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Abstract - The technological advancements of data storage
capacity and computational capabilities have implications
for the recording of time series data with increasingly
narrow intervals, called high-frequency time series data.
Sensor data, as a prominent example of high-frequency
time series generated through the utilization of the
Internet of Things (10T), is susceptible to issues related to
missing data due to the likelihood of device failures.
Furthermore, both the quantity and quality of data
significantly impact the performance of forecasting
models. This study examines the effects of imputing
missing data within a forecasting workflow for sensor data
that records water levels at four observation sites. The
analysis will be conducted by evaluating 6 imputation
methods in a simulation study using 10 datasets with 18
missing scenarios each. The forecasting outcomes of the
IMV-LSTM (Interpretable Multi Variable Long Short-
Term Memory) model, trained using empirical data
reconstructed through the best imputation methods from
the simulation study, will also be evaluated. The results
indicate that the imputed data using the Kalman-
Structural method enhances forecast accuracy, evidenced
by a 32% reduction in RMSE compared to the model
trained on data without imputation treatment as the
benchmark. Additionally, imputed data employing
Kalman-ARIMA improves the performance of the IMV-
LSTM model, yielding a 29% lower RMSE compared to
the benchmark. The best-performing model demonstrates
that the forecasts of water levels deviate by only
approximately 0.1% from the actual data.

Keywords: Missing Data, High-Frequency Time Series, River
Flood, Early Warning, IMV-LSTM.

I. INTRODUCTION

Hydrological factors have become a key concern in urban
planning, particularly in densely populated areas [1] where
there is limited groundwater recharge. One of the key factors
is precipitation, which has a positive impact on flood
vulnerability [2]. Typically, rainwater in urban areas is
channeled through drainage systems (gutters) and eventually
flows into rivers [3]. According to the population density
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projections by the Central Statistics Agency, Jakarta is the
most densely populated city in Indonesia. This trend has
consistently increased since 2000 and is expected to continue
growing in the future. The largest contribution to the potential
flood events in Jakarta is the Ciliwung River, which has the
largest and longest watershed in Jakarta [4].

The Jakarta Flood Early Warning System (J-FEWS) is a
tool utilized by the Jakarta government to predict flood events
and their inundation areas within the Jakarta region [5]. J-
FEWS integrates observational data on rainfall, water levels,
and weather forecasts to generate water level predictions using
the rainfall-runoff method. According to the J-FEWS bulletin,
the accuracy of water level forecasts in J-FEWS is highly
dependent on the precision of hydrometeorological
observations, the quality of simulation models, and the
accuracy of weather forecasts. Efforts to enhance the accuracy
of J-FEWS have included improving radar-based rainfall
measurements, updating simulation models, and incorporating
high-resolution weather forecast datasets. J-FEWS employs
the Delft-FEWS platform to integrate hydrometeorological
observations, hydrological models, and weather forecasts,
thereby facilitating the generation of flood forecasts.

River water level data is crucial for Jakarta's flood early
warning system, as overflowing rivers are a major cause of
flooding in the city. The water level sensor data on the
Ciliwung River is collected every 10 minutes from sensors at
various monitoring posts, but this data is often missing due to
inconsistent data transmission. Missing data is a common
issue in sensor data recording, often caused by device
malfunction, communication failure, power outages, or other
disruptions [6], [7]. Studies have shown that missing data in
high-frequency time series can significantly impair forecasting
performance if not properly addressed [8], [9]. Therefore,
reconstruction of missing data is required to enhance the
performance and accuracy of water level forecasting.

Imputation techniques offer a robust solution for
reconstructing missing data, as demonstrated by studies such
as [10], [11], and [12]. Key factors in selecting an imputation
technique include convergence time, sensitivity to outliers,
and the method's ability to account for autocorrelation [13].

www.irjiet.com 142


mailto:akmarinakkhairunnisa@apps.ipb.ac.id

= International Research Journal of Innovations in Engineering and Technology (IRJIET)

,/ \
Including an imputation stage within the forecasting workflow
has been shown to improve forecast accuracy compared to
workflows that do not address missing data [14], [15].
However, studies examining the impact of imputation on

LSTM forecasting performance have predominantly focused
on low-frequency time series.

Studies comparing forecasting methods have concluded
that models based on Long Short-Term Memory (LSTM)
networks outperform others in terms of both performance and
forecast accuracy [16], [17]. LSTM networks excel in time
series forecasting because they mitigate the exploding and
vanishing gradient problems, enabling the effective learning of
long-term dependencies in the data [8], [18]. Research [17]
further supports the conclusion that LSTM-based models are
particularly effective for forecasting high-frequency time
series.

This study aims to evaluate imputation methods within
the forecasting workflow for sensor data (high-frequency time
series) by assessing the quality of reconstructed missing data
and the forecasting performance. Three groups of imputation
methods are compared: univariate methods (Kalman-
Structural and Kalman-ARIMA), multivariate-global methods
(SVDImpute and PPCA), and multivariate-local methods
(kNN and MICE). Interpretable Multi-Variable LSTM (IMV-
LSTM) as the forecast model [19] were developed to enable
the simultaneous processing of multiple time series. IMV-
LSTM is claimed to produce more accurate forecasts and offer
greater interpretability compared to standard LSTM models.
The optimal IMV-LSTM model is proposed as a potential
alternative to J-FEWS. This model is designed to function as a
flood early warning system for Jakarta, relying solely on
historical water level data. In contrast to J-FEWS—a
government-implemented system that integrates multiple types
of projection data—this study focuses exclusively on past
water level records to develop a forecasting approach.

Il. METHODS & DATA
2.1 Time Series Missing Data Imputation

High-frequency time series data can exhibit various
patterns of missingness, including large gaps, small gaps, or
individual missing observations occurring randomly [20],
[21]. According to [22], as cited by [23], missing data
mechanisms are categorized into three types: Missing
Completely at Random (MCAR), Missing at Random (MAR),
and Missing Not at Random (MNAR). In this study, three
groups of imputation methods are compared: univariate,
multivariate-global, and multivariate-local methods.

Univariate imputation methods assume that a model can
be derived from the data to estimate the missing values. The
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univariate methods for this study are the Kalman Smoothing
method [24], [25] applied to a structural time series model
[26] and the state-space representation of the ARIMA model
[27], [28]. Multivariate-global methods utilize the global
structure of the data in matrix form, with estimation performed
through matrix completion algorithms. This multivariate-
global methods are SVD Impute [11], which uses Singular
Value Decomposition (SVD), and PPCA (Probability PCA),
based on Principal Component Analysis (PCA). Multivariate-
local methods operate on the assumption of high similarity
among series. Two methods for this category are employed:
Multiple Imputation by Chained Equations (MICE) [29], [30]
and k Nearest Neighbors (kNN) [11]. MICE iteratively impute
missing values by modeling each variable based on the others,
while kNN estimates missing values using the nearest
observations to the missing data points.

2.2 Interpretable Multi-Variable
Memory (IMV-LSTM)

Long Short-Term

The Interpretable Multi-Variable Long Short-Term
Memory (IMV-LSTM) model [19] is capable of
simultaneously processing multiple time series. IMV-LSTM is
reported to deliver more accurate forecasts and greater
interpretability compared to standard LSTM models. Its
enhancements include optimizing the LSTM structure by
assigning separate LSTM processes for each input variable,
ensuring that hidden states and model parameters are uniquely
associated with specific variables. IMV-LSTM captures the
dynamics of input time series variables and quantifies the
contribution of each variable to the forecast through a mixture
attention mechanism.

2.3 Data Source

Ten complete datasets for the simulation study are
categorized based on their data sources or methods of
acquisition, those are: aggregated empirical data, secondary
data, and data generated using the Vector Autoregression
(VAR) model. All datasets meet the characteristics required
for the simulation study, specifically multivariate time-series
data without missing values. The data removal scenarios
shown in Figure 1 were applied to these ten datasets, resulting
in 180 incomplete datasets (containing missing values). The
random removal of data was repeated five times, generating a
total of 900 datasets to be used in the simulation study for
each method.

The empirical data used in this study is water level sensor
data collected from the Ciliwung River with a recording
frequency of every 10 minutes. The data was recorded and
transmitted by loT sensors operated by the Jakarta Water
Resources Agency. Figure 2 provides a map showing the four
observation locations used in this study, namely: the Cibalok-
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Gadog weir, the Katulampa weir, the Depok monitoring
station, and the Manggarai floodgate. The empirical data
contains 5% missing values spread across the four location
variables. The timeframe for the empirical data used in this
study is from November 17, 2022, to December 31, 2023.
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Figure 1: Data Removal Scenarios for Simulation Studies
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Figure 2: Observation Points for Water Level Monitoring in the Ciliwung
Watershed

2.4 Research Methodology

This study consists of a simulation study and an empirical
study. The simulation study evaluates methods for handling
missing data in simulated datasets, while the empirical study
compares the performance of these methods based on
forecasting accuracy using empirical data. The primary
objective is to identify the best imputation method that
produces the highest forecasting accuracy when applied to the
IMV-LSTM model. The best imputation method, as
determined by the empirical study, will then be used to
process the entire dataset, followed by model interpretation
based on the optimal model at the final stage. The overall
research workflow is illustrated in Figure 3.
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Figure 3: Research Workflow
I1l. RESULTS AND DISCUSSION
3.1 Imputation as the Pre-Forecasting Stage

Two simple imputation techniques, Moving Average
(MA) and Last Observation Carried Forward (LOCF), were
added to the simulation study as benchmarks. The evaluation
of imputation methods is conducted based on the type,
mechanism, and ratio of missing data. A visualization of the
Root Mean Square Error (RMSE) distribution across all
imputation trials, grouped by imputation method, is presented.
Figures 4 and 5 shows the RMSE distribution for missing
points, evaluated by the missing data mechanism and ratio.
Figure 6 shows the RMSE distribution for gap missing data,
evaluated based on the size of the gap.
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Figure 5: RMSEs Distribution of Imputation Methods for Missing Points
by Missing Ratios

The boxplots in Figures 4 and 5 indicate that univariate
methods, specifically Kalman-ARIMA and Kalman-
Structural, produce better imputation results compared to other
methods. Two-way analysis of variance (ANOVA) was
performed to examine the effects of the missing data
mechanism and ratio on the RMSE values for each method.
The ANOVA results in Table 1 demonstrate significant
differences in the mean RMSE among the method groups at
each level of the missing data ratio and mechanism factors for
point missing data.

The Tukey post-hoc test supports the finding that
univariate methods yield imputations that most closely match
the actual values compared to other methods. This finding is
particularly applicable to high-frequency time-series data with
point missing data. The superior performance of univariate
methods suggests that the best imputation methods are those
that account for time-series patterns when predicting missing
values. The absence of significant differences between the
Kalman-Structural and Kalman-ARIMA methods across all
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levels of the missing data ratio and mechanism factors
indicates that both methods perform equally well.
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Figure 6: RMSEs Distribution of Imputation Methods for Missing Gaps
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The boxplot in Figure 6 reveals that all imputation
methods struggled to correctly fill missing gap, as the number
of experiments yielding RMSE > 1 increased with larger gap
sizes. Visual differentiation among method groups was
challenging; therefore, ANOVA results in Table 1 were used
to identify superior methods based on Figure 6. The analysis
indicated significant differences in average RMSE among
imputation method groups at each gap size level.

Table 1: Two-Way Analysis of Variance (ANOVA) of RMSE in the
Simulation Study

Source of " - - -
Variation df SS MS F p value
Missing Type: Missing Point
Methods 7 410.5 | 58.64 | 940.492 | < 0.0001 **
Missing 2 | 30.1 | 15.03 | 240.985 | <0.0001 **
Mechanisms
Missing Ratios 3 6.0 | 1.99 | 31.902 | <0.0001 **
Methods x Missing | 14 | 79 | 056 | 9.012 | <0.0001 **
Mechanisms
Methods x Missing | 51 | 34 | 016 | 2633 | <0.0001 **
Ratios
Residual 4744 | 295.8 | 0.06 - -
Missing Type: Missing Gap
Methods 7 159 | 2.275| 14.239 <0.0001 **
Missing Ratios 5 34.0 | 6.799 | 42,554 | <0.0001 **
Methods x Missing | a5 | 591 | 0832 | 5208 | <0.0001 **
Ratios
Residual 2349 | 375.3 | 0.160 - -

www.irjiet.com

*) df: degree of freedom; SS: Sum of Square; MS: Mean of
Square; F: Test Statistics F
**) significant

3.2 Water Level Forecast after Missing Data Imputation

Table 2 presents the Root Mean Square Error (RMSE)
and Mean Absolute Percentage Error (MAPE) for evaluating
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model performance by comparing forecast results with test
(actual) data. The models were differentiated by the
preprocessing applied, including training data without
imputation and training data with imputation using Kalman-
Structural and  Kalman-ARIMA  methods. Relative
improvement percentages were calculated using:

Ey — Eq

0

AEval(%) = x 100

Where E, is the metrics for the “No Imputation”
treatment. The results indicate that training data imputed with
Kalman-Structural and Kalman-ARIMA methods improved
forecast accuracy, reducing RMSE by 32% and 30%,
respectively, and reducing MAPE by 50%. Imputed data using
the Kalman-Structural method resulted in an average forecast
error of 1.2 cm, with the forecast plot shown in Figure 7.

Table 2: Forecast Evaluation

Treatment for Train Data
Evaluation No Kalman- Kalman-
Metrics . Structural ARIMA
Imputation - -
Imputation Imputation
RMSE 1.775 cm 1.206 cm 1.243 cm
MAPE 0.210% 0.105% 0.115%

Forecasting Plot

—— Prediction
— Actual

E) @
G B
k= S

Water Level

@
0
S

0 100 200 300 400 500 600
Time Frequency

Figure 7: Plot of Manggarai Water Level Forecast

Figure 8 illustrates how the model assigns attention
weights to different time steps when generating predictions.
Observing the heat map patterns provides insights into which
time steps contribute more significantly to the model's
predictions. Brighter bands or regions in the heat map
highlight segments of the input series that strongly influence
prediction accuracy. For the best-performing model, it was
observed that the temporal importance values are mostly
uniform as the water level itself has relatively long-term
autocorrelation. “Cibalok”, “Katulampa”, and “Manggarai”
are relatively long-term correlated to the target, and short
history of “Depok” variables contributes more to the
forecasting.
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Figure 8: Attention Weights Visualization from the Best Model
IV. CONCLUSION

Based on the simulation results, the univariate method
category, including the Kalman-Structural and Kalman-
ARIMA methods, produced the best imputation results for
high-frequency multivariate time series data. This conclusion
was drawn for point missing data based on the similarity
between the imputed values and the actual values, as well as
the methods' performance under various missing data
conditions. However, the ability of these two methods to
impute gap missing data decreased as the size of the gaps
increased. According to post-hoc analysis, at gap sizes
corresponding to levels 5 and 6, Kalman-ARIMA
outperformed Kalman-Structural.

These two best imputation methods were applied to
forecasting in the empirical study, where the training data
contained approximately 5% missing values. The forecasting
results demonstrated that using the Kalman-Structural method
for imputation during the pre-forecasting stage of water level
sensor data provided the best forecasting outcomes, improving
accuracy by reducing RMSE by 32% and MAPE by 50%. The
best model achieved a forecasting accuracy of 0.1%, with an
average error of 1.2 cm.

This study demonstrates that utilizing historical data,
supported by a forecasting workflow that includes imputation
during the pre-forecasting stage, is sufficient to develop an
accurate flood early warning model. This model does not rely
on precipitation data or other hydrometeorological
information, yet it still delivers highly accurate forecasts. This
solution can be considered as an alternative model for
government use.
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