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Abstract: Power utilities globally have a huge task of enhancing their services to enable them to compete in 
emerging markets. However, power utilities in Nigeria cannot meet their obligations due to challenges of revenue 
deficits that ensue due to collection losses known as Non-Technical losses (NTL). Utilities and government agencies 
must continue to place a high premium on assessing the intensity of NTLs to boost revenue generation and enhance 
the dependability of the power value chain. Using machine learning (ML) techniques, researchers can leverage the 
massive amounts of data produced by power companies to determine customer trends in energy payment and usage. 
Segmenting electricity customers with similar characteristics into behaviourally comparable groups is one use for 
this technique. This study groups customers into segments based on tariff plans and bill payments using the k-means, 
DBSCAN, and expectation maximisation clustering algorithms. The goal is to segment the customer base identify 
outliers and. 
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1. INTRODUCTION 

Power consumption has increased globally by 5%, estimated to reach more than 33,000 Tera Watt hours 
(TWh), and is consequently seen as the fuel of the future. Due to its rapid expansion, electricity now 
accounts for more than 20% of all final energy consumption, which is attributed to the rising population, 
industrialisation, high living standards, and power output. The International Energy Agency (IEA) predicts 
that global power demand will increase by 2050 (IEA, 2022). This evaluated increase has left utilities 
worldwide with no choice but to seek solutions to tackling some very challenging power issues. It has been 
established severally, that reducing collection losses (non-technical losses – NTL) and increasing revenue 
generation have continued to be two of the most critical of the challenges. Collection and commercial losses 
stemming from energy utilised that has not been invoiced due to theft, tampering with metering technology, 
or bill evasion are terms used to describe non-technical losses (NTLs). Since NTLs are usually detected 
through power distribution, this is the driving force behind the study. 

Like in many other countries, Nigeria provides power through a value chain that includes generation, 
transmission, and distribution. Several establishments staff these services. These establishments are 
collectively working hard right now to manage a massive debt load of more than $2 billion. It has been 
stated unequivocally that Nigeria has spent over $38.45 billion since 1999. Sadly, most of emerging 
countries are following this path which if not arrested will lead to failure.  

NTLs have resulted in significant revenue losses for power providers in various countries. Different kinds 
of electricity customers bear a disproportionate share of these losses. Consumers bear the brunt of these 
shortfalls as a result of utility tariff rate increases. However, since power has remained uneven and 
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consumers are still defaulting, such an increase does not provide the expected outcome. The prevalence of 
this issue is particularly higher in emerging countries like Nigeria with unstable economies. As a result, 
low-income and disadvantaged people can no longer afford to purchase power at a discount, making it 
difficult for them to pay their bills. These and several more factors are the main causes of NTLs (Depuru 
et al., 2011; León et al., 2011). It has become imperative for academics and power companies to identify 
the primary causes and locations of these losses to mitigate them.  

According to an assessment by Glauner, machine learning (ML) approaches—which involve supervised 
and unsupervised data analysis techniques—have been used in a variety of ways to address these problems. 
The writers examined recent research in the area of AI (Artificial Intelligence) (Ghori et al., 2021; Glauner 
et al., 2017). Several of the approaches utilised techniques such as Deep reinforcement learning (Lee et al., 
2022), fuzzy clustering (Messinis & Hatziargyriou, 2018),  neural networks (Fei et al., 2022), Feature 
engineering (Yadav & Kumar, 2021), by identifying notable dips in power use, regression analysis was 
utilised to examine the link between time and monthly consumption (Monedero et al., 2010) among others. 
Other studies explored the use of ensemble methods (Avila et al., 2018), and some studies employed the 
SVM (Support vector machines) algorithm only, or in combination with other methods (Haq et al., 2021) 
(Nagi et al., 2011). In a different study, the researchers divided the locations of their clients into grids of 
different sizes after analysing the neighborhood's specific qualities. To determine the quantity of NTLs and 
the number of clients, each of the created grids was carefully examined (Glauner et al., 2016). A related 
work generated the local estimate of NTL using a generalised additive model and using a Markov chain to 
determine future variations in the probability (Faria et al., 2016). Massaferro et. al also conducted a similar 
study engaging customers’ local features to detect NTLs with a random search procedure (Massaferro et 
al., 2018).  

In order to manage power-related challenges, machine learning has been impacted by customer 
segmentation (Yuan et al., 2018) such as electricity tariff (Nafkha et al., 2018), micro/mini-grids (Williams 
et al., 2018) and demand side management (Cominola et al., 2018). These represent ideas intended to 
improve the operations and activities of utilities providing customers with consistent power. By using 
customer segmentation to target customer groups with comparable payment and usage patterns, utilities 
may optimise the benefits of these activities. As a result, it has been established that clustering is highly 
effective in customer segmentation (Kansal et al., 2019). Due to its rapid convergence and ease of use, K-
means, an unsupervised learning algorithm, has shown to be highly effective in customer segmentation. 
The K-means algorithm was utilised to partition the electricity load profiles of customers to get insight into 
their consumption patterns (Viola, 2016). Electricity customers were characterized and clustered through 
an electricity demand signature (Camero et al., 2018). Customers were divided into five categories, and K-
means was utilised to determine their purchasing habits. The outcomes were then compared with those of 
alternative clustering techniques (Kansal et al., 2019).  The density information of the clusters, however, 
cannot be measured by the K-means method. As a result, considering the characteristics of the data set, we 
sought for a better clustering technique, such as DBSCAN, to manage the density and find outliers (Wang 
& Govindarasu, 2019). Moreover, Forero et al. (2012) introduced clustering techniques based on the 
Gaussian mixture model (GMM) that are sensitive to data and inconsistent with outliers because of their 
functional dependence on the Euclidean distance measure (Forero et al., 2012). To further demonstrate the 
existence of outliers in the power utility dataset, the Expectation Maximisation (EM) technique was chosen.  

Through an examination of consumers' tariff classes and payment patterns, this research investigates the 
potential of clustering approaches to evaluate the intensity of NTLs in Nigeria's electricity industry. With 
the use of the K-means, DBSCAN, and Expectation Maximisation algorithms, the data will be analysed to 
identify outliers and segment customers. The evaluation or identification of NTL is an instance of anomaly 
or fraud detection, which is in line with the research objective. 
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The data was acquired from a Nigerian distribution company for inclusion in the study. The introduction, 
methods, findings, and conclusion make up the order in which the document is structured. 

2. BACKGROUND REVIEW  

2.1 The Nigerian Tariff structures 

Tariff rates reflect the expenses of the entire power value chain, from the generating plant, transmission, 
distribution, metering, billing, and ultimately to the customer. Power utilities will have more operational 
stability if income exceeds costs. There were five (5) tariff classes in the Nigerian power sector according 
to electricity usage; Residential (R), Commercial (C), Industrial (D), Special (A), and Street lights (S). 
These customer classes were different because of the operational and infrastructure expenses related to the 
supply and distribution of electricity to the various customer groups. Customers in the industrial category 
which are mostly manufacturing facilities, had the highest tariff rates among all the distribution companies, 
while customers in the Residential class (especially the R1 subclass) who are households utilising home 
utilities and had energy demands under five kilovolt-ampere (kVA), had the lowest tariff rates. However, 
in 2020, the electricity regulatory released a new tariff plan known as “Service Reflective Tariffs (SRT)” 
which forms the benchmark for determining future tariff rates for electricity consumers in Nigeria. Each of 
the classes consists of subclasses which are derived according to the customer’s consumption and hours of 
electricity supplied as per demand (maximum or non-maximum demand). The concentration of NTL by 
tariff classes is more appropriate in segmenting customers in the Nigerian power industry. The divisions of 
customers are portrayed in Figure 1. The residential class constitutes customers where NTLs have the most 
influence. This may be explained by the facts surrounding NTLs that are perpetrated in residents. 

 

 

Figure 1. Consumers Tariff Class 
(Source: Data from Distribution Company in Nigeria) 
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2.2 Clustering  

Objects that have similar qualities or characteristics are grouped to form clusters. Clustering is the process 
utilised to form clusters. Learning the characteristics of each object is an extremely tough effort; 
alternatively, it would be simple to group similar things together and have a shared set of attributes that the 
group adheres to. It is an unsupervised machine-learning technique that captures and separates structured 
and unstructured data into meaningful groups called clusters based on their similarity (Han & Kamber, 
2006). Subsequently, clusters with similar features or properties are formed. The primary goal of clustering 
is capturing the inherent significance in the structure of the grouped data. Numerous techniques, including 
K-means, mean shift clustering, DBSCAN, expectation maximisation, and agglomerative hierarchical 
clustering, are employed in the process of clustering.  

The clustering algorithm K-means is based on partitions.  By initialising the coordinates of K centroids, it 
splits the data. By assigning data points to the closest centroid and utilising the Euclidean distance metric 
to find the centroids, a cluster is created. Until the position of the centroid does not change, the process is 
performed again. Finding the ideal cluster size k, is essential for K-means clustering. The techniques 
employed to determine the ideal quantity of k consist of direct techniques like elbow, average silhouette, 
and statistical testing techniques (Gap Statistic). Finding clusters that will minimise the overall Within-
cluster Sum of Squares (WSS) is the primary objective of partitioning techniques like k-means clustering. 
It is usually desirable to have a lower overall WSS value. The compactness of the clustering is measured 
by the WSS. The inertia property is utilised to determine the (WSS) distances of the samples that are closest 
to the cluster centroid once k-means is initialised for each k value. The WSS distance tends to zero as the 
k numbers rise. All samples will form their clusters, and the WSS distances will equal zero, assuming that 
k is set to the maximum value of n. If the plot resembles an arm, the ideal value of k is found. 
 
2.2.2 DBSCAN (Density-Based Spatial Clustering of Applications with Noise) 
 
In machine learning issues, the density-based clustering technique known as DBSCAN is used to separate 
high-density clusters from low-density clusters. It has shown to be incredibly effective in identifying regions 
of the data with high observation density as opposed to regions with low observation density. Data may be 
arranged into clusters with different forms using DBSCAN (Jang & Jiang, 2018). The main objective is to 
locate neighbours on an n-dimensional sphere with a radius ϵ based on their densities. Different 
classifications of points specified by DBSCAN are the Core point (which forms a cluster with points 
reachable from it), Border point (lies in a cluster and is reachable by other points in the cluster), and Outlier 
(does not lie in any cluster, is not reachable, and is not related to other points by density). 

 

2.2.3 Expectation Maximisation 

When there are unobserved, hidden, or incomplete variables in a model, the Expectation-Maximization 
(EM) process determines the greatest probability estimate for those variables. It approximates the greatest 
likelihood function iteratively. It is regarded as a k-means algorithm extension. The Expectation/Estimation 
Step (E Step) and the Maximisation Step (M Step) are the two fundamental phases of the EM algorithm. 
 
3. MATERIALS AND METHODS 
 
3.1 Research Framework 
This section explains the steps involved in carrying out research. The research framework is depicted in 
Figure 2. It presents the processes and methods employed in the study.  
 
Information was taken from a power distribution utility in Nigeria. Preprocessing was done on the CSV 
data, and pertinent characteristics were chosen for analysis. After the data was scaled using the standard 
scale (z-score), it was centered around 0 with a standard deviation of 1. 
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Figure 2. Research Framework 

 
 
In a given feature set xi ϵ X, x represents the entry, mean (X) is the mean of the feature set, and stdev (X) 
denotes the standard deviation of X. The elbow method is then applied to calculate the value of k for the 
dataset. The result obtained from the elbow method will influence the efficiency of the k-means clustering. 
Furthermore, the DBSCAN and Expectation Maximization clustering algorithms will be used to segment 
power consumers in a bid to show the effects of NTLs and to demonstrate the efficiency of the algorithm 
in showing the density of the  
clusters and outliers. 

4. EXPERIMENTAL RESULTS 

In order to segment customers, this article explores the data as mentioned in the preceding part to look at 
the payment habits of power users. Using k-means, DBSCAN and Expectation Maximization clustering 
algorithms, we categorise the consumers based on their bill payment and the resulting clusters were 
analysed.  
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Figure 3. Elbow method for values of k 
 
It is evident from Figure 3 that the number of clusters equal to 6 is where the curve's point of inflection is. 
Therefore, k = 6 is the ideal number from our dataset. The score inevitably drops as the number of clusters 
rises. The WCSS rate is expected to drop as soon as the ideal number of clusters (k) is attained. 
 

 
Figure 4. Payment Clusters 

 
Figure 4 depicts 6 payment clusters with their centroids obtained from running the K-means algorithm. The 
cluster analyses are as given: 
 
Cluster 1 – Consists of customers who have paid part of their bills to the utility provider. However, some 
of the customers have not even paid at all. Residential and Commercial tariff schemes are in effect for these 
consumers. 
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Cluster 2 – This group of customers has the lowest bill amount. due to the large concentration of no 
payments. However, the least payment is received from them and has the greatest concentration of zero 
payments (a great collection loss -NTL) with the centroid at zero. It shows that the consumers have not 
been paying their monthly bills or made very few payments to the distribution facility. These consumers 
belong to the Residential category customers and have a low demand (consumption is low). 
 
Cluster 3 – This cluster consists of customers who have an accumulated debt profile due to not paying for 
the power they have used. It can be observed that the consumers in this category are largely on the Special 
tariff plan and the others are on the Commercial and industrial plans. It clearly shows that they have a high 
consumption profile (maximum demand MD) and evidently their inability to reimburse for the power 
utilised has resulted in skyrocketing bills. 
 
Cluster 4 – consists of those very few consumers who have made some payments since zero payment is not 
recorded against the group. A few are in the Residential category and the remaining belong to the 
commercial category. 
 
Cluster 5 – appears to be the cluster with substantial zero payments as well. Though some of them have 
low consumption demands, their obligations have not been met. All the consumers in this category belong 
to the Residential Tariff plan.  
 
Cluster 6 – shows a large concentration of customers in the commercial, industrial, and special categories. 
A portion of the customers in this group have either made partial or full bill payments. The NTL menace is 
not as extreme as seen in the other clusters.  
 

 
Figure 5. DBSCAN clusters 

Figure 5 shows that there are outliers in the data because the points on the outside margins of the dataset 
are not identified. This suggests a high concentration of losses due to serious debt scenarios. The high-
density spots are grouped, suggesting that severe instances of power non-payment are present in all 
customer groups. 

The K-means method is extended by the EM algorithm, a kind of Gaussian mixture model. It applies the 
expectation-maximization process. Up until it converges, it selects estimates for the shapes and locations 
of the clusters. Figures 6 and 7 demonstrate that each cluster is connected to a smooth Gaussian model 
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rather than a hard-edged sphere. Multiple random initializations are used by the method to construct the 
clusters, just like in the k-means expectation–maximization algorithm. The cluster components indicated 
by numbers 5 and 6 were allocated as the number of clusters created, indicated by n. In all scenarios, the 
effects displayed the outliers. 

 
Figure 6. EM cluster assignment, n=5 

 
Figure 7. EM cluster assignment, n=5 

 
In Figure 8, we can see that the uncertainty of the cluster assignment is reflected by the dots at the borders 
of the clusters. Following the transformation of the data, a cluster assignment was made. 
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Figure 8. Stretched Five-Component GMM 
 
In Figure 8, a six-component GMM for the initial data in Figure 6 was used to fit the stretched dataset. This 
allowed for a full covariance for the model to fit the oblong and stretched-out clusters. This clearly shows 
the outliers, making the EM algorithm a good tool for detecting unusual observations in the dataset. 
 
5. Conclusion 

The robust capabilities of clustering approaches and their behaviours concerning the power distribution 
dataset as they are used in customer segmentation are demonstrated in this research. The data, illustrates 
the degree of bill payment default among Nigerian power consumers. K-Means provided a clear visual 
representation of the consumer segments by displaying six clusters along with their centroids. However, 
we were unable to create cluster morphologies that would have allowed for accurate outlier detection. 
Conversely, DBSCAN showed dense clusters that represented noise and outliers (extreme NTL instances) 
in the data. We saw a thick cluster that demonstrated the severity of Nigerian power users' nonpayment of 
electricity. Clusters were clearer with EM. The clusters that emerged provided information on how many 
NTLs are present in Nigeria's electricity industry and where they are most prevalent. The results of the 
study have demonstrated the applicability of the clustering algorithms DBSCAN and Expectation 
Maximisation for determining the extent of losses sustained in the power industry. This research is intended 
to assist electricity companies in handling defaulters with caution and determination. In order to provide 
microgrids to deserving areas, customer segmentation of power customers might be investigated. The 
utilities must also find the consumers who will help them transition to a more financially stable regime. 
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