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Wireless Sensor Networks (WSNs) rely on nodes with constrained energy
resources and efficient data transmission. This study uses the K-Means
clustering algorithm to classify nodes based on residual energy and Packet
Delivery Ratio (PDR) using a publicly available dataset containing 1,000
observations. PDR was derived from the number of packets sent and received,
with values exceeding 100% limited to 100%. Both variables were then
standardized using z-score normalization. The optimal number of clusters was
evaluated using the Elbow method and silhouette analysis for values of k
ranging from 1 to 10. The analysis identified k = 2 as the optimal choice,
yielding the highest average silhouette score of 0.47015. The resulting clusters
consisted of Cluster 1, comprising 262 observations (26.2%), and Cluster 2,
containing 738 observations (73.8%). The mean PDR in Cluster 1 was lower
at 43.21%, compared with 96.59% in Cluster 2. In contrast, the average
residual energy was relatively comparable between the two clusters,
measuring 1.464 and 1.447, respectively. These findings suggest that PDR
was the primary variable distinguishing the two groups. The average
silhouette scores for Cluster 1 and Cluster 2 were 0.399 and 0.495,
respectively, indicating a moderately distinct clustering structure, although the
separation was not entirely strong. The findings are exploratory and do not
imply causal relationships. Furthermore, the results should be interpreted
cautiously because 578 observations with PDR values exceeding 100% were
capped at 100%.
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1. INTRODUCTION

Wireless Sensor Networks (WSNs) are widely used in environmental monitoring, industrial automation,
smart agriculture, and other applications that require distributed data collection and wireless communication.
A WSN consists of sensor nodes that sense environmental conditions, process information, and transmit data
to a sink or base station. Despite their flexibility, WSNs face challenges related to limited energy resources,
communication reliability, and network lifetime. Because sensor nodes often operate with constrained power
supplies, energy consumption and data transmission performance are important considerations in WSN design
and evaluation [1], [2].

Residual energy and Packet Delivery Ratio (PDR) provide complementary information about WSN
conditions. Residual energy represents the energy remaining at a node after network operations, whereas PDR
is the proportion of transmitted packets that are successfully received at the destination. Residual energy is
relevant to understanding the remaining capacity of nodes to operate, while PDR reflects the success of data
delivery. Research on WSN clustering has shown that energy-related characteristics and communication
performance are important factors in organizing nodes and managing network operation [3], [6]. Considering
residual energy and PDR together can therefore support an exploratory assessment of differences among
observations. However, these variables describe different dimensions of network performance, and their
association should not automatically be interpreted as a causal relationship.

Clustering is commonly used in WSNs to organize nodes into groups and support network
management. Low-Energy Adaptive Clustering Hierarchy (LEACH) introduced a hierarchical clustering
approach in which nodes form clusters and cluster heads coordinate data transmission [7]. Subsequent research
has investigated modifications to clustering and cluster-head selection to reduce energy consumption, balance
node workloads, and extend network lifetime [4], [10]. K-Means is also used in WSN studies because it groups
observations according to similarity in selected features. Existing work has applied K-Means and its variants
to energy-efficient clustering, routing, localization, and cluster-head selection [3], [6], [8], [11]. These studies
provide a basis for using clustering to explore differences in node characteristics.

An important decision in K-Means clustering is the selection of the number of clusters. The Elbow
method examines the change in within-cluster sum of squares (WSS) as the number of clusters increases and
helps identify a point at which additional clusters provide diminishing reductions in within-cluster variation
[12]. Silhouette analysis provides a complementary measure by comparing the similarity of an observation to
its own cluster with its similarity to neighboring clusters [13]. A silhouette value closer to 1 indicates that an
observation is well matched to its assigned cluster, a value around 0 suggests that it lies near a cluster boundary,
and a negative value may indicate a potentially unsuitable assignment. Using both approaches can provide
more informed support for choosing and evaluating a clustering configuration than selecting the number of
clusters arbitrarily.

This study applies K-Means clustering to a publicly available Wireless Sensor Network dataset
containing 1,000 observations and 18 attributes. The analysis focuses on residual energy and PDR, calculated
from the available energy and packet-count attributes. The procedure includes data inspection, PDR
calculation, preprocessing, standardization, determination of the number of clusters using the Elbow method
and silhouette analysis, and interpretation of the resulting clusters. Standardization is used to reduce the
influence of differences in variable scales on distance calculations. Cluster sizes, average values, and visual
distributions are then examined to describe the characteristics of the groups. The dataset source and analysis
procedure are documented in the research method section [14].

Data quality is an important consideration in interpreting the results. In the dataset used in this study,
some observations have received-packet counts that exceed sent-packet counts, producing calculated PDR
values above 100%. The current analysis caps values above 100% before standardization and clustering. This
adjustment keeps PDR within its intended percentage range, but it can also compress differences among
observations with raw calculated values above the threshold. Consequently, the resulting clusters should be
interpreted in light of this preprocessing decision, and the original packet-count records warrant further
examination. The study does not treat the clustering output as proof of causal relationships or as direct evidence
of improved network lifetime.

The contribution of this study is an empirical characterization of WSN observations using the
combined variables residual energy and PDR, with the number of clusters assessed using the Elbow method
and silhouette analysis. Unlike studies that propose new routing protocols or optimize cluster-head selection,
this study focuses on describing the groups formed in the available dataset and determining whether their main
differences are associated with residual energy, PDR, or both. This is an exploratory contribution rather than a
claim that these variables have not previously been used in WSN research. Accordingly, the objective is to
identify a suitable cluster configuration and describe the characteristics of the resulting groups based on
residual energy and PDR.
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2. METHOD

This study uses a quantitative, unsupervised approach to group Wireless Sensor Network (WSN) nodes
by energy efficiency and data delivery. K-Means clustering is widely used for this purpose [2], [3]. The research
has seven stages, shown in Figure 1.

Data acquisition
(1,000 observations, 18 variables)

;

Data inspection and descriptive analysis
(missing values, duplicates, summary statistics)

:

Variable selection and PDR computation
(PDR = received / sent x 100%, capped at 100%)

Z-score standardization
(Residual Energy, PDR)

Determination of number of clusters
(Elbow method and silhouette score, k = 1-10)

K-Means clustering
(nstart = 25, seed = 42)

[ Cluster evaluation and interpretation )

(cluster size, centroids, silnouette analysis)

Figure 1. Research flowchart

2.1. Research Design and Data Acquisition

The data come from the public dataset "WSN: Dataset for Secure and Energy-Efficient" on Kaggle [7].
It contains 1,000 node records with 18 attributes, covering energy, authentication, node role, and packet counts.
Three attributes were used: residual energy, data packets sent, and data packets received. The residual
energy indicates energy efficiency, and the packet counts give the delivery performance. The dataset's own
cluster labels were not used. The data were checked for missing values and duplicate rows.

2.2. Data Preprocessing and Standardization
The Packet Delivery Ratio (PDR) of node i is computed as in (1). A PDR above 100% is invalid because
received packets cannot exceed sent packets. Such values were capped at 100% as in (2) before standardization.

PDR, = Reel¥edi » 10004 (1)

PDR; = min(PDR;, 100) )
Residual Energy and PDR were then standardized with the z-score in (3), where x is the value, u the
mean, and o the standard deviation. This keeps either variable from dominating the Euclidean distance.

z==F (3)

2.3. Determination of the Number of Clusters

The number of clusters k& was tested from 1 to 10 using the Elbow method and silhouette analysis, each
with 20 random starts (nstart = 20). The Elbow method uses the total within-cluster sum of squares (WSS) in
(4), where Ci; is cluster j and y; is its centroid. The suitable & is where the decrease in WSS levels off [1].

WSS(k) = B5_, Srec; v — ay|” )

Because the elbow can be ambiguous, the average silhouette score was also used [6], [8]. The silhouette
of observation i is given in (5), where a(i) is the mean distance to its own cluster and b(i) is the lowest mean
distance to another cluster. It ranges from —1 to 1, and higher values mean a better fit [4]. The £ with the highest
average silhouette was selected.
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N b)-a()
s(@) = max{a(i),b(i)} )

2.4. K-Means Clustering

K-Means assigns each observation to the nearest of k centroids and updates the centroids to minimize
the WSS in (4), as outlined in Algorithm 1. The default Hartigan—Wong algorithm in R was used [9]. The final
model used £ =2, 25 random starts (nstart = 25), and a random seed of 42 for reproducibility. All analysis was

run in R version 4.5 [10], using the base functions read.csv, scale, dist, and kmeans, and the cluster package
[11] for silhouette values. Plots were made with base R graphics.

Algorithm 1. K-Means clustering of WSN nodes
Input: standardized data X (n = 1,000; Residual Energy, PDR), k, nstart, seed = 42
Output: cluster label of each observation, centroids
1. Set the random seed to 42
2. forr=1 to nstart do
3. Select k observations randomly as initial centroids
4. repeat
5. Assign each observation to the nearest centroid (Euclidean distance)
6. Recompute each centroid as the mean of its assigned observations
7. until assignments no longer change
8. Compute the WSS of the solution
9. end for
10. Return the solution with the lowest WSS

2.5. Cluster Evaluation and Interpretation

The results were evaluated in four steps: (i) cluster sizes and percentages; (ii) mean Residual Energy
and PDR per cluster on the original scale, and centroids on the standardized scale; (iii) average silhouette per
cluster and the distribution of silhouette values [4], [5]; and (iv) a scatter plot of Residual Energy against PDR.
The clusters are read as groups with similar characteristics, not as evidence of a causal relationship.

3. RESULTS AND DISCUSSION

In this section, the results of the Wireless Sensor Network (WSN) data analysis are presented based on
the steps of descriptive analysis, data preprocessing and normalization, determination of the number of clusters,
and the application of the K-Means algorithm. The obtained results are then further analyzed to understand the
network clustering characteristics based on the variables of Residual Energy and Packet Delivery Ratio (PDR).

3.1. Descriptive Analysis
Descriptive analysis was conducted to understand the characteristics of the Residual Energy and PDR
variables within the WSN dataset. The dataset analyzed comprises 1,000 observations and 18 variables.

Preliminary inspection revealed no missing values or duplicate rows. Descriptive statistics for both key
variables are presented in Table 1.

Table 1. Descriptive Statistics for Residual Energy and PDR

First Third standard
Variable Minimum Quartile Median Mean quartile Maximum deviation
Qn Q3)
Residual 0,570 1,170 1,450 1,451 1,722 2,330 0,379
Energy
PDR 11,11 67,01 100,00 82,60 100,00 100,00 25,683

Based on Table 1, the Residual Energy variable has a mean of 1.451 and a standard deviation of 0.379.
Values range from 0.570 to 2.330, indicating variation in residual energy across WSN nodes. Meanwhile, the
PDR has a mean of 82.60% and a standard deviation of 25.683. Both the median and the third quartile of the
PDR reach 100%, indicating that many observations are at the maximum limit following the capping of PDR
values.

To visualize the distribution patterns of the two variables, histograms of Residual Energy and PDR were
applied.
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Figure 2. Residual Energy Distribution
The Residual Energy Histogram is used to display the distribution of residual energy values across

observations. This diagram is useful for showing variations in value and data density which are then used as
one of the foundations for grouping WSN nodes.
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Figure 3. Packet Delivery Ratio Distribution

The PDR histogram illustrates the distribution of packet delivery ratios observed in the analysis. The
concentration of values at 100% warrants attention because, during data processing, any PDR value exceeding
100% is capped at 100%. Consequently, the distribution shown in Figure 3 represents the PDR after this
capping has been applied, rather than the raw PDR distribution.

3.2. Data Preprocessing and Standardization

Data preparation was conducted prior to the clustering process to ensure the data met the analysis
criteria. The variables used for clustering were residual energy and PDR. PDR was calculated by determining
the ratio of received packets to sent packets and multiplying the result by 100%.

The analysis revealed 578 observations where the number of received packets exceeded the number of
sent packets, resulting in raw PDR values greater than 100%. In this analysis, PDR values exceeding 100%
were capped at 100% using the pmin() function. Following this adjustment, the PDR showed a mean of
82.60364% and a standard deviation of 25.68323%.

Table 2. Summary of Variable Standardization

prior Post-test Post-test
Variable Pre-average standard standard mean
deviation deviation
Residual Energy 1,45139 0,37881 1,0000 ~0

PDR (%) 82,60364 25,68323 1,0000 =0
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Table 2 indicates that both variables have a mean of approximately zero and a standard deviation of one
following standardization. Consequently, the scale difference between residual energy and PDR can be
minimized prior to distance measurement. The standardized data are subsequently used to determine the
number of clusters and in the K-Means clustering process.

3.3. Determination of the Number of Clusters

The number of clusters was determined using the Elbow method and silhouette analysis. The Elbow
method was applied by comparing the Total Within-Cluster Sum of Squares (WSS) values for cluster counts
ranging from k = 1 to k = 10. The number of clusters was decided based on the decrease in WSS as the number
of clusters increased.

Metode Elbow
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Figure 4. Determining the Number of Clusters Using the Elbow Method

Based on the Elbow plot, the Total Within-Cluster Sum of Squares (WSS) decreases as the number of
clusters increases. This decline indicates that as more clusters are formed, the data variation within each cluster
diminishes. However, increasing the number of clusters does not always yield a proportional improvement in
the quality of the clustering. Therefore, the Elbow method is used to identify the point where the decrease in
WSS begins to stabilize, signaling that adding further clusters results in only marginal reductions in variation.

In addition to the Elbow method, the silhouette score is calculated to evaluate the quality of clustering
across various numbers of clusters. Silhouette scores range from -1 to 1; a value closer to 1 indicates that an
observation is closer to its assigned cluster than to other clusters.

Table 3. Average silhouette value based on the number of clusters

Number of clusters (k) Silhouette score
2 0,47015
3 0,46370
4 0,45202
5 0,42235
6 0,43198
7 0,41664
8 0,42516
9 0,43124
10 0,43763

Based on Table 3, the two-cluster configuration yielded the highest average silhouette score of 0.47015.
This value exceeds those of the other cluster count options, including the three-cluster configuration, which
produced a score of 0.46370. Consequently, a two-cluster configuration was selected for the K-Means analysis,
as it demonstrated the best silhouette evaluation performance among the various cluster counts tested.
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Figure 5. Silhouette score comparison graph

Based on the Silhouette Evaluation graph, the highest average silhouette score was achieved with two
clusters (k = 2), at approximately 0.470. Subsequently, the score declined as the number of clusters increased,
although there was a slight rise at k = 6 and a renewed increase from k = 8 to k = 10. This indicates that
increasing the number of clusters does not necessarily improve clustering quality.

Therefore, a two-cluster configuration was selected, as it yielded the highest average silhouette score
compared to the other tested cluster counts. These findings support the use of two clusters in the K-Means
analysis of Wireless Sensor Networks, based on the variables of residual energy and Packet Delivery Ratio
(PDR).

3.4. K-Means Clustering Results

The clustering process was performed using the K-Means algorithm to form two groups, with the
nstart value set to 25 and a random seed of 42. The results indicate that the 1,000 observations were divided
into two groups of unequal sizes.

Table 4. Number of observations in each cluster

Cluster NumbeI: of Percentage
observations
Cluster 1 262 26,2%
Cluster 2 738 73,8%
Total 1.000 100%

Table 4 indicates that Cluster 1 comprises 262 observations, or 26.2% of the total data, whereas Cluster
2 comprises 738 observations, or 73.8%. These findings indicate that the majority of observations fall within
Cluster 2.
To determine the characteristics of each group, the mean values of residual energy and PDR were
compared on their original scales.

Table 5. Average of variables by cluster

Cluster Number of Average Average PDR
observations Residual Energy (%)

Cluster 1 262 1,463855 43,20689

Cluster 2 738 1,446965 96,59002

Based on the data in Table 5, Cluster 1 shows an average residual energy of 1.463855, which is slightly
higher than that of Cluster 2 (1.446965). However, a more significant difference is observed in the PDR values.
The average PDR for Cluster 1 is 43.20689%, whereas Cluster 2 records 96.59002%.

These findings indicate that Cluster 1 is characterized by a lower PDR, while Cluster 2 exhibits a higher
PDR. The difference in average residual energy between the two clusters is relatively small compared to the
disparity in PDR values. Consequently, the PDR variable stands out as the most distinctive feature
differentiating the clustering results in this study.

Table 6. Cluster centers on standardized data
Cluster Residual energy PDR
Cluster 1 0,03291 —1,53395
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Cluster Residual energy PDR
Cluster 2 —0,01168 0,54457

Table 6 shows that the centroid of Cluster 1 for the PDR variable has a value of —1.53395, whereas the
centroid of Cluster 2 has a value of 0.54457. This indicates that the PDR characteristics in Cluster 1 fall below
the mean of the standardized data, while those in Cluster 2 are above the mean. On the other hand, the residual
energy centroid values for both clusters are quite close to each other.

K-Means Clustering pada WSN
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Figure 6. Visualization of K-Means clustering results based on Residual Energy and PDR.

Based on the K-Means visual analysis, two clusters emerged from the Residual Energy and Packet
Delivery Ratio (PDR) variables. Cluster 1, represented by black dots, tends to exhibit lower PDR values,
whereas Cluster 2, marked by pink dots, tends to show higher PDR values, with a significant portion of the
data distributed within the 90—100% range.

When analyzed in terms of the Residual Energy variable, the value ranges of the two clusters overlap.
This indicates that the most significant distinction between the clusters is evident in their PDR values rather
than their Residual Energy levels. This finding aligns with the average PDR figures—43.21% for Cluster 1 and
96.59% for Cluster 2—while the average Residual Energy for both clusters remains quite similar.

In other words, the K-Means clustering technique successfully identified differences in WSN
observations primarily based on packet delivery success rates. Cluster 1 represents a group with a relatively
low PDR, while Cluster 2 represents a group with a relatively high PDR. However, this visual analysis does
not imply that Residual Energy is the primary cause of the PDR differences; the graph merely illustrates the
clustering patterns derived from these two variables.

3.5. Evaluation and Discussion of Clustering Result

The quality of the clustering was evaluated using silhouette analysis. The results indicate an overall
average silhouette value of 0.47015. The average silhouette value for Cluster 1 was 0.39910, while for Cluster
2 it was 0.49538. Thus, based on these average values, Cluster 2 demonstrates better internal separation quality
than Cluster 1.

The positive overall silhouette value suggests that the clustering results reveal a reasonably clear cluster
structure, although the separation between clusters is not entirely robust. The minimum silhouette value of
—0.01668 also indicates the presence of some observations that may lie close to the boundaries between groups
or might be better suited to a different cluster. Therefore, the clustering results should be interpreted as
groupings based on shared characteristics rather than as a perfect separation.

Table 7. Silhouette evaluation summary

.. First . Third .
Minimum quartile (Q1) Median quartile (Q3) Maximum
—0,01668 0,38826 0,51708 0,59005 0,63165

The difference in average silhouette values between the two clusters indicates that observations in
Cluster 2 fit their group better than those in Cluster 1. This aligns with the average PDR characteristics, where
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Cluster 2 recorded a PDR of 96.59002%, whereas Cluster 1 reached only 43.20689%. In other words, the
difference in PDR values serves as the primary distinguishing feature between the two groups in this clustering
analysis.

In the context of Wireless Sensor Network applications, these findings demonstrate that clustering based
on residual energy and PDR can help identify groups of observations with distinct packet delivery
characteristics. Groups with low average PDR are a focal point for data delivery performance assessment, while
groups with high average PDR exhibit superior packet reception rates. However, given the minimal difference
in average residual energy between the two clusters, these results do not indicate a significant disparity in
energy conditions between them.

It should be noted that there were 578 observations where the number of received packets exceeded the
number of sent packets. In this study, PDR values were capped at a maximum of 100% prior to standardization
and clustering; therefore, the interpretation of PDR results must take this adjustment into account. Further
examination of the data regarding sent and received packet counts is required to ensure that the PDR values
accurately reflect network conditions.

Silhouette Plot K-Means WSN

n=1000 2 clusters C;
ji njlavei.g S
— 1: 262 ] 0.40
2: 738 | 0.50
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Average silhouette width - 0. 47
Figure 7. Final silhouette plot

In general, the K-Means approach using two clusters yields a grouping primarily differentiated by PDR
levels. An average silhouette score of 0.47015 supports the decision to select two clusters over the other tested
cluster counts. However, the evaluation also reveals limitations in the quality of inter-cluster separation;
consequently, the clustering results should be viewed as a representation of data characteristics rather than as
evidence that all nodes within a given cluster share identical network conditions.

4. CONCLUSION

This study applied K-Means clustering to 1,000 Wireless Sensor Network observations using residual
energy and Packet Delivery Ratio (PDR). The Elbow method and silhouette analysis supported a two-cluster
configuration, which gave the highest average silhouette value of 0.47015.

The two clusters consist of 262 observations (26.2%) with a lower average PDR of 43.21% and 738
observations (73.8%) with a higher average PDR of 96.59%, while their average residual energy is similar
(1.464 and 1.447). PDR is therefore the main feature that distinguishes the clusters. The cluster structure is
reasonably clear but not fully robust, as shown by average silhouette values of 0.39910 and 0.49538 for the
two clusters and a minimum silhouette value of —0.01668. The clusters describe groups of observations with
similar characteristics and should not be read as evidence of causal relationships.

Because 578 observations had PDR values above 100% that were capped before standardization, the
sent and received packet counts should be examined further before the PDR results are used to assess network
conditions. Future work may examine the original packet-count records and additional network attributes.
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   PDR  i =    Received  i   Sent  i × 100 %


   PDR  i = min  (  PDR  i , 100 )


  z =   x − 𝜇  𝜎


  WSS  ( k ) =   ∑  j = 1  k    ∑  x ∈   C  j     ‖ x −   𝜇  j ‖ 2


  s  ( i ) =   b  ( i ) − a  ( i )  max  { a  ( i ) , b  ( i ) }

