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 In this paper, presents a thorough investigation of the 
classification and prediction of crime using machine learning. The 
development of policing tactics and the implementation of crime 
prevention and control depend greatly on crime prediction. The 
most popular prediction technique right now is machine learning. 
Few studies, however, have systematically examined several 
machine learning techniques for predicting crime. This study uses 
available historical data to examine Using statistics on property 
crime from a region of a sizable coastal city in southeast China 
from 2015 to 2018, compare the prediction abilities of various 
machine learning techniques.Results based only on historical crime 
data point to an improvement of the LSTM model over KNN, 
random forest, and support vector machines. Aside from that, 
information on urban roads and POIs in the built environment As 
variables for prediction, network density is fed into the LSTM 
model. 
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1. INTRODUCTION 

 
Recently, there has been an exponential 

growth in the amount of spatiotemporal data 
pertaining to public security. To solve real-world 
issues, yet, not all data have been used well. 
Several academics have created models to 
anticipate crime in order to aid in crime prevention 
[1]. For most, calibrating the prediction models 
included only using past crime data. Predictions of 
crime hotspots and crime risk areas are now the 
two main areas of interest in the study on crime 
prediction [2–5]. 

The forecast of the crime risk area, which is 
based on the pertinent variables of criminal 
activity, refers to the relationship between criminal 

activity and the physical environment, which both 
stem from the "routine activity theory” [6]. The 
historical distribution of crime cases is typically 
used to identify crime hotspots, and it is assumed 
that this pattern will continue in the ensuing time 
periods using traditional crime risk estimating 
techniques [7]. The terrain risk model, which tends 
to employ crime-related environmental 
characteristics and crime history data, is, for 
instance, good at predicting long-term, stable crime 
hotspots by taking into account the closeness of 
crime sites and the aggregation of crime elements. 

Numerous studies have combined 
information from land use, cell phone, 
demographic and economic statistics, and crime 
history in their empirical study on crime prediction 
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throughout a range of time periods. The goal of 
crime hotspot prediction is to identify potential 
hotspots for future criminal incidents and to 
forecast their likely locations [8]. Kernel density 
estimation [9] [12] is a frequently used technique. 
The performance of a model is improved over 
models that do not take into consideration the 
temporal or spatial autocorrelations of prior events 
[13]. Recent years have seen a rise in the use of 
machine learning techniques. The Random Forest 
Algorithm, the Support Vector Machine, and K-
Nearest Neighbor (KNN) are among the most 
widely used techniques (SVM). [6].Others 
contrasted the spatiotemporal kernel density 
technique with the random forest method in 
different periods of crime prediction [12], while 
yet others compared the Bayesian model and BP 
neural network. 

KNN is an effective supervised learning 
technique algorithm among them. Because it can 
do classification and regression tasks as well as 
identify outliers, SVM is a well-liked machine 
learning model [4]. In several fields, the Random 
Forest method has been shown to have strong non-
linear relational data processing capabilities and 
good prediction accuracy. The Nave Bayes (NB) 
algorithm is a traditional classification method that 
simply needs a few parameters and is not sensitive 
to missing data [15]. Convolutional neural 
networks (CNNs) are very expansible and can 
improve their expression capabilities by adding a 
very deep layer to handle increasingly challenging 
classification issues  

A significant impact is made on the 
processing of data with strong time series trends by 
the Long Short-Term Memory (LSTM) neural 
network. In order to show the predictive potential 
both with and without the inclusion of covariates, 
this study will compare the performance of the six 
machine learning methods mentioned above and 
suggest the best one. 

 
2. LITERATURE SURVEY 

 

Information evaluation techniques, like as 
information exploration, are used to assess 
information on illicit activity that has been 
previously collected in various ways and to 
identify current trends in illegal behaviour. 
Additionally, they may be used to improve 
investigative skills so that crimes may be solved 
more rapidly, but they are also trained to identify 

illegal actions immediately. However, there are 
many of facts-mining techniques available. 

It's important to purchase the provided 
information exploration approaches appropriately 
if you want to ensure that you can enhance 
productivity of criminal growth. This research 
responds to the literature on various information 
exploration systems, particularly software used to 
solve crimes. Additionally, learning provides light 
on analysis flaws and issues with criminal 
particular research. 
In addition, this article offers knowledge on data 
exploration to find patterns and trends in unlawful 
activity that may be properly used as well as a help 
for beginners in the investigation of crime data 
mining. 

The analysis presented here accomplishes 
two crucial purposes. The first will be replicating 
the unlawful assignment you have been given 
using random terrain (RTM). The probability 
landscapes maps produced by RTM use a variety 
of contextual information closely connected to the 
opportunity structure of shootings to evaluate the 
likelihood of potential shootings as they are 
dispersed over a geography. 

The second aim is to compare the 
prediction potential of these danger landscape 
maps over a period of six months, which is more 
than twice as long as the first goal, to the 
forecasting potential of retrospective area maps. 

In contrast to retroactive spot mapping 
that's glamorous, outcome announce which 
possibility landscapes give a mathematically 
significant prognosis of shootings over a variety of 
cut specifics. Additionally, different terrain maps 
produce information that may be quickly and 
successfully operationalized by police directors, 
such as directing patrols to consolidated areas with 
a high danger. 
 
3. EXISTING SYSTEM 

Cohen and Felson jointly created routine 
activity theory in 1979, and it has since been 
further improved through integration. alternative 
hypotheses. This hypothesis states that the most 
crimes, especially predatory ones, occur crimes, 
requires the three to come together components 
such as motivated perpetrators, appropriate targets, 
inability to timely defend against threats, and 
space. 

It was Cornish and Clarke that first 
introduced the rational choice hypothesis. 
According to the hypothesis, the offender's 
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decisions about location, objectives, and tactics 
may be attributed to a logical trade-off between 
effort, danger, and reward. The rational choice 
theory and routine activity theory are combined in 
crime pattern theory, which more thoroughly 
explains how criminal occurrences are distributed 
geographically. Daily activities help people 
construct their “cognitive map” and “activity 
space”. At the same time, potential criminals must 
decide where to commit crimes in a generally 
familiar environment by using their cognitive 
maps. When committing a crime, a person usually 
avoids regions they are unfamiliar with and instead 
chooses, using their logical faculties, locations 
where there is a “criminal opportunity overlaps 
with cognitive space”. 

 
4.1 Disadvantages 

 Due to a lack of detection into "extremist" 
and "moderate" categories, the system is 
currently not classifying extreme reviewers. 

 This system is not intended to look for 
reviewer behavioural traits. 
 

4. PROPOSED SYSTEM 

The suggested system uses the KNN 
algorithm, SVM algorithm, Decision tree, and 
Random Forest algorithms for crime prediction. 
First, the models are calibrated using just historical 
crime data as the input. Comparison would show 
which model is most successful. Second, to 
investigate whether prediction accuracy can be 
further increased, built environment variables like 
road network density and poi are introduced as 
covariates to the predictive model. 

KNN sometimes referred to as k-nearest 
neighbour, uses the feature vector of the instance 
as its input, calculates the distance between the 
feature values of the training set and the fresh data, 
and then chooses the K classification that is closest 
to the training set. The data to be examined is the 
nearest neighbour class if k D 1. KNN uses 
weighted voting based on distance or majority vote 
as its categorization determination rule. The 
category of the input instance is determined by the 
majority of its k surrounding training examples. 

Random Forest, a highly well-liked 
ensemble learning technique is called Random 
Forests, which combines the outputs of several 
classifiers built on the training data to get the best 
predictions possible for the test data. In order to 
prevent overfitting on the training data, the 
Random Forests method minimises variance by 

using randomization while generating split 
decisions.The classifier h(x|1), h(x|2),.. h(x|k) is a 
family of classifiers that are aggregated by the 
random forests classifier. Each family member, 
h(x|ɵ), is a classification tree, and k is the number 
of trees selected at random from a model random 
vector. The parameter vector for each k is also 
selected at random. If D(x, y) stands for the 
training dataset, then each classification tree in the 
ensemble is constructed using a different subset of 
Dk(x, y) D(x, y) of the training dataset. 

According to the Bayesian theory, which is 
used in probability and statistics, the likelihood 
that an event will occur may be predicted based on 
the evidence that it will actually occur. The naive 
Bayes (NB) classifier in the field of machine 
learning is a classification technique based on 
Bayesian theory and supposing that each 
characteristic is independent of the others. To 
determine if a given item belongs to a specific 
class, the NB classifier uses conditional probability 
as its theoretical foundation. 

A deep neural network built on RNN is 
called LSTM. The basic idea behind LSTM is to 
incorporate a unique unit (memory module) that 
can be used to learn the most recent information 
and to extract any relationships and rules that exist 
between the data in order to transmit the 
information. Due to its memory module, which 
reduces information loss, LSTM is better 
appropriate for deep neural network 
calculation[12]. There are three gates in each 
memory module: an output gate, a forget gate, and 
an input gate. As the gradient falls, they are 
utilized to selectively memorise the correction 
parameters of the feedback error function. 

 
5.1 Advantages 

 Since it was not taken into account in any 

of the other research, the system introduces 

the issue at the brand level. 

 In contrast to other research, which mostly 

concentrate on detecting phone reviewers, 

we concentrate on identifying radical 

reviewers, which may not be fake. In 

addition, the system makes an effort to 

identify groupings rather than identifying 

specific users. 
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6.System Architecture 

 
Fig.1 Machine Learning Model 

 

Fig.2 System Architecture 

 
7.Figures 

 

 
 

Fig. Decision Tree 
 

 
Fig. Error Rate vs K value 

 

 
Fig 4. Feature Importance v/s Relative Importance 

 
 
 

8. CONCLUSIONS 

 

The first task of categorizing six different types of 
crime was a difficult multi-class classification 
problem, and our initial data set lacked sufficient 
predictability to yield very high accuracy on it. In 
trying to find structure in the data, we discovered 
that it was more effective to combine the various 
criminal categories into a smaller number of more 
significant groups. We have excellent prediction 
accuracy and precision. The classification of 
violent and non-violent crimes, however, did not 
produce noteworthy results using the same 
classifiers because it was a far more challenging 
classification task. As a result, collapsing criminal 
categories is a difficult undertaking that calls for 
careful study and choosing. 
 
        Time-series modelling of the data to 
comprehend temporal relationships in it, which 
may subsequently be used to predict surges in 
various kinds of crime, is one way to further this 
study. Additionally, it would be intriguing to 
investigate connections between surges in various 
crime categories. For instance, it's possible that 
two or more crime categories may rise and fall 
concurrently, which would be an intriguing 
connection to discover. Implementing a more 
precise multi-class classifier and looking into 
better ways to visualise our results are other areas 
that need improvement. 
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