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Abstract—Environmental monitoring data often have irreg-
ularities, like missing values or unevenly spaced observations.
These irregularities are not just data anomalies; rather, they
mirror the complexity and unpredictability of natural ecosystems
and the challenges of collecting data in such settings. Preserving
these irregularities is essential because artificial smoothing or in-
terpolation can obscure critical insights and misrepresent natural
processes. In this work, we propose a novel method that incor-
porates Neural Ordinary Differential Equations (Neural ODEs)
with Long Short-Term Memory (LSTM)-based models, as well
as feature engineering, to address these irregularities in water
quality metrics forecasting. To ensure the authenticity of real-
world dynamics, our methodology retains the dataset’s inherent
irregularities. While Long Short-Term Memory (LSTM)-based
models excel in capturing sequential patterns and dependencies,
Neural ODEs excel at handling uneven sampling by offering a
continuous-time perspective. To make the models more adaptable,
we incorporate features such as time differences between obser-
vations, timestamps, and other relevant water quality metrics.
For this study, we use 30 years of data from five monitoring
stations along Florida’s Saint Lucie River, carefully maintaining
the irregularities inherent in the dataset. This study shows
that our proposed model significantly outperforms state-of-the-
art Neural ODEs and recurrent architectures. This framework
provides a reliable way to forecast water quality metrics while
handling irregularities in time series forecasting, offering new
insights and better predictions for environmental monitoring and
management.

Index Terms—Irregular Time Series, Neural ODEs, LSTM,
BiLSTM, Water Quality, Forecasting

I. INTRODUCTION

Time-series data is pivotal in understanding, analyzing, and
predicting patterns across numerous domains, e.g., finance,
healthcare, and environmental monitoring. In environmental
monitoring, like water quality assessment, time series analysis
carries a critical role in monitoring ecological health, paving
the way for effective water resource management and policy
decisions. These datasets capture the complex dynamics in
aquatic systems. Typically water quality time series datasets
contain information on various physical, chemical, and bio-
logical metrics across various spatiotemporal points. However,
real-world time series data often contains irregularities, such
as missing values and unevenly spaced sampling intervals
and this characteristic introduces significant challenges for
traditional forecasting models. It is highly common to handle
those irregularities by various smoothing or interpolation tech-
niques, but that may distort critical information and introduce

bias into the dataset. Researchers have determined that the
methodologies used for interpolation or bias correction in
datasets can lead to significant forecast errors and inaccuracies
[1], [2]. Thus, preserving the authenticity of environmental
dynamics, which are captured in the irregularities of data, and
building models to accurately analyze those data is essential
for maintaining the integrity of data analysis.

Conventional models for time series forecasting, such as
Long Short-Term Memory (LSTM) networks, are well-suited
for capturing sequential dependencies in regularly sampled
data [3]. However, they are not very effective with datasets
that contain irregular intervals or missing observations. On
the other hand, models like Neural Ordinary Differential
Equations (Neural ODEs) excel in providing continuous-time
representations, which makes it suitable for handling irregular
sampling patterns [4]. Despite their strengths, Neural ODEs
alone struggle to fully capture the intricate temporal depen-
dencies and multi-variable interactions, particularly in water
quality datasets, which are not fully continuous in nature and
often exhibit discrete sampling patterns.

To address these challenges, the present study introduces
a novel hybrid approach that combines Neural ODEs with
LSTM-based architectures, particularly Bidirectional LSTM
(BiLSTM) networks. The intuition is to leverage the strengths
of both models, the capability of Neural ODEs to manage
irregular sampling, and the strength of BiLSTM architectures
to learn complex sequential dependencies in discrete data. We
also incorporate advanced feature engineering by including
time differences, timestamps, and supplementary water quality
matrices to enhance the model’s adaptability and predictive
performance. We focus on five crucial water quality metrics
e.g. dissolved oxygen, specific conductance, pH, salinity, and
water temperature to capture intricate relationships among
water quality parameters and improve forecasting accuracy.

The present study applies the proposed hybrid model to
univariate water quality forecasting, focusing on key water
quality indicators mentioned above. We use 30 years of real-
world data from the Saint Lucie River of Florida, which
is sourced from the DBHydro environmental database. The
dataset’s inherent irregularities are preserved to maintain the
authenticity of ecological dynamics. The data is structured
to align the aforementioned water quality metrics within the
same spatio-temporal context. The experimental evaluations
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include Symmetric Mean Absolute Percentage Error (sMAPE),
Mean Absolute Error (MAE), and Root Mean Square Error
(RMSE). This study demonstrates that our model significantly
outperforms standalone Neural ODEs and traditional recurrent
models like LSTM and BiLSTM and achieves higher accuracy
for forecasting tasks. The contributions of this work are
summarized as follows:

• Hybrid Architecture: Integration Neural ODE with BiL-
STM and development of a novel model tailored for
handling irregularities in discrete time series data for
forecasting purposes.

• Feature Engineering: Incorporation of the time differ-
ence, timestamp features, and additional water quality
matrices to enhance the model’s ability to capture multi-
variable dependencies.

• Application to Water Quality: Demonstration of the
model’s effectiveness in forecasting critical water quality
metrics using real-world datasets.

• Comparative Analysis: Comprehensive benchmarking
against standalone state-of-the-art models and showcasing
the advantages of hybrid architectures for handling irregu-
larities in time series data especially in the environmental
domain.

II. RELATED WORKS

Forecasting discrete time series with irregularities is a chal-
lenging task. Traditional methods and recent advancements in
machine learning and deep learning have attempted to address
these challenges. However, they often fall short when applied
to real-world discrete datasets with irregularities. One of the
real-world discrete datasets with irregularities is water quality
data. This section provides an overview of related works
on time series forecasting for data with irregularities, hybrid
modeling approaches, and forecasting of water quality metrics
in environmental studies.

A. Irregular Time Series Forecasting

Irregularities in time series data have motivated the develop-
ment of specialized forecasting methods. Classical statistical
approaches, such as ARIMA and its variations [5] rely on
assumptions of regular time steps. Those approaches often re-
quire data imputation techniques to handle irregular intervals.
Although these methods are computationally efficient, they are
not well suited for capturing complex, nonlinear relationships
in the data.

Recent advancements in deep learning have produced
various machine learning models for various time series-
related tasks. Among those Long Short-Term Memory (LSTM)
network-based models have shown promise in handling se-
quential dependencies in time series data [6], [7]. However,
standard LSTM models typically assume a uniform time step
[8], [9] and struggle to accommodate irregular sampling. To
address this issue, Neural Ordinary Differential Equations
(Neural ODEs) have been proposed [10], [11] which allows
integration of irregular time intervals directly into the fore-
casting process as a continuous-time modeling approach. The

effectiveness of Neural ODEs in irregular time series has
been demonstrated by Rubanova et al. [12], particularly in
healthcare data which is continuous in nature.

B. Hybrid Modeling Approaches

Hybrid models that combine the strengths of multiple ar-
chitectures have emerged as a promising direction for time
series forecasting [13]. For example, studies integrating RNNs
with attention mechanisms [14] or RNNs with graph convo-
lutional networks have demonstrated improved performance
in capturing both global trends and local dependencies [15].
In environmental applications, hybrid models such as LSTM-
CNNs and LSTM-Attention networks have been used to
forecast air quality and climate variables [16], [17]. These
approaches highlight the potential of hybrid architectures to
address domain-specific challenges in time series forecasting.

Neural ODEs have also been combined with LSTM-based
models in recent works to leverage their complementary
strengths. For example, recent studies have shown that in-
tegrating time-aware features into hybrid ODE-RNN, ODE-
LSTM models significantly improves time series modeling
capacity [18], [19] for continuous data.

C. Water Quality Forecasting

Water quality forecasting plays a critical role in environmen-
tal management, public health, and policy decision-making.
Metrics such as dissolved oxygen, water temperature, salinity,
pH, and specific conductance are widely used as indicators
of water quality [20]. Traditional methods for water quality
prediction usually rely on physical models or statistical re-
gression techniques. Those approaches often require extensive
domain knowledge and are not suitable for handling nonlinear
relationships [21].

Machine learning methods e.g. Support Vector Machines
(SVM), Random Forests, and Gradient Boosting, have been
applied to water quality forecasting [22]. Deep learning mod-
els, particularly LSTMs, have shown superior performance by
capturing temporal dependencies in multivariate water quality
datasets [23], [24].However, irregularities in discrete water
quality data, such as missing observations due to equipment
failure or sampling variability, pose significant challenges. Few
studies have explored deep learning architectures specifically
tailored for such irregularities in discrete time series.

D. Research Gaps and Motivations

Although Neural ODEs and LSTMs individually demon-
strate their capabilities in irregular and sequential data model-
ing, there are gaps for handling irregularities in discrete data
without deploying smoothing or interpolation techniques. Fur-
thermore, existing works often neglect the potential of incor-
porating multiple metrics as features. Incorporating multiple
metrics as features can improve the robustness and accuracy
of forecasting. This study bridges these gaps by proposing a
novel model that leverages both the continuous-time represen-
tation of Neural ODEs and the temporal dependency-capturing
abilities of BiLSTM networks. The proposed model captures
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multi-variable dependencies and addresses irregularities in
discrete time series data more effectively than the state-of-
the-art methods.

III. PROPOSED METHODOLOGY

A. Overview

This study presents a novel framework combining Bidirec-
tional Long Short-Term Memory networks (BiLSTM) with
Neural Ordinary Differential Equations (nODE) to predict the
next-step value of key water quality parameter. The model
integrates sequential modeling capabilities of BiLSTM with
continuous time dynamics via neural ODEs to handle irregular
time series data.

B. Problem Formulation

The dataset consists of time series measurements X =
{x1, x2, . . . , xT }, where each xt ∈ R7 contains:

• Main water quality metric (the target variable),
• Four associated water quality metric (predictor variables),
• Time difference ((∆t), elapsed time since the last mea-

surement),
• Timestamp (absolute time).

Given X = {x1, x2, . . . , xT }, the goal is to predict the
value of the main metric for the next time step, XT+1, while
accounting for the irregular intervals (∆t) in the time series.

C. Model Architecture

1) BiLSTM Network: The input sequence X is processed
by an BiLSTM network to capture temporal dependencies. The
hidden state output H for each time step is computed as:

Ht, Ct = LSTM(xt, (Ht−1, Ct−1)),

Ht = concat(
−→
Ht,
←−
Ht),

where
−→
Ht and

←−
Ht represent forward and backward passes,

respectively.
The BiLSTM outputs the hidden states for the entire se-

quence:

H = {H1, H2, . . . ,HT }, Ht ∈ RH ,

where H is the hidden dimension.
The final hidden state Hlast corresponding to the last time

step is extracted for further processing:

Hlast = HT ,

2) Neural ODE Integration: The hidden state Hlast is
considered as the initial condition for the ordinary differential
equation (ODE) and is passed through a Neural ODE block
to capture continuous-time dynamics. The ODE function is
parameterized as follows:

dH

dt
= fθ(H, t),

where fθ is a neural network that governs how the hidden state
evolves over time. In this implementation, fθ is defined by a
single linear layer followed by a ReLU activation:

fθ(H, t) = ReLU(WHH + b),

The Neural ODE solver integrates the dynamics i.e. ODE
over a time interval [tstart = 0, tend = 1] using a fifth-order
Runge–Kutta solver, specifically the Dormand–Prince method
(often referred to as “dopri5”).

Hode(t) = odeint(fθ, Hlast, t),

The resulting hidden state at tend which is denoted by
Hode

(
tend

)
captures the continuous-time evolution of Hlast.

This final integrated state Hode

(
tend

)
is fed into into subse-

quent layer.
3) Final Prediction Layer: The Neural ODE output

Hode(tend) is combined with time features of XT+1:

Z = [Hode(tend), XT+1,time difference, XT+1,timestamp],

where Z ∈ RB×(H+2).
The final prediction is computed using a fully connected

layer:
ŷT+1 = WZZ + bZ ,

where WZ ∈ R(H+2)×1 and bZ ∈ R.

Fig. 1. Proposed Models Architecture

D. Loss Function

The model is trained to minimize the Symmetric Mean
Absolute Percentage Error (sMAPE), defined as:

sMAPE =
100%

N

N∑
i=1

|yi − ŷi|
(|yi|+ |ŷi|)/2

,

where:

• yi: ground truth value of the main analyte,
• ŷi: predicted value of the main analyte,
• N : number of samples in the batch.

E. Code Availability

The implementation of the proposed models and experi-
ment is publicly available at the following GitHub repository:
https://github.com/mazid-rafee/irregular-ts-water-quality-ml.
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IV. EXPERIMENTAL SETUP

A. Dataset Downloading
The dataset is obtained from the DBHydro Water Quality

Database which is maintained by the South Florida Water
Management District (SFWMD). This database provides long-
term water quality monitoring data collected from various
stations across Florida. We develop a C#, .NET desktop
command-line application to interface with the DBHydro API
which enables efficient retrieval of the last 30 years of water
quality time series data of numerous monitoring stations across
Florida.

The downloaded raw data is structured with each row
representing a single water quality metric observed at a
specific station and timestamp. However, this raw format is not
suitable for direct analysis or model training. Hence, extensive
preprocessing to prepare the data for time series forecasting
tasks is done.

B. Data Preprocessing
The raw data is processed through several preprocessing

steps before feeding into the model.
1) Unit Harmonization: Water quality metrics in the raw

data are recorded in varying units (e.g., Specific Conductance
is observed in uS/cm, mS/cm, and umho/cm). These along
with other water quality metrics are converted to consistent
units using appropriate scaling factors to ensure uniformity
across all observations. For Dissolved oxygen, we keep the
unit mg/L, for Specific Conductance uS/cm and PSU and Deg
C for Salinity and Water Temperature respectively.

2) Data Restructuring: Each row in the raw dataset rep-
resents a single metric for a specific station at a specific
timestamp which makes it unsuitable for other water quality
metrics to be used as features in our model. To resolve this,
rows are grouped by Station ID and Sample ID (a unique
identifier provided in the dataset for observations from the
same sampling event). The grouped data is pivoted so that
each row contains multiple water quality metrics observed at
the same station and timestamp.

3) Station and Metric Selection: Stations with the most
extensive data coverage are prioritized to ensure robust tem-
poral patterns for forecasting. The top five stations with the
highest data counts are selected: SE 01, SE 02, SE 03, SE
06, SE 09. Similarly, five key water quality metrics relevant
to environmental monitoring and forecasting are chosen: Dis-
solved Oxygen (mg/L), pH, Water Temperature (◦C), Specific
Conductance (uS/cm), and Salinity (PSU).

4) Data Sanitizing and Normalization: To ensure data
quality and consistency, we apply outlier removal and nor-
malization during preprocessing. Outliers are identified and
removed using the Interquartile Range (IQR) method, where
the IQR is defined as IQR = Q3 − Q1, with Q1 and Q3
representing the first and third quartiles, respectively. Data
points lying outside the range [Q1−1.5×IQR, Q3+1.5×IQR]
are considered outliers and excluded from the analysis. We
also remove those rows where there are any missing values
for the selected water quality metrics.

Fig. 2. Map showing the locations of the 5 stations

TABLE I
DATA-POINTS AFTER DATA SANITIZATION

DO SP PH SL TM Avg CV(∆t)
SE 01 3274 3272 3250 3282 3275 3.49
SE 02 2539 2524 2521 2524 2524 2.99
SE 03 4063 4080 4080 4080 4080 3.84
SE 06 2371 2364 2370 2369 2369 5.36
SE 09 2142 2149 2149 2149 2138 3.87

In the TABLE I, DO stands for Dissolved Oxygen, SP for
Specific Conductivity, PH for pH, SL for Salinity, and TM for
Water Temperature. This table shows the number of data points
in each monitoring stations for each water quality metric.
It also contains Avg CV which represents the magnitude of
irregularities in the dataset. The Coefficient of Variation (CV)
is calculated as the ratio of the standard deviation to the mean
of time gaps, given by CV = σ∆t

µ∆t
, where σ∆t is the standard

deviation and µ∆t is the mean of the time gaps. From Avg
CV it’s evident that all five monitoring stations contain high
level of irregularities in data in terms of time difference (∆t).

We also normalize the data using min-max scaling to
ensure all features lie within the range [0, 1], calculated as
x′ = x−min(x)

max(x)−min(x) . Here x is the original value, min(x)

and max(x) are the minimum and maximum values of the
feature, respectively, and x′ is the normalized value. This
preprocessing approach ensures that the data is free from
extreme values and scaled appropriately for further analysis.

C. Model Training and Configuration

The dataset is split into 80% for training and 20% for test-
ing. A sequence length of 100 (T) is used to capture temporal
dependencies, with a batch size of 32 (B) for computational
efficiency. Our proposed model is consisted of a single bi-
directional recurrent layer with 50 (H) hidden units and are
trained for 20 epochs using the Adam optimizer to minimize
the Symmetric Mean Absolute Percentage Error (sMAPE) loss
function.

D. Evaluation Metrics

The performance of the models is assessed using sMAPE,
MAE, and RMSE. We choose those metrics because each
sheds light on a different aspect of our model’s forecasting
performance. Thus, it gives us well-rounded view of its
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strengths and weaknesses. sMAPE focuses on relative error
which makes it useful when the data can vary significantly
in scale for different water quality parameters and it’s also
less sensitive to outliers compared to typical percentage-based
metrics. MAE, on the other hand, is easy to interpret because
it provides the average magnitude of error in the same units as
the original data and it helps us see how far off predictions are
in practical terms. Finally, RMSE punishes larger errors more
heavily by squaring the residuals, which can be especially
important if big misses are costlier or riskier in the real world.
Together, these three metrics paint a comprehensive picture of
how well our model handles irregular time-series data.

• Symmetric Mean Absolute Percentage Error
(sMAPE): Evaluates the relative accuracy of the
forecasts and is defined as:

sMAPE =
1

n

n∑
i=1

|yi − ŷi|
(|yi|+ |ŷi|)/2

× 100, (1)

where yi is the observed value, ŷi is the predicted value,
and n is the total number of observations.

• Mean Absolute Error (MAE): Measures the average
magnitude of errors in predictions and is expressed as:

MAE =
1

n

n∑
i=1

|yi − ŷi|, (2)

where yi and ŷi are the observed and predicted values,
respectively.

• Root Mean Square Error (RMSE): Provides a measure
of the spread of prediction errors and is given by:

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2. (3)

V. RESULTS AND COMPARATIVE ANALYSIS

A. Overview of Results

The performance of the proposed hybrid model (nODE-
BiLSTM) is evaluated against baseline models (LSTM, BiL-
STM, and NeuralODE). The experiments are conducted across
five monitoring stations along Saint Lucie River of Florida and
we focus on five water quality metrics e.g. dissolved oxygen,
specific conductance, pH, salinity, and water temperature. For
each metric, we consider it as the main metric and treated the
other four as associated metrics.

B. Performance Comparison

Table II summarizes the key performance metrics for each
model, each water quality metric and each evaluation metric,
averaged across all five stations:

In the TABLE II, DO stands for Dissolved Oxygen, SP for
Specific Conductivity, PH for pH, SL for Salinity, and TM
for Water Temperature. The table shows that our proposed
model yields lower error rate (better accuracy) for all five
water quality metrics across all three evaluation metrics.

TABLE II
PERFORMANCE METRICS FOR DIFFERENT MODELS

LSTM BiLSTM nODE nODE-BiLSTM
DO (sMAPE) 5.958 6.028 5.754 5.382
DO (RMSE) 0.534 0.535 0.532 0.515
DO (MAPE) 6.107 6.189 5.911 5.754
SP (sMAPE) 16.292 18.206 17.996 15.112
SP (RMSE) 4658.7 4814.7 5415.1 4613.4
SP (MAPE) 187.9 188.6 202.6 182.9
SL (sMAPE) 0.808 0.74 0.724 0.682
SL (RMSE) 3.008 2.994 2.967 2.885
SL (MAPE) 69.288 57.989 65.692 56.351
PH (sMAPE) 20.078 18.49 20.204 16.54
PH (RMSE) 0.096 0.095 0.094 0.093
PH (MAPE) 0.804 0.736 0.719 0.687
TM (sMAPE) 3.022 3.0118 2.542 2.062
TM (RMSE) 1.021 1.064 0.955 0.905
TM (MAPE) 2.583 2.634 2.246 1.743

C. Station-wise Observations

In this section station wide results for each water quality
metrics is shown only for sMAPE evaluation metric. From
Fig. 3, it is evident that our model achieves not only lower
error rates (higher accuracy) on average across all stations but
also consistently outperforms in individual station evaluations.

Fig. 3. Station-wise result (sMAPE)

D. Summary of Findings

Our proposed model consistently outperforms all other base
models in terms of all three evaluation metrics (sMAPE,
RMSE, MAPE). The models architecture demonstrates its
robustness in handling irregularities in discrete time series data
and offers a significant improvement over standalone state of
the art models.

VI. CONCLUSION AND FUTURE WORK

This paper proposes integration of Neural ODE with Bi-
LSTM for addressing irregularities in discrete time series
data and improves forecasting capabilities with a focus on
various water quality metrics. By combining the continuous-
time dynamics of Neural ODEs with the temporal modeling
capabilities of LSTM-based architectures, the model demon-
strates better performance compared to the state-of-the-art
baseline methods. The integration of time-related features and
auxiliary metrics further enhances the models’ robustness and
accuracy and also addresses the challenges posed by irregu-
larly sampled environmental data. Experimental results show
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that the proposed model achieves lower error metrics across
multiple stations. These findings highlight the effectiveness of
integrating neural ODE with LSTM-based model for capturing
temporal dependencies with irregular sampling. Thus, it makes
the model highly suitable for handling irregularities in discrete
time series data for forecasting in environmental and other
domains.

Our future research will focus on multivariate and long
sequence time-series forecasting, enabling the model to handle
interdependent variables and better capture complex relation-
ships within the data and also to enhance the model’s ability to
predict over extended horizons, addressing challenges such as
error accumulation and computational efficiency. Additionally,
we plan to explore our models efficacy for continuous-time
modeling in areas such as healthcare (irregular patient monitor-
ing), finance (asynchronous trading data), and environmental
monitoring (multi-sensor networks), where effective handling
of data irregularities is crucial for generating accurate long-
term predictions. We will also investigate potential applica-
tions of our model in diverse domains such as finance and
climate science by incorporating transfer learning strategies to
handle irregularly sampled data scenarios.

This study demonstrated the potential of integration of Neu-
ral ODE and LSTM-based architectures to bypass the necessity
of data augmentation techniques for handling irregularities
in time series forecasting, thus providing a significant step
forward in addressing the challenges of handling irregularities
in time series forecasting across various disciplines.
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