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 A B S T R A C T

IoT gateways commonly aggregate sensor readings to reduce bandwidth and energy consumption, but this 
aggregation prevents cloud applications from accessing fine-grained historical data. This work investigates 
whether lightweight perceptron-based neural networks can reconstruct original sensor time series from 
temporally aggregated values with sufficient accuracy and efficiency. We propose a two-stage approach in 
which edge-trained perceptron models learn local sensor behavior, while a cloud-based model reconstructs 
full-resolution signals guided by aggregation averages. Extensive experiments were conducted using the Intel 
Berkeley Research Lab dataset, exploring multiple aggregation rates, window sizes, and training configurations, 
and comparing the proposed method against six classical interpolation techniques. Results show that while 
spline-based methods often achieve the lowest reconstruction error, perceptron models remain statistically com-
petitive in terms of MSE and exhibit different runtime characteristics across deployment settings. These findings 
indicate that lightweight neural models represent a viable trade-off between accuracy and computational 
efficiency for IoT scenarios with constrained computational budgets.
1. Introduction

In the age of Big Data, diverse sources such as scientific tools, social 
networks, and IoT devices generate significant amounts of data [1–4]. 
The Internet of Things (IoT) already comprises more than 22 billion 
connected devices worldwide, and projections estimate that by 2025 
this number will reach 75.44 billion devices, generating approximately 
79.4 zettabytes (ZB) of data globally [5]. In the IoT context, data can 
be approached from different perspectives. For example, environmental 
information such as humidity, temperature, pressure, voltage, and lu-
minosity, with high precision [6–8]. Recent studies also highlight that 
traditional static and cloud-centric AI pipelines struggle to cope with 
the dynamic, large-scale, and time-critical nature of data generated by 
IoT systems, motivating a shift towards more adaptive, decentralized, 
and autonomous intelligence at the edge [9].

IoT devices have limited resources, such as processing power, mem-
ory, storage, energy, bandwidth, etc., whereas the data generated by 
these devices is growing rapidly [10]. Therefore, dealing with this 
enormous amount of data is a significant challenge [11]. Due to these 
characteristics, Fog computing has emerged to manage this influx 
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within the IoT, emphasizing edge-based processing through gateways. 
These gateways aggregate sensor data before transmission, reducing the 
need for cloud processing for every measurement. Data aggregation is 
necessary for several reasons [12], including reducing the amount of 
data transmitted over the network, thereby increasing energy efficiency 
and efficient bandwidth usage. It effectively addresses storage space, 
processing capacity, and memory issues. Finally, it eliminates unneces-
sary information and reveals insights that can improve the performance 
of data collection and analysis [12–14].

Several studies have proposed solutions to minimize network traffic 
to the cloud at the edge. Some approaches focus on data compression 
techniques [15], while others suggest sending only aggregated data to 
the cloud through strategies such as averaging [16,17]. Additionally, 
deep learning offers an interesting alternative strategy. For instance, 
Dridi et al. [18] explore the use of Recurrent Neural Networks (RNNs), 
particularly Long Short-Term Memory (LSTM) networks, to compress 
IoT-generated data by transmitting network weights and anomalies 
rather than raw data, thereby conserving bandwidth. Additionally, Yen 
et al. [19] address missing values in IoT-related time series data by 
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Table 1
Research questions.
 Number Research Question  
 RQ1 Can perceptron neural networks learn the sensor dataset and perform time series interpolation with gaps? 
 RQ2 What is the comparative performance between the perceptron neural network and classical interpolation 

algorithms in recovering IoT data with gaps?
 

 RQ3 If classical algorithms are better than the others, which performs best?  
 RQ4 Are there data scenarios, such as the employed aggregation rate, where one algorithm significantly 

outperforms the other?
 

 RQ5 Is the performance difference between the perceptron neural network and classical algorithms substantial 
enough to influence the adoption of one method over the other?

 

 RQ6 In addition to algorithm performance in terms of effectiveness, how does each method behave regarding 
interpolation time?

 

 RQ7 Is there any trade-off between interpolation quality and efficiency?  
comparing interpolation methods, including linear regression, support 
vector regression, and LSTM networks, to improve predictions. How-
ever, applications requiring original device-generated data require the 
ability to reconstruct historical data in the cloud.

Further, data compression methods are lossless (retain the original 
data) and lossy (use approximations to reduce data size) [20], which 
are another way to minimize data transmission in the network. Lossless 
techniques enable straightforward data recovery, which is crucial for 
preserving data integrity [21]. In contrast, lossy methods aim to reduce 
data size but require procedures to restore it to its original state [17]. 
The primary concern addressed is reconstructing time-series sensor data 
in the cloud from aggregated values sent from the edge of the IoT 
network [22], dealing with recovering detailed data from aggregated 
data.

In this paper, we propose a novel method for data reconstruction, 
even in the presence of information loss during aggregation, by lever-
aging a model that accurately captures the data’s temporal behavior. 
Artificial Neural Networks (ANNs) have demonstrated the ability to 
generalize from a dataset, capturing the underlying structure of the 
data [23,24]. Additionally, Hornik et al. [25] mathematically demon-
strated that multilayer feedforward networks, of which the perceptron 
neural network is an example, are universal approximators. The authors 
claim that their results establish that standard multilayer feedforward 
networks can approximate any measurable function with any desired 
degree of precision. They also argue that failures in applications can be 
attributed to insufficient learning, too few hidden units, or a lack of a 
deterministic relationship between inputs and targets. We demonstrate 
that multilayer feedforward networks can learn, consistently estimating 
the connection strengths that enable the approximations.

The literature indicates that LSTM networks are computationally 
expensive for time series analysis and forecasting [26,27]. Therefore, 
this work aims to investigate whether perceptron neural networks, 
which are relatively simple and computationally less costly, can per-
form interpolation in time series with gaps in IoT data. Additionally, to 
compare performance in terms of effectiveness and efficiency with the 
following classical interpolation algorithms: Linear Interpolation, Mov-
ing Average, Linear Regression, Polynomial Regression, Cubic Spline, 
and Nearest Neighbor. The research questions summarized in Table  1 
have been defined to achieve the necessary answers to the objectives 
of this work.

In summary, this work addresses IoT infrastructure processes, specif-
ically data transmission and retrieval techniques. In particular, the 
limitations of IoT devices are considered, including processor power, 
memory, storage, bandwidth, and energy, which may be affected by 
changes, particularly those requiring more processing power. In this 
study, we investigate whether perceptron neural networks can effec-
tively learn from sensor datasets and perform time series interpolation 
in the presence of data gaps. Additionally, it determines, under various 
IoT scenarios, including different aggregation rates, which method is 
superior for recovering IoT data with gaps using perceptron neural 
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networks compared to traditional interpolation algorithms. It also 
evaluates whether perceptron neural networks and classical algorithms 
differ substantially enough to influence the choice of interpolation 
method. Furthermore, the study evaluates the trade-offs between inter-
polation quality and efficiency for each method, focusing on the time 
required for interpolation.

This paper is organized as follows. Section 2 presents the related 
works. Section 3 describes the materials and methods used in this 
research. Section 4 presents results of data reconstruction using a 
perceptron neural network and a comparison with six interpolation 
algorithms. Finally, we conclude our work with a future scope in 
Section 5.

2. Related work

The primary research gap addressed in this work is the need for 
efficient, accurate methods to reconstruct time-series sensor data from 
aggregated values, given the resource limitations of IoT devices. While 
various approaches exist for data aggregation and compression, many 
are computationally intensive or depend on specialized hardware, 
which may not be feasible for all IoT scenarios.

IoT-based smart railroad management systems face challenges in 
storing, processing, and transmitting large volumes of data generated 
by distributed sensors, particularly in resource-limited edge devices. 
To address this, Garikipati et al. [28] propose an innovative data 
compression method leveraging Deep Reinforcement Learning (DRL). 
The method aims to provide an efficient, real-time data-compression 
solution tailored to smart railroad management scenarios. Using a Deep 
Q-Learning algorithm, it eliminates redundant data while preserving 
essential information, adapting to variable data patterns, and opti-
mizing edge device performance by reducing storage and processing 
demands. Experimental results demonstrate that the method outper-
forms traditional approaches, achieving over 18% improvement in 
compression rates while maintaining critical information. These results 
highlight its effectiveness and applicability in smart railroad systems 
with constrained computational resources.

Huang et al. [29] addressed the problem of missing data esti-
mation in time series, particularly in IoT applications where data 
loss may occur due to sensor failures, communication interruptions, 
and cost-effective sensing strategies. They propose an approach based 
on Echo State Networks (ESN) with an enhanced version that incor-
porates multiple reservoirs to capture temporal, cross-domain, and 
lag correlations. The authors suggest using an RNN variant, ESN, for 
missing-data estimation, trained via reservoir computing to capture 
complex temporal correlations in time series with exogenous variables. 
They also introduce a pre-filling strategy based on signal direction to 
improve estimation accuracy. Despite its promise, the ESN approach is 
computationally intensive, requiring advanced hardware and resources, 
and thus makes scalability and implementation in resource-constrained 
environments challenging. IoT devices with limited resources may 
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struggle to execute complex algorithms locally. Generalizing the models 
to different contexts and integrating them with existing systems also 
presents additional challenges.

Mohamed and Cavallaro [30] proposed an energy-efficient FPGA-
based architecture for Wireless Sensor Networks (WSNs) to reduce the 
volume of transmitted data. This design leverages the spatiotemporal 
characteristics of sensor data and includes a hardware accelerator 
to optimize calculations. The framework employs data compression, 
outlier detection, and deep learning networks (DLNN) to explore spa-
tiotemporal correlations and minimize communication between sensor 
nodes and aggregation points. It enables accurate data reconstruction 
with fewer than 30% of the original observations, achieving low latency 
and energy consumption. While effective in reducing data traffic and 
energy consumption, the FPGA-based solution faces challenges related 
to limited computational resources in network devices. Additionally, 
the initial development and setup costs may be high, but the archi-
tecture shows promise for broader application across various sensor 
network scenarios.

Ahmed et al. [31] explored the issue of sensor data scarcity in 
IoT ecosystems for monitoring elderly individuals in nursing homes. 
They proposed a missing-data imputation technique based on Bayesian 
Gaussian Processes (BGaP), which leverages prior knowledge from past 
observations to fill data gaps while accounting for temporal constraints. 
They tested the BGaP technique using real data collected over 2 years 
from sensors in the homes of 10 elderly individuals. The evalua-
tion demonstrated its ability to impute all missing data, enabling the 
analysis of long-term behavioral changes that would otherwise go unno-
ticed. However, the BGaP method is computationally intensive, limiting 
its feasibility in resource-constrained or real-time IoT environments. 
It requires robust infrastructure, substantial processing power, and 
increased storage capacity, affecting operational costs and efficiency.

Zhang et al. [32] addressed the challenges of bandwidth and energy 
consumption in IoT networks arising from the transmission of large 
volumes of data. They proposed a solution combining compressed sens-
ing and deep learning to develop a sparse-data reconstruction scheme 
that reduces transmission while maintaining reconstruction accuracy. 
The proposed method, DCSNet, employs two learning-based mapping 
stages: the first compresses raw sensor data into a latent domain, and 
the second reconstructs it in high-dimensional space. The approach 
was tested on six structured sparse datasets and a real sensor dataset, 
demonstrating effective reconstruction with low compression rates. 
However, the method’s computational complexity and training time 
may require specialized hardware, such as GPUs, making it challeng-
ing to implement on resource-constrained IoT devices. Additionally, 
scalability and increased storage and processing demands could pose 
challenges for broader IoT network implementations.

Yen et al. [19] explored the issue of missing values in IoT time 
series, which often result from maintenance or sensor failures and can 
negatively impact the accuracy of predictions and analyses. The study 
compared interpolation methods, including linear regression, support 
vector regression, and LSTM networks, to estimate missing values. 
The researchers conducted a comparative analysis of these methods 
using a dataset from the Taiwan government to determine the most 
suitable approaches for various scenarios. The goal was to guide the 
selection of effective methods for handling missing values in IoT time 
series data. While the study provides valuable insights into prediction 
accuracy, it offers limited discussion on computational efficiency. Deep 
learning models like LSTMs require higher computational resources and 
longer processing times, posing challenges for resource-constrained IoT 
devices and systems with minimal infrastructure.

Cao et al. [33] addressed data aggregation in Wireless Sensor Net-
works (WSNs) to reduce energy consumption while maintaining data 
fidelity and confidentiality. They proposed a model that integrates 
rough set theory with an enhanced Convolutional Neural Network 
(CNN) for efficient data aggregation. The model employs rough set 
theory in Sink nodes to extract features and reduce data dimensionality, 
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minimizing data transmission. The CNN enhances feature extraction 
efficiency, thereby reducing energy consumption and improving data 
aggregation accuracy. However, the method faces limitations in real-
time IoT scenarios due to the complexity of feature extraction and the 
computational demands of CNNs, which require specialized hardware 
such as GPUs. Practical implementation may also be hindered by the 
need for advanced infrastructure and higher memory capacity, often 
unavailable in resource-constrained IoT devices.

Each of these studies offers valuable insights into data aggrega-
tion, compression, and missing-data imputation in IoT environments. 
However, they often involve computationally intensive techniques or 
specific hardware requirements that may not be suitable for all IoT 
applications. Our research focuses on the practical application of per-
ceptron neural networks for interpolating time series data with gaps, 
offering a more computationally efficient solution than more complex 
models like LSTMs. This study is particularly relevant for applications 
in smart cities, industrial automation, and environmental monitoring, 
where accurate and efficient reconstruction of sensor data is crucial. Ta-
ble  2 summarizes these related works and compares them according to 
the use of neural networks, their purpose, network type, environment, 
context, and application type.

3. Materials and methods

The following subsections present the data and tools used in this 
work, the implementation of the perceptron neural network and the 
interpolation strategies considered, the experimental setup and proce-
dures, the evaluation metrics adopted to quantify performance, and the 
statistical analysis used to interpret the results.

3.1. Data and tools

Our experiments use a dataset made available by the Intel Berkeley 
Research Lab on their Web platform [34]. As shown in Fig.  1, this 
dataset comprises data from 54 sensors deployed at the Intel Berkeley 
Research Lab from February 28 to April 5, 2004. The sensors used 
for the collection are from the Mica2Dot series, each equipped with 
weather panels. They captured a wide range of information, including 
topology records with date and time stamps, as well as humidity, tem-
perature, luminosity, and voltage measurements. These measurements 
were recorded at 31-second intervals, providing a rich, comprehensive 
overview of environmental conditions.

The data is available on the website in the ‘‘data.txt’’ file, total-
ing 150.91 MB. This file includes approximately 2.3 million readings 
collected from the 54 sensors installed in the laboratory. This file 
has eight columns: date: yyyy-mm-dd; time: hh:mm:ss.xxx; epoch:
int; moteid: int; temperature: real; humidity: real; light: real; 
voltage: real. Temperature is degrees Celsius, and humidity represents 
the relative humidity corrected for temperature, ranging from 0 to 
100%. Light is in Lux (1 Lux corresponds to moonlight, 400 Lux to 
bright office light, and 100,000 Lux to sunlight). Voltage is expressed in 
volts, typically 2–3; in this case, the batteries were lithium-ion cells that 
maintained a reasonably constant voltage throughout their lifespan.

We selected the Intel Berkeley Research Lab dataset for its
widespread adoption in the literature and its suitability for controlled 
experimental evaluation. The dataset provides multimodal sensor mea-
surements collected under stable environmental conditions, facilitating 
reproducibility and enabling the isolation of the effects of temporal 
aggregation on reconstruction performance. However, it represents a 
relatively controlled sensing environment, with limited noise, drift, 
and abrupt behavioral changes. As a result, this study presents the 
experiments as a baseline assessment. Evaluating the proposed ap-
proach under noisier, non-stationary conditions and across datasets 
with different temporal dynamics remains an important direction for 
future work.

We utilized perceptron neural networks to generate sensor behavior 
models from IoT data over time and compared them to classical in-
terpolation algorithms. All experiments were conducted on a CPU-only 
machine (Intel Core i5, 8 GB RAM, SSD) using Python and TensorFlow.
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Table 2
Synthesis of related works.
 Reference Did it use a neural 

network? What 
type?

How were neural networks 
used?

Environment Context Application type  

 Garikipati et al. 
(2024) [28]

Yes/DRL Real-time data compression 
solution tailored to smart 
railroad management 
scenarios

IoT Data compression Smart Railroad  

 Huang et al. (2023) 
[29]

Yes/RNN Missing Data Estimation in 
IoT Time Series

IoT Missing Value 
Estimation

IoT and Time Series  

 Mohamed e 
Cavallaro (2022) 
[30]

Yes/DLNN Reducing Data Transmitted 
in WSNs

WSNs Data compression Data Reduction with 
FPGA

 

 Ahmed et al. (2022) 
[31]

No/Does not apply Does not apply IoT Missing Values 
Estimation

IoT and Elderly 
Monitoring

 

 Zhang et al. (2021) 
[32]

Yes/DLNN Reducing Bandwidth 
Consumption in IoT 
Networks through Deep 
Learning and Compression

IoT Sparse Data 
Reconstruction

IoT network and 
Reducing Bandwidth 
Consumption

 

 Yen et al. (2020) 
[19]

Yes/LSTM Comparison of Time Series 
Interpolation Methods IoT

IoT and Time 
Series

Missing Values 
Estimation

IoT and Time Series  

 Cao et al. (2020) 
[33]

Yes/CNN Data Aggregation in WSNs 
with CNNs and Rough Set 
Theory

WSNs Data Aggregation 
with CNNs

IoT  

 Our Work Yes/Multilayer 
Perceptron

Missing Data Estimation in 
IoT Time and Comparison 
of Time Series 
Interpolation Methods IoT 
Series

IoT and Times 
Series

Missing Values 
Estimation

IoT and Time Series  
Fig. 1. Intel Lab Data (dataset): Graphical representation of the internal location of sensors in the building.
Source: Obtained from Madden [34].
3.2. Perceptron neural network and interpolation strategies

The perceptron model adopted in this work corresponds to a single-
layer feedforward neural network trained for regression tasks. It em-
ploys a linear activation function, which is suitable for reconstructing 
continuous-valued sensor data. The training process minimizes the 
Mean Squared Error (MSE) using stochastic gradient descent, and the 
experimental setup defines the learning rate and momentum. This 
formulation ensures consistency between the mathematical model and 
the implementation used in the experiments.

We explored a variety of perceptron architectures by iteratively and 
incrementally developing neural networks. This study examined the 
learning abilities of these networks by varying the number of neurons in 
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the data input layer, referred to as the ‘‘data window’’, along with other 
architectural parameters. Based on test results across various scenarios, 
the models can identify configurations that yield robust, effective re-
sults. Before applying the neural network to the interpolation problem, 
it was necessary to demonstrate that it could learn from the dataset. 
Initially, we measured the learning rate based on the loss function, 
then evaluated it based on the network’s ability to predict future values. 
The difference between the network’s predicted future values and the 
actual values in the dataset was measured using MSE (Mean Squared 
Error). Due to the distinct nature of environmental measurements 
(temperature, humidity, luminosity, and voltage), we found that each 
data type required a specialized neural network. Thus, the most suitable 
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parameters were adjusted for each set, thereby optimizing learning for 
each data type.

In the proposed work, the neural network consists of two layers: an 
input layer with 𝑛 neurons, where 𝑛 denotes the number of input mea-
surements or ‘‘data windows’’, and an output neuron. The Stochastic 
Gradient Descent (SGD) algorithm was used with the MSE cost function 
to calculate error reduction. For this purpose, we set the parameters 
𝑙𝑟 (learning rate) and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 to 𝑙𝑟 = 10−6 and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 = 0.9, 
based on prior literature. These values are part of the Keras library’s 
compile function, which is used in this work to implement the neural 
network. In the proposed work some of the parameters need to be 
fine-tuned for the network to learn the different types of data: the 
minimum number of observations required for training, the size of 
the data window representing the number of values simultaneously 
considered by the input layer neurons to predict the next data point, 
the size of the buffer for data shuffling during network training, the 
batch size of data, and the number of training epochs. Such adjustments 
directly influenced neural networks’ ability to learn the dataset and 
generate accurate predictions.

After completing the configuration stage, we trained each properly 
parameterized perceptron neural network, one for each data type. As 
a result, we generated four neural networks capable of predicting 
future values for temperature, humidity, luminosity, and voltage. These 
networks were subjected to various prediction tests to verify, based on 
MSE, if the accuracy was adequate and if there was overfitting. With 
this stage completed, it was possible to proceed with the following 
steps, specifically using these neural networks to interpolate time series 
data curves with gaps.

This proposed work showed that the perceptron neural network 
could learn from input data and make predictions for future data; thus, 
it was possible to continue developing a neural network capable of in-
terpolating curves with data gaps. As a first strategy, we reconstructed 
the data without using average values; therefore, the neural networks 
attempted to rebuild the entire data curve from scratch and filled in 
missing data solely with predicted values. To allow the neural network 
to start the interpolation processing, only a set of raw data with the 
size of the data window, which is the quantity the network needs to 
predict the next value. Thus, the strategy described below details.

We created a vector with the same size as the curve and initialized 
all its elements to zero. Thus, if the curve contained 1000 values, we 
created a vector of length 1000 initialized to 0. Next, we filled the 
first 𝑛 positions of the vector with 𝑛 absolute values from the sensor 
measurements (where 𝑛 corresponds to the data window size), and the 
network then attempted to construct the remaining part of the curve. 
For this, the network received the set of n sequential values to predict 
the next value: the value at position 𝑛+ 1. Then, using the values from 
positions 2 to 𝑛 + 1, the network would try to predict the value 𝑛 + 2
until completing the interpolation.

This strategy was ineffective, even after adjusting the network pa-
rameters. This naive strategy failed to allow the same neural network, 
capable of making predictions, to interpolate values across data gaps. 
Although this result is a failure, it aligns with existing knowledge 
in neural networks, which suggests that correctly functioning neural 
networks should be able to abstract datasets without memorizing them 
completely. Additionally, this result served as a negative control for 
the interpolation strategy, using the aggregation averages. The second 
interpolation strategy was employed, this time using the averages of the 
data sent to the cloud to address the failure of the previous algorithm. 
In the previous strategy, we initially created a vector of null values with 
the same size as the dataset to be interpolated. Then, we inserted the 
average values into the appropriate positions of the vector, following 
the principle that the 𝑎th aggregation value is placed in the 𝑝th position 
of the vector, where 𝑝 = 𝑎 × 𝑎𝑟 and 𝑎𝑟 represents the data aggregation 
rate.

In this study, we adopted temporal averaging as the aggregation 
mechanism due to its simplicity, broad adoption in IoT systems, and 
5 
ease of interpretation. However, the proposed reconstruction frame-
work does not inherently restrict aggregation to mean-based methods. 
From a methodological perspective, we can integrate any aggrega-
tion function that produces representative summary values over fixed 
temporal windows, such as minimum, maximum, median, weighted 
averages, or exponentially weighted statistics, into the same reconstruc-
tion pipeline. In such cases, we place the aggregated values at their 
corresponding temporal positions and use them as structural anchors to 
guide the interpolation process. Investigating how alternative aggrega-
tion mechanisms affect reconstruction accuracy and stability represents 
an important direction for future work and would further enhance the 
practical relevance of the proposed approach.

Algorithm 1 Interpolation using Perceptron Neural Network
1: Initialize an empty vector 𝑉  with the length equal to the number of observations.
2: Set all positions in 𝑉  to null.
3: Let 𝑛 be the window size.
4: Fill the first 𝑛 positions in 𝑉  with the first 𝑛 measured values from the sensors.
5: Insert the aggregated average values into their respective positions in 𝑉 .
6: 𝑖 ← 0
7: while 𝑉  is not fully filled do
8:  𝑗 ← 𝑖 + 𝑛
9:  Predict value at position 𝑗 + 1 using the neural network model and the values from 

𝑉 [𝑖] to 𝑉 [𝑗]
10:  if 𝑉 [𝑗 + 1] is null then
11:  𝑉 [𝑗 + 1] ← predicted value
12:  end if
13:  𝑖 ← 𝑖 + 1
14: end while

Algorithm 1 describes our interpolation process using the percep-
tron neural network. We initially filled the vector with the first 𝑛
absolute values of the raw data, replacing any null values or averages 
that would otherwise appear in those positions. These 𝑛 values guided 
the neural network at the beginning of the interpolation process, since 
the perceptron relied on a window of 𝑛 values to predict the next 
one. The network received the sequence of 𝑛 consecutive values and 
predicted the value at position 𝑛 + 1. If position 𝑛 + 1 contained a 
null value, the network replaced it with the predicted value. If the 
position contained an average value, we preserved it. Next, the network 
advanced by using the values from positions 2 to 𝑛 + 1 – which could 
include average values or previously predicted values – to predict the 
value at position 𝑛+2, and the process continued iteratively. Using this 
strategy, the network accurately interpolated the entire test dataset.

3.3. Experimental settings and procedures

We initially performed an exhaustive search over the parameter 
combination space to identify the best parameter set. To do so, we 
first determined the parameters that most strongly influence interpo-
lation quality. Through empirical analysis, we identified the following 
parameters as having the most significant impact on the interpolation 
results: the aggregation rate, the number of observations used to train 
the neural network, the size of the neural network input window, the 
data shuffling rate during training, and the number of epochs, which 
defines how many times the network processes the entire dataset during 
training.

After identifying the most influential parameters, we defined a 
discrete set of values for each one. We selected these values based on 
preliminary experiments to cover a representative range of configura-
tions while remaining computationally feasible. In particular, we chose 
aggregation rates as multiples of short time intervals, which allowed 
us to evaluate progressively coarser temporal resolutions. Table  3 
summarizes the complete set of evaluated parameter values.

Next, we created a loop to evaluate all possible parameter combi-
nations, training and testing the neural network under each specific 
configuration. For every parameter combination, we repeated the train-
ing and testing process 10 times to determine how many runs of the 
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Table 3
Simulation parameters and evaluated values.
 Parameter Evaluated values  
 Aggregation rates (𝑎𝑟) 2, 3, 4, 5, 6, 10, 12, 15, 20, 30, 60, 120, 180 
 Number of observations (𝑂) 1000, 2000, 5000, 10,000  
 Window size (𝑛) 10, 20, 30, 40, 50  
 Training epochs (𝐸𝑝) 100, 500, 1000, 1500  
 Batch size 32  
 Shuffle buffer size 1000  
 Learning rate (𝑙𝑟) 10−6  
 Momentum 0.9  
 Iterations per configuration 100  

same configuration were necessary to obtain a correctly interpolated 
curve within a reasonable accuracy margin.

At the end of each simulation iteration, we calculate the MSE to 
assess how closely the interpolated curve matches the original sensor 
data curve. We then record these results in a simulation data file. We 
executed 10,400 iterations to evaluate the performance of different 
neural network parameter sets for interpolation, corresponding to the 
product of the number of possible parameter values and the number of 
repetitions. Through these simulations, we identified the parameter set 
that achieved the best interpolation performance. Next, we validated 
the best model for each combination of observation window size and 
aggregation rate by interpolating 100 randomly selected sensor data 
curves from the dataset. Finally, we used the validated model with 
the best performance in the cloud-based perceptron neural network and 
compared its interpolation results with those produced by classical 
interpolation algorithms.

In the method comparison, for each pair (aggregation rate X ob-
servation size), we randomly selected 100 sensor data curves from the 
dataset. These curves undergo averaging aggregation using the current 
iteration’s aggregation rate. We apply different interpolation algorithms 
and a perceptron neural network to interpolate the same curve. We 
then collect the MSE and the interpolation time for each of these 
curves, interpolated by different algorithms, and compare them with 
the original curves generated randomly. Finally, we conduct statistical 
analysis based on the MSE and time values to determine the differences 
between the algorithms.

During the simulation phase, we adopted a set of assumptions to 
ensure controlled and reproducible experiments. First, we assumed that 
sensor data streams remained temporally synchronized and uniformly 
sampled, with aggregation performed over fixed-size windows. Second, 
we assumed that missing values resulted exclusively from temporal ag-
gregation, without additional packet loss or transmission errors. Third, 
we assumed that sensor behavior remained stationary within each 
aggregation window, which allowed the neural models to learn local 
temporal patterns. Finally, we performed model training and evalua-
tion offline, assuming sufficient historical data to learn representative 
patterns. These assumptions allowed us to isolate and systematically 
evaluate the impact of aggregation on reconstruction quality.

To account for stochastic effects inherent to neural network train-
ing, such as random weight initialization and mini-batch updates, we 
executed each experimental configuration multiple times. We report 
aggregated statistics across these repeated runs, thereby reducing the 
influence of outliers and providing a more reliable assessment of re-
construction performance. This procedure also implicitly evaluates the 
stability of perceptron-based reconstructions across different training 
initializations.

3.4. Evaluation metrics and statistical analysis

This evaluation assumes that all interpolation methods are applied 
to the same set of sensor time series under identical aggregation con-
figurations, ensuring fair comparison. We assess reconstruction quality 
6 
Table 4
Summary of main notations used in the statistical analysis.
 Symbol Description  
 𝑀𝑆𝐸 Mean Squared Error between original and reconstructed data 
 𝐹 ANOVA F-ratio statistic  
 𝑀𝑆𝐵 Mean Square Between Groups  
 𝑀𝑆𝑊 Mean Square Within Groups  
 𝑆𝑆𝐵 Sum of Squares Between Groups  
 𝑆𝑆𝑊 Sum of Squares Within Groups  
 𝑘 Number of groups being compared  
 𝑁 Total number of observations across all groups  
 𝑛𝑗 Number of observations in group 𝑗  
 𝑋′

𝑗 Mean of group 𝑗  
 𝑋′ Overall mean across all groups  
 𝑞 Studentized range statistic used in Tukey test  
 𝑛 Number of observations per group in Tukey test  
 𝐻𝑆𝐷 Tukey’s Honestly Significant Difference statistic  

using the Mean Squared Error (MSE) and evaluate computational ef-
ficiency based on interpolation time. The statistical analysis assumes 
independence between samples and comparable group sizes across 
methods for the application of ANOVA and Tukey tests.

For clarity and consistency, Table  4 summarizes the main symbols 
and notations used in the statistical analysis presented in this section. 
The MSE was the metric employed to assess the performance of inter-
polation methods in accurately reproducing the original data curves. 
Using MSE, it is possible to quantify the discrepancy between interpo-
lated and non-interpolated curves, providing an objective measure of 
the effectiveness of each method (technique). This approach enabled 
a comparative analysis of performances, revealing which interpolation 
methods yield results closest to the actual values.

We also considered the time factor as an additional metric for eval-
uating interpolation methods. The speed at which each technique pro-
duces its estimates is also a relevant dimension, especially in scenarios 
where swift interpolation is a significant criterion. In the IoT context, 
processing time is often closely tied to other crucial device factors, such 
as energy consumption. Hence, we evaluated the interpolation time of 
each method to determine its relative efficiency.

Formally, MSE measures the average squared difference between 
original sensor values and their reconstructed counterparts over a given 
time series, providing a standard quantitative metric for reconstruction 
accuracy.

Combining the information provided by MSE and interpolation time 
enables a holistic assessment of classical interpolation methods and 
neural networks. The variation in MSE values and their corresponding 
times offers insights into the effectiveness of interpolation and the 
agility of each technique. This analysis enables the identification of 
methods that provide the best trade-off between accuracy and ef-
ficiency in the context of this research. In this scenario, statistical 
analysis is indispensable for interpreting the collected evaluation met-
rics and grasping the underlying trends in simulation results. Our work 
analyzed graphs, ANOVA (Analysis of Variance) tests, and Tukey tests.

ANOVA is a crucial statistical tool to compare the means of three or 
more distinct groups. It helps determine whether there are significant 
differences among these means. ANOVA applies to multiple groups 
and determines whether the observed differences between them exceed 
what we would expect by chance. To conduct an ANOVA test [35], 
we establish two hypotheses: the Null Hypothesis (H0), which states 
that no significant difference exists between the group means, and 
the Alternative Hypothesis (H1), which states that at least one group 
mean differs significantly from the others. In other words, all groups 
are equal. Alternative Hypothesis (H1) - States that at least one group 
differs significantly from at least one of the other groups. At least one 
group is different from the others. If we reject the null hypothesis, we 
can conduct additional mean comparison tests, such as the Tukey test, 
to identify which groups differ.
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We compute the 𝐹 -ratio, or ANOVA coefficient, by comparing two 
sources of variance to test whether the group means differ significantly. 
A higher F-ratio suggests that the group means differ more than would 
be expected by chance alone. It tests the null hypothesis that all group 
means are equal [35]. The 𝐹 − 𝑟𝑎𝑡𝑖𝑜 is calculated as in Eq.  (1). 

𝐹 = 𝑀𝑆𝐵
𝑀𝑆𝑊

(1)

where 𝑀𝑆𝐵 is Mean Square Between Groups and 𝑀𝑆𝑊  is Mean 
Square Within Groups.

𝑀𝑆𝐵 is obtained by dividing 𝑆𝑆𝐵 by the degrees of freedom for 
the between-groups component as in Eq.  (2). 

𝑀𝑆𝐵 = 𝑆𝑆𝐵
𝑑𝑓𝑏

= 𝑆𝑆𝐵
𝑘 − 1

(2)

where 𝑆𝑆𝐵 is the Sum of Squares Between groups, and 𝑑𝑓𝑏 = 𝑘 − 1
represents the degrees of freedom between groups.

The following Eq.  (3) defines the 𝑆𝑆𝐵 used in the ANOVA to 
evaluate the variation between the different group means and the 
overall mean. 

𝑆𝑆𝐵 =
𝑘
∑

𝑗=1
𝑛𝑗 (𝑋′

𝑗 −𝑋′)2 (3)

where 𝑋′
𝑗 is the mean of group 𝑗, 𝑋′ is the overall mean, 𝑛𝑗 is the 

number of observations in group 𝑗, and 𝑘 is the number of groups. 
𝑀𝑆𝑊  is obtained by dividing 𝑆𝑆𝑊  by the degrees of freedom within 
groups as in Eq.  (4). 

𝑀𝑆𝑊 = 𝑆𝑆𝑊
𝑑𝑓𝑤

= 𝑆𝑆𝑊
𝑁 − 𝑘

(4)

where 𝑑𝑓𝑤 = 𝑁 − 𝑘, with 𝑁 being the total number of observations 
across all groups and 𝑘 the number of groups.

The following Eq.  (5) defines the SSW used in the ANOVA to 
measure the variation within each group by comparing individual 
observations to their respective group mean. 

𝑆𝑆𝑊 =
𝑘
∑

𝑗=1

𝑛𝑗
∑

𝑖=1
(𝑋𝑖𝑗 −𝑋′

𝑗 )
2 (5)

where 𝑋𝑖𝑗 is an observation within group 𝑗, and 𝑛𝑗 is the number of 
observations in that group.

The Tukey test, also known as Tukey’s honestly significant differ-
ence (𝐻𝑆𝐷), is a statistical technique used to identify which pairs 
of groups have significantly different means in a one-way Analysis of 
Variance (ANOVA) [36]. It is beneficial when the ANOVA reveals sig-
nificant differences between groups but does not specify which groups 
differ [36]. The Tukey test addresses this issue by performing paired 
comparisons between all groups. Following a significant ANOVA, the 
Tukey test is crucial for identifying which groups have significantly 
different means. It provides detailed information on the differences 
between all pairs of groups, helping researchers understand the nuances 
of mean differences in their data. The following Eq.  (6) is used to 
perform the Tukey test: 

𝐻𝑆𝐷 = 𝑞
√

𝑀𝑆𝑊
𝑛

(6)

where 𝑞 = the standardized range statistic, 𝑀𝑆𝑊  is the mean square 
for within groups from the ANOVA (see Eq.  (4)), and 𝑛 is the number 
of subjects in each group (all groups must be of equal size).

3.5. Other datasets usage

The proposed approach extends beyond the Intel Berkeley Research 
Lab dataset and applies to a broad range of IoT scenarios that rely 
on temporally aggregated sensor data. For example, in environmental 
and agricultural IoT applications, we can reconstruct time series for 
variables such as soil moisture, air quality, or water levels to sup-
port continuous monitoring, even under intermittent data collection or 
constrained communication conditions.
7 
Similarly, smart city deployments, including traffic and urban in-
frastructure monitoring, often rely on data aggregation to overcome 
bandwidth limitations across geographically dispersed sensor nodes. 
In such contexts, we can employ the proposed reconstruction strategy 
to recover fine-grained temporal behavior from aggregated measure-
ments.

Industrial IoT environments also represent a relevant application 
domain. Operators often aggregate sensor data to monitor machine per-
formance or environmental conditions, thereby reducing transmission 
costs. By reconstructing historical sensor data, the proposed method can 
support downstream tasks such as predictive maintenance and process 
optimization.

In healthcare IoT scenarios, particularly in patient monitoring and 
assisted living systems, sensor data gaps may arise due to connectivity 
issues or device constraints. In these cases, the proposed approach may 
help preserve the continuity of monitored signals, which is critical for 
long-term health assessment.

Despite its potential across these application domains, this study 
does not empirically evaluate the proposed method’s performance in 
noisier, more unpredictable environments characterized by sensor drift, 
abrupt changes, or strong seasonal effects. Addressing such conditions 
may require additional preprocessing, robustness mechanisms, or pa-
rameter adaptation and constitutes an important direction for future 
investigation.

4. Results and discussion

In this section, we present and discuss the experimental results 
on time-series reconstruction under different aggregation rates. The 
analysis covers (i) the perceptron-based reconstruction strategy, (ii) 
classical interpolation methods, and (iii) a comparative evaluation in 
terms of reconstruction error (MSE) and interpolation time.

4.1. Qualitative comparison of interpolation methods

Fig.  2 presents a qualitative comparison of classical interpolation 
methods applied to the same time series segment with data gaps. 
Although all methods aim to reconstruct missing values, each exhibits 
distinct reconstruction patterns that reflect their underlying assump-
tions and smoothing strategies. These visual differences help contex-
tualize the quantitative error and efficiency analyses presented in the 
following sections. Unless otherwise stated, we report the results across 
all aggregation rates and observation sizes defined in Section 3.3.

4.2. Neural networks

Results indicate that perceptron models can learn from sensor 
streams and provide accurate short-term predictions, enabling their use 
as reconstruction models under aggregated data gaps.

4.2.1. Neural networks and prediction
Initial configurations revealed unstable training, but after adjusting 

the parameters, the perceptron models consistently converged and 
produced accurate forecasts across sensor modalities.

It was possible to identify a set of parameter values that allowed the 
network to converge through parameter adjustments and to evaluate 
them empirically by plotting the resulting data curves. Thus, it was 
possible to demonstrate, even by manually adjusting the parameters, 
that the network could learn and make accurate predictions of future 
values that the perceptron neural networks had not yet observed. In 
addition to the graphs comparing the predicted curve with the actual 
data, we measured prediction accuracy using the MSE.

Fig.  3 presents the evolution of the loss value over 500 training 
epochs for the temperature measurement task. The loss decreases as 
training progresses, which is consistent with the network converging 
and learning the underlying pattern in the data.
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Fig. 2. Curves interpolated by classical interpolation methods.
Fig. 3. Evolution of the training loss over 500 epochs for the temperature 
dataset.

Fig. 4. Ground-truth temperature values and neural network predictions for 
the 20% held-out segment (samples 8000–10, 000).
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Fig. 5. Evolution of the training loss over 500 epochs for the humidity dataset.

Fig.  4 compares the ground-truth temperature values (2000 sam-
ples corresponding to the 20% held out from training, i.e., indices 
8000–10, 000) with the predictions produced by the neural network. In 
this experiment, the model was trained with 8000 measurements (in-
dices 1–8000, i.e., 80% of the 10,000 available samples). The measured 
MSE was 0.0943, indicating a close match between the predicted and 
observed curves.

Fig.  5 presents the evolution of the loss value over 500 training 
epochs for the humidity measurement task. As the number of epochs 
increases, the loss consistently decreases, indicating effective learning 
and neural network convergence.

Fig.  6 compares the ground-truth humidity measurements (2000 
samples corresponding to the 20% held out from training, i.e., indices 
8000–10, 000) with the values predicted by the neural network. In this 
experiment, the model was trained on 8000 samples (indices 1–8000, 
corresponding to 80% of the 10,000 available measurements). The 
resulting MSE of 0.1424 indicates good predictive performance and is 
consistent with the substantial overlap observed between the predicted 
and measured curves.

Fig.  7 shows the evolution of the loss value over 1000 training 
epochs for the luminosity measurement task. The loss decreases sharply 
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Fig. 6. Ground-truth and predicted humidity values for the 20% held-out 
segment (samples 8000–10, 000).

Fig. 7. Evolution of the training loss over 1000 epochs for the luminosity 
dataset.

during the initial training phase and then exhibits oscillations near zero, 
indicating convergence with residual variability in the learning process.

Fig.  8 compares the ground-truth luminosity measurements (200 
samples corresponding to the 20% held out from training, i.e., indices 
800–1000) with the values predicted by the neural network. In this 
experiment, we trained the model on 800 samples (indices 1–800, 
corresponding to 80% of the 1000 available data points). The resulting 
MSE was 0.6289, which, although relatively high, was sufficient to gen-
erate predictions that closely follow the overall trend of the observed 
luminosity curve.

Fig.  9 presents the evolution of the loss value over 1000 training 
epochs for the voltage measurement task. The loss starts with values 
close to zero, then decreases, followed by oscillations, indicating a 
stable learning process with minor fluctuations during convergence.

Fig.  10 compares the ground-truth voltage measurements (2000 
samples corresponding to the 20% held out from training, i.e., in-
dices 8000–10, 000) with the values predicted by the neural network. 
In this experiment, the model was trained on 8000 samples (indices 
1–8000, corresponding to 80% of the 10,000 available data points). The 
resulting MSE was 0.0051, indicating high prediction accuracy, with 
differences between predicted and measured values remaining below 
0.1 V, as evidenced by the scale of the 𝑦-axis.

4.3. Neural networks and interpolation strategy

By implementing the interpolation strategy using averages and the 
model sent by the network edge, it was possible to obtain an interpo-
lated curve with values very close to those of the original curve.
9 
Fig. 8. Ground-truth and predicted luminosity values for the 20% held-out 
segment (samples 800–1000).

Fig. 9. Evolution of the training loss over 1000 epochs for the voltage dataset.

Fig. 10. Ground-truth and predicted voltage values for the 20% held-out 
segment (samples 8000–10, 000).

Fig.  11 shows the original humidity data curve over the time 
interval 0–1000. We use this curve as the reference signal to evalu-
ate the effectiveness of the proposed interpolation strategy based on 
aggregated averages.

Fig.  12 presents the curve generated through the proposed inter-
polation strategy using aggregated averages and the model provided 
by the network edge. The interpolated curve (blue) is overlaid on the 
averages used in the interpolation process (red), highlighting how the 
averages effectively guide the reconstruction of the original signal. 
In this example, we used a data aggregation rate of 2, yielding an 
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Fig. 11. Original humidity data curve over the time interval 0–1000.

Fig. 12. Interpolated humidity curve (blue) overlaid on the aggregated aver-
ages used for interpolation (red), considering a data aggregation rate of 2.

Fig. 13. Original temperature data curve over the time interval 0–1000.

MSE of 0.0617 and indicating a high degree of similarity between the 
interpolated and original curves.

Fig.  13 presents the original temperature data curve over the time 
interval 0–1000. This signal is used as a reference to assess the effec-
tiveness of the interpolation strategy based on aggregated averages.

Fig.  14 shows the curve generated using the proposed interpolation 
strategy with a data aggregation rate of 2. The interpolated curve (blue) 
is overlaid on the aggregated averages employed in the interpolation 
10 
Fig. 14. Interpolated temperature curve (blue) overlaid on the aggregated 
averages used for interpolation (red), considering a data aggregation rate of 
2.

Fig. 15. Original luminosity data curve over the time interval 0–5000.

process (red), illustrating how the averages effectively guide the inter-
polation algorithm. The resulting MSE was 0.0304, indicating a high 
degree of similarity between the interpolated and original temperature 
curves.

Fig.  15 presents the original luminosity data curve over the time in-
terval 0–5000. This signal serves as a reference to evaluate the behavior 
of the interpolation strategy at a higher data aggregation rate.

Fig.  16 shows the curve generated using the proposed interpolation 
strategy with a data aggregation rate of 12. The interpolated curve 
(blue) is overlaid on the aggregated averages used in the interpolation 
process (red), illustrating how the averages guide the interpolation 
algorithm even under a higher aggregation level. In this case, the result-
ing MSE was 10.7202, which, although relatively high, was sufficient to 
preserve the overall shape and trend of the original luminosity signal.

Fig.  17 presents the original voltage data curve over the time 
interval 0–2000. This signal serves as the reference for evaluating 
the effectiveness of the interpolation strategy under a moderate data 
aggregation rate.

Fig.  18 shows the curve generated using the proposed interpolation 
strategy with a data aggregation rate of 6. The interpolated curve (blue) 
is overlaid on the aggregated averages used in the interpolation (red), 
demonstrating that the averages effectively guide the interpolation. 
The resulting MSE was 0.0046, indicating a high degree of similarity 
between the interpolated and original voltage curves.

Although each sensor data type used a distinct perceptron config-
uration, we treat these configurations as model instantiations rather 
than fundamentally different network designs. All modalities share 



I.N. Matos et al. Telematics and Informatics Reports 22 (2026) 100315 
Fig. 16. Interpolated luminosity curve (blue) overlaid on the aggregated 
averages used for interpolation (red), considering a data aggregation rate of 
12.

Fig. 17. Original voltage data curve over the time interval 0–2000.

Fig. 18. Interpolated voltage curve (blue) overlaid on the aggregated averages 
used for interpolation (red), considering a data aggregation rate of 6.

the same underlying architecture and training procedure, differing 
only in parameter values adjusted to account for data scale and tem-
poral dynamics. As a result, extending the approach to additional 
sensor modalities does not require redesigning the model; instead, it 
involves replicating the same lightweight architecture with modality-
specific configurations. This design supports scalability in heteroge-
neous IoT environments, enabling the management of multiple sensor 
types through standardized training and deployment pipelines.
11 
Fig. 19. Box plot showing the relationship between the aggregation rate (𝐴) 
and the MSE.

As described in Section 3, both in the search stage for the best 
models and in the validation and comparison stages between algorithms 
in curve interpolation, hundreds of interpolated curves with different 
degrees of precision measured by MSE were generated by perceptron 
neural networks.

In addition to reconstruction accuracy, computational efficiency 
is evaluated based on interpolation time. All interpolation methods, 
including classical techniques and perceptron-based models, were ex-
ecuted under identical hardware and software conditions to ensure fair 
comparison. For neural network-based interpolation, the reported time 
corresponds exclusively to the inference phase, since model training 
is performed offline at the edge. Due to its single-layer structure and 
linear activation function, the perceptron model incurs a constant com-
putational cost per prediction. However, the end-to-end interpolation 
time observed in our experiments depends on implementation details 
and runtime overheads, and it is therefore reported empirically in 
Section 4.4.2.

In this regard, we also present the results of the analyses, using box 
plots to show the relationship between MSE and the aggregation rate, 
window size, number of observations, and number of epochs.

Fig.  19 illustrates the relationship between the aggregation rate (𝐴) 
and the mean squared error (MSE). The aggregation rate ranges from 2 
to 180, and considerable variation in MSE values is observed across all 
configurations. The box plots exhibit different sizes, indicating varying 
levels of data dispersion, and several outliers are present, particularly 
at higher aggregation rates. The median MSE shows a slight increasing 
trend as the aggregation rate increases, suggesting that higher aggre-
gation levels tend to introduce larger prediction errors. In addition, 
the interquartile range (IQR) widens with increasing aggregation rates, 
indicating greater variability.

Fig.  20 shows the relationship between the data window size (𝐽 ) 
and the MSE. The window size ranges from 10 to 50, and noticeable 
variability in the MSE values is evident, as reflected in the varying box 
sizes. Several outliers are present, especially for smaller window sizes. 
Unlike the aggregation rate, the median MSE does not show a clear 
trend with increasing window size. Moreover, the IQR remains rela-
tively stable across different window sizes, suggesting that window size 
has a less pronounced impact on MSE variability than other parameters.

Fig.  21 analyzes the relationship between the number of observa-
tions (𝑂) and the mean squared error (MSE). The number of obser-
vations ranges from 1000 to 10,000, and noticeable variability in the 
MSE is observed across all configurations, as indicated by the varying 
box plots. Outliers are present for all observation levels. The median 
MSE is lower for 2000 observations, increases for 5000 observations, 
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Fig. 20. Box plot showing the relationship between the data window size (𝐽 ) 
and the MSE.

Fig. 21. Box plot showing the relationship between the number of observa-
tions (𝑂) and the MSE.

and decreases again for 10,000 observations. In addition, the interquar-
tile range (IQR) is larger for 5000 observations, indicating greater 
variability in this configuration.

Fig.  22 presents the relationship between the number of training 
epochs (𝐸𝑝) and the MSE. The number of epochs ranges from 100 
to 1500, and variability in the MSE values is evident, with boxes of 
different sizes across configurations. We observe outliers across all 
epoch categories. The median MSE remains relatively stable as the 
number of epochs increases, suggesting that extending training beyond 
a certain point does not significantly reduce error. The IQR increases 
at 100 and 500 epochs, indicating greater dispersion at shorter training 
durations.

The box plots reveal high variability in the MSE results, even after 
excluding values greater than 10. The presence of outliers in all figures 
suggests that several parameter configurations yield errors that are 
significantly different from those of the rest of the data. Variability 
is particularly high for specific parameters, such as the aggregation 
rate and the number of observations. In contrast, the window size 
and the number of epochs have a less pronounced impact. These 
results underscore the importance of thorough and meticulous analysis 
when adjusting model parameters, as even slight changes can lead to 
substantial variations in performance.

We do not claim that the proposed perceptron-based approach 
universally outperforms classical interpolation methods across all sce-
narios. The experimental results show that reconstruction performance 
12 
Fig. 22. Box plot showing the relationship between the number of training 
epochs (𝐸𝑝) and the MSE.

varies according to factors such as aggregation rate, data modality, and 
temporal characteristics. Under certain conditions, classical methods 
achieve lower reconstruction error; however, the perceptron models 
maintain competitive accuracy while consistently requiring less in-
terpolation time. Therefore, we position the proposed approach as 
a complementary solution that offers a favorable trade-off between 
accuracy and efficiency in specific IoT settings, rather than as a strict 
replacement for traditional interpolation techniques.

Although we conducted an extensive parameter exploration (as 
described in Section 3.3), the results show that not all parameters in-
fluence reconstruction quality equally. The sensitivity analysis derived 
from the boxplot results indicates that the aggregation rate and the 
number of observations dominate the reconstruction error. In contrast, 
the window size and the number of training epochs exert a compara-
tively minor effect. This finding suggests that, in practical deployments, 
practitioners can significantly reduce the parameter space by prioritiz-
ing aggregation-aware configuration, enabling partial automation, and 
improving scalability across multiple sensor types.

4.4. Comparison between the methods employed in interpolation

To address the remaining research questions, we developed and 
implemented a simulation that compares the perceptron neural network 
with classical interpolation algorithms. This simulation aims to obtain 
quantitative data on the performance and quality of interpolation 
among all classical interpolation methods used in this work: linear in-
terpolation, linear regression, polynomial regression, nearest neighbor, 
moving average, and cubic splines, as well as the perceptron neural 
network.

We divide the results from each analysis into three blocks, organized 
by data aggregation rate. The first block describes the results found for 
low data aggregation rates: A2, A3, A4, and A5. The second block for 
medium data aggregation rates: A6, A10, A12, and A15. And finally, in 
the last block, for high data aggregation rates: A20, A30, A60, A120, 
and A180. The main objective is to verify how the methods behave in 
terms of interpolation quality and time at different data aggregation 
rates, and how they evolve with these rates.

In this Section, the simulation data will be presented, along with 
their interpretation. We divide this discussion into two sections: the 
first (Section 4.4.1) addresses interpolation quality, and the second 
(Section 4.4.2) addresses method efficiency.



I.N. Matos et al. Telematics and Informatics Reports 22 (2026) 100315 
Fig. 23. Interpolation effectiveness across aggregation rates.

4.4.1. Analysis of interpolation quality using the MSE
In this section, we analyze and compare all methods for interpolat-

ing curves with data gaps using the MSE to determine the most effective 
approach. We use the MSE to quantify the difference between the 
interpolated and original curves. We examine variations in MSE values 
across interpolation methods and identify their effectiveness under the 
evaluated scenarios.

Throughout the simulation, we generated overlaid images of the 
original and interpolated curves to visually assess their similarity over 
time. However, we emphasize using the MSE as an objective metric to 
quantify differences between curves in the analysis.
BLOCK 1 (Low aggregation rates):

A2: The linear interpolation method demonstrated the best perfor-
mance among the algorithms, with the lowest MSE in 61.50% of the 
interpolated curves, and was followed by cubic splines, with the lowest 
MSE in 38.25% of the time. This result suggests that these methods 
perform well in this scenario with a low aggregation rate, with linear 
interpolation showing a significant advantage. These data can be seen 
in Fig.  23 in the A2 column.

A3: The moving average interpolation method achieved the best 
performance in this scenario, with the lowest MSE in 49% of the 
interpolated curves, followed by cubic splines, with the lowest MSE 
in 32.75% of the time. In this scenario, linear interpolation showed 
significant performance degradation, achieving the lowest MSE in only 
9.75% of cases, with only a slight increase in the aggregation rate. 
The nearest neighbor algorithm first appears, achieving the lowest MSE 
8.5% of the time. These data can be seen in Fig.  23 in the A3 column.

A4: With the increase in the aggregation rate, cubic splines demon-
strated an increase in their performance, with the lowest MSE in 
42.75% of the interpolations, surpassing the moving average algorithm, 
which in this scenario appears with the lowest MSE in 36.50% of the 
time. Linear interpolation has a slight recovery, with the lowest MSE 
in 20.50% of the interpolations. It shows this improvement because it 
was better than the nearest neighbor, which does not have the lowest 
MSE in any interpolation. In this scenario, linear regression appears 
discretely, with the lowest MSE (0.25%) of the time. These data can be 
seen in Fig.  23 in the A4 column.

A5: Once again, cubic splines stood out as the best algorithm, 
maintaining the lowest MSE in 42.75% of the interpolations. In second 
place, the moving average with the lowest MSE at 27.25% of the time, 
experiencing a significant decrease in performance because, in this 
scenario, the nearest neighbor reappears with the lowest MSE at 14% 
of the time. Linear interpolation is the third-best algorithm, achieving 
the lowest MSE 16% of the time and showing a slight decrease in 
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performance compared to the previous aggregation rate. These data can 
be seen in Fig.  23 in the A5 column.
BLOCK 2 (Medium aggregation rates):

A6: At this aggregation rate, the cubic splines algorithm demon-
strated better interpolation effectiveness, increasing to 58.75% of the 
times it had the lowest MSE. Linear interpolation maintains its position, 
showing a lower MSE of 20.25% of the time, similar to the previ-
ous aggregation rate. As the aggregation rate increases, the moving 
average begins to lose ground to cubic splines, with the lowest MSE 
at 20.75% of the time. Linear regression and the nearest neighbor 
discretely appear, with the lowest MSE at 0.50% and 0.25% of the time, 
respectively. These data can be seen in Fig.  23 in the A6 column.

A10: With the increase in aggregation rate, cubic splines followed 
the trend, also increasing the number of times it had the lowest MSE, 
which occurred in 65% of cases. Linear interpolation is second, with 
the lowest MSE occurring 19% of the time. Still, the moving average is 
in a downward trend, and it appears with the lowest MSE 11% of the 
time. Finally, the nearest neighbor appears 5% of the time, and linear 
regression discretely with 0.50% of the time. These data can be seen in 
Fig.  23 in the A10 column.

A12: Still following the upward trend, cubic splines appear again 
in the first position, with the lowest MSE at 66.50% of the time. The 
second-best method for this aggregation rate is linear interpolation, 
which, despite varying, remains in this range 23.75% of the time. The 
pattern for the moving average continues to be observed; with the 
increase in aggregation rate, the quality of interpolation continues to 
degrade, with the method now having the lowest MSE only 7% of the 
time. The nearest neighbor also appears with 2.75% of the time and for 
the first time, but discretely, polynomial regression with 0.50% of the 
time. These data can be seen in Fig.  23 in the A12 column.

A15: With this aggregation rate, cubic splines, despite maintaining 
the lead, experience a slight decrease in interpolation quality, with 
the lowest MSE at 60.75% of the time. This decline is justified by the 
improved performance of the nearest neighbor, which appears with the 
lowest MSE 15% of the time. Linear interpolation now occupies the 
second position, with the lowest MSE at 19.50% of the time, whereas 
the moving average shows continuous degradation in performance as 
the aggregation rate increases, at only 4.75% of the time. For the first 
time, the perceptron neural network appears discretely with the lowest 
MSE (0.25%) of the time. These data can be seen in Fig.  23 in the A15 
column.

BLOCK 3 (High aggregation rates):
A20: At this aggregation rate, we have a relatively stable sce-

nario in the positions of the algorithms. Cubic splines maintain their 
lead, slightly improving their performance over the previous rate and 
achieving the lowest MSE in 67.50% of the cases. Once again, it is 
justified by competition with the nearest neighbor, which reduced the 
number of times it had the lowest MSE to 7.5% of the time. Again, 
the linear interpolation algorithm appears as the second-place holder 
in the same value range, with the lowest MSE in 19.75% of the cases. 
The moving average continues to underperform, this time 3.75% of the 
time, the second-lowest value recorded by the method. The perceptron 
and linear regression appear discreetly, with 0.25% and 1.25% of the 
time, respectively. These data can be seen in Fig.  23 in the A20 column.

A30: At this aggregation rate, cubic splines show a noticeable 
reduction in dominance, decreasing from 67.5% to 58.75% of the cases 
with the lowest MSE. This change is driven by improved performance 
across multiple competing algorithms. Linear interpolation ranks sec-
ond, achieving the lowest MSE in 21.25% of the cases, followed by 
nearest neighbor in third place with 13%, and moving average in 
fourth place with 4.75%. The perceptron shows a slight improvement, 
reaching 1% of the cases with the lowest MSE. Linear regression and 
polynomial regression present the lowest frequencies, achieving the 
best MSE in 0.75% and 0.50% of the cases, respectively. These results 
are summarized in Fig.  23, column A30.
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Table 5
ANOVA result - overall.
 Algorithm df sumSq meanSq F 𝑃𝑅(> 𝐹 ) 
 Linear Interpolation 1.0 1.05e−21 1.05e−21 6.30e−21 1.0  
 Moving average 1.0 2.46e−23 2.46e−23 1.46e−22 1.0  
 Linear Regression 1.0 1.09e−23 1.09e−23 6.49e−23 1.0  
 Polynomial Regression 1.0 3.00e−24 3.00e−24 1.78e−23 1.0  
 Cubic splines 1.0 6.84e−23 6.84e−23 4.07e−22 1.0  
 Nearest Neighbor 1.0 6.73e−23 6.73e−23 4.01e−22 1.0  
 Perceptron 1.0 4.55e−25 4.55e−25 2.71e−24 1.0  

A60: Still in the first position, cubic splines have another substantial 
drop in performance, with the lowest MSE at 46.50% of the time. 
Continuing to improve performance, the nearest neighbor ranks second, 
with the lowest MSE at 22.50% of the time. They were followed closely 
by linear interpolation, in third position, with 21.75% of the time. 
Next is the 6% moving average. Note a slight improvement in the 
performance of the perceptron, with 2.75%, followed by polynomial 
and linear regression, both with 0.25%. These data can be seen in Fig. 
23 in the A60 column.

A120: For this aggregation rate, the nearest neighbor method, 
which has been improving its performance since aggregation A20, 
reaches its peak here, even surpassing cubic splines. Thus, with the best 
MSE in 38.50% of the cases, the nearest neighbor takes first place as the 
best interpolation algorithm. In the second place, cubic splines achieve 
the lowest MSE 33.25% of the time. In third place is linear interpolation 
with 17.75%. The perceptron continues to rise, with 3.75% of the 
time having the lowest MSE. Finally, the moving average was 5.25%, 
followed by polynomial and linear regression, with 0.50% and 1% of 
the time, respectively. These data can be seen in Fig.  23 in the A120 
column.

A180: Finally, for the last evaluated aggregation rate, the nearest 
neighbor method continues to lead, although it has slightly reduced 
its performance, with the lowest MSE in 38% of the cases. Once 
again, cubic splines rank second, with the lowest MSE in 31% of the 
cases. Linear interpolation with the lowest MSE in 18.50% of the cases 
appears in third place. For the first time, the perceptron achieves the 
lowest MSE in 6% of cases, surpassing even the moving average. The 
moving average appears with 3%, followed by polynomial and linear 
regression, with 2% and 1% of the cases, respectively. These data can 
be seen in Fig.  23 in the A180 column.

The ANOVA test was applied to each aggregation rate (A2, A3, A4, 
A5, A6, A10, A10, A12, A15, A20, A30, A60, A120, A180), within the 
aggregation blocks (small, medium, and large), and across the entire 
dataset. The test revealed no statistically significant differences among 
the algorithms for all these scenarios. As a result, in terms of MSE, 
all algorithms exhibit the same effectiveness in interpolation. Table  5 
presents an example of these scenarios; in the table, it is possible to 
see the result for the ANOVA test applied to the entire dataset of MSE, 
indicating this similarity of effectiveness among the algorithms, based 
on the F and PR(> 𝐹 ) parameters.

4.4.2. Analysis of interpolation efficiency using time
In this Section, the algorithms will be analyzed by comparing 

their interpolation speed to determine the most efficient interpolation 
method, using time as the metric. The algorithms were ranked from 
fastest to slowest for each aggregation rate evaluated. Since there are 
seven methods compared, this ranking will have seven positions.
BLOCK 1 (Low aggregation rates):

A2: Linear interpolation was the fastest method, occupying the 
first position in 100% of the interpolations. The second position was 
contested by linear regression, which occupied this position 75% of 
the time, and by cubic splines, which occupied it 25% of the time. 
The third position was held 75% of the time by cubic splines and 
25% by linear regression. The fourth position was occupied in 100% 
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Fig. 24. Comparison of interpolation efficiency among methods for aggrega-
tion rate A2 in temperature data, from fastest to slowest.

Fig. 25. Comparison of interpolation efficiency among methods for aggrega-
tion rate A3 in temperature data, from fastest to slowest.

of the interpolations by polynomial regression. The fifth position was 
shared 50% of the time by moving average and nearest neighbor, which 
applies to the sixth position. Finally, the perceptron neural network 
held the seventh position in 100% of the interpolations. This result can 
be observed in Fig.  24.

A3: The first position was occupied by linear interpolation in 100% 
of the interpolations. The second position was again contested between 
linear regression and cubic splines in 75% and 25% of the interpola-
tions, respectively. In the third position, the situation reversed, with 
linear regression in 25% of the interpolations and cubic splines in 75%. 
The fourth position, also contested, was held 75% of the time by linear 
regression and 25% by nearest neighbor. In the fifth position, three 
methods appeared: 50% of the time for moving average, 25% for linear 
regression, and 25% for nearest neighbor. In the sixth position, 50% of 
the time for the moving average and 50% for the nearest neighbor. 
Finally, in the last position, the perceptron neural network appeared in 
100% of the interpolations. These results can be observed in Fig.  25.

A4: At this aggregation rate, a clear competition for the first position 
is observed. Linear interpolation is the fastest algorithm in 75% of 
the interpolations, while cubic splines lead in the remaining 25%. In 
the second position, this distribution is reversed, with cubic splines 
appearing in 75% of the cases and linear interpolation in 25%. Linear 
regression consistently ranks third across 100% of the interpolations. 
The fourth position is also consistently held by linear regression across 
all cases. The fifth and sixth positions are equally shared between the 
moving average and nearest-neighbor methods, with each appearing 
50% of the time in both positions. Finally, the perceptron neural net-
work consistently ranks seventh across all 100% interpolations. These 
results are illustrated in Fig.  26.
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Fig. 26. Comparison of interpolation efficiency among methods for aggrega-
tion rate A4 in temperature data, from fastest to slowest.

Fig. 27. Comparison of interpolation efficiency among methods for aggrega-
tion rate A5 in temperature data, from fastest to slowest.

A5: The first position was occupied by linear interpolation 100% 
of the time. The second position was again disputed between linear 
regression and cubic splines, with 75% and 25% of the time, respec-
tively. In the third position, three methods appear 50% of the time: 
linear regression, cubic splines, and polynomial regression. The fourth 
position was disputed between the polynomial regression and moving-
average algorithms, with 75% and 25% of the time, respectively. In the 
sixth position, the situation reversed, with the moving average at 75% 
and polynomial regression at 25% of the time. The seventh position, 
once again, by the perceptron neural network 100% of the time. Fig. 
27 presents these results.

The ANOVA test was applied separately to all low-aggregation rates 
(A2, A3, A4, and A5). The ANOVA test revealed statistically significant 
differences in interpolation times between algorithms but did not in-
dicate within the group which algorithms pairwise performed better. 
By applying the Tukey test, it was possible to identify that the per-
ceptron exhibited the worst interpolation time, statistically, compared 
to all other algorithms. Differences among the remaining algorithm 
pairs were several orders of magnitude smaller, indicating that their 
interpolation times are statistically similar under low aggregation rates.
BLOCK 2 (Medium aggregation rates):

A6: Linear interpolation was the fastest method, occupying the 
first position in 100% of the interpolations. The second position was 
disputed by cubic splines, which held this position 75% of the time 
and by linear regression 25% of the time. In the third position, the sit-
uation reversed, with linear regression appearing 75% of the time and 
cubic splines at 25%. The fourth position was occupied by polynomial 
regression 100% of the time. The fifth position is disputed between the 
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Fig. 28. Comparison of interpolation efficiency among methods for aggrega-
tion rate A6 in temperature data, from fastest to slowest.

Fig. 29. Comparison of interpolation efficiency among methods for aggrega-
tion rate A10, A12 e A15 in temperature data, from fastest to slowest.

nearest neighbor and the moving average, with 75% and 25% of the 
time, respectively. In the sixth position, the situation reversed, with the 
moving average at 70% and polynomial regression at 30% of the time. 
The seventh position, once again, by the perceptron neural network 
100% of the time. Fig.  28 presents these results.

A10, A12, and A15: Identical results were observed for these aggre-
gation rates. Linear interpolation was consistently the fastest method, 
ranking first in 100% of the interpolations. The second position was 
shared between cubic splines, which appeared in 75% of the cases, 
and linear regression, which accounted for the remaining 25%. In the 
third position, this distribution was reversed, with linear regression 
appearing in 75% of the interpolations and cubic splines in 25%. 
Polynomial regression consistently ranked fourth, while the nearest-
neighbor method ranked fifth in all cases. The moving average method 
consistently ranked sixth, and the perceptron neural network ranked 
seventh in 100% of the interpolations. These results are illustrated in 
Fig.  29.

The ANOVA test was applied individually to all medium aggregation 
rates (A6, A10, A12, and A15). The ANOVA test revealed statistically 
significant differences in interpolation times between algorithms but 
did not indicate within the group which algorithms pairwise performed 
better. By applying the Tukey test, it was possible to identify that 
the perceptron exhibited the worst interpolation time, statistically, 
compared to all other algorithms. Differences among the remaining al-
gorithm pairs were negligible relative to the perceptron gap, indicating 
statistically similar interpolation times at medium aggregation rates.
BLOCK 3 (High aggregation rates):
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Fig. 30. Comparison of interpolation efficiency among methods for aggrega-
tion rate A20 in temperature data, from fastest to slowest.

Fig. 31. Comparison of interpolation efficiency among methods for aggrega-
tion rate A30 in temperature data, from fastest to slowest.

A20: Linear interpolation appears in the first position in 100% of the 
interpolations. The second position was occupied by linear regression 
50% of the time and by cubic splines 50% of the time, and the same 
was true for the third position. The fourth position is disputed between 
polynomial regression and the nearest neighbor, with 75% and 25% 
of the time, respectively. The fifth position sees a reversal, with the 
nearest neighbor at 75% and polynomial regression at 25% of the time. 
The moving average occupies the sixth position 100% of the time. The 
perceptron neural network occupies the seventh position 100% of the 
time. These results can be seen in Fig.  30.

A30: Linear interpolation appears in the first position in 100% of the 
interpolations. The second position was occupied by linear regression 
and cubic splines, each 50% of the time. In the third position, three 
algorithms appear: linear regression with 50%, cubic splines, and the 
nearest neighbor with 25% each. In the fourth position, three algo-
rithms appear: polynomial regression with 50%, cubic splines, and the 
nearest neighbor with 25% each. The fifth position was occupied by 
linear regression and cubic splines, each 50% of the time. The moving 
average occupies the sixth position 100% of the time. The perceptron 
neural network occupies the seventh position 100% of the time. These 
results can be seen in Fig.  31.

A60: Linear interpolation appears in the first position in 100% of the 
interpolations. The second position is occupied by cubic splines 100% 
of the time. The third position is occupied by linear regression 100% of 
the time. The fourth position is disputed between the nearest neighbor 
and polynomial regression, with 75% and 25% of the time, respectively. 
The fifth position sees a reversal, with polynomial regression at 75% 
and the nearest neighbor at 25% of the time. The moving average 
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Fig. 32. Comparison of interpolation efficiency among methods for aggrega-
tion rate A60 in temperature data, from fastest to slowest.

Fig. 33. Comparison of interpolation efficiency among methods for aggrega-
tion rate A120 in temperature data, from fastest to slowest.

occupies the sixth position 100% of the time. The perceptron neural 
network occupies the seventh position 100% of the time. These results 
can be seen in Fig.  32.

A120: Linear interpolation appears in the first position in 100% 
of the interpolations. The second position is contested between the 
nearest neighbor and cubic splines with 75% and 25% of the time, 
respectively. The third position is disputed between cubic splines and 
linear regression, with 75% and 25% of the time, respectively. The 
fourth position is occupied by linear and polynomial regression 50% of 
the time each. In the fifth position, three algorithms appear: polynomial 
regression with 50%, the nearest neighbor, and linear regression with 
25% of the time each. The moving average occupies the sixth position 
100% of the time. The perceptron neural network occupies the seventh 
position 100% of the time. These results can be seen in Fig.  33.

A180: Linear interpolation appears in the first position in 100% of 
the interpolations. The second position is contested between the nearest 
neighbor and cubic splines with 75% and 25% of the time, respectively. 
In the third position, three algorithms appear: cubic splines with 50%, 
the nearest neighbor, and linear regression with 25% of the time each. 
In the fourth position, three algorithms also appear: linear regression 
with 50%, cubic splines, and polynomial regression with 25% of the 
time each. The fifth position is contested between polynomial and 
linear regression with 75% and 25% of the time, respectively. The 
moving average occupies the sixth position 100% of the time. The 
perceptron neural network occupies the seventh position 100% of the 
time. These results are presented in Fig.  34.

The ANOVA test was applied individually to all high aggregation 
rates (A20, A30, A60, A120, and A180) and revealed statistically signif-
icant differences in interpolation times between algorithms. However, 
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Table 6
Research answers.
 Number Research answers  
 RQ1 Yes, perceptron neural networks can learn the sensor dataset and perform time-series interpolation with 

gaps with reasonable accuracy.
 

 RQ2 When considering the absolute value of the MSE, classical algorithms perform better, being more 
effective than perceptron neural networks. However, the differences in MSE values are so minor that they 
are not statistically significant, so for all practical purposes, all algorithms have the same performance in 
interpolating curves in all analyzed scenarios.

 

 RQ3 The performance varied depending on the aggregation rate. However, there were no statistically 
significant differences, so for all practical purposes, all algorithms performed equally.

 

 RQ4 Same as in previous answers. Different algorithms stood out for each aggregation rate scenario, but only 
when considering the absolute value of MSE. There were no statistically significant differences, so for all 
practical purposes, all algorithms performed equally.

 

 RQ5 The answer is no. There were no statistically significant differences between the methods, so there is no 
justification for switching between them.

 

 RQ6 Regarding interpolation time, statistically significant differences were observed among the evaluated 
methods. The perceptron neural network exhibited higher interpolation times than classical interpolation 
techniques under the evaluated configurations, indicating differences in computational performance 
between the approaches.

 

 RQ7 The results indicate a trade-off between interpolation quality and computational efficiency that depends 
on the application context. While classical methods, such as cubic splines, often achieved lower MSE 
values, their computational cost may increase with aggregation rate and curve length. In contrast, 
perceptron-based models showed statistically comparable reconstruction accuracy (MSE), with different 
runtime characteristics depending on deployment conditions.

 

Fig. 34. Comparison of interpolation efficiency among methods for aggrega-
tion rate A180 in temperature data, from fastest to slowest.

ANOVA does not indicate which algorithm pairs differ significantly. 
The Tukey post hoc test showed that the perceptron consistently had 
the worst interpolation time among all methods. Differences among 
the remaining algorithm pairs were negligible relative to the percep-
tron gap, indicating statistically similar interpolation times at high 
aggregation rates.

In summary, all interpolation methods for reconstructing curves 
with missing data were analyzed and compared using the MSE metric 
to assess reconstruction effectiveness. The ANOVA test revealed no 
statistically significant differences in MSE values among the evaluated 
algorithms, neither within nor between algorithm groups, indicating 
statistically equivalent reconstruction accuracy across methods.

In contrast, the analysis of interpolation time revealed statistically 
significant differences in computational performance among the meth-
ods, as identified by the Tukey test. In this context, the perceptron 
neural network exhibited higher interpolation times than the classi-
cal interpolation techniques, highlighting a trade-off between recon-
struction accuracy and computational efficiency across the evaluated 
approaches.

Although classical interpolation methods, particularly cubic splines, 
often achieve lower reconstruction errors, their computational cost 
may increase with aggregation rate and curve length. Perceptron-based 
17 
models, in turn, provide reconstruction accuracy that is statistically 
comparable in terms of MSE, while their runtime behavior depends 
on the deployment setting and implementation overhead. Rather than 
claiming a universal speed advantage, the proposed approach should 
be understood as a trade-off that may be beneficial in specific IoT 
deployments (e.g., large-scale data recovery, near-real-time processing, 
or energy-constrained devices). Conversely, in scenarios where deci-
sions rely on subtle signal variations, classical methods may remain the 
preferred choice.

The results presented in this section were based on temperature 
data, but simulations were conducted with the other measurements 
included in the dataset: Humidity, Luminosity, and Voltage. For these 
measurements, the results were consistent with what was presented for 
temperature values and, therefore, were not reproduced in the written 
work to avoid redundancy. In this sense, based on the temperature 
data presented and those collected and analyzed for humidity, lumi-
nosity, and voltage, it is possible to address the research questions. The 
answers to the research questions is summarized in Table  6.

5. Conclusion and future works

The rapid evolution of the Internet of Things (IoT) has intensi-
fied the use of data aggregation at the edge to reduce bandwidth 
consumption and improve scalability, at the cost of information loss. 
To address this challenge, this work investigated the use of neural 
networks to reconstruct fine-grained sensor data from temporally ag-
gregated data. The results show that lightweight perceptron-based 
models can achieve reconstruction accuracy statistically comparable 
to that of classical interpolation methods, while exhibiting different 
computational performance characteristics.

The adoption of perceptron-based models is a deliberate design 
choice intended to establish a lower bound on model complexity for 
data reconstruction under constrained IoT conditions. Despite ongoing 
advances in IoT hardware, large-scale deployments remain constrained 
by stringent energy, latency, and management requirements. In this 
context, simple neural architectures provide an effective trade-off be-
tween reconstruction accuracy and computational efficiency, while fu-
ture work will explore moderately more expressive models as hardware 
capabilities evolve.

We present the reported results as a baseline assessment. Because 
the proposed models provide lightweight inference, the approach suits 
scalable IoT deployments. In future work, we will extend the evaluation 
to additional datasets and more expressive architectures.
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