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Abstract

Missing and incomplete observations in Environmental [oT sensor networks reduce data reliability and
disrupt analyses, especially for temperature and humidity time series exhibiting strong diurnal seasonality.
This study develops and evaluates a seasonal imputation method to address missing data in 1oT-based
environmental monitoring, using a workflow of anomaly detection, outlier removal, time-of-day-aware
imputation, and performance evaluation under varying missing-rate scenarios. Key challenges include
sensor noise, connectivity issues, and intermittent hardware failures, which degrade data integrity and
affect trend analysis, forecasting, and anomaly detection. To mitigate these, the method uses hourly and
minute-level seasonal patterns after filtering out physically unrealistic values. Experimental results show
high accuracy and robustness in reconstructing temperature and humidity data: temperature imputation
achieves MAE values of approximately 0.86-0.87°C, and humidity yields MAE values of 3.92-4.01%RH, with
no performance drop even at 50% data loss. The imputed series preserves natural diurnal dynamics
without introducing distortions, effectively restoring continuity and structural consistency in
environmental [oT time series for reliable modeling, feature extraction, and decision support.
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Abstrak

Data yang hilang dan tidak lengkap pada jaringan sensor Environmental Internet of Things (1oT) dapat
menurunkan keandalan data dan mengganggu proses analisis, terutama pada deret waktu suhu dan
kelembapan yang memiliki pola musiman harian (diurnal) yang kuat. Penelitian ini mengembangkan dan
mengevaluasi metode imputasi musiman untuk menangani data yang hilang dalam pemantauan lingkungan
berbasis IoT, dengan alur kerja yang mencakup deteksi anomali, penghapusan outlier, imputasi berbasis
waktu (time-of-day-aware), serta evaluasi kinerja pada berbagai skenario tingkat kehilangan data.
Tantangan utama yang dihadapi meliputi gangguan sensor, masalah konektivitas, dan kegagalan perangkat
keras yang bersifat sementara, yang dapat menurunkan integritas data serta memengaruhi analisis tren,
peramalan, dan deteksi anomali. Untuk mengatasi hal tersebut, metode ini memanfaatkan pola musiman pada
tingkat jam dan menit setelah terlebih dahulu menyaring nilai-nilai yang secara fisik tidak realistis. Hasil
eksperimen menunjukkan akurasi dan ketahanan yang tinggi dalam merekonstruksi data suhu dan
kelembapan, dengan nilai MAE suhu sekitar 0,86-0,87°C dan MAE kelembapan sebesar 3,92-4,01%RH, tanpa
penurunan kinerja bahkan pada kondisi kehilangan data hingga 50%. Deret waktu hasil imputasi tetap
mempertahankan dinamika diurnal alami tanpa menimbulkan distorsi, sehingga mampu memulihkan
kontinuitas dan konsistensi struktural pada deret waktu IoT lingkungan untuk mendukung pemodelan,
ekstraksi fitur, dan sistem pendukung pengambilan keputusan yang andal.

Kata kunci: Internet of Things; Imputasi musiman; Data tidak lengkap; Analisis deret waktu;

INTRODUCTION well as sophisticated machine learning and time-

series forecasting models (Ramadhan, Indrawati, et

A diverse array of imputation techniques  al, 2025; Seu et al, 2022). Although intricate

has been developed to address missing data, = methodologies may enhance precision, they often
encompassing fundamental statistical methods as  require substantial computational resources and
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are not always practical for resource-constrained
IoT implementations (Hudda & Haribabu, 2025). In
fact, many environmental sensor datasets exhibit
smooth, periodic patterns, particularly daily cycles,
making seasonal or time-of-day-based imputation
an effective and suitable option (Fatyanosa et al,
2023).

Despite this potential, limited studies have
systematically evaluated lightweight seasonal
imputation strategies using real-world
environmental IoT datasets. To address this gap,
this study investigates the effectiveness of seasonal
imputation techniques for handling missing values
in environmental IoT sensor time series. The
dataset consists of temperature and humidity
measurements collected over a one-month period
using a DHT22 sensor deployed in the Greater
Bandung Basin. Although the sensor data were
transmitted automatically through an IoT
infrastructure, intermittent communication losses
resulted in substantial missing observations in the
time series.

This study implements and evaluates two
seasonal-based imputation approaches—time-of-
day averaging (hourly seasonal imputation) and
global median imputation—to reconstruct the

missing data. The objective is to identify a reliable
and computationally efficient imputation strategy
capable of restoring missing sensor values while
preserving the underlying temporal patterns of
environmental variables. The findings demonstrate
that lightweight seasonal imputation methods can
effectively reconstruct missing observations in
real-world IoT datasets characterized by strong
periodicity. Consequently, this study provides
practical insights for developers and operators of
environmental monitoring systems seeking to
improve data continuity without incurring
significant computational overhead. In addition, the
results contribute to the broader understanding of

efficient data preprocessing techniques for
environmental [oT analytics.
RESEARCH METHODS

The suggested methodology comprises
two primary stages: (1) a pre-imputed seasonal
technique for the preparation of the IoT dataset,
and (2) a post-imputed seasonal technique for the
use and assessment of imputation methods. The
comprehensive procedure is depicted in Figure 1.

Pre-imputed seasonal approach
/ Temperature /
Raw IoT ‘ NaN Outlier
Dataset / Detection Detection
Humidity /
Missing | | MAE |
Average | | Completely At .
per hour Random II Evaluation
Seasonal Post- (MCAR) RMSE
» Imputation ~»  imputed }
(Time-of-day) [oT Data ‘
Ny Explanation
» Mieodbl:;] » Data Pre and ¥
g Post-imputed End
Post-imputed seasonal approach

Figure 1. Pre- and Post-Imputed Seasonal Methodology

In the seasonal imputation process,
missing values are estimated by exploiting the daily
periodic  patterns commonly  observed in
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environmental IoT sensor data. Specifically, when a

value at timetis missing, it is replaced by

the average of historical observations recorded at
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the same hour of the day. For example, if the
temperature measurement at 14:00 on a given day
is missing, the imputed value is calculated as the
mean of all available temperature observations

A. Pre-Imputed Seasonal Approach
1) Identification of Missing Values

This study identifies missing data by
analyzing discrepancies between the timestamps of
recorded measurements and the timestamps
expected based on the system's sampling period
(Seu et al., 2022; Shadbahr et al., 2023; Zhao & Udell,
2024). Let the time-indexed 10T dataset be denoted
by equation 1.

X={xIt=1.2..,T} (1)

where each element X; denotes the sensor

measurement at time t. A data point is classified as
missing when no observation is recorded at the
expected timestamp, which can be formally
expressed as equation 2.

x, = NaN if no observation is recorded at time t.

(2)
Identification of missing values is performed by
correlating the actual measurement times with a
theoretical reference time grid generated from the
specified sample frequency (Fatyanosa et al., 2024;
Mohammed et al., 2021). Any timestamp without an
associated measurement is considered a missing
observation, serving as the foundation for
subsequent imputation methods designed to
restore the continuity and integrity of the [oT time
series (Ramadhan, Indrawati, et al., 2025).

2) Outlier Detection

Outliers in the dataset are detected using
the Interquartile Range (IQR) criterion, which
provides a robust statistical approach for
identifying extreme deviations in sensor readings
(Bhattacharya et al., 2023; Boukerche et al., 2020;
Muhr et al., 2023; Smiti, 2020). Let Q; and Qs
denote the first and third quartiles of the observed
values, respectively, and IQR = Q;-Q,. A data point

X is classified as an outlier if it lies outside the

threshold bounds defined by Tukey’s rule,
expressed as equation 3.
1,x, <Q, —1.5IQR
Outlier (x;) = {i1,x, > Q; + 1.5IQR 3
0,otherwise

217

recorded at 14:00 across previous days. This
approach allows the imputation method to capture
diurnal seasonal behavior in environmental
variables such as temperature and humidity.

All identified outliers are subsequently removed or
reassigned as NaN to prevent them from biasing the
imputation process and to ensure that the
reconstruction of missing values is based solely on
reliable observations (Mahajan et al., 2020; Saleem
etal., 2021; Seo, 2006).

B. Post-Imputation Seasonal Method

To reconstruct missing values in the IoT
sensor time series, two imputation methods are
employed and subsequently evaluated under a
controlled missingness scenario (Mara Ribeiro &
Leite de Castro, 2022; Qin et al., 2021). The first
method, Seasonal Imputation (Time-of-Day /
Hourly Average), estimates a missing value by

leveraging the daily periodicity commonly
observed in environmental variables.
Let h(t) denote the hour extracted from

timestamp t (Kwok et al., 2023; Mara Ribeiro & Leite
de Castro, 2022; Qin et al., 2021; Vasenin et al., 2024).
For each missing observation, the imputed
value X, is computed as the average of all historical
measurements recorded at the same hour of the
day, expressed as equation 4.

S«

iEH(t)

R 1
X, =
‘ Ny

(4)

where H(t) represents the set of all timestamps
sharing the same hour ast, and Ny, denotes the
number of available observations in that set. This
method effectively captures diurnal seasonal
patterns and provides a computationally efficient
imputation strategy suitable for resource-
constrained IoT deployments. (Mara Ribeiro &
Leite de Castro, 2022; Vasenin et al,, 2024)

As a baseline, Global Median Imputation is
applied by replacing each missing value with the
median of all valid observations in the dataset.
Formally, like an equation 5.

(5)

Where X, = {x; | x, # NaN}. denotes the
set of all observed (non-missing) sensor readings.
This approach provides a stable reference for
evaluating the added value of incorporating
seasonal information.

X, = median(X,,,),
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To objectively assess the accuracy of both
imputation methods, a Missing Completely at
Random (MCAR) mechanism is simulated by
intentionally masking a subset of complete
observations (Kwok et al., 2023; Lee & Charles
Huber, 2021; Pham et al., 2022). For each selected
timestamp t, the true value is replaced with a
missing indicator such that allowing the
reconstructed value X; to be directly compared
against its original counterpart during the
evaluation phase as shown in equation 6.

xmasked = NaN,t € M, (6)

Compared with common imputation
techniques such as linear interpolation and k-
nearest neighbors (KNN) (Juna et al, 2022),
seasonal imputation offers several advantages for
environmental 10T  sensor data. Many
environmental variables exhibit strong diurnal
patterns, with measurements at the same hour
across different days often similar. By leveraging
this periodicity, seasonal imputation can produce
more contextually relevant estimates than linear
interpolation, which assumes a simple linear
transition = between adjacent observations.
Additionally, seasonal imputation is
computationally efficient, requiring only the
aggregation of historical values at the same hour,
whereas KNN requires distance calculations and
neighbor searches, which increase computational
cost. Furthermore, seasonal imputation is more
robust to longer missing intervals, since it relies on
historical seasonal patterns rather than nearby
observations. Therefore, it provides a practical and
efficient approach for handling missing data in
environmental loT time series.

C. Evaluation Metrics

To quantitatively assess the accuracy of the
imputation methods, three standard error metrics
are employed: Mean Absolute Error (MAE), Mean
Relative Error (MRE), and Root Mean Square Error
(RMSE) (Chicco et al, 2021). These metrics
compare the reconstructed values X, with the
corresponding ground-truth
observations x; within the masked subset of the
dataset.

The Mean Absolute Error (MAE) measures
the average magnitude of the absolute differences
between the true and imputed values, defined as
equation 7.

n
1
MAE = EZm — %, 7)
t=1
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The Mean Relative Error (MRE) evaluates
the relative deviation by normalizing the absolute
error with respect to the true value, expressed as

equation 8.
n

1
MRE = —
n

Xp — Xy

: (8)

Xt
t=1

The Root Mean Square Error
(RMSE) penalizes larger errors more heavily by
computing the square root of the average squared

differences between the true and imputed
observations equation 9.
1 n
RMSE = —z (x, — £,)? 9)
n
t=1
Collectively, these metrics capture
complementary  aspects of reconstruction
performance—namely absolute deviation,

proportional error, and squared error sensitivity.
Integrated with the preceding stages of [oT data
preprocessing, seasonal time-of-day imputation,
baseline statistical imputation, controlled MCAR
simulations, and comparative evaluation, this
framework enables an effective and
computationally efficient assessment of lightweight
imputation techniques tailored for environmental
IoT deployments (Kwok et al., 2023; Lee & Charles
Huber, 2021; Pham et al., 2022).

To quantify the wuncertainty of the
evaluation metrics, 95% confidence intervals
(CI) were calculated based on the mean and
standard deviation obtained from repeated
missing-data simulations. The CI was computed
using the standard formula at equation (10).

Cl=x%+1. (10)

s
96 7
where X is the mean error value,sis standard
deviation, and n represents the number of
experiments. The proposed methodology was
implemented in Python using the Pandas and
NumPy libraries for time-series processing and
statistical analysis. The MCAR masking experiment
was repeated 50 times for each missing-rate
scenario (1%, 5%, 10%, 20%, and 50%) to ensure
statistical robustness. All computations were
conducted on a standard workstation environment.
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The repeated simulations enabled the estimation of
mean error metrics and their corresponding 95%
confidence intervals.

RESULTS AND DISCUSSION

Prior to presenting the comprehensive
results, it is imperative to delineate the overall
structure and completeness of the temperature and
humidity information gathered during the
monitoring period, as outlined in Table 1.
Comprehending the ratio of valid to missing
observations provides essential context for further
studies, such as seasonal pattern classification,
anomaly detection, and the assessment of the
imputation strategy's efficacy. This preliminary
overview guarantees that the interpretation of
results is based on a precise depiction of the
dataset's integrity, temporal continuity, and sensor
dependability.

Table 1. Counts of non-null and missing values
Internet of Things Unprocessed Dataset

Parameters Non-null Missing
counts counts

Temperature 120,740 15,886
Humidity 120,738 15,888

The completeness data in Table 1 reveal
that both temperature and humidity exhibit
comparable percentages of missing values, with

=
=3
=1

roughly 11-12% of the records missing. This
degree of missingness is common in long-term IoT
deployments and is often caused by packet loss,
intermittent sensor outages, connection instability,
or power fluctuations. The analogous missing rates
for both parameters indicate that the data
deficiencies are more likely attributable to systemic
issues than to failures of individual sensors. Thus,
the dataset is suitable for implementing structured
imputation methods, especially those that leverage
temporal patterns and daily seasonal variations
present in environmental data.

After evaluating the dataset's
completeness and trustworthiness, it is crucial to
analyze the temporal properties of the recorded
variables to guarantee the consistency and
interpretability of the observed patterns. Figure 2
illustrates the temporal fluctuations of ambient
temperature recorded from 08 May 2023 to 08 June
2023. Despite the y-axis range in the original plot
extending to 700 °C, the recorded temperatures
remained between 0 and 40 °C, indicating that the
sensor device functioned under standard climatic
conditions. The confined and consistent range
verifies that no atypical thermal incidents
transpired during the measurement interval (Laha
et al,, 2022). The lack of sudden spikes or adverse
deviations commonly linked to sensor malfunctions
further indicates that the data acquisition module
operated successfully during the monitoring period
(Laha et al., 2022; Mois et al., 2017).
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Figure 2. Raw Temperature Dataset

A distinct diurnal trend is evident across
the sample. Temperature values consistently rise
during daylight and decline post-sunset,
establishing a regular daily cycle. The early period
often exhibits the lowest temperatures, which
progressively rise to a noon zenith before declining
again throughout the evening and into the midnight

219

hours. This clearly delineated circadian thermal
behavior aligns with standard outdoor ambient
conditions, indicating that the dataset possesses a
robust, consistent seasonal component. This
stability is advantageous for later analytical tasks
such as seasonal decomposition, forecasting, and
pattern-based imputation.

The work is distributed under the Creative Commons Attribution-NonCommercial 4.0 International License



P-ISSN: 2656-1743 | E-ISSN: 2656-1735
DOI: https://doi.org/10.34288/jri.v8i2.475

JURNAL RISET INFORMATIKA
Vol. 8, No. 2. Maret 2026

Accredited rank 4 (SINTA 4), excerpts from the decision of the DITJEN DIKTIRISTEK No. 230/E/KPT/2023

This consistency suggests that time-of-
day-based imputation methods, such as
categorization by hour and minute, are both
conceptually and empirically consistent with the
data's inherent structure (Fatyanosa et al,, 2023;
Seu et al., 2022). The robustness of the daily cycle
reinforces the statistical premise that temperatures
at the same time across different dates exhibit
similar distributions. These attributes jointly affirm
that the dataset is of superior quality and well-
suited for sophisticated time-series analytics,
encompassing imputation, anomaly detection, and
predictive modelling (Dau et al., 2018; Yu et al,
2014).

Notwithstanding the considerable intra-
day fluctuations, the inter-day average humidity is
consistent, typically sustaining levels between 75-
85% RH throughout the month. This consistency
indicates that the regional atmospheric moisture
conditions during the observed period were
climatologically stable, devoid of significant
weather anomalies that would cause abrupt
changes in mean humidity levels. The lack of abrupt
discontinuities or artificial spikes suggests that the
sensing system functioned successfully, with no

indications of signal dropouts, ADC saturation, or
digital communication failures, as are typically
associated with low-cost humidity sensors (Hamel
et al., 2024; Vaicdan et al., 2019).

Several days show significant declines in
humidity, represented by elongated downward
vertical lines in the graph. These vertical
fluctuations correspond to early-afternoon aridity
episodes typically induced by heightened thermal
activity and air mixing. This phenomenon is
prevalent in tropical and subtropical climes,
characterized by elevated early-morning humidity
that subsequently diminishes sharply under
intense sunlight (Budiwati et al., 2022; Indrawati et
al, 2024). These patterns further confirm that the
dataset reflects genuine environmental variability
rather than measurement noise. The regular
periodicity indicates that time-of-day analytical
methods, such as seasonal imputation, hourly
aggregation, or harmonic decomposition, are
suitable and theoretically substantiated by the
data's inherent structure (Indrawati et al,, 2024).
The robust daily consistency also ensures the
efficient use of statistical models that depend on
temporal autocorrelation.
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Figure 3. Raw Humidity Dataset

To better understand the temporal trends
in temperature and humidity measurements, it is
essential to analyze the dataset's statistical
properties before imputation. The descriptive
statistics presented in Table 2 provide further

Table 2. IoT Characteristic Data Pre-encoded

insight into the central tendency, dispersion, and
distributional characteristics of the raw sensor
data, thereby facilitating data quality assessment
and informing the selection of appropriate
preprocessing and imputation techniques.

Parameters count mean std min 25% 50% 75% max
Temp 120,740 26.52 458 00.00 23.03 25.03 29.06 626.66
Hum 120,738 68.68 12.86 00.00 58.01 72.09 79.00 89.40

The interquartile range (23.03-29.06°C)
indicates that most temperature measurements are
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concentrated within a small, climatologically valid
range. The recorded low of 0.00°C and maximum of
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626.66°C indicate potential sensor malfunctions or
transmission problems, as these values are
physically improbable in the monitoring scenario
(Nassif et al, 2021). These abnormalities
necessitate comprehensive preprocessing and
imputation procedures to correct distorted or
erroneous measurements.

The humidity dataset has 120,738
observations, with a mean of 68.68% RH and a
standard deviation of 12.86% RH, indicating
greater intrinsic volatility in relative humidity than
in temperature. The interquartile range (58.01-
79.00% RH) indicates a predominantly stable
distribution; however, the minimum value of 0.00%
RH is a distinct outlier, likely due to sensor
malfunction or communication failure. In contrast
to temperature, the humidity maxima remain
within a plausible environmental range (89.40%
RH), further substantiating the conclusion that the
dataset, although predominantly reliable, includes
isolated erroneous values that require rectification.

The statistics in Table 2 collectively
indicate that the dataset is generally typical of
actual environmental conditions; however, it
includes some abnormal values that require
meticulous preprocessing. This underscores the
necessity of employing structured imputation
methods that leverage robust diurnal patterns
already established, ensuring that subsequent

analyses and modeling endeavors rely on high-
quality, physically relevant data.

Figure 4  illustrates the refined
temperature time-series from 08 May 2023 to 08
June 2023, after the removal of extreme anomalies
identified in Table 2. The resulting pattern
demonstrates a far more coherent and
environmentally reasonable trajectory, with
temperature values consistently fluctuating
between approximately 20°C and 35°C,
corresponding with normal outdoor ambient
circumstances during the measurement period. The
elimination of outliers, namely the improbable
maximum result of 626.66°C, has successfully
reinstated the anticipated thermal profile and
eradicated aberrations that could skew later
assessments (Bhuyan et al., 2014; Nassif et al,
2021).

The visual consistency observed over days
indicates significant temporal autocorrelation and
seasonal regularity, which are essential for the
reliability of time-of-day imputation techniques and
the efficacy of time-series forecasting models. The
synchronization of peak timing and amplitude
across several dates substantiates the premise that
temperature at a specific hour is statistically
analogous across multiple days—a fundamental
prerequisite for the hour-minute grouping
technique utilized in this work (Mahajan et al,
2020; Salvatore et al., 2002).
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Figure 4. The improved temperature time series dataset.

In accordance with the temperature
dataset, it isimperative to assess the behavior of the
humidity = measurements after eliminating
anomalous and corrupted values. This evaluation
offers a more precise depiction of the atmospheric
moisture  dynamics recorded during the
observation period. Figure 6 presents the improved
humidity time series, facilitating a more precise
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analysis of its diurnal fluctuation and overall
quality.

Figure 5 displays the refined humidity
readings the period of measurement,
demonstrating a significantly enhanced, more
consistent profile compared to the unprocessed
dataset. Upon eliminating implausible minimum
values (0% RH) and stabilizing discontinuities, the
data reveal humidity levels primarily within the 65-
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85% RH range, consistent with the region's actual
environmental  conditions  throughout the
observation period. The preprocessing phase has

successfully reduced sensor dropouts and
communication faults, yielding a more coherent
and interpretable signal .
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Figure 5. The improved humidity time series

The revised series continues to exhibit
significant intra-day fluctuation, as indicated by the
vertical ranges denoting daily minimum and
maximum humidity levels. The variations—
typically between 40% and 90% RH during a single
day—align with established atmospheric dynamics
influenced by temperature changes, solar radiation,
nocturnal cooling, and dew formation. The
elimination of inaccurate zero-humidity values has
eradicated artificial troughs that previously skewed
the dataset, allowing the natural diurnal moisture
cycle to manifest more distinctly.

Although more volatile than temperature,
the humidity profile has a stable inter-day pattern,

Table 3. Characteristic Data of [oT Post-Cleaning

with daily peaks and troughs occurring within
comparable amplitude ranges. This consistency
indicates robust diurnal seasonality, confirming
that humidity follows a discernible 24-hour cycle.
This temporal structure substantiates the
theoretical rationale for using hour- and minute-
based seasonal imputation techniques, as humidity
data at specific times of day exhibit analogous
patterns throughout the monitoring period .

A statistical overview of the dataset
following outlier removal is provided in Table 3 to
augment the visual evaluation of the cleaned
temperature and humidity time series. This
summary offers a quantitative analysis of how the -

Parameters count mean std min 25% 50% 75% max
Temp 120,671 26.53 3.83 26.53 23.30 25.30 29.60 36.90
Hum 120,673 68.71 12.77 68.71 58.10 73.00 79.00 89.40

-preparation processes enhanced data quality by
removing physically impossible or inconsistent
findings.

Table 3 shows the dataset after removing
69 temperature and 65 humidity outliers,
confirming that the cleaning process successfully
restored physical coherence and reduced noise. The
temperature variable now contains 120,671 valid
entries with a mean of 26.53°C, a lower standard
deviation of 3.83°C, and plausible minimum-
maximum values (23.30-36.90°C), indicating that
the excluded anomalies had disproportionately
inflated variability. The humidity data, comprising
120,673 valid observations, shows a mean of
68.71% RH and a standard deviation of 12.77% RH,
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with an interquartile range of 58.10-79.00% RH
and a maximum of 89.40% RH, reflecting realistic
environmental conditions after removing mostly
implausible low readings caused by sensor dropout.
With the dataset cleaned and statistically
consistent, the next step is to evaluate whether the
imputation method preserves temporal continuity
in the reconstructed temperature series, ensuring
alignment with natural diurnal patterns and
avoiding the introduction of artificial behaviors.
Figure 6 illustrates the temperature time
series after applying the seasonal time-of-day
imputation method, showing a smooth trajectory
that closely follows the natural diurnal cycle
present in the cleaned dataset. The reconstructed
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values remain within the expected ambient
temperature range of 22-33°C, and the imputed
segments—particularly visible in the rightmost
portion of the figure—blend seamlessly with
surrounding observations, preserving both local
continuity and the broader temporal pattern. The
graphic also confirms that the method accurately
reproduces daily minima at night and maxima
during daytime, with no abrupt jumps or artificial
plateaus, demonstrating the effectiveness of the
hour-minute grouping approach in leveraging

40

strong diurnal seasonality, consistent with findings
such as (Kwok et al, 2023). Unlike raw gaps or
oversmoothed flatline artifacts produced by
simpler imputation techniques, the reconstructed
series retains natural variability, including subtle
fluctuations and shifts in peak timing characteristic
of real environmental dynamics. This preservation
of physical realism ensures that the imputed
temperature data remain suitable for downstream
tasks such as anomaly detection, forecasting, and
sensor reliability assessment (Nassif et al.,, 2021)
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Figure 6. Temperature time series after implementing the seasonal imputer.

After evaluating the imputed temperature
series, it is also crucial to assess the imputation
method's efficacy on the humidity observations,
which are inherently more unpredictable and
susceptible to environmental changes. This phase
guarantees that the imputed values uphold physical
plausibility and align with the diurnal patterns
evident in the cleaned dataset. Figure 8 displays the
reconstructed humidity time series, facilitating a
thorough evaluation of the method's ability to
recover missing parts.

Figure 7 illustrates the humidity time
series after implementing the seasonal, time-of-
day-based imputation technique. The imputed
series demonstrates a continuous, environmentally
realistic trajectory, sustaining humidity values
primarily between 65% RH and 85% RH—aligned
with the natural atmospheric conditions observed
in the cleaned data. The technique effectively
prevented the reintroduction of unrealistic values,
such as the improbable 0% RH readings found in
the raw dataset, demonstrating that the imputation
process maintained physical realism.
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Figure 7. Humidity time series after implementing the seasonal imputer.
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The rebuilt humidity series preserves the
expected diurnal structure despite its inherent
intra-day volatility, with early-afternoon minima
and overnight maxima clearly maintained, and the
imputed segments blending smoothly into
surrounding  observations  without abrupt
transitions or artificial patterns—demonstrating
the strength of the hour-minute grouping approach
in exploiting the data’s periodicity.

The stable daily amplitude ranges further
indicate that the method retains natural variability
instead of oversmoothing the signal, an essential
property for downstream tasks such as anomaly
detection, classification, and forecasting.
Completeness  checks before and  after
reconstruction also confirm that the imputation
method successfully resolved all missing values
without introducing new gaps or inconsistencies,
yielding a coherent and fully restored humidity
dataset.

Table 4 demonstrates that the imputation
process successfully eliminated all missing values
in both the temperature and humidity data,
reducing the initial 15,955 missing temperature
records and 15,953 missing humidity records—

full temporal continuity, which is essential for
downstream tasks such as anomaly detection,
feature extraction, and predictive modeling that
depend on uninterrupted time-series inputs.

Table 4. Absence of post-imputed counts

Missing
Parameters counts before  Imputation
imputation
Temperature 15,955 0
Humidity 15,953 0

The ability to recover all gaps without
introducing new inconsistencies further indicates
that the hour-minute seasonal imputation method
effectively captured the dataset’s inherent periodic
structure, producing values that remain statistically
and physically coherent. With the missing data fully
resolved, the next step involves evaluating how the
imputation influences the dataset’s statistical
properties, ensuring that the reconstructed values
remain consistent with the natural behavior of the
monitored environmental variables. Table 5
provides a summary of the descriptive statistics of
the fully imputed dataset to support this

typical of long-term IoT deployments affected by  3ssessment.
connectivity or sensor issues—to zero. This
complete restoration of missing segments ensures
Table 5. Characteristic data following imputation.
Parameters count mean std min 25% 50% 75% max
Temp 136,626 26.52 3.81 19.8 23.3 25.2 29.7 36.90
Hum 136,626 68.74 12.63 33.0 58.1 73.3 78.9 89.40

Table 5 presents the statistical attributes
of the temperature and humidity variables after
imputing all missing values, yielding a
comprehensive dataset of 136,626 records for each
parameter. The mean temperature is 26.52°C,
almost identical to the pre-imputation mean,
indicating that the reconstruction procedure
maintained the data's central tendency. The
standard deviation marginally decreased to 3.81°C,
indicating reduced variability while preserving
realistic diurnal swings.

The dataset reveals a mean humidity of
68.74% RH and a standard deviation of 12.63% RH,
both of which closely align with the distribution
prior to imputation. The retained interquartile
range (IQR: 58.1-78.9% RH) indicates that the
inherent variability of humidity was predominantly
preserved. The low value of 33% RH and the
maximum of 89.40% RH suggest that the
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imputation method did not yield extreme values or
overly smoothed segments. The results indicate
that the seasonal, time-of-day imputation method
successfully addressed the missing entries without
compromising the overall statistical integrity of the
data.

A controlled missing-rate experiment was
conducted to assess the robustness of the proposed
imputation method, during which variable amounts
of temperature data were routinely omitted and
later reconstructed. This process facilitates an
objective evaluation of the method's stability under
varying degrees of data incompleteness. The
consolidated findings of this experiment,
encompassing both baseline errors in the
unprocessed masked data and post-imputation
errors, are displayed in Table 6.

Table 6 illustrates the efficacy of the
proposed imputation method over five scenarios of
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missing rates, varying from 1% to 50%. The
baseline reconstruction errors derived from the
masked raw data persistently exhibit elevated
levels, with MAE values ranging from 3.14 to 3.15°C,
RMSE values between 4.03 and 4.05°C, and MAPE
values of about 11.1 to 11.2%, indicating that the
dataset is significantly compromised when data are
omitted without imputation.

The imputed findings exhibit significantly
enhanced accuracy at all levels of missingness. The

Table 6. Temperature omission rate test results

imputation approach attains MAE values of roughly
0.86-0.87°C, RMSE values of 1.36-1.37°C, and
MAPE values of 3.17-3.22%, indicating a three- to
fourfold improvement over the baseline. Notably,
these performance indicators exhibit significant
stability even when the missing rate reaches 50%,
with relatively little fluctuation across repeated
trials.

MAE Raw RMSE Raw MAPE Raw MAE Imputed RMSE Impute MAPE Imputed
Missing rate
mean std mean std mean std mean std mean @ std mean std
1% 3.15 0.08 4.05 0.09 1116 0.24 0.87 0.02 1.37 0.04 3.18 0.08
5% 3.14 0.03 4.03 0.04 1111 0.09 086 0.01 1.36 0.02 3.17 0.04
10% 3.14 0.02 4.04 0.03 11.11 0.07 0.86 0.01 1.36 0.01 3.18 0.02
20% 3.14 0.01 4.03 0.02 11.11 0.04 087 0.01 1.36 0.01 3.19 0.02
50% 3.14 0.00 4.03 0.01 1111 0.01 0.87 0.00 1.36 0.00 3.22 0.01
The exceptionally low standard deviations from 1% to 50%. The baseline errors of the masked
underscore the method's durability and raw data persistently exhibit elevated levels, with

reproducibility, affirming that the hour-minute
seasonal grouping strategy efficiently leverages the
pronounced diurnal structure of temperature data.

Table 7 illustrates the reconstruction
accuracy of the proposed imputation approach for
the humidity variable across missing rates ranging

Table 7. Results of the humidity missing rate test

MAE values ranging from 10.41 to 10.47%RH,
RMSE values between 13.36 and 13.43%RH, and
MAPE values between 18.18 and 18.32%), indicating
that the exclusion of observations without
imputation significantly distorts the data.

MAE Raw RMSE Raw MAPE Raw MAE Imputed RMSE Imputed MAPE Imputed
Missing Rate

mean std  mean std  mean std mean std mean std mean std

1% 1041 0.18 1336 0.19 18.18 0.39 3.92 0.11 5.73 0.12 6.22 0.19

5% 1044 0.11 1339 0.13 18.25 0.25 3.94 0.05 5.76 0.06 6.26 0.09
10% 1045 0.10 1341 0.11 18.28 0.24 3.95 0.03 5.75 0.03 6.28 0.05
20% 1047 0.07 1343 0.08 1832 0.16 3.97 0.02 5.78 0.02 6.32 0.04
50% 1046 0.02 1342 0.03 18.32 0.05 4.01 0.01 5.80 0.02 6.39 0.02

The imputed findings indicate a notable
improvement in accuracy, with MAE decreasing
to roughly 3.92-4.01% RH, RMSE decreasing to
5.73-5.80% RH, and MAPE decreasing to 6.22-
6.39%. Despite these post-imputation errors
being larger than those observed in the
temperature experiments—indicative of the
naturally higher volatility of humidity—the
enhancement relative to the baseline is
significant across all levels of missingness. The
durability of the imputation findings is
demonstrated by the negligible standard

deviations and limited fluctuations in error
metrics, even at a missing rate of 50%. The
findings indicate that the seasonal hour-minute-
based imputation method effectively leverages
the pronounced diurnal pattern in humidity data,
enabling the reliable restoration of missing
segments  despite  significant  intra-day
fluctuations. The results affirm that the method is
accurate and resilient for humidity imputation,
demonstrating high performance across different
levels of data incompleteness.
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Table 8 presents the 95% confidence
intervals (CI) of the imputation error metrics for
temperature across different missing rates. The
results indicate that the estimated errors remain
highly stable under varying levels of missing data.
Specifically, the MAE values range from 10.41 to

10.47, while the RMSE values vary only slightly
between 13.36 and 13.43, and the MAPE values
remain  within 18.18-18.32. This narrow
variation suggests that the imputation process
produces consistent reconstruction performance
regardless of the missing data proportion.

Table 8. Confidence Intervals of Temperature Error Metrics Across Different Missing Rates

RMSE Imputed (95% CI)

MAPE Imputed (95% CI)

13,36 £ 0.0076

18,18 +0.0151

13,44 +0.0049

18,25 £ 0.0099

13,41 +0.0045

18,28 £ 0.0092

13,43 +£0.0031

18,32 £ 0.0062

Missing Rate MAE Imputed (95% CI)
1% 10,41 £ 0.0069
5% 10,44 £ 0.0043
10% 10,45 + 0.0040
20% 10,47 £0.0027
50% 10,46 £ 0.0009

13,42 £ 0.0010

18,32 £ 0.0020

Furthermore, the confidence intervals
are very small, with MAE margins decreasing
from £0.0069 at 1% missing rate to £0.0009 at
50% missing rate. A similar pattern is observed
for RMSE and MAPE, where the CI ranges
gradually become narrower as the missing rate
increases. This indicates that the variability of the
experimental results is minimal and that the
imputation method maintains high statistical
stability across repeated simulations.

Table 9 confidence intervals (CI) of the
imputation error metrics for humidity across

different missing rates. The results indicate that
the reconstruction errors remain relatively stable
as the proportion of missing data increases. The
MAE values vary slightly from 10.41 to 10.47,
while the RMSE values range between 13.36 and
13.44, and the MAPE values remain within 18.18-
18.32. This limited variation suggests that the
imputation approach consistently maintains
similar reconstruction accuracy across different
missing-rate scenarios.

Table 9. Confidence Intervals of Humidity Error Metrics Across Different Missing Rates

RMSE Imputed (95% CI)

MAPE Imputed (95% CI)

13,36 £0.0076

18,18 +0.0151

13,44 + 0.0049

18,25 +0.0099

13,41 £0.0045

18,28 £ 0.0092

13,43 £ 0.0031

18,32 £ 0.0062

Missing Rate MAE Imputed (95% CI)
1% 10,41 +0.0069
5% 10,44 £ 0.0043
10% 10,45 +0.0040
20% 10,47 £0.0027
50% 10,46 +0.0009

13,42 +0.0010

18,32 £ 0.0020

In addition, the confidence intervals are
notably narrow, with the MAE margin decreasing
from £0.0069 at a 1% missing rate to +0.0009 at a
50% missing rate. A comparable trend is observed
for RMSE and MAPE, where the CI ranges become
progressively smaller as the missing rate increases.
This pattern indicates that the variability across
repeated simulations is minimal, demonstrating the
statistical stability of the imputation results.

Compared with (Fatyanosa et al, 2023),
the dataset used in this study differs, and the
anomaly imputation in that work was not
conducted within a real-world IoT-based
environmental monitoring scenario. Meanwhile,
(Juna et al, 2022) focused primarily on

computational modeling for water quality
prediction using a multilayer perceptron, whereas
the present study evaluates the performance of
imputation methods under varying missing-rate
scenarios using seasonal input patterns. In
comparison with (Kwok et al., 2023; Qin et al,
2021), although similar parameters and evaluation
approaches are applied, this research focuses on
environmental monitoring related to acid rain
using atmospheric parameters obtained directly
from an loT-based sensing system. Therefore, the
evaluation results obtained in this study
demonstrate promising performance within the
context of real [oT environmental monitoring
applications.
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Overall, the narrow confidence intervals
across all missing-rate scenarios of this study
indicate that the proposed imputation method
maintains stable and reliable reconstruction
performance for both temperature and humidity
data. This confirms the robustness of the approach
in handling missing values in environmental [oT
sensor time series.

CONCLUSIONS AND SUGGESTIONS

Conclusion

This study demonstrates that the proposed
preprocessing pipeline, which combines anomaly
cleaning and seasonal time-of-day imputation,
effectively improves the quality and continuity of
environmental loT sensor data. The removal of
extreme outliers followed by seasonal imputation
successfully reconstructs missing observations
while preserving the natural diurnal dynamics of
temperature and humidity time series.

Experimental results show that the
proposed approach achieves consistently low
reconstruction errors across different missing-rate
scenarios. For temperature data, the method
maintains MAE values between 0.86-0.87°C and
MAPE between 3.17-3.22%, while humidity errors
are significantly reduced from approximately
10.45%RH to 3.92-4.01%RH. The narrow 95%
confidence intervals further indicate that the
reconstruction performance remains stable and
statistically reliable across repeated simulations,
even under high missingness conditions.

Overall, the findings confirm that the
seasonal imputation approach provides a robust
and computationally efficient solution for handling
missing values in environmental IoT sensor time
series, enabling the generation of reliable datasets
for environmental monitoring and further
analytical applications.

Suggestion

Future work may focus on enhancing the
proposed seasonal imputation framework by
integrating multi-sensor information, adopting
adaptive or learning-based seasonal modeling to
accommodate environmental variability, and
validating the method across diverse climatic
regions to improve generalizability. Additionally,
exploring hybrid approaches that combine seasonal
patterns with machine-learning models—such as
LSTM autoencoders or probabilistic time-series
methods—could further strengthen reconstruction
accuracy, especially under high missingness.
Finally, developing lightweight, real-time
implementations suitable for edge or embedded IoT
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devices would enable on-device data correction and

improve the practicality of environmental
monitoring systems.
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