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ARTICLE INFO ABSTRACT

An activity that violates the law is considered a crime. It is harmful to
society to understand crime in order to avoid criminal action. The
various research works are performed regarding crime prediction. Many
researchers’ work based on San Francisco Dataset and analyzed the
common crime pattern. They have failed to collect real time dataset for
the particular region and classify the crime against women. In this work
we have collected real time dataset and classify the crime based on the
activity of offender that happened in Thoothukudi district. This helps to
find specific crime like crime against women and child and helps to take
necessary action to reduce the crime. Using this we can analyse the
reason and history of offender. For that we have used One Dimensional
Convolutional Neural Network (1DCNN), Gated Recurrent Unit(GRU)
and Autoencoder deep learning techniques to improve the performance
of crime classification. For our dataset Autoencoder yields high
accuracy, sensitivity, F1-score and MCC. GRU provides better precision
over the 1IDCNN and Autoencoder.

Keywords Crime, Deep Learning, 1D CNN, GRU, Autoencoder,
Classification.

1  INTRODUCTION

The amount of crime in the world is rising daily. Since offence is either proficient or unplanned, it cannot be
anticipated. A crime or offence is an action that causes harm to a group of people, a society, or the state as a
whole ("a public wrong™"). It is an illegal conduct that is subject to governmental or other punishment.
According to the study, crime exhibits some patterns throughout a given time period and across various
geographic locations. Crime is an economical problem that lowers life value and increases costs.

Recently, crime modeling and predictions have incorporated deep learning. We looked at real-time crime
forecasting at a small geographical scale and investigated the problem by turning it into a multi classification
problem. The basic concept is to use historical data as inputs to a convolutional neural network (CNN) so that
it can learn the characteristics for crime pattern. A system for Al-based crime prediction is suggested to
increase public safety and assist law enforcement by lowering the effort needed for human procedures when
identifying crimes and assigning resources to quicken emergency response. With the help of this technology,
police personnel may keep informed about both current occurrences and crimes that are anticipated to happen
in the near future. This helps police personnel prepare for upcoming situations and take precautions to avoid
repeat occurrences.

Crime is related to public safety and protection, and having a better understanding of crime is advantageous
in a number of ways, including by encouraging law enforcement to use sensitive and targeted tactics to reduce
crime and by encouraging citizens and the government to work together more closely to foster safe
neighborhoods. Understanding patterns in crime from data is an active and expanding subject of research
because to the Big Data age and the accessibility of quick, effective algorithms for data analysis.
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The objective of the proposed system is to classify the crime based on activity performed by offender using 1D
CNN, GRU and Autoencoder deep learning techniques. Gist of the case is the source for finding action. Some
preprocessing techniques are used to extract the feature. After that GLoVe embedding is used to find the
similar words. For example, crimes against child can be found out with the key words like “minor girl”, “child
pornography”, “sexually assaulted”, and “kidnapping”. The system should be trained to identify similar words
and classify the crime accurately.

This paper is organized as follows. In Section 2, the related works of the proposed model are presented. In
Section 3, the system model has been explained in detailed. Experimental results of 1D CNN, GRU and
Autoencoder are discussed and various chart are shown in Section 4. Finally, a general summary and future
research plan are introduced in Section 5.

2 RELATED WORKS

Recurrent Neural Network (RNN) with Gated Recurrent Unit (GRU) architecture was suggested as a model to
predict the crime rate in Banjarmasin, taking inflation rate and discretionary income into account. The R-
Squared value of 0.84 and the RMSE value of 2.21 of the GRU-RNN model demonstrated good outcomes,
according to the findings[1]. We employed the Prisma flow method, a method for summarising systematic
reviews and meta-analyses[2]. By utilising LSTM RNN, a new architecture was created to precisely anticipate
Emergency Eents. Spatial clustering supplied the fundamental building blocks for EV prediction in the
architecture[3]. To extract crime scores from street view photos, we suggest using the convolutional neural
network (CNN) StreetNet. Preference learning and label ranking settings are the cornerstones around which
the learning process is built. To enhance the representation of urban perception, developed a retrieval
technique for street view photos. Finding impartial label mappings between the street view photos and the
crime ranking records is presented using a data-driven, spatiotemporal method[4][25][30]. Prophet model, a
neural network model, and the deep learning method LSTM revealed that they all outperform traditional
neural network models. In order to achieve the best trend prediction in terms of RMSE and spearman
correlation, we also discovered that the ideal time span for the training sample was 3 years. Additionally, the
Prophet and LSTM models' ideal parameters are established5][31]. In order to provide insight into what
predictive policing is, how it may be utilised and applied to forecast crime, and what is known about its success,
the author offers the findings of a literature review augmented with key informant interviews. Additionally, it
provides a summary of the key features and recognised uses of predictive policing[6].

The hotspots (also known as binary classifcation) approach is the most common kind of predicting inference.
The majority of techniques utilised in this study were traditional machine learning techniques, along with
kernel density estimation-based approaches and, less frequently, point process and deep learning
techniques[7]. provided a prediction learning model using data modelling using Dynamic Windows to
determine whether a certain person will commit a new crime within n window years in the future[8]. When
classified into seven categories, comparable crimes are predicted by neural network models in 27 different
types of crimes 16.4% of the time and 27.1% of the time, respectively. In 31.2% of cases, location prediction
neural networks can accurately guess a zip code's location or a nearby location[9]. A number of indicators are
presented to assess the effectiveness of the suggested deep neural network model. The best model was found
by comparing the outcomes of several scenarios (tasks), and it uses the occurrences of the previous two days
as its inputs to forecast the third day. The validation set's coefficient of determination in this instance was 97%.
Despite using temporal data, the deep convolutional model has demonstrated excellent prediction ability, in
this example using six convolutions[10]. Using the CNN-LSTM model, they tried to predict the crime rate.
They used the three-year crime dataset obtained from the NCRB for this study. We settled on the following
four criteria: homicide, rape, theft, and property crimes. In the beginning, we extract the attributes from the
dataset using CNN, and we forecast the crime rate using LSTM. In the studies, we discovered that combining
the CNN with the LSTM model may deliver a reliable crime prediction approach with a high forecast
accuracy[11][26]. CNN's accuracy rate of 99 percent is 100% acceptable would be extremely biassed and overly
pessimistic[12][27].

Crime Intention Detection System is an automated system that prevents crimes from happening by identifying
a person's possession of a gun or knife using a pre-trained VGGNET19 model in less time than it would take to
use a GoogleNet Inception V3 model[13]. To automatically categorise the criminal court cases, a machine
learning method called naive bayes is applied. The model presented in this research may therefore identify ICT
involvement in criminal court cases, as well as the features upon which it is based and the precision of this
categorization[14]. When analysing historical data to discover trends in prior crime occurrences, gradient
boosting algorithms demonstrated great accuracy[15]. Based on the information from the previous 24 hours,
the suggested architecture forecasts the upcoming hour. The output of our proposed model can be the
predicted number of crimes in any category for a specific region. Additionally, it gives law enforcement
information on potential criminal activity based on category, location, and time[16]. The author made the
conclusion that identifying and forecasting crime hotspots is an important procedure that requires more
research. Throughout this methodical procedure, several crucial study areas are discovered, which will aid the
researchers in developing a better and more reliable crime prediction system[17. Parallel crime scene analysis
system based on artificial societies, computational experiments, and parallel execution (ACP), which leverages
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artificial (A) crime scenes. computational (C) experiments to compute and predict the various types of crime
scene, and parallel (P) execution to direct or control the evolution of the actual criminal activity in accordance
with the findings from the artificial crime scene. scene to describe the fundamental components, functions,
and states of the criminals[18]. Two separate data-processing techniques are used to analyse crime statistics
for Vancouver during the last 15 years. When predicting crime in Vancouver, machine-learning predictive
models K-nearest-neighbour and boosted decision tree are used, and an accuracy range of 39% to 44% is
obtained[19]. As a result, we were able to anticipate whether a crime will happen, how many would happen
within an hour, and what kind of crime would happen most frequently[20]. With murder being the
predominant criminal attribute in relation to the other categories, extensive study is conducted. On train and
test data, we used the Bayesian, Levenberg, and Scaled algorithms to discover the iteration at which the best
valid performance was achieved. It was found that, for the data under consideration, the Scaled algorithm
produced the best result when compared to Bayesian and Levenberg . The results of the statistical analysis,
which was based on correlation, ANOVA, and graphs.

The investigation revealed that using deep learning algorithms, genetic algorithms, and other algorithms, the
crime rate may be lowered to 78 percent[21]. Using KNN and decision trees, Naive Bayes, Linear Regression
CART (Classification and Regression Tree), and SVM algorithms utilising crime datasets from Chicago and
Los Angeles, we enhanced the forecast accuracy for crimes[29]. On Chicago datasets, XGBoost obtains the
highest level of accuracy among the algorithms, whereas KNN does so on Los Angeles datasets[22]. In order
to assist both law enforcement officials and scientists in reducing and preventing future crime occurrences, it
is our goal to gather and synthesise the necessary knowledge regarding machine learning-based crime
prediction[23]. Deep convolutional autoencoder neural network for numerous temporary inputs comprising a
day's worth of crime predictions[24]. The Faster R-CNN based model produced the most promising
results[28]

3 SYSTEM MODEL

The crime classification based on deep learning is discussed in the Fig. 1. This work uses real dataset collected
from DCRB of Thoothukudi. The dataset includes SDO(division),total crime occurred in each division,
Head(crime name),determined/not, cr.no &sec. of law, complainant name, gist of the case and reason of UI.
The dataset contains seven categories of crime namely murder, HBN(House Burglar by Night), rape, robbery,
dowry, POSCO and Suspicious death. These six types of crime are broadly classified into 2 major categories
namely property crime (HBN, robbery) and violent crimes against women and child(Murder, dowry, rape,
POSCO, Suspicious death). This dataset is used for input of the system model. Figure 1 represents the system
model.

Input Dataset
(Crime Dataset)

NS

Data Preprocessing

Tokenization [] Lower Casing Stop Words Removal L emmatization

M Stemining ||

NS

Feature Extraction Frocess: GLOVE Embedding Technique

N\Z

Classification Process: GRT Model / AutoEncoder Model /S ID CININ Model

N2

Ferformance Measures. Specificity, Accuracy, Precision, F-Score, MCC

Figure 1 Architecture of the proposed method
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3.1 Preprocessing

This proposed method has used real time data which is collected from DCRB of Thoothukudi. This data set
contains many fields like Crime Number, section of law, date of occurance, location, sub division, reason and
gist of the case. Gist of the case contains summary of the crime case. To precede the proposed work efficiently,
preprocessing the raw data is mandatory. The following steps are followed to preprocess the gist of the crime.
They are tokenization, lowercase conversion, removing stop words, numbers, punctuations and extra spaces.
Then applied lemmatization and stemming for better performance. Lemmatization often refers to carrying out
tasks correctly using a vocabulary and linguistic analysis of words to remove only inflectional endings and
return the lemma, or dictionary form, of a word. Stemming is a term that often describes a fundamental
computational method that removes derivational affixes from words in the hopes of attaining this goal most of
the time. Both stemming and lemmatization aim to reduce a word's inflectional forms and occasionally related
derivational forms to a basic form. The technique of lemmatization involves reducing a word to its most basic
form. Lemmatization, as opposed to stemming, evaluates the context and changes the word to its relevant base
form. Stemming just eliminates the final few characters, frequently resulting to inaccurate spellings and
meanings.

3.2 Feature Extraction

After preprocessing , some steps to be followed for feature extraction in order to produce better results. The
technique of turning raw data into numerical features that can be handled while keeping the information in
the original data set is known as feature extraction. In this work, countervectorizer is built for numerical
conversion, data is fitted, transforming text to features, shaping the features(128 by 1572), picking
countervectorizer and saved the featurs for training the model. Further, GloVe Embeddings is also used.

3.2.1 GloVe Embeddings

It is employed to locate the unusual words. It is a publicly accessible pre-trained word embeddings approach
[23]. The "glove.6B.300d.txt" package has an 822 MB file size. The sizes of the embedding vectors range from
50, 100, 200, and 300 dimensions. A co-occurrence matrix for the supplied term is generated using Glove [24].
Eq. (1) depicts the GloVe model for the co-occurrence matrix.

WTW]+bl+b] zlog(1+Xij) (1)

This method generates two sets of word vectors wi and W;. Typically, the left and right contexts are
distinguished, so Xij is asymmetric. There are two distinct word vectors here. A single word vector is obtained
as w;=w; + w;. The co-occurrence matrix has few values with high probabilities and most of its entries are very
close to or equal to zero, making it sparse.

3.3 Classification Process

Data can be categorized using the process of classification into a specified number of classes. Finding the class
is the main goal of a grouping problem. It's crucial to categorize the various types of assaults. There are three
classification methods: ICNN, GRU3, and AE. Murder, HBN(House Burglar by Night), rape, robbery, dowry,
POSCO and Suspicious death are all considered to be crimes and each one has been labeled 1 through 5 based
on its nature. The collection is arranged similarly in Table 1 according to the nature of the offence.

3.3.11D CNN

The phrase "convolutional neural network" refers to a network that uses the convolution mathematical
technique. A specialised kind of linear processing is convolution. Convolutional networks are simple neural
networks that, in at least one of their layers, employ convolution rather than standard matrix
multiplication[33].
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Fig 2. Structure of ID CNN
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Convolutional kernels will slide through a list of word embedding in order to process a complete string of words
as shown in figure 2. Due to the fact that the kernel is only moving in one dimension time, this is known as a
1D convolution. A single kernel will go through each word embedding on a list of input embeddings one at a
time, starting with the first one (and a short window of next-word embeddings), then moving on to the next,
and the next, and so forth. The output will be a feature vector with roughly the same number of values as the
number of input embeddings.

3.3.2 GRU

The ability of the GRU to hold on to long-term dependencies or memory stems from the computations within
the GRU cell to produce the hidden state[33]. While LSTMs have two different states passed between the cells
— the cell state and hidden state, which carry the long and short-term memory, respectively — GRUs only have
one hidden state transferred between time steps as shown in figure 3. This hidden state is able to hold both the
long-term and short-term dependencies at the same time due to the gating mechanisms and computations that

the hidden state and input data go through[32].

Uit
X m—
h._ state, h
3 Reses 4
[Gate]

Input, X; I

Figure 3 Structure of GRU

3.3.3 AUTOENCODER

An autoencoder is a kind of neural network that may be trained to learn how to rebuild images, text, and other
types of data from compressed copies of itself. Typically, an autoencoder has three layers: Encoder, Code and
Decoder[33]. To decrease dimensionality, we can use an autoencoder to compress input data, encode it, and
then reconstruct the data in a different format. Autoencoders let you to concentrate solely on the most
important aspects of your data. The autocoder for one-class categorization in our work has a straightforward
architecture with just one layer.

suan
H , sess
T Y y I
snan y snes
n \ =]
/ N/ N Reconstructed
INPUT DATA : Data
32 nodes
81 nodes 81 nodes
| — - | - J
l Encoder Decoder l
Original New
Sfearures [eatures

Figure 4 Autoencoder Structure
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According to Figure 4, the autoencoder takes 81-dimensional input data and decreases it to 32 dimensions in
the encoder stage before increasing it once again to 81 dimensions in the decoder stage. 2,500 data from the
training set are used to teach the autoencoder[35].

4 EXPERIMENTAL RESULTS

This section reports the findings of the data analysis. Data from crimes like murder, robbery, kidnapping, and
dower are included in the dataset. The initial data set was separated into two parts: training data (80%) and
testing data (20%).

Data Source and Selection

The DCRB (District Crime Record Bureau) in Thoothukudi is the source of the actual dataset. Factual reports
on decoity, daytime and nighttime home invasions, murder, robberies, dowries, POSCO, rape, and theft are
among the data that have been gathered and are thought to be the major components. The DCRB has generated
crime statistics that are ready for further processing. The Thoothukudi District has kept track of all violent
crimes for the past five years, from 2018 to 2022, according to crime data. There have been roughly 2556
criminal cases overall, broken down into Thoothukudi District's eight divisions and 56 police stations.

4.1 Data set used

The crime data were collected from the DCRB ‘Crimes - 2018 to May 2022 present’ dataset, a real-data which
contains criminal cases happening in Thoothukudi District from 2018 to May 2022. We collected all criminal
cases 8 divisions over six years from January 1, 2018, to May, 2022.

4.2 Evaluation Metrics used

A confusion matrix is used to evaluate the model's performance in a classification problem. Finding three
crucial factors, namely accuracy, sensitivity, and specificity, is done by using the confusion matrix's elements.
Four results are produced by this categorization (or prediction): True Positive(TP), True Negative(TN), False
Positive(FP), and False Negative(FN).

Actual Values

Positive Negative

True positive (TP): correct positive prediction

False positive (FP): incorrect positive prediction

True negative (TN): correct negative prediction

False negative (FN): incorrect negative prediction

In this model, totally seven evaluation metrics are used, namely accuracy, precision, sensitivity(recall),
specificity, F1 score and (MCC) to measure the performance of the models.

A false positive shows an error in binary classification. Test result incorrectly indicates the presence of a
condition such as a crime type when the crime name is not present. A false negative is the opposite error
where the test result incorrectly fails to indicate the presence of a condition when it is present. False Positive
Rate (FPR) also called as fall-out is the probability of false alarm. It is the false positive value divided by sum
of false positive and true negative as shown in Eq. (1).

FPR=—2— (1)

FP+TN
False Negative Rate (FNR) also called as miss rate. It shows the false negative value divided by sum of false

negative and true positive as shown in Eq.(2).
FNR=——— (2)

FN+TP

Predicted Values
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The number of all valid predictions divided by the total number of the dataset is used to calculate accuracy.

Accuracy is the number of correctly predicted data points out of all the data points as shown in Eq. (3).
TP+TN
(3)

Accuracy=————
TP+TN+FP+FN

Precision is also called as Positive Predictive Value (PPV). It is the number of correct positive results divided
by the number of positive results predicted by the classifier as shown in Eq.(4).

Precision = P (4)

The number of accurate positive predictions divided by the total number of positives is used to calculate
sensitivity. It is also known as recall or true positive rate (TPR). TPR is the true positive values divided by total
number of actual yes. It is the number of correct positive results divided by the number of all relevant samples
taken from data science as shown in Eq.(5).

Sensitivity(Recall) = T:’FN 5)
The number of accurate negative predictions divided by the total number of negatives is used to calculate

specificity as shown in Eq.(6). Another name for it is true negative rate (TNR).
Specificity = P (6)

F1 score is the harmonic mean of the precision and recall as shown in Eq. (7).
Precision XRecall (7)

F1=2x Prqcision+Recall . . .
The statistical measure known as Matthew's Correlation Coefficient (MCC) is employed to assess models. It

performs the same function as chi-square statistics for a 2 x 2 contingency table, which is to assess the
difference between the expected values and actual values as shown in Eq.(8)

TNXTP—FNXFP
©))

MCC:\/(TP+FP)(TP+FN)(TN+FP)(TN+FN)

4.3 Results and Discussions

The illustration below provides a good explanation of the data's highest crime rate from 2018 to 2022. These
reucords of crimes collected from DCRB. This work implemented by using ID CNN, GRU and Autoencoder
techniques for crime classification. The confusion matrix of 1D CNN is obtained for our dataset is shown in

Fig.5.

Confusion Matrix

Murder
Robbery
HBD

HBN

Actual Class

WomenCrime

ChildCrime

Murder
Robbery =

WomenCrime
ChildCrime

Predicted Class

Fig 5. The confusion matrix of 1D CNN

The appropriate threshold for a given problem can be chosen using a precision-recall curve, which also aids in
visualising how the threshold selection influences IDCNN classifier performance. It is often used in situations
where classes are heavily imbalanced. Generally, the higher the AUC-PR score, the better a classifier performs
for the given task. AUC-PR stands for area under the (precision-recall) curve as shown in Fig 6. Different crime
categories are compared by using Precision-Recall curve. Average Precisiopn (AP) is high in childcrime.
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Precision-Recall Curve
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|
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0.2 — HBN (AP=0.856)
' WomenCrime (AP=0.726)
ChildCrime (AP=0.9957)
0.2 4.0 0.2 0.4 0.6 0.8 1.0

Recall
Fig 6. AUC — PR graph

A Receiver Operating Characteristic (ROC) curve is a plot of the true positive rate (Sensitivity) is function of
the false positive rate (100-Specificity) for different cut-off points of a parameter. Each point on the ROC curve
represents a sensitivity/specificity pair corresponding to a particular decision threshold. ROC curve shown in

Fig.7.

Recelver Operating Characteristic Curve

1.@,_.|

3 0.8
[1»]
o 1
2 0.6
-~
=
-
S 0.4 J —— Murder (AUC=0.9921)
o o.
o Robbery (AUC=0.9832)
> —— HBD (AUC=0.9795)
— 0.2 —— HBN (AUC=0.9713)
WomenCrime (AUC=0.9727)
0.0 ChildCrime (AUC=0.9988)
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig 7. ROC Curve

The consequence of a poor prediction is loss. In other words, loss is a measure of how poorly the model
predicted a single case. The loss is zero if the model's forecast is accurate; otherwise, the loss is higher. Training

and Validation Loss Function of 1D CNN is shown in Fig.8.
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Training and Validation Loss

—— Training
~—— Validation

1.6

Epochs

Fig 8. Training and Validation Loss Function of 1D CNN

The confusion matrix of GRU is obtained for our dataset is shown in Fig. 9

Confusion Matrix

Murder
Robbery
HBD

HBN

Actual Class

WomenCrime

ChildCrime

Murder
Robbery @S

WomenCrime
ChildCrime

Predicted Cla

w

5

Fig 9. The Confusion Matrix of GRU

The appropriate threshold for a given problem can be chosen using a precision-recall curve, which also aids in
visualising how the threshold selection influences GRU classifier performance. It is often used in situations
where classes are heavily imbalanced. Generally, the higher the AUC-PR score, the better a classifier performs
for the given task. AUC-PR stands for area under the (precision-recall) curve. Average Precision (AP) is

high in murder and child crime.
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Precision-Recall Curve
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Fig 10. AUC - PR graph

A Receiver Operating Characteristic (ROC) curve is a plot of the true positive rate (Sensitivity) is function of
the false positive rate (100-Specificity) for different cut-off points of a parameter. Each point on the ROC curve
represents a sensitivity/specificity pair corresponding to a particular decision threshold. The classifier can
successfully differentiate between all Positive and Negative class values when AUC = 1. However, if the AUC
had been o, the classifier would have predicted that all Positives were Negatives and all Negatives were
Positives. ROC curve shown in Fig 11.

Receiver Operating Characteristic Curve
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> —— HBD (AUC=0.9877)
— 0.2 —— HBN (AUC=0.9978)
WomenCrime (AUC=1.0)
0.0 ChildCrime (AUC=0.9988)
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig. 11 ROC Curve
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The consequence of a poor prediction is loss. In other words, loss is a measure of how poorly the model
predicted a single case. The loss is zero if the model's forecast is accurate; otherwise, the loss is higher. Training

and Validation Loss Function of GRU is shown in Fig.12

Training and Validation Loss

—— Training
Validation

1.6

Loss
-
w

1.4

1.3

Epochs

Fig 12. Training and Validation Loss Function of GRU

The confusion matrix of Autoencoder is obtained for our dataset is shown in Fig. 13.
Confusion Matrix

Murder

Robbery
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HBN

Actual Class

WomenCrime

ChildCrime

= e
E E
= |
B —
o i
c h=]
@ -
§ =&

i =
= (=]

Predicted Class

Fig. 13 Confusion Matrix of AutoEncoder

Different crime categories are compared by using Precision-Recall curve. Average Precisiopn(AP) is high in
murder, robbery and child crime.
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Precision-Recall Curve
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0.4 Robbery (AP=1.0)
—— HBD (AP=0.9484)
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ChildCrime (AP=0.9941)
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Recall

Fig 14. AUC - PR graph

Each point on the ROC curve represents a sensitivity/specificity pair corresponding to a particular decision
threshold. AUC=1 in Murder and Robbery crime.
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Fig.15 ROC Curve

This comparison is performed with 50 epoches. The performance of model is measured by accuracy, precision,
sensitivity(recall), specificity, F1 score and MCC. Autoencoder yields better performance compared to 1D CNN
and GRU.

Table 1 Performance Comparison of Different Deep Learning Techniques
1D CNN GRU AutoEncoder
Accuracy 0.9609 0.9609 0.974

Precision 0.9323 0.9379 0.9288
Sensitivity 0.6528 0.6528 0.7361

Specificity  0.9728 0.9728 0.9838
F-Score 0.6842 0.6842 0.7529

MCC 0.7129 0.7129 0.776

The 1D CNN, GRU and AutoEncoder Techniques are compared and shown the performance in percentage.
Except Precision, AutoEncoder produced good results as shown in Fig. 16.
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Fig 16. Performance Comparision on Different Deep Learning Methods

With the help of metrics, we consider Autoencoder is a best classifier for my dataset. Specificity gives better
result. Crime against women and Child are high according to ROC curve. Next level crime is Murder. Mostly
womens are murdered in Thhothukudi District. Specificity provides better result. Due to lack of information
in our real time dataset we couldn’t find family background of accused and reason for committing offense.

5 CONCLUSIONS AND FUTURE WORK

Deep learning techniques are developed for crime classification in efficient manner. This paper tests the
performance of iIDCNN, GRU and Autoencoder techniques on the DCRB ‘Crimes - 2018 to May 2022 present’
dataset. In this work, Autoencoder is considered as best techniques in crime classification. The Autoencoder
shows high specificity 0.9838 when compared with 1IDCNN and GRU.

The proposed method achieves better performance in crime classification. But, there is some misclassification
in our techniques due to lack of information in our dataset. Hence, this proposed method will be improved by
using advanced techniques and improving crime data set. Furthermore, our present crime classification
method is unable to provide information regarding family background of accused and reason for committing
offense.
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