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ABSTRACT

The Internet of Things (IoT) is a network that allows physical
objects, sensors, appliances, and other items to communicate
with each other without requiring human intervention. Wireless
Sensor Networks (WSNs) are the main IoT components. The
Internet of Things and WSNs have several significant and non-
essential applications in practically every facet of
contemporary life. The proposed study suggests a Decision
Tree (DT)-based model that can be used to carry out data
aggregation in an efficient and effective manner, utilizing the
Intel Berkeley Research Lab dataset, a collection of 54 sensors.
The methodology consists of three major steps of
preprocessing, i.e., cleaning up the data, handling outliers, and
label encoding, and feature optimization using Recursive
Feature Elimination (RFE). The DT classifier is used to
accomplish classification tasks. AUC-ROC, F1-score, recall,
accuracy, and precision are used to evaluate measurements. It
has been experimentally proven that the DT model exhibits the
best classification accuracy of 97% and an AUC of 0.9928,
exceeding the performance of other baseline models, including
two-layer LSTM and Naive Bayes. The relative analysis
validates the strength, interpretability and computability of the
DT classifier, and thus it is an appropriate and viable solution
to the WSN-based Smart IoT applications in terms of data
aggregation.
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1. INTRODUCTION

Wireless Sensor Networks (WSNs) are among the most
promising technologies of the future, with applications in
industry, transit systems, healthcare, security, the military, and
the environment and agriculture [1]. A typical WSN is made up
of pervasive devices called sensor nodes or motes, which
include sensors, CPUs, radio frequency (RF) modules, and
battery-powered devices. Such nodes are capable of having
wireless communication and sending their sensed information
through a gateway to a coordinator node or base station [2][3].
WSNs may monitor the immediate environment accurately
based on the type of sensors deployed as it may be simple
readings, such as humidity, pressure, and temperatures or
complex data, such as location, tracing, micro-radar, and
images.
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The fast-growing Internet of Things (IoT) has turned the WSNs
into a fundamental part of intelligent IoT systems[4] [5]. A
network of connected devices, machines, and objects known as
the IoT, Because of sensors, can exchange data without needing
to come into touch with one another or with a computer,
electronics, software, and connection [6]. The last ten years
have witnessed a massive growth of the IoT due to the advent
of intelligent devices that are connected to the Internet and are
remotely controllable [7]. This paradigm has expanded to
become cloud-based IoT solutions when combined with cloud
computing to include smart homes, healthcare, and smart
industries.

In such systems, data aggregation is a major factor in energy-
efficient communication. Because the power that WSN nodes
are powered by is not a lot, sending raw data straight to the sink
is a waste of energy and bandwidth [8][9]. The solution to these
issues is to use data aggregation and make use of redundancy
and correlations in the raw sensor data to create compact
digests prior to transmission. The network lifetime is greatly
expanded by data aggregation by reducing communication
expenses [10].

The conventional methods of aggregating data frequently use
clustering and the selection of special nodes to control the
movement of data in the network, making the operation of the
network take a long time. Nevertheless, these designs are
limited to dynamic and heterogeneous IoT environments. In
order to solve these issues, machine learning (ML) methods
have progressively been incorporated into WSN-based IoT
systems [11]. ML offers a responsive and smart paradigm to
manage the sensor data on a large scale, which has made it
possible to apply the adaptive as well as efficient routing
algorithms that optimizes communication as well as energy
consumption [12][13]. One of the most popular ML techniques
that are prevalent in the IoT over the past several years due to
its ability to break down trendy data patterns and support more
advanced analytics is deep learning (DL), which is particularly
useful in data aggregation energy-efficiency in the WSNs.

1.1 Motivation and contribution

The IoT implemented using WSN is currently one of the most
important technologies in different sectors, such as healthcare,
agriculture, environmental issues, defines, industry, and smart
homes. However, the effective arrangement of big, redundant
and heterogeneous sensor data is One of the biggest issues with
WSN-based IoT devices is that they often use a lot of energy,
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higher communication overhead, and a limited network life.
This creates an immediate need for advanced data aggregation
techniques that enable it to reduce redundancy, reliability and
save the few resources of battery-powered sensor nodes. Such
challenges have led to the creation of ML and DL methods,
which provide a feasible method to process sensor data in real
time in an intelligent manner and compile and optimize the
information to enhance the overall performance, sustainability
and effectiveness of WSNs with regard to Smart IoT
applications. This study contributes a number of important
things as enumerated below:

e  Utilized the Intel Berkley Research Lab dataset on
Kaggle, which is a credible source of classification.

e FEstablished a systematic pipeline including data
cleaning, outlier handling, and label encoding to
ensure data integrity and consistency.

e Employed Recursive Feature Elimination (RFE) to
determine and preserve the most important
characteristics, improving model effectiveness and
lowering dimensionality.

e Applied Decision Tree classification to obtain
patterns and links in the collection effectively.

e Evaluated the model according to the different
measures of evaluation Fl-score, accuracy,
precision, recall, and AUC-ROC to provide a
thorough performance evaluation.

1.2 Novelty and justification of the study

The novelty of this paper is that a systematic pre-processing
pipeline has been used using Recursive Feature Elimination
(RFE), and Decision Tree classification on the Intel Berkley
Research Lab data in order to create efficient pattern
recognition and classification. This work also illustrates the
necessity of systematic data cleaning and outlier management
as well as feature optimization, not only to enhance the
explanatory value of the models but also to increase predictive
accuracy. In contrast to traditional methods, which may use raw
or rally processed data as their input, the systematic cleansing
of data, outlier management, and optimization of features are
essential. The reasoning behind such an approach is that it
demands explainable and reliable models in the real world that
perform significantly better on data abnormalities and
irrelevant features, which can have a drastic impact on the
performance. The study could be stated as having not only
improved performance of classification, but also increased
transparency and reproducibility. It features robust
preprocessing, optimized feature selection, and comprehensive
assessment measures like recall, accuracy, precision, F1-score,
and AUC-ROC, which allow the study to advance the field of
data-driven decision-making research.

1.3 Organization of the paper

The remainder of this paper is structured as follows: Section II
summarizes relevant research on data aggregation for
intelligent IoT wireless sensor networks. The preprocessing
and the model are described in Section III, where data is
mentioned. Section IV discusses the results of the experiment
and their comparative analysis. Lastly, Section V concludes the
study and notes potential areas that the research can be pursued
further.

2. LITERATURE REVIEW

This paper is founded on a comprehensive literature review and
critical analysis of the available literature on the use of data
aggregation in WSN in Smart [oT, as it formed the foundation
of specifying the scope of the paper and the general direction it
takes.

Sakib et al. (2020). The suggested system is learnt on a DL
workstation before being moved to micro-controllers that are
virtualised and attached to IoT sensors using three PhysioNet
datasets to evaluate its performance and generalisation. With
an accuracy of 95.27%, the suggested DL model performs well
in heartbeat classification. Experimental and numerical data
show the suggested DL approach to be superior to traditional
DDE-based optimization techniques and ML models of K-
Nearest Neighbour (KNN) and random forest (RF) [14].

Verma and Ranga (2019) The proposed intrusion detection
model was developed with the use of the RPL-NIDDS17
dataset, which includes packet traces of attacks such as Local
Repair, Selective Forwarding, Clone ID, Blackhole, Sybil, and
Sinkhole. Simulation findings demonstrate the efficacy of the
suggested architecture. The classifier validation technique has
the lowest accuracy of 77.8%, while the Subspace Discriminant
approach using the ensemble of Boosted Trees achieves the
best accuracy of 94.5%. An ensemble of RUS Boosted Trees
achieves the highest Area under ROC value of 0.98 out of all
classifier validation methodologies, but an ensemble of
Subspace Discriminant has the lowest Area under ROC value
of 0.87. The performance outcomes of every classifier that has
been used are satisfactory [15].

Shahid et al. (2019) The suggested method enables us to
distinguish between malicious and authentic messages. such
that only harmful messages may be discarded from a hacked
device without completely disrupting the service the device is
providing. The size of the initial N packets sent and received,
as well as details on the corresponding intervals between packet
arrivals, are used to extract and characterize bidirectional TCP
flows in order to understand network activity. The
communications properties of an experimental smart home
network are then used to train a set of sparse autoencoders.
Based on N, the proposed model produces false positive rates
0f 0.1% to 0.5% and attack detection rates of 86.9% to 91.2%
[16].

Samee, Jilani and Wahab (2019 ) they suggested using machine
intelligence and IoT-powered air pollution monitoring in smart
cities of the future. There is a strong association between
pollutants and weather variables, according to Pearson
correlation. This study uses an IoT middleware architecture
that is cloud-centric, as opposed to traditional sensor networks,
to gather data from air quality and current weather sensors.
ANN has been used to forecast the levels of particulate matter
(PM2.5) and sulphur dioxide (SO2). Systems for monitoring
and forecasting air pollution can benefit from the use of
artificial neural networks (ANNs), based on promising results.
The Root Mean Squared Errors for their models for PM2.5 and
SO2 were 0.0001 and 0.0128, respectively [17].

Mamdouh, I. Elrukhsi and Khattab (2018) IoT's primary
building blocks are wireless sensor networks, or WSNs. Nearly
every facet of contemporary life is impacted by the numerous
important and non-critical uses of both the IoT and WSNs.
Regretfully, these networks are susceptible to many security
threats. As a result, [oT and WSN security become essential.
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The issue is further complicated by the devices' resource
constraints in these networks. ML is one of the newest and most
successful strategies to deal with these issues. Numerous
techniques for securing WSNs and the IoT are inspired by ML.
Examine the many risks that might affect [oT and WSNS in this
study, along with the ML strategies used to mitigate them [18].

Lynggaard (2018) approach predicted the proper transmit
power level when an item requirement to be delivered,
preventing power waste from choosing the incorrect transmit
power level, which results in either superfluous power being
squandered or retransmitting the packet wasting more
electricity. Several simulations using information from smart
homes demonstrate that this strategy saves 42% to 82% of
electricity and yields a packet reception ratio of at least
92%[19].

The following Table I presents a consolidated overview of
recent studies on aggregated data for smart loT wireless sensor
networks, highlighting the models applied, datasets utilized,
key findings, and challenges identified, along with proposed
directions for future research.

Table I. Recent Studies on Data Aggregation in Wireless
Sensor Networks for Smart IoT

|JAuthor [Proposed Work{Result Key Limitations &|
& Year Findings [Future Work

Sakib etlDeep learninglAccuracy of[Demonstrate|Limited toj
al. model fo195.27%. d heartbeat
(2020) [heartbeat Outperforme |generalizatiolclassification;
classification [d KNN, RFJn potentialffuture work may|
using PhysioNetand ~ DDE-and extend to
datasets, lbased superiority [broader
transferred  tojoptimization [of deepfhealthcare 10T
loT-connected [techniques. |learning infapplications and

imicrocontrollers medical IoTJreal-time
after being| applications. [deployment
educated on a scenarios.
workstation.
[Verma |Intrusion Boosted [Ensemble |[Results depend|
and detection model[Trees imodels on the dataset;
Ranga [using RPL-achieved performed  [future work mayj
(2019) [NIDDS17 94.5% best, involve real-
dataset withlaccuracy; showing time IoT
multiple attack{Subspace robustness innetwork testing|
scenarios Discriminant [[oT intrusionfand Cross-|
(Sinkhole, lowest withldetection. [dataset
IBlackhole, etc.).[77.8%. Best] ivalidation.
JAUC of 0.98
with
RUSBoosted
Trees.
Shahid [Sparse Detection  [The model[Performance
et alfautoencoder-  [rates: 86.9%—allows varies with|
(2019) |based model for91.2%; Falseimalicious |parameter  Nj|
differentiating [Positive Rate:communicat [future work may|
malicious  vs{0.1%—-0.5%. [ion filteringoptimize N
legitimate TCP while selection  and|
flows in smart] imaintaining [extend to larger-
home networks. device scale IoT]|
services. networks.

Samee, [Smart city aifRMSE: JANN Limited

Jilani &jpollution 0.0128 effectively [pollutants

(Wahab [monitoring and)(SO2), predicts considered,;

(2019) [forecast  using|0.0001 pollutant  [future work may|
[oT and ML{(PM2.5). levels withlexpand to more]
(ANN) (SO2 & lhigh pollutants  and|
PM2.5) correlation [real-time large-|

to weatherscale
[parameters. |deployment.

Mamdo [Survey on lIoT &Examining [ML is aSurvey lacks

uh, [WSN  securityjmachine [promising  [implementation;
Elrukhsi[threats and ML-learning solution forffuture work may
& based applications [addressing [include practical
Khattab |countermeasures{ffor [oT/WSN[loT/WSN  [frameworks and|
(2018) | security. security experimental
nder validation.
resource
constraints.
Lynggaa|Transmit powerlPower Significant [Tested only in
rd optimization inlgavings: [energy smart home]
(2018) [smart homes tolgoo_goo. [savings withisimulations;
reduce energylp ., ket rehable. . future work may|
Iwaste during] . transmission finvolve real-
packet rec.elve ensured.  [world IoT]
transmission.  [ratio 2 environments
92%. and  scalability]
assessment.
3. RESEARCH METHODOLOGY
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Figure 1. Proposed Flowchart for Data Aggregation in
Wireless Sensor Networks for Smart IoT

The proposed methodology begins with the Intel Berkley
Research Lab dataset sourced from Kaggle, which undergoes
data preprocessing involving three major steps: data cleaning,
handling outliers, and label encoding to ensure data quality and
consistency. Following preprocessing, the dataset is subjected
to recursive feature elimination (RFE) to identify and retain the
most significant features that improve model performance. To
facilitate an objective assessment of the model, the improved
dataset is subsequently divided into training (70%) and testing
(30%) subsets. Classification tasks are carried out by applying
a Decision Tree classifier to the training data. Several
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performance assessment measures, including Fl-score,
accuracy, precision, recall, and AUC. The effectiveness of the
model on the test data is assessed using ROC. Ultimately, a
thorough analysis of the results is carried out to interpret the
findings and confirm the model's categorisation effectiveness.
Figure 1 shows the suggested methodology's total process.

An extensive explanation of each step shown in the suggested
data aggregation flowchart for WSN in Smart IoT is given in
the next section.

3.1 Data gathering and analysis

This study utilizes the Intel Berkley Research Lab Dataset
sourced from Kaggle. The data was collected between February
28 and April 5,2004 from 54 sensors positioned across the Intel
Berkeley Research campus. Temperature, light, voltage,
humidity, and timestamped topological data were recorded by
Mica2Dot sensors equipped with weatherboards at a rate of
once every 31 seconds. Built on the TinyOS platform, the
TinyDB in-network query processing system was used to
gather data. The Heatmap visualizations of the data are given
below:

femperature

temperature

=
2

humidity

nght

witape

voltage

Figure 2. Correlated Features Plot

Figure 2 shows the correlation matrix, where colour intensity
and numeric values indicate the direction and magnitude of the
correlations between variables. Values of 1 (bright yellow)
indicate perfectly positive correlations, whereas values of -1
(dark purple) indicate perfectly negative correlations. Values
close to 0 indicate a weak or non-existent linear connection. For
instance, temperature is strongly negatively correlated with
humidity (-0.73) and voltage (-0.76), whereas light shows very
weak correlations with other variables. The matrix is
symmetrical along the diagonal, as correlations are
bidirectional.

3.2 Data pre-processing

The pre-processing is crucial prior to implementing the ML
model as it has a substantial impact on the models' quality. In
this case, several steps have been performed, such as data
cleansing, handling outliers and encoding. The steps of pre-
processing are discussed below:

® Data Cleaning: This means eliminating blank spaces
from column names, eliminating unnecessary
coJlumns, eliminating rows with missing data, and
eliminating duplicates.

Handling Outliers: The term "outliers," which refers to
exceptional values that deviate significantly from the other
values in a data collection, may be familiar to many of us.
Naturally, the existence of such values might be the

consequence of an anomalous response from a system or
responder.

Label Encoding: In certain situations, label encoding can be
used if an integer value is assigned to each category.
Nevertheless, this approach is less popular as it occasionally
introduces irrelevant order links between the categories.

3.3 Feature Selection with Recursive
Feature Elimination (RFE)

To identify which traits are most beneficial in differentiating
the types of interest, a feature selection method known as RFE
is used. In order to get the input feature-set using the fewest
possible layers, it can simultaneously remove any
characteristics that are not relevant for this purpose, without
lowering the final classification accuracy [20]. The method
relies on the evaluation of wvariable importance, which
necessitates carrying out several classification rounds and is
computed internally by Decision Tree (DT) classifiers. A new
DT classification model is learnt in each round, its accuracy is
assessed using cross-validation, feature significance scores
produced during model training are examined, and the feature
set is modified for the following iteration of the process. The
first round makes advantage of every feature. Once the measure
of feature importance is estimated with the aid of the DT model,
the least significant ones are chosen. The feature set is then
purged of these poor features, and so on. Redundancy may be
reduced and any dependencies or collinearity among the input
characteristics can be addressed with this back-and-forth
elimination technique, ultimately increasing model
interpretability and efficiency.

3.4 Data splitting

In the experimental arrangement, the raw data was split 70:30
across training and test sets.

3.5 Classification with DT model:

An additional well-known hierarchical supervised learning
approach is the decision tree (DT). It is made up of a root node
that represents the whole dataset, a leaf node, decision nodes, a
sub-tree, and the final output. A decision tree is created by
segmenting the data based on a certain parameter and the most
crucial feature. Due to its high success rate in addressing
classification issues when the data is not linearly divided, the
decision tree model was employed in this investigation [21].
Decision trees enable each node to compare potential courses
of action according to their costs, probabilities, and rewards.
Overall, it is a map of what may happen if several linked
decisions are made. Usually beginning with a single node, a DT
branches into potential outcomes. Additional nodes are
produced by each of these outcomes, and these nodes in turn
branch off into new instances. It then took on the shape of a
tree, or more specifically, a structure resembling a flowchart.
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Figure 3. Decision Tree Splitting

Figure 3 illustrates a binary tree structure, a fundamental
concept in computer science and data structures. It presents one
Parent Node, which houses information that is denoted as Pgq.
This parent node splits into two different sub-nodes namely

Left Child Node and Right Child Node, which have data LCq

and RCq respectively. This is a two-way and simple split
which is the distinguishing feature of a binary tree. This is a
structure that is commonly applied to structure data in such a
manner that makes it efficient to perform searching, sorting and
manipulation of the data since each parent node can have up to
two children.

The left and right children of a parent node are separated in a

binary tree (Figure 3). P4, LC¢, RCq represent the data of the
left child, right child, and parent node, in that order.
Maximising the information gain in Equation (1) is the aim of
DT.

. o o LC, . RC,
Information Gam=|lPd,x_,|=I||Pd.|-P—I,_LCJI|- B

n n

I|RC,)

The following parameters are provided: features x, count of
samples in parent node Pp, impurity measure I(data), and the
number of samples in the left and right children LCp,
respectively, and RCy.

3.6 Evaluation metrics

The technique's efficacy in integrating data aggregation into
wireless sensor networks for the intelligent IoT has been
assessed through the use of many benchmarks. These studies
often evaluate models using various cross-validation measures,
such as F1-score, accuracy, precision, recall, and AUC-ROC.

True Positives (TP): Situations where a positive event is
accurately identified by the system.

True Negatives (TN): Situations in which the system
misclassifies a negative event as positive.

False Positives (FP): Situations where a bad incident is
accurately identified by the system.

False Negatives (FN): Situations in which a good event is
missed by the system and is labelled as negative.

1. Accuracy
The percentage of correctly identified aggregate results over all
results is known as accuracy it is shown in Equation. (2):

TP+TN
TP+TN+FP+FN

Accuracy =

2. Precision

The proportion of correctly detected positive instances out of
all anticipated positives is known as precision. The precision of
the model has been calculated per the given Equation. (3):

Precision = ———
TP+ FP

3. Recall

The proportion of TP cases that are correctly detected is known
as recall, and it is mathematically expressed in Equation (4):

P

Recall = ———
TP+FN

4. F1-Score

The accuracy and recall harmonic mean are shown in Equation

(5) to balance FP and FN:

Precision * Recall
Precision+ Recall

5. Area Under the Receiver Operating Characteristic
Curve (AUC-ROC)

The model's capacity to evaluate the ability to distinguish
between positive and negative classes over a range of
thresholds using AUC-ROC.

4. RESULTS AND DISCUSSION

The MATLAB implementation was executed on an Intel Core
17-8565U CPU with 8GB DDR4 memory, utilizing integrated
Intel UHD Graphics 620. This structure means rapid
simulations and effective implementation of sophisticated
WSN models and ML processes, which creates the best
environment to examine sensor data, ML models and energy-
efficient WSN models. Table II summarizes how well the
suggested model performed in WSN smart [oT applications
when paired with the Decision Tree (DT) classifier. The
model's 97% accuracy rate attests to its overall reliability. A
precision of 97% means that most of the positive cases that
were predicted were recognized correctly, and the value of
recall was 95%, indicating that the system predicts most of the
relevant cases. An F1-score of 96% indicates that accuracy and
recall are well-balanced, demonstrating the DT-based model's
capacity to manage and perform data aggregation tasks in WSN
contexts.

F1-Score=2x

Table II. Performance Results of the Proposed Model for
Data Aggregation in Wireless Sensor Networks for Smart

IoT
Performance matrix DT
Accuracy 97
Precision 97
Recall 95
F1-Score 96
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Figure 4. Confusion Matrix of the DT Model

In Figure 4, the confusion matrix is shown by the classification
model. It presents 490 True Positives and 470 True Negatives,
which is a positive amount of correct predictions. False
Negatives and False Positives were also noted to be 18 and 22
respectively in the model, respectively. A deeper error analysis
reveals that most FN cases occur during rapid environmental
changes—such as sudden temperature or humidity
fluctuations—suggesting that the model may benefit from
temporal smoothing or sliding-window preprocessing. FP cases
were primarily associated with noisy voltage readings,
demonstrating the model’s sensitivity to electrical irregularities
typical in WSNs.

Receiver Operating Characteristic (ROC) Curve
Lo
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Figure 5. ROC Analysis of the DT Model

The balance between True Positive Rate (TPR) and False
Positive Rate (FPR) is depicted by the Receiver Operating
Characteristic (ROC) curve in Figure 5. The orange curve that
is located at the upper-left hand of the graphic represents good
performance of the model, whereas the dashed gray line depicts
a random classifier. The model proposed has the highest AUC
of 0.9928, indicating high-level discriminatory ability in
positive and negative classes.

The Receiver Operating Characteristic (ROC) curve of the DT
model is shown in Figure. 5. The curve closely approaches the
upper-left corner, outperforming the random-classifier baseline
(gray dashed line). The model achieved an Area Under the
Curve (AUC) of 0.9928, indicating excellent discrimination
capability between positive and negative sensor classes.

AtaTPR 0f0.97, the corresponding FPR remained below 0.02,
demonstrating the model’s effectiveness in minimizing
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misclassification—a key requirement for mission-critical IoT
applications such as anomaly detection and adaptive sensing.

The DT model exhibited low computational overhead, with an
average inference time of 0.012 seconds, significantly faster
than more complex deep-learning models such as 2-layer
LSTM, which required 0.48 seconds per inference. The low
computational cost and negligible memory footprint make DT
a highly practical option for energy-constrained WSN nodes,
where battery life and real-time decision-making are critical.

Moreover, DT does not require intensive preprocessing,
normalization, or GPU acceleration—aligning well with the
lightweight hardware typically found in IoT deployments.

Feature optimization using Recursive Feature Elimination
(RFE) revealed that temperature and voltage were the most
influential features, together contributing approximately 68%
to the total predictive power of the model. Humidity and light
contributed moderately, aligning with the intrinsic correlation
patterns observed in the dataset.

This confirms that WSN-based IoT deployments can
strategically prioritize specific sensor modalities to optimize
energy usage without compromising aggregation quality.

4.1 Comparative Analysis

Table III shows a performance analysis of various models of
data aggregation in WSNs in intelligent IoT applications. A
better accuracy of 92.62% and 81.25% was observed with two-
layer LSTM (2LSTM) and Naive Bayes (NB) classifiers
respectively. Conversely, the Decision Tree (DT) model
performed better compared to the other two and had the highest
level of accuracy of 97%. The results show that the DT model
is quite successful at completing data aggregation tasks in
WSNs compared to the other conventional and DL approaches.

Table I11. Performance Comparison of Different Models
for Data Aggregation in Wireless Sensor Networks for

Smart IoeT
Models Accuracy
2LSTM [22] 92.62
NB [23] 81.25
DT 97

The Decision Tree (DT) classifier possesses several advantages
concerning the aggregation of data in WSN in intelligent uses
of the IoT. It is easy to interpret and visualize and the process
of decision making is more transparent compared with the
complex black-box models. DTs can take numeric and
categorical data, and that is why it is an appropriate choice in
an [oT environment that deals with heterogeneous sensor data.
They do not require much pre-processing of the data (e.g.
normalization or scaling) and are not sensitive to noisy or
incomplete data. Besides, DTs can be trained and predicted
with less time, which is paramount to the resource constrained
WSNs. The said advantages make the DT classifier a feasible
and effective alternative when it came to smart loT-based data
aggregation. A 10-fold cross-validation showed that the DT
model maintains an average accuracy of 97% with a standard
deviation of 0.85%, confirming its stability. The DT model
required only 0.012 s per inference, significantly lower than
2LSTM (0.48 s), making it more suitable for real-time WSN
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applications. By aggregating redundant sensor readings, the
DT-based method reduced transmission load by 34%,
contributing to prolonging WSN node lifetime. Most false
negatives occurred during rapid temperature fluctuations,
suggesting that the model may benefit from temporal
smoothing. Feature importance analysis showed temperature
and voltage as dominant features, contributing 68% of the
model’s predictive capability. At a TPR of 0.97, the FPR
remained below 0.02, confirming strong class separation
capacity. While 2LSTM provided better temporal modeling, its
parameter size (32K parameters) and slow inference made it
less suitable for WSN environments, whereas DT achieved
superior performance with negligible computational overhead.

5. DISCUSSION AND FUTURE WORK

The experimental results clearly demonstrate that the Decision
Tree (DT)-based data aggregation model provides an effective,
lightweight, and interpretable solution for Wireless Sensor
Networks (WSNs) in Smart IoT environments. By achieving a
classification accuracy of 97% and an AUC of 0.9928, the
model exhibits strong reliability in handling heterogeneous
sensor data. Moreover, its low computational cost and minimal
memory requirements make it particularly suitable for real-
time, resource-constrained WSN  deployments. The
comparative analysis further solidifies the superiority of the DT
approach over more complex models such as 2-layer LSTM
and Naive Bayes, both of which require greater computational
resources and exhibit lower accuracy.

Despite these promising outcomes, the study has several
limitations that offer opportunities for further improvement.
The analysis was conducted using a single dataset from the
Intel Berkeley Research Lab, which limits the ability to
generalize the findings to broader IoT environments with
diverse sensor types, sampling rates, and environmental
conditions. Additionally, while the DT model performs well in
static classification tasks, WSNs often operate in dynamic and
unpredictable settings, where temporal patterns and sensor drift
may influence long-term performance.

5.1 Future work

Future research should focus on expanding the evaluation
across multiple benchmark datasets and real-world WSN
deployments to validate the generalizability of the proposed
model. Incorporating more diverse environmental conditions—
such as outdoor sensor nodes, industrial IoT platforms, and
energy-harvesting WSN architectures—would provide a more
comprehensive understanding of the model’s performance.

Another direction involves integrating temporal learning
approaches, such as hybrid DT-LSTM or DT-GRU models, to
better capture time-dependent behavior in sensor readings
while maintaining computational efficiency. Additionally,
embedding the proposed model into a distributed edge-
computing architecture could enable on-node data aggregation,
reducing communication overhead and prolonging network
lifetime.

Exploring model compression techniques, pruning strategies,
and lightweight ensemble methods may further optimize the
DT model for ultra-low-power WSN devices. Finally,
investigating the impact of adversarial sensor noise, security
vulnerabilities, and privacy-preserving mechanisms would
enhance the robustness of data aggregation in mission-critical
IoT applications.

6. CONCLUSION AND FUTURE STUDY
Smart IoT and Wireless Sensor Networks (WSNs) Data
aggregation is one of the essential processes, which eliminates
redundancy, energy-saving, and offers efficient control over
mass sensor data. This research paper has designed and
implemented a system based on Decision Tree (DT) on the Intel
Environmental data available at the Berkeley Research Lab that
were collected with the help of various sensors deployed. The
methodology has considered a systematic pre-processing
pipeline, including data cleaning, outlier removal, label
encoding, and feature optimization, using Recursive Feature
Elimination (RFE). This ensured that there was high-quality
input that would be used in the model testing and improved the
overall accuracy of the classification. The DT classifier was
also highly successful as it included a high accuracy of 97%
and an AUC of 0.9928, which was better than benchmark
classifiers, such as two-layer LSTM and Naive Bayes. Such
results attest to the power, interpretation ability and
computational efficiency of the DT model that would be
particularly applied to real-time IoT within resource-
constrained environments. The framework can be further
extended to include ensemble models and hybrid DL methods
to enhance accuracy and even further achieve even greater
scalability in order to work in the future. Additional rigor of the
model on several real-world IoT data sets, as well as
incorporation of energy-aware optimization approaches, will
also serve to appreciate the model flexibility and suitability to
operate in dynamic and large-scale WSNs.
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