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Abstract- This review paper provides a comprehensive analysis of various theft detection algorithms
implemented in smart security systems. With the increasing integration of artificial intelligence and
machine learning into security technologies, the ability to accurately detect and prevent theft has become
a critical focus. This paper examines a range of algorithms, including traditional methods and advanced
machine learning approaches like neural networks, decision trees, and ensemble models such as
XGBoost.

The review highlights the strengths and limitations of each algorithm in terms of accuracy, precision,
recall, and overall effectiveness in real-time theft detection. It also discusses the challenges faced in
implementing these algorithms, including data quality, computational complexity, and the adaptability of
models to different environments and scenarios. Through this analysis, the paper aims to identify the most
promising theft detection algorithms and propose directions for future research to enhance the
capabilities of smart security systems.
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1. INTRODUCTION networks, and other computational techniques to

improve accuracy and reduce false alarms. Among

In an‘era where technology permeates every aspect of

daily life, the need. for robust security systems has
become increasingly critical. Smart security systems,
powered by advanced -algorithms and artificial
intelligence, are at the forefront of this technological
evolution, offering enhanced protection against theft
and other security breaches. These systems utilize
various sensors, cameras, and interconnected devices to
monitor environments in real-time, providing instant
alerts and responses to potential threats.

The effectiveness of a smart security system is largely
determined by the algorithms it employs for detecting
unusual activities or intrusions. Over the years, a wide
range of theft detection algorithms have been
developed, leveraging machine learning, neural

these, dynamic neural networks and ensemble methods
like XGBoost have shown significant promise due to
their ability to process large amounts of data and adapt
to changing conditions in real-time.

This review paper aims to provide a comprehensive
analysis of the various theft detection algorithms used
in smart security systems. By evaluating their strengths,
weaknesses, and areas for improvement, we can better
understand the current state of the field and identify
opportunities for future research and development. The
ultimate goal is to enhance the effectiveness of smart
security systems in protecting assets and ensuring
safety in both residential and commercial settings.field.
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Il. LITERATURE SURVEY

Praveen Kallukalam Sebastian et.al (2023) Traditional
analog and digital meters are being substantially
replaced with technological advances and the Internet
of Things (10T) introduction. The smart meter is highly
preferred for accessing real-time consumption, tariff
calculation, and remote system control. These smart
meters also prevent the majority from bypassing theft.
Despite its intelligence, it cannot be 100% secure. An
error in the readings can be caused by hacking or
damage to meter components making the utility
companies suffer significant losses. Based on past and
future energy consumption data predictions on the
consumer side, various methods are used in the
proposed work to identify theft or anomalies in smart
meter readings. Forecast-based detection proved to be
the most effective and accurate method. The primary
and secondary decision models, which employ a variety
of statical analyses to identify system anomalies, serve
as the foundation for the energy consumption that
follows the forecasting. Past 24-h data is needed for
forecasting, which is passed through different statical
calculations such as RMSE, simple moving average,
and Absolute Percentage Error to conclude detecting
the normal values. Long short-term memory gives high
accuracy of 97% for forecasting and detecting
abnormalities[1].

Weixian Li et al (2019) studies on In the modern smart
home, smart meters, and Internet of Things (1oT) have
been massively deployed to replace traditional analogue
meters. It digitalises the data collection and the meter
readings. The data can be wirelessly transmitted that
significantly reduces manual works. However, the
community of smart home network is vulnerable to
energy theft. Such attacks cannot be effectively
detected since the existing techniques require certain
devices to be installed to work. This imposes a
challenge for energy theft detection systems to be
implemented despite the lack of energy monitoring
devices. This paper develops an energy detection
system called smart energy theft system (SETS) based
on machine learning and statistical models. There are
three stages of decision-making modules, the first stage
is the prediction model which uses multimodel
forecasting system. This system integrates various
machine learning models into a single forecast system
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for predicting the power consumption. The second stage
is the primary decision making model that uses simple
moving average (SMA) for filtering abnormally. The
third stage is the secondary decision making model that
makes the final stage of the decision on energy theft.
The simulation results demonstrate that the proposed
system can successfully detect 99.96% accuracy that
enhances the security of the loT-based smart home[2].

Mahmoud Nabil et al (2019) studies on Advanced
metering infrastructure (AMI) is the primary step to
establish a modern smart grid. AMI enables a flexible
two-way communication between smart meters and
utility company for monitoring and billing purposes.
However, AMI suffers from the deceptive behavior of
malicious consumers who report false electricity usage
in order to reduce their bills, which is known as
electricity theft cyber-attacks. In this chapter, we
present deep learning-based detectors that can
efficiently thwart electricity theft cyber-attacks in smart
grid AMI networks. First, we present a customer-
specific detector based on a deep feed-forward and
recurrent neural networks (RNN). Then, we develop
generalized electricity theft detectors that are more
robust against contamination attacks compared with
customer-specific  detectors. In all  detectors,
optimization of hyperparameters is investigated to
improve the performance of the developed detectors. In
particular, the hyperparameters of the detectors are
optimized via sequential, random, and genetic
optimization-based grid search approaches. Extensive
test studies are carried out against real energy
consumption data to investigate all detectors
performance. Also, the performance of the developed
deep learning-based detectors is compared with a
shallow machine learning approach and a superior
performance is observed for the deep learning-based
detectors[3].

Nadeem Javaid et al (2021) studies on The bi-
directional flow of energy and information in the smart
grid makes it possible to record and analyze the
electricity consumption profiles of consumers. Because
of the increasing rate of inflation over the past few
years, people started looking for means to use
electricity illegally, termed as electricity theft. Many
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data analytics techniques are proposed in the literature
for electricity theft detection (ETD). These techniques
help in the detection of suspected illegal consumers.
However, the existing approaches have a low ETD rate
either due to improper handling of the imbalanced class
problem in a dataset or the selection of inappropriate
classifier. In this paper, a robust big data analytics
technique is proposed to resolve the aforementioned
concerns. Firstly, adaptive synthesis (ADASYN) is
applied to handle the imbalanced class problem of data.
Secondly convolutional neural network (CNN) and
long-short term memory (LSTM) integrated deep
siamese network (DSN) are proposed to discriminate
the features of both honest and fraudulent consumers.
Specifically, the task of feature extraction from weekly
energy consumption profiles is handed over to the CNN
module while the LSTM module performs the sequence
learning. Finally, the DSN contemplates on the shared
features provided by the CNN-LSTM and applies final
judgment. The data analytics is performed on different
train—test ratios of the real-time smart meters’ data. The
simulation results validate the proposed model’s
effectiveness in terms of high area under the curve,
Score, precision and recall[4].

Zhongtao Chen etal (2020) studies on electricity theft
causes significant harm to social and economic
development. In the past few years, it has attracted
much attention that electricity theft detection based on
electricity consumption data can help to solve this
problem. A major challenge is that there are no explicit
features in electricity consumption records. However,
the existing machine learning-based detection methods
mainly suffer from the following two disadvantages. (1)
Handcrafted  features and  shallow-architecture
classifiers have poor detection accuracy. (2) Most
methods consider electricity consumption as static and
cannot capture both the internal time-series natures and
external influence factors well. To overcome the above
shortcomings, we propose a novel method called
Electricity Theft Detection using Deep Bidirectional
Recurrent Neural Network (ETD-DBRNN), which can
capture the internal characteristics and the external
correlation by learning the electricity consumption
records and influence factors representation.
Experiments on real-world datasets validate the
effectiveness of our method[5].
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IHl. METHODOLOGY

In this review, we conducted a thorough examination of
theft detection algorithms used in smart security
systems by analyzing existing literature and evaluating
various approaches based on their performance metrics,
such as accuracy, precision, recall, and F1-score. We
focused on dynamic neural networks and machine
learning methods, particularly XGBoost, to understand
their application in real-time theft detection. The
analysis involved comparing the algorithms across
different datasets, examining their ability to identify
theft events under varying conditions, and assessing
their adaptability to changes in the environment.
Additionally, we considered. the computational
complexity, scalability, and integration capabilities of
these < algorithms within smart security systems,
ensuring a comprehensive evaluation of their practical
utility and effectiveness.

IV. CONCLUSION

This review has provided a comprehensive analysis of
various theft detection algorithms used in smart security
systems, with a particular focus on dynamic neural
networks and machine learning approaches like
XGBoost. The evaluation of these algorithms revealed
that while many.exhibit high accuracy and reliability in
detecting theft, their performance varies significantly
depending on factors such as dataset characteristics,
environmental conditions, and system integration. The
XGBoost method, in particular, demonstrated robust
performance across multiple metrics, making it a
promising choice for real-time theft detection in smart
security environments. However, challenges remain,
including the need for improved accuracy in certain
classes, scalability issues, and the integration of these
algorithms into existing security frameworks. Future
research should aim to address these challenges by
developing more adaptable and efficient algorithms that
can better handle diverse and dynamic scenarios within
smart security systems. This will further enhance the
effectiveness of theft detection and contribute to the
advancement of intelligent security technologies..
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