; however,
its overall performance remains consistently lower than that of the proposed method.
Although our model also exhibits slightly lower scores on CO2 and RH compared to T
and NH3, it significantly narrows the performance gap compared to other methods. This
demonstrates that our approach is more balanced and adaptable in addressing variable-
specific and region-specific challenges, validating its effectiveness for the complex task of
multivariate anomaly detection in pig farm environments.
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Figure 3. The left subfigure shows the F1 scores of all models in different regions and variables. Here,
R1, R2, R3, and R4 indicate four different regions (pig pens) located in the same pig farm, while T, RH,
CO2, and NH3 refer to the four environmental variables of temperature, relative humidity, carbon
dioxide, and ammonia. AutoFormer, DLinear, TimesNet, and Transformer are four SOTA anomaly
detection models, LTC is an anomaly detection method based on a liquid time-constant network, and
“Ours” denotes the method proposed in this work. The right subfigure reflects the efficiency of each
model, where each bracket contains the F1 score and model size, respectively.
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The right subfigure of Figure 3 presents a tradeoff analysis between model size and F1

score across different methods. As shown in the plot, TimesNet has the largest model size
at approximately 286 MB. In contrast, all other models maintain a footprint below 12 MB,
with DLinear being the most lightweight at only 0.64 MB. Despite being the third-largest
model in terms of size, our proposed method achieves the highest F1 score among all
competitors. Specifically, our model reduces the parameter size by 276 MB compared to
TimesNet while improving the F1 score by 15.7%. When compared to the LTC model,
our proposed approach increases model size by only 9.18 MB while yielding a substantial
27.13% improvement in F1 score. These findings indicate that our model achieves an
effective balance between model complexity and detection performance. By maintaining
a compact architecture without compromising accuracy, the proposed method is particu-
larly well suited for deployment on edge devices in smart farming environments, where
computational and memory resources are often constrained.

3.3.2. Performance Analysis by Region

To further assess the effectiveness of the proposed method in multivariate anomaly
detection for multi-sequence time series data, Figure 4 visualizes the performance of six
representative models across four environmental variables (T, RH, CO2, and NH3) in
each of the four regions. This figure provides a more detailed breakdown of anomaly
detection performance, highlighting the multi-sequence and multi-region capability of the
proposed method. The visualization allows for a granular evaluation of model robustness
and consistency under varying environmental conditions. As illustrated in the figure,
our method consistently achieves the highest F1 score for all four variables across every
region, significantly outperforming the five baseline models. Although the performance of
all six models appears relatively comparable for certain variables across regions, notable
disparities emerge for RH and CO2, where several baseline models exhibit substantial
drops in detection accuracy. Overall, these results suggest that while all of the evaluated
models possess a certain degree of competence in multi-sequence time series anomaly
detection, the proposed method demonstrates consistently superior detection performance.
Its robustness and strong generalization ability across both spatial dimensions (regions)
and feature dimensions (variables) underscore its effectiveness in handling complex and
heterogeneous environmental data in real-world livestock farming scenarios.
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Figure 4. Comparison of the F1 scores in each region for the four variables. Here, T, RH, CO2, and
NH3 respectively refer to the four environmental variables of temperature, relative humidity, carbon
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dioxide, and ammonia; AutoFormer, DLinear, TimesNet, and Transformer are the four SOTA anomaly
detection models; LTC is an anomaly detection method based on a liquid time-constant network; and
“Ours” denotes the method proposed in this work.

3.3.3. Performance Analysis by Variable

Figure 5 presents a detailed visualization of the F1 scores achieved by the six rep-
resentative models across the four environmental variables of T, RH, CO2, and NH3 in
four distinct regions. Overall, the models tend to perform better on T and NH3, while their
performance on RH and CO2 is relatively lower. This disparity can largely be attributed
to the intrinsic characteristics of each environmental variable. Specifically, T and NH3 in
pig houses typically exhibit clear daily periodic patterns and are more likely to experience
abrupt mutation-type anomalies (e.g., due to ventilation failures, heating system malfunc-
tions, or waste accumulation). These pronounced and temporally distinct deviations are
easier for data-driven models to detect, resulting in higher F1 scores. In contrast, RH and
CO2 are influenced by a broader range of interacting and overlapping factors, including an-
imal respiration, ventilation settings, management schedules, and waste removal practices.
These influences often vary slightly between pens due to operational differences, leading
to smoother fluctuations and gradual drift-type anomalies. The natural variability in these
signals tends to blur the distinction between normal and anomalous patterns, increasing
both the difficulty of accurate labeling and the complexity of detection.
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Figure 5. Comparison of the F1 scores in each regions for the four variables. Here, R1, R2, R3, and R4
indicate four different regions (pig pens) located in the same pig farm; T, RH, CO2, and NH3 refer to
the four environmental variables of temperature, relative humidity, carbon dioxide, and ammonia;
AutoFormer, DLinear, TimesNet, and Transformer are the four SOTA anomaly detection models; LTC
is an anomaly detection method based on a liquid time-constant network; and “Ours” denotes the
method proposed in this work.

Among the evaluated models, Transformer achieves the highest F1 score on RH, indi-
cating its relatively strong ability to capture dynamic humidity variations. However, the
proposed method exhibits only a marginal performance decrease on this variable, while
outperforming Transformer on the remaining three environmental variables. Notably,
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models such as AutoFormer, DLinear, and LTC consistently show inferior performance, par-
ticularly on RH and CO2, where F1 scores frequently fall below 50% across all regions. This
highlights their limited capacity to capture complex temporal dependencies in multivariate
and variable-specific contexts. Overall, the proposed method achieves the highest F1 scores
on three out of four environmental variables, reinforcing its effectiveness for multivariate
anomaly detection. These results underscore the proposed model’s superior generalization
capability across both spatial regions and variable types, establishing it as a promising
candidate for real-world deployment in complex environmental monitoring applications.

3.4. Ablation Studies
3.4.1. Selection of Loss Functions

In this subsection, we investigate the impact of different values of the weighting
parameter α in the loss function on the overall performance of the proposed method. The
experimental results are visualized in Figure 6. Recall that in Equation (6), setting α = 0
corresponds to using the pure mean squared error, while α = 1 results in the pure mean
absolute error. As illustrated in the figure, both of these extreme cases yield suboptimal
performance, with F1 scores falling below 80%. As α increases from 0, the model’s F1

score gradually improves, reaching a peak at α = 0.5, where the model achieves its best
performance with an F1 score of 88.19%. Further increases in α lead to a gradual decline in
performance beyond this point. These findings indicate that a balanced combination of MSE
and MAE yields the most effective loss formulation for this reconstruction-based anomaly
detection task. Their combination leverages the sensitivity of MSE to large deviations along
with the robustness of MAE to outliers, providing a more comprehensive learning signal.
Therefore, in all subsequent experiments we set the loss weight parameter to α = 0.5 to
achieve optimal accuracy and generalization capability.
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Figure 6. F1 scores of the proposed method with different weight values.

3.4.2. Threshold Selection

In this study, anomaly points are identified based on reconstruction errors; any data
point with a reconstruction loss that exceeds a predefined threshold is classified as being
anomalous. Consequently, the selection of an appropriate threshold is critical to the overall
effectiveness of the anomaly detection system. For multivariate time series data, two
commonly adopted thresholding strategies are considered: (1) a separate-threshold strategy
that assigns an individual threshold to each variable; and (2) a unified-threshold strategy
that applies a single global threshold across all variables. In the separate-threshold strategy,
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each variable is assigned its own threshold value, which is automatically determined based
on the estimated anomaly ratio for that variable. Specifically, the threshold is calculated
as twice the estimated anomaly ratio, following an empirical rule widely used in the
prior time series anomaly detection literature. This approach aims to ensure adequate
sensitivity to true anomalies while minimizing false positives. Because it is data-driven,
this threshold more accurately reflects the variable-specific distribution of reconstruction
errors and anomaly characteristics. The final set of threshold values used in this study is
reported in Table 3, representing the direct output of this automatic calculation procedure.
No additional manual tuning was applied, as these values are inherently adapted to the
statistical properties of each variable. In contrast, the unified-threshold strategy applies
a single threshold uniformly across all variables. To evaluate this approach, multiple
candidate threshold values were systematically tested to examine the model’s sensitivity
to different global settings. As shown in Table 3, the separate-threshold strategy achieves
the highest F1 score of 88.19%, significantly outperforming the unified strategy, which
yields consistently lower results across all tested values. These findings underscore the
importance of adopting variable-specific thresholding in multivariate anomaly detection
tasks. By tailoring the decision boundary to the unique error distributions and anomaly
dynamics of each environmental variable, the separate-threshold strategy enables more
accurate and robust anomaly identification in complex monitoring scenarios.

Table 3. F1 scores of the proposed method with different threshold values.

Threshold F1 Score

Separate Values [0.49, 0.17, 0.20, 0.53] 88.19%

Unified
Values

0.1 62.93%
0.17 77.38%
0.2 79.99%
0.3 79.46%
0.4 77.59%

0.49 76.05%
0.5 75.67%

0.53 74.66%

4. Limitations and Future Work
4.1. Limitations

While the experimental results validate the effectiveness of the proposed method,
several limitations should be acknowledged to guide future research and practical deploy-
ment. First, the model exhibits relatively lower anomaly detection performance for relative
humidity and carbon dioxide compared to temperature and ammonia. This discrepancy
may be attributed to the lower signal-to-noise ratio and greater inherent variability in RH
and CO2 time series, which can obscure clear distinctions between normal and anomalous
patterns. In the current study, a unified modeling framework was applied uniformly to all
variables without accounting for their distinct statistical characteristics. To address this lim-
itation, future work could explore adaptive strategies such as variable-aware architectures
or hybrid models that combine data-driven learning with physics-informed constraints.
Such enhancements could further improve detection robustness, particularly for complex
and highly dynamic variables such as RH and CO2.

Second, while this study focused on accurate anomaly detection, the post-detection
response mechanism remains an open challenge. In practical settings, one promising
approach is to implement an early warning accumulation system whereby repeated or
consecutive anomalies within a defined time window (e.g., five occurrences) trigger alerts
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for manual inspection of the affected pig pen. This strategy balances sensitivity and speci-
ficity by minimizing false alarms caused by transient fluctuations while also ensuring
that persistent or critical anomalies are promptly addressed. Although the current model
does not explicitly classify the type or cause of each anomaly, the different environmental
variables involved can offer valuable diagnostic insights. For instance, anomalies in temper-
ature and humidity may indicate malfunctions in heating, ventilation, or air conditioning
(HVAC) systems; elevated NH3 concentrations may suggest issues with waste management
or inadequate ventilation; and CO2 anomalies may point to insufficient airflow or space
congestion problems. In cases where multiple variables simultaneously exhibit anomalies,
a comprehensive inspection of environmental control systems may be necessary in order to
identify and mitigate underlying systemic failures.

4.2. Future Work

While the present study demonstrates the effectiveness of the proposed approach in a
real-world pig farming environment, several directions remain open for future research
to enhance the model’s generalizability and practical applicability. First, the current ex-
periments were conducted using data from a single farm in one geographic region. To
evaluate the broader applicability of the proposed method, future work should examine its
transferability across farms with diverse environmental conditions, management practices,
and operational procedures. The model’s design, including closed-form continuous-time
networks, multivariate feature learning, and self-supervised training, provides inherent
generalization capacity by minimizing reliance on farm-specific data patterns or expert-
defined rules; nonetheless, real-world deployment may still face distributional shifts arising
from local microclimates or heterogeneous farming practices. To address these challenges,
future research will explore domain adaptation techniques, meta-learning frameworks, and
multi-site joint training strategies to further improve the proposed model’s robustness and
adaptability across diverse farming contexts.

Second, practical deployment in livestock farming often necessitates resource-efficient
operation on edge devices with limited computational capacity. The proposed model
features a compact architecture of approximately 10 MB and a continuous-time formulation,
making it well-suited for execution on embedded controllers and industrial gateways. This
enables real-time and low-latency anomaly detection without requiring high-end hardware
infrastructure. Moreover, the model’s ability to operate across variable sampling intervals
ensures resilience to differences in sensor frequency and data acquisition strategies. Future
work will focus on further evaluating and optimizing the model’s computational efficiency,
scalability, and fault tolerance to ensure reliable performance in resource-constrained
real-world livestock monitoring systems.

5. Conclusions
This study proposes a novel encoder–decoder architecture for unsupervised anomaly

detection in pig farm environmental data by leveraging the strengths of continuous-time
neural networks, specifically the closed-form continuous-time model. Unlike traditional
discrete-time models that rely on synchronous sampling, the proposed method inherently
supports irregularly sampled and asynchronous multivariate time series data without the
need for resampling or interpolation. Extensive experiments conducted on a real-world
dataset comprising four key environmental variables (temperature, relative humidity,
carbon dioxide, and ammonia) collected from multiple regions within a commercial pig
farm demonstrate that our model consistently outperforms several state-of-the-art baselines.
Specifically, the proposed model achieves 92.39% accuracy, 92.08% precision, 85.84% recall,
and an F1 score of 88.19%. Ablation studies further validate the effectiveness of the loss
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function design and threshold selection strategy, showing that a balanced reconstruction
loss and variable-specific thresholds significantly enhance detection performance. Overall,
these findings highlight the practical value of accurate and efficient anomaly detection in
smart livestock systems. As precision livestock farming continues to advance, the approach
proposed in this paper offers a robust, generalizable, and lightweight solution for real-time
environmental monitoring that can support intelligent decision-making and sustainable
management in modern pig production.
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