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ABSTRACT

As registered vehicles grow, Sri Lanka needs
more than just staff to manage and implement
legal and safety regulations. The Sri Lankan
Police Department or any other responsible party
may benefit from this paper's deep learning
method for recognizing license plates of vehicles
in Sri Lanka to identify criminal vehicles. Since
Sri Lankan has no proper automated approach to
identifying criminal vehicles on the way, a study
is carried out to implement a technological
solution for this problem. This developed system
provides a resilient and efficient deep learning
method using a mix of two Convolutional Neural
Network (CNN) architectures. The resulting
product provides accurate identification of
criminal vehicles under several challenges.

1. INTRODUCTION

In Sri Lanka, the process of identifying criminal
vehicles is done by a very traditional manual
approach. And this approach has several
drawbacks and disadvantages. By the current
practice, the vehicles associated with criminal
records are identified by the policemen who are
on duty. What they follow is to keep the criminal
vehicle numbers with them and monitor each
vehicle passing by to catch the suspected vehicle.
As it seems, there will be so many missing
incidents when it comes to human monitoring.
Since this approach has difficulties, this project
suggests a technological system that can detect
vehicle numbers in real-time and identify
vehicles with criminal records. (Jayamanne,
2018)

Automatic Number Plate Recognition (ANPR)
technology is a critical law enforcement
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capability used to detect, deter, and disrupt
criminality at a local, regional, and national level,
including Organized Crime Groups, people
traffickers, serious sexual offenders, and
terrorists. ANPR is also used to protect
vulnerable people from harm. (Automatic
Number Plate Recognition (ANPR) Strategy
2020-2024, 2020)

An automatic crime vehicle detector is an Al
solution proposed to be developed using
computer vision technologies. This system can
detect the nameplates of vehicles and extract the
vehicle number. Then the extracted vehicle
number is compared against a criminal records
database to identify whether it is associated with
a criminal record to catch the suspected vehicle.
Also, this system can locate stolen or wanted
vehicles. Since there is no technological
approach to achieve this scenario in Sri Lanka,
this project will considerably support identifying
criminal vehicles without any human efforts or
failures.(Jayasekara et al., 2015)

2. LITERATURE REVIEW

When it comes to computer vision, object
detection is a critical activity that is used to
recognize instances of visual objects of specific
classes (for example, human beings, animals,
cars, or buildings) in digital images such as
photographs or video frames. To achieve this,
object detection aims to construct computational
models that answer the question "What things are
where?" that is required for computer vision
applications. (Boesch, 2021)

Image processing algorithms are  often
unsupervised in nature, meaning that they do not
require past data to be trained. Consequently,
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those activities do not necessitate the use of
annotated photos, in which humans manually
labeled data (for supervised training).

Several limitations apply to this technique,
including complex circumstances (without a
single-color background), occlusion (partially
hidden objects), illumination and shadows, as
well as the clutter effect. (Xu et al., 2018)

Deep Learning approaches are typically reliant
on supervised training to function. The
performance of GPUs is restricted by their
calculation power, which is expanding at an
alarming rate year after year.

Image classification is the process of estimating
the class of a single object in a photograph.
Object localization is the process of detecting
the location of one or more items in an image and
creating a bounding box around the extent of
those objects. When these two tasks are
combined, object detection can be used to
identify, locate, and classify one or more items in
each image.(Laroca et al., 2021)

YOLO object detection is a real-time object
detection system that relies on a single neural
network to detect objects in real-time. A new
feature in the newest release of ImageAl v2.1.0
is the ability to train a custom YOLO model that
can recognize any type or number of objects.
Conventional neural networks are examples of
classifier-based systems in which the system
repurposes  classification or localization
algorithms to do detection and then applies the
detection model to an image at a variety of
different locations and scales. The portions of the
image with "high score" are deemed to be
detections in this procedure. Simply put, the
regions that most closely resemble the training
images are those that are positively
identified.(Redmon et al., 2016)
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Because it is a single-stage detector, YOLO can
complete classification and bounding box
regression in a single step, making it significantly
faster than most convolutional neural networks.
When it comes to object detection, for example,
YOLO is 1000 times faster than R-CNN and 100
times faster than Fast R-CNN.(Redmon et al.,
2016)

On the MS COCO dataset, YOLOV3 achieves a
mean accuracy of 57.9 percent, compared to
DSSD513's 53.3 percent and RetinaNet's 61.1
percent for the other two algorithms. When it
comes to training, YOLOv3 makes advantage of
multi-label categorization with overlapping
patterns. So it has the potential to be applied in
complex circumstances for object detection. For
small-item classification, YOLOv3 can be used
because of its multi-class prediction capabilities.
However, when it comes to large or medium-
sized object classification, YOLOv3 performs
significantly worse. More information on
YOLOvV3 can be found here.(Gnanaprakash et
al., 2021)

MobilenetSSD is an object detection model that
takes an image as input and computes the
bounding box and category of an object within
that bounding box. It is possible to achieve fast
object detection optimized for mobile devices by
utilizing the Single Shot Detector (SSD) object
detection model, which makes use of Mobilenet
as a backbone. (Puarungroj et al., 2018)

MobileNetV2 is a convolutional neural network
architecture that has been designed to perform
well on mobile devices such as smartphones and
tablets. It is based on an inverted residual
structure, in which the residual connections are
between the bottleneck layers, rather than
between the layers themselves.

Convolutional neural networks, such as
inception-ResNet-v2, are trained using images
from the ImageNet collection, which contains
more than a million images. A 164-layer network
can classify photos into 1000 object categories,
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which include things like a computer keyboard, a
mouse, a pencil, and a variety of animals. Thus,
the network has learnt rich  feature
representations for an extensive variety of
images because of its training. The network
accepts images with a resolution of 299 by 299
pixels.(Alam et al., 2021)

There has been evidence that the Inception
architecture can achieve extremely good
performance at a cheap computational cost, and
that training Inception networks with residual
connections can dramatically expedite the
training of Inception networks. Additionally,
there is some evidence that residual Inception
networks outperform comparably expensive
Inception networks that do not include residual
connections.

YOLOvV5 is a family of object detection
architectures and models that have been
pretrained on the COCO dataset. It is the result of
open-source research conducted by Ultralytics
into future vision Al methods. It incorporates
best practices and lessons learned from
thousands of hours of research and development.
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Figure 14: YOLOVS5 Results on COCO Dataset!
Optical character recognition, also called an
optical character reader, is the electronic or
mechanical conversion of images of typed,
handwritten, or printed text into machine-
encoded text. This can be done from a scanned
document, a photo of a document, a scene-photo,
or from subtitle text superimposed on an image.
(Long et al., 2021)

1 https://github.com/wonbeomjang/yolov5-knowledge-

distillation
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Open-source text recognition (OCR) engine
Tesseract is accessible under the Apache 2.0
license and is free to use. A programmatic
interface (API) can be used to extract written text
from photographs, or it can be utilized directly
(for programmers). (Vetriselvi et al., 2021)1t can
support many different languages. Tesseract does
not come with a built-in graphical user interface
(GUI), although there are various options
accessible on the 3rdParty website.

Because of wrappers, Tesseract is compatible
with a wide range of programming languages and
frameworks, which can be found here.(Profile,
2016) A combination of this feature with an
external text detector can be used to recognize
text within a big document, or it can be used in
conjunction with a single image of a text line to
recognize text from a single text line. (Sable,
2022)

Easyocr is a python module developed to optical
character recognition based on LSTM
architecture. This package works as follows:

Generation of data is done by MJ-Synth
package.

For detections, the CRAFT model is
used.

Training a tweaked pipeline for text
recognition based on the "What is
wrong" paper (see above).

Other ways to improve.

Multi-language: as said, OCR contains some
NLP elements. So, dealing with different
languages has both differences and similarities
that we could use to our advantage. Therefore,
the CRAFT model (and probably other detection
models) is multilingual. The training process is
the same, but the recognition models are different
for each language (e.g Hebrew and Arabic are rtl
and not left to right) (JaidedAl, n.d.)

Image processing techniques research has been
done to identify best technique to improve ocr
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results. The following methods were on the
research. (Shafii et al., 2015)

3.

Since there was no Sri Lankan vehicle
numberplate dataset to be found, a new dataset
was created during the study. Meanwhile, the
numberplate detection model was trained using
existing foreign vehicle numberplate datasets
found on Kaggle.com.?(Xu et al., 2018)

DATA PREPARATION

4. ANALYSIS OF EXPERIMENTS

According to the findings of the research, the
following three model architectures have been
investigated thus far. (Profile, 2016)The three
model architectures chosen for this project were
chosen because they are lightweight, have a fast
inference time and high accuracy, and are well
suited to the project's application and resources,
which include computing power.(Azad et al.,
2013)

1. ssd_mobilenet_v2/fpnlite_320x320
2. InceptionResnet v2
3. YOLOV5

Since this project is focused on developing an
automatic vehicle numberplate recognition
system to identify criminal vehicles in real time,
the project should be able to run on device-level
micro-computers/mobile devices.

The object detection model developed should be
compatible with low-performance devices which
require minimum computing resources.(Profile,
2016)

5. Analysis of Object Detection Model
Results
The model architectures are selected to

experiment by transfer learning on a new vehicle

2 https://www.kaggle.com/datasets/andrewmvd/car-plate-

detection
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nameplate dataset which contains Sri Lankan
vehicle number plates. All the results were
evaluated manually one by one.(Lazrus et al.,
2011)

Table 15: Experimented Results of Model
Architectures

Accuracy
on Sri
Model Architecture Lankan
Numberpl
ates
ssd_mobilenet_v2 /fpnlite | 80% and
_320x320 model below
0,
InceptionResnet V2 >0% and
below
0,
YOLOV5s 90% and
above
Even though the

ssd_mobilenet_v2/fpnlite_320x320 model and
InceptionResnet V2 models show significant
results on the COCO dataset and ImageNet
datasets, the models have not shown better
results on Sri Lankan vehicle number plates.
Comparing all three experimented models, the
YOLOv5s has shown accurate detections on
almost all the Sri Lankan data except the
corrupted or low-quality images.

6. Analysis of Optical Character

Recognition module results

Easyocr is faster and smaller than Pytessaract and
has more accuracy. This model has various
techniques to give better results like having a
tighter shape of image parts for object
recognition.(Smelyakov et al., 2021)
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Table 16: OCR Model Analysis

OCR Model Accuracy
EasyOCR 95%
Tesseract OCR 71.76%

As per the results of the experiments done on Sri
Lankan vehicle nameplates, the EasyOCR model
experiments' results have shown better results
than the other two OCR modules. (Smith)

Table 17: OCR Modules Error Rate
OCR Error rate | Error rate
Model on on

numbers alphabets
Tessaract | 5.5% 0.7%
OCR
EasyOCR 1.9% 4.3%

When comparing the error rate of recognizing
numbers, EasyOCR has the lowest while
Tessaract OCR is higher. Vehicle number plates
consist of numbers with two or three block
letters. (Smelyakov et al., 2021)The EasyOCR
model performs better on Sri Lankan
Nameplates. But this module also misinterprets
some characters in different scenarios. The below
table contains the most  misinterpret
characters.(Yogheedha et al., 2018)

Table 18: Misinterpreted characters by

EasyOCR
Actual character | Misinterpret
character
D 0
H
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But the study has been expanded to improve the
EasyOCR model results on Sri Lankan Vehicle
number plates by experimenting with various
image processing techniques.

7. Analysis of experiments in

Processing techniques

Image

Image processing techniques research has been
done to identify the best technique to improve
OCR modules’ results. The following methods
were on the research. (Shafii et al., 2015)

During the research, every image processing
technique has experimented on Sri Lankan
vehicle nameplates. The techniques including
smoothing, thresholding, binarization, noise
removal, erosion, dilation, opening, closing, and
convolutional 2D were experimented with by
tuning parameters. (Turkyilmaz et al., 2017)

According to the test results, binarization and
thresholding techniques failed to enhance the
number plates. Smoothing techniques showed
some improvements where erosion performed
numberplates were clearly read by the
EasyOCR.(Wanniarachchi et al., 2007)

8. ANALYSIS OF RESULTS

Going through the results of the above-
mentioned experiments on different model
architectures and techniques, the prototype was
implemented using the YOLOv5s model and
EasyOCR to detect and extract the vehicle
numbers.
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Figure 15: Confusion Matrix
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9. TESTING AND CHALLENGES

OCR model output testing was carried out
by experimenting with different image
processing techniques. Since Sri Lankan
vehicle numberplates are in different styles,
some of the nameplates failed to read the
actual vehicle number by the
OCR(Jayasekara et al., 2015). Also, most Sri
Lankan vehicle nameplates are with various
designs and templates. Due to the variety of
structures, EasyOCR module misinterpret
several characters.(Smelyakov et al., 2021)
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Figure 16: Different Types of Sri Lankan
Vehicle Number plates®

8 http://www.worldlicenseplates.com/world/AS_SRIL.html

460

10. CONCLUSION AND FUTURE DIRECTIONS

In summary, this study followed by a prototype
was based on a real problem in Sri Lanka. Since
Sri Lankan police department does not have
proper technological approach to identify
criminal vehicles on the roads other than the
manual method, this project gives a best solution
to it. Per the discussion with police officers from
different police stations, their feedback was that
this kind of solution is worth implementing a
needful to police operations on investigating
criminal inquiries associated with vehicles.

Apart from giving a solution to this problem, this
study represents the technological advancements
and applicability. And so on, according to the
background research, there are no such solutions
implemented in this matter. Only research are
presents. Furthermore, this study has presented
various image processing techniques that can
enhance the results of reading vehicle numbers
from the detected Sri Lankan vehicle number
plates.
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