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ABSTRACT
Indian electric power distribution system is constantly facing considerable loss of
energy both technical and non-technical. A non-technical loss (NTL) in power utilities
is termed as any consumed energy or service that is not billed by some type of
anomaly. Unaccounted energy due to NTL is a barrier in the growth of Indian
economy. Several attempts have made to minimize this problem, however the problem
has persisted. Thus, this paper presents a framework for detecting NTLs using
regression analysis. Sensible smart meter, energy consumption data, customer
registration data are used by this model. The simulation results demonstrate the
efficiency of proposed methodology applied for reliable detection of fraudulent
electricity customers.
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1. INTRODUCTION
Power system losses can be divided into two categories: technical losses and non-technical
losses. Technical losses are naturally occurring losses and consist mainly of power
distribution in electrical system components such as transmission lines, power transformers,
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measurement systems, etc. Technical losses are possible to compute and control, provided the
power system in question consists of known quantities of load [13], [16],[17].
Non-technical losses (NTL), on the other hand, are caused by actions external to the
power system or are caused by loads and conditions that the technical losses computational
failed to take into account. NTL are more difficult to measure because these losses are often
unaccounted for by the system operators [15] and thus have no recorded information. The
most probable causes of NTL are:
• Electricity theft
• Non-payment of customers
• Errors in technical losses computation
• Errors in accounting and record keeping that distort technical information
However, NTL can also be viewed as undetected load; customers that the utilities don’t
know exist. When an undetected load is attached to the system, the actual losses increase
while the losses expected by the utilities will remain. The increased losses will show on the
utilities accounts, and the costs will be passed along to the customers as transmission and
distribution charges. The load that exhibits patterns similar to a housing load, as implied by
the house that load activities increase and decrease. The reason this load is chosen that most
NTL causes in reality are found in residential areas or light industrial areas [2],[5],[6]. The
main aim of the research work is to detect non-technical losses in the database of
srivilliputhur town. The main task is to detect customers with anomalous drops in their
consumed energy [8][9]. The algorithm is based on a regression analysis on the evolution of
the consumption of the customer. The main aim is to search strong correlation between the
time and the consumption of the customer. The regression analysis makes it possible to adjust
the consumption pattern of the customer by means of a line with a slope.

2. PROPOSED METHOD
The following figure demonstrates the regression analysis for non-technical loss in power
distribution.

Figure 1 Diagrammatic representation for detecting NTL loss

Here, in this paper, the dataset of srivilliputhur town of Tamilnadu state is taken for the
detection of non-technical loss using regression analysis. The dataset consists of the
http://www.iaeme.com/IJCET/index.asp
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consumers in the srivilliputhur town in all tariffs, substations (SS), distribution transformers
(DTs), poles and the load connected to each consumer, load connected to distribution
transformer, and load connected to the poles[3].
The proposed methodology is based on regression analysis for DT. The load estimation is
exploited to detect the evidences of non-technical loss. A measure of overall fit of the
estimated values of customer data aggregated at the DT is used to localize the electricity
usage irregularity [12]. Purely, the algorithms are based on a regression analysis of the
connected load with the consumers. Regression analysis is widely used for prediction and
forecast, where its substantiation overlaps with the field of machine learning. Regression
analysis is an important statistical method for the analysis of electrical data. It enables the
identification and characterization of relationships among multiple factors. Regression
analysis employs a model that describes the relationships between the dependent variables
and independent variables in a simplified mathematical form [10].
The statistical relationship between the variables i.e., poles, DTs and consumers has been
expressed in regression analysis. In a linear regression model, it can be represented as,
y=ax1+bx2+ r

1

Where b is the slope
a is the intercept
y is the dependent variable
x1 & x2 are the independent variables
Also, x1 is the poles per DT
x2 is the consumers per DT
y is the load per DT
r = Correlation error
The aim is to search strong correlation between the following regression points.
Regression points have three parameters. They are:
1. Poles, DT, SS Connection Structure
2. Consumers per DT – This can be represented by the pattern of the poles per DT,
Consumers per Poles and Consumer per DT respectively
3. Load per DT – This can be represented by the load consumption pattern
Connected with DT and Poles.

Figure 2 Poles DT-SS Connection Structure
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Figure 3 Poles per DT

Figure 4 Consumers per poles

Figure 5 Consumers per DT

Figure 6 Load consumption per DT

Figure 7 Load consumed per pole
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Here, Poles, Distribution Transformers and substation Connection structure is displayed
in Fig(1) and Fig(2), (3), (4) displays the pattern of the poles per DT, Consumers per Poles
and Consumer per DT respectively, and Fig 5,6 shows the load consumption pattern
connected with DT and Poles.
Algorithm
Following steps are used for estimating the regression analysis.
1. Plot the data y vs x1 and x2
2. Here y = connected load per DT
The points formed by all y and x pairs appear to fall to fall in straight line. So we go for
linear pattern.
3. Estimate model parameters
4. Present data and the model in the same graph
5. Calculate SSE (sum of square error). SSE can be calculated by using
SSE = € (y-y)2
6. Test the significance of the overall regression using an F-test.

This F-statistic regression will determine if a significant proportion of total variability in
the data can be attributed to the relationship between variables.
The larger the F-value the more significant the regression. This ratio increases as the
errors SSE decrease when data points move closed to the model line.
7. Determine the co-efficient of correlation(r). r measures the amount of linear
relationship between y and (x1,x2).
8. Determine R Square static regression. R Square measures the amount of variation
of the dependent variable i.e., connected load with the DT. R2 varies between 0
and 1.
9. Carry out an analysis of the residuals to verify if the ordinary least squares. The
residuals can be calculated by the difference between the observed value, the
dependent variable, connected load and the predicted value.
10. Regression plane – represents the projection of connected load into the Euclidean
subspace spanned by the independent variables poles per DT and consumers per
DT.
11. Outliers – a point that falls outside the dataset is classified as a minor outlier while
one that falls outside the main cluster data is classified as major outliers.
Depending on their location may have major impact on the regression line.

3. RESULTS AND DISCUSSIONS
Regression analysis results are displayed by:
1. Regression points
2. Regression plane
3. Regression residual
4. Outliers
5. NTL estimate
These analyses are discussed in fig 7,8,9,10,and 11 respectively.
http://www.iaeme.com/IJCET/index.asp

237

editor@iaeme.com

Detection of Non-Technical Losses in Power Distribution Using Regression Analysis

Figure 8 Representation of Regression points

Basically, from Fig (7) the regression analysis can be used to get point estimates. This is a
statistical approach to forecasting change in a dependent variable on the basis of change in
one or more independent variables known as curve fitting or line fitting because a regression
analysis equation can be used in curve fitting or line to data points, in a manner such that the
differences in the distances of data points from the curve or line are minimized.

Figure 9 Representation of Regression plane

Fig 8. Denotes the regression plane. All the points do not perfectly lie on a single plane,
they give the impression of being relatively clustered around a plane. This plane is called the
regression plane. We can now define the regression plane as the plane that describes the best
shape of the data. Specifically, we define the regression plane as the plane which minimizes
the sum of the squared deviations from the estimated values to the observed values.

Figure 10 Representation of Regression Residuals

Here, Fig 9. gives the regression residuals. The data points usually fall exactly on this
regression equation line; they are scattered around. A residual is the vertical distance between
a data point and the regression line. Each data point has one residual. They are positive if they
are above the regression line and negative if they are below the regression line. If the
regression line actually passes through the point, the residual at that point is zero.

Figure 11 Representation of outliers
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In Fig 10, the outliers are discussed. In statistics, an outlier is an observation point that is
distant from other observations. An outlier may be due to variability in the measurement or it
may indicate experimental error; the latter are sometimes excluded from the data set. An
outlier can cause serious problems in statistical analyses. Outliers can occur by chance in any
distribution, but they often indicate either measurement error or that the population has a
heavy-tailed distribution. In the former case one wishes to discard them or use statistics that
are robust to outliers, while in the latter case they indicate that the population has a heavytailed distribution. In the former case one wishes to discard them or use statistics that are
robust to outliers, while in the latter case they indicate that the distribution has high skewness
and that one should be very cautious in using tools or intuitions that assume a normal
distribution. A frequent cause of outliers is a mixture of two distributions, which may be two
distinct sub-populations, or may indicate 'correct trial' versus 'measurement error'; this is
modelled by a mixture model.

Figure 12 Representation of NTL Estimate

Non-technical loss estimate is represented in fig 11.
Also, for correct identification and detection of fraudulent non-technical losses as well as
the statistical analysis the R square statistic regression, F-statistic regression and P-value
regression can be calculated and displayed in the following Table.
RSquare Statistic of Regression

0.98576

F Statistic of Regression

12455.9418

p-value of Regression

1.4894e-164

R Square Statistic of Regression measures the strength and direction of a linear
relationship between the poles per DT & consumers per DT with load per DT. Here, the value
of r is closer to +1. That means more closely the variables are related. F Statistic regression
value will range from zero to an arbitrarily large number. P – value >.05 indicates weak
evidence against null hypothesis. So we can fail to reject the null hypothesis.

4. CONCLUSION
The prompt detection and isolation of possible contaminants could be a key issue to
confirm the standard of life and safety. This paper introduces a completely unique meter data
validation and estimation framework to reinforce the estimation and editing method to
enhance the meter data quality. Based on the numerous behaviors of DSE and NTL, the
feeder busses demand information may be detected. Observability analysis for the planned
distribution system regression analysis is mentioned. The numerical observability approach
could also be preferred. The test results have shown that the planned methodology could be a
appropriate selection for the distribution system SE. Moreover, this study applies a planned
framework for NTL analysis to notice and predict suspicious patterns of abnormal
consumption behavior. This paper concludes that Non-Technical losses deduction and
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analysis could be done using regression analysis tools R Square Statistic of Regression, F
Statistic of Regression and p-value of Regression.
Results obtained show that the planned framework may be used for reliable detection of
fraudulent electricity customers. The strategy for fraud detection established to be terribly
promising. It provides smart generalization ability for unseen information classification.
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