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Abstract— Automatic license.plate.recognition is.the.task.of.extracting vehicle.registration plates and.labeling it for.its underlying id 
entity.license. It.uses optical.character recognition on images to read.symbols present.on the license plates. Generally, license.plate.rec 
ognition system.includes the.plate localization, segmentation, character extraction and.labeling. This research paper describes machine 
learning based.automated.Indian license plate recognition model. Various image processing algorithms are.implemented.to detect.licen 
se.plate.and.to extract individual.characters from it. Recognition system then uses Support.Vector Machine (SVM) based.learning and. 
prediction on calculated.Histograms.of.Oriented.Gradients (HOG) features from each character. The system is evaluated.on self-create 
d.Indian license.plate dataset. Evaluation accuracy.of.license plate character dataset.is obtained.as; 6.79% of.average system error rate, 
87.59% of.average precision, 98.66% of.average recall.and 92.79% of.average.f-score. The.accuracy of.the.complete license.plate label 
ing experiment.is obtained.at.75.0% . Accuracy.of.the automated.license plate recognition is greatly influenced.by.the segmentation acc 
uracy of.the individual.characters along with the.size, resolution, pose, and.illumination of. the.given image. 

 
Index Terms—Indian Licence.Plate.Recognition, license Plate Detection, Feature Extraction, Histograms of.Oriented.Gradients, O 

ptical.Character Recognition, Support.Vector Machines, Computer.Vision, Machine Learning. 
 

I. INTRODUCTION 
Automatic license Plate Recognition (ALPR) systems are i 

mportant systems in.transportation.management and surveill 
ance. They are capable of.identifying.vehicles by extracting 
the license plate and reading.the plate identify which is uniq 
ue identification code given to each vehicle. ALPR systems 
can be used for automatic traffic control, electronic toll colle 
ction, vehicle tracking and monitoring, border crossing, secu 
rity and many more. 

 
Developing.ALPR.systems requires integration of.comput 

er vision.algorithms with imaging hardware. Computer visio 
n algorithms include image processing techniques for licens 
e plate localization, plate orientating.and.sizing, normalizati 
on and character segmentation. Beside these, it includes patt 
ern.recognition techniques for optical character recognition. 
For better identification accuracy, machine learning techniq 
ues are used to learn from.input data. There are many difficu 
lties that ALPR system may face; such as, poor resolution, p 
oor illumination.conditions, blurry inputs, plate occlusion, di 
fferent font size and variety of.plate structures. 

 
In this research paper, I proposed a machine learning base 

d Indian license plate recognition system, which is capable o 
f.automatically labeling a given.license plate to its identity. 
Automatic license plate recognition is a widely researched p 
roblem from many decades and in many countries it is succe 
ssfully applied to practical domain too. But of.Indian license 
plates there are very few researches conducted so far. Most 
of.them are based on simple distance measures for character 
matching. Plate localization and segmentation are.again not 
researched.much for.handling all the situations. 

 
Indian.license.plate character are selected from the pool o 

f.alpha numeric characters (Fig. 1) in a specific plates (Fig. 
2)consist of.4 parts such.as first two letters indicates the 

state t o which the vehicle is registered. The next two digit 
licenses are the sequential license of.a district. The third part is 
4 digi t license unique to each.plate. A letter(s) is prefixed 
when th e 4 digit license runs out and then two letters and so 
on. The fourth part is an international oval “IND” and top of.it 
is a s mall blue square(not necessarily with all license plates). 
Her e, I.propose a.complete license plate recognition 
pipeline.tha t automatically localizes, normalizes and.segments 
license pl ates from vehicle images; segments characters from 
detected. license plates and passes them to classification 
system.for la beling. Classification system implements SVM 
based.machi ne learning algorithms for learning andprediction. 

 
Recent interests of.ALPR.systems include sophisticated m 

achine learning techniques (like deep learning, neural netwo 
rks, SVMs) along.with good plate localization and character. 
segmentation algorithms. Localization.of.license plate refers 
to extracting the region in an image that contains the plate a 
nd some of.the widely used techniques for localization inclu 
de scale shape analysis, edge.detection, mathematical morph 
ology[1], connected component analysis [2], regional segme 
ntation.[3], and statistical classification.[4]. Different algorit 
hms have claimed their accuracy for localization from 80% t 
o 96%. The segmentation phase extracts the region.of.indivi 
dual characters from the.plate. Frequently used algorithms f 
or segmentation include region merging.and.splitting, edge g 
radient analysis and region analysis. Coordinate of.window 
enclosing each character is ascertained.by segmentation. Te 
mplate matching and statistical classification were widely us 
ed for.license plate character recognition in the past. But wit 
h the advent of.technology and machine.learning algorithms, 
Artificial Neural Networks, Support Vector Machines, Hidd 
en Markov Models are some of.the widely used techniques i 
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n the current scenario. These algorithms claim to offer accur 
acy of.up to 98% for tasks like character.recognition even un 
der.different environmental variations. [5] presented quite a. 
good results in different 

 

 
Fig. 2: License plate identifiers for.the Indian vehicles. 

 
Inclination and exposure conditions. The shape and characte 
rs placement in the license plates of.the vehicle are exclusiv 
ely distributed around.the globe and moreover, Indian plate 
uses Alphanumeric characters which make the problem even 
more complex. At such the such recognition methods and al 
gorithm.for the Indian.plate should.be dealt uniquely. 

 
II. SYSTEMOVERVIEW 

The system architecture that we used for the overall licens 
e plate recognition is shown in Fig. 3. The overall system is 
divided into four subsystems; pre-processing, feature extract 
ion, license plate character training and prediction. The first 
part deals preprocessing of.the image to fine tune the.import 
ant details in the.image.along with.the plate localization and 
character.segmentation. Plate localization is carried out to id 
entify the position.of.licence plate in.the image frame. Chara 
cter segmentation extracts the windows in the plate containi 
ng each character. After preprocessing stage, extracted.licen 
se plate characters are labeled for.Optical Character.Recogni 
tion (OCR) and feed into feature extraction subsystem. Feat 
ure.extraction engine extracts useful characteristics from giv 
en character.image. Which are.then passed into OCR.engine 
for.training. Training.subsystem creates trained models for.e 
ach class and caves them for future prediction. Prediction en 
gine takes extracted features and saved classifiers to predict 
the character present in the.given image. 

 
III. IMAGEPREPROCESSING 

The first step of.any image processing system is to prepro 
cess the acquired image. Pre-processing includes some of.th 
e operations on the image to enhance the region of.interest a 
nd thus such operations completely rely upon the context. In 
my case, the region.of.interest is the license plate of.the vehi 
cle.and thus I.implemented following operations that change 
the image into a form suitable for further processing.and.als 
o increase the efficiency of.the algorithm used forlocalizatio 
n, segmentation and feature extractiontasks. 

A. HSV.Color.SpaceConversion 
Hue Saturation and Value (HSV) color space model descr 

ibes colors in terms of.the Hue, Saturation, and Value. HSV 
color.model is often preferred over.the RGB model.for the si 
tuations when color description.plays an integral role. The H 
SV.model describes colors similar to the human eye perceiv 
e the colors [6]. RGB defines color in terms of.a combinatio 
n of.primary colors, whereas, HSV.describes color using mo 
re familiar comparisons system is cylindrical, and the.colors 
are defined inside a hexagon.[7]. The hue value H runs from 

0° - 360°. The saturation S is the degree of.strength.or purit 
y and is from 0 to 1. Value V corresponds to the brightness 
which also ranges from 0 to 1. 

B. ColorMasking 
The image in.HSV mode is now masked.for the approp 

riate color. Indian license plate have.different colored plat 
es depending upon the ownership of.the vehicles. For exa 
mple private vehicles have.white-colored plates with blac 
k characters in it and public vehicles have yellow plates w 
ith black characters. Hence depending upon.the color.of.li 
cense plates of.vehicle, masking is preformed [8]. In.this 
paper, I’m primarily focused on recognition of.license-pla 
te licenses of.public vehicles, thus, I have masked the yell 
ow color from the image. In HSV model, the Hue value fr 
om.around 0° - 10° and.350° -360° can be approximated.a 
s the yellow color. Using these range, I masked the yello 
w color regions from the images. 

C. License PlateLocalization 
The localization.of.the region of.license plate from the.i 

mage of.the vehicle has always been one of.the challengin 
g tasks because of.its unaccountable variations in the sha 
pe, size, color, texture as well as spatial orientations. For.t 
he localization of.the license plate, I initially extract differ 
ent contours within the image. Contours are the region.ins 
ide the curve joining all the continuous points (along the b 
oundary), usually having the same color and intensity. Be 
fore finding the contours, I threshold the image to convert 
into binary form. The purpose of.converting to the binary 
form is for the accuracy of.finding contours. Then the.edg 
es within the image are detected using sobel edge detector 
[9]. The detected edges are grouped to form the contours 
with.the edges behaving.as implicit boundaries between p 
ositive and.negative regions. 

 
The set of.tangents (detected edges) T =t1, t2, .....tN.are 

grouped together to produce contours that are guaranteed 
to be closed.and.simple.(without self-intersection) [10]. H 
owever, it is assumed that only a subset T0 < T of.tangent 
s in the.image lie on.the boundaries of.objects of.interest. 

 
The resulting contours within the rang will be different 

shapes (mostly irregular). We approximate those contours 
by a rectangle. For drawing rectangle.around the contours, 
among the different approximation which compresses hor 
izontal, vertical and diagonal segments and leaves only th 
eir.end points [11]. From these end points a rectangle is c 
onstructed.by using all.the position of.extreme pixels as o 
ne of.the points in the side of.the rectangle. 

 
Within.the image of.the vehicle with license plate, it is 

most likely to get large licenses of.rectangular contours. 
Hence among.the different candidates, to select the recta 
ngle with license plate, I perform following two tests. 

 
1) Aspect ratio test. 
2) Profiletest. 

Aspect ratio is calculated by using, 
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Fig. 1: Indian license platespecifications. 

 
 
 

(1) 

De-skewing: As the images of.the vehicles are taken.w 
hen the vehicles are moving, it is very likely that there will b 
e skew in.the image. The skew also results in the image due 
to difference in the camera position.and the resulting vibrati 
ons of.the vehicle.[12]. The method is usually applied for ali 
gning.the scanned documents so that OCRs accuracy and pe 
rformance can be enhanced. I’m trying to use the same conc 
ept for enhancing the character.segmentation process. 

 
De-skewing is a process whereby skew is removed by rot 

ating an image by the same amount as it is skewed but in.the 
opposite.direction. This results in a horizontally and verticall 
y aligned image.where the text runs horizontally across the l 
ocalized plate than at an angle. For.this the slope of.the local 
ized.licence plate is calculated using the formula given belo 
w. 

 
 
 
 

Fig. 4: Row profile in the left, localized image in.the center 
and columns profile of.two blocks of.characters in the right. 

 
Indian vehicles have license licenses encoded in the both r 

ear and front side with two different sized rectangular plates. 
The front sized plates are usually 4 : 1 ratio and the back siz 
ed plates are in 4 : 3 ratio. 

 
The rectangles with desired aspect ratio will only qualify f 

or the further processing. The aspect ratio.test won’t guarant 
ee to output that one specific rectangle which has got the lic 
ense plate.but do make the job easier for further processes b 
y elimination the large licenses of.the candidate rectangles. 

 
Profile tests are performed to accurately identify a.license 

plate. Profile tests are carried out on.candidate image region 
s that are filtered from aspect ratio test. For a profile test, I.n 
ormally convert image regions into binary form and then cal 
culate both row and column profiles. The row profile of.the 
license.plate rectangle will either have one or two peaks abo 
ve the preset threshold corresponding to the 4 : 1 or 4 : 3 rati 
o plates respectively. 

 
Similarly, in the.column profile there will be.minimum of. 

four and.maximum.of.eight peaks above threshold for the 4 : 
1 ratio plate and.for the 4 : 3 ratio plate, which is previously 
detected from the row profile. I will first divide it into two h 
alves and then the resulting column profile will have, for the 
upper part, minimum.of.three and maximum of.four peaks a 
nd for the lower part the minimum one and maximum four p 
eaks above threshold and all corresponding to the characters 
associated with the license plate. The rectangle with the best 
match is selected as the license plate for the segmentation.pr 
ocess. 

D. Character.Segmentation 
Character Segmentation algorithm.works on the.detected.l 

icense plate region and extracts the extract rectangular boun 
dary enclosing each individual character. I extract the charac 
ter from the localized plate by analyzing their projections bu 
t before, skew correction are made. 

 
(2) 

 
Where average left is the average height of.the pixel when s 
canned from left part of.the image and average right is the ri 
ght counterpart. 

 
2) Projection Analysis: Projection.analysis is carried out 

on profile images (Fig. 4) to extract individual characters fro 
m.localized license plate. As shown in Fig. 4 (right image), t 
he peak of.the projection indicates the presence of.the chara 
cters and the deep valley represents the boundary between th 
e characters. Using a present threshold based on experiment 
al observations, the regions in.the graph can be vertically se 
gmented to get the horizontal width of.each character. The fi 
rst character used in the license plate represents the zone ide 
ntifier and can.contain two sets of.symbol to form a single c 
haracter identifier. So two maxima and minima are obtained 
for it and the thresholding will.extract them separately. To a 
void.this problem.a.simple.width test is performed.and.if.the 
width.is too small to represent a.unique character it is consid 
ered as part of.the first character that is extracted. However, 
as the Fir. 4 (right image), represents the plate with aspect ra 
tio 4 : 3 i.e containing the characters in.the two rows; the pla 
te needs to be preprocessed unlike the plate with.characters i 
n single row. The boundary between two rows should be ide 
ntified and the plate need to be divided into two windows co 
ntaining.each windows. As shown.in Fig. 4 (left image), ana 
lysis of.the horizontal projection shows two peaks representi 
ng each.row and minima representing the boundary between 
them. The plate is dissected through this point to separate th 
e two rows for further processing by vertical.projection. 
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Fig. 3: Automatic license Plate Recognition.System 
 

IV. CHARACTERRECOGNITION 

After segmenting the individual characters from the locali 
zed plate, the characters are passed into OCR system for the 
prediction. OCR system implements support vector machine 
based learning and prediction algorithms. OCR system takes 
input as a numeric feature vector extracted from given chara 
cter image. In the training phase, system is provided.with la 
beled.data to learn a.specific class behavior. SVM based lear 
ning system learns in one-versus-all manner and produces cl 
assifiers for each class, which are then used for.later.predicti 
on of.unknown (unlabeled) data. Details of.the feature.extra 
ction algorithm and support vector machines are described i 
n the following sections. 

A. Histograms of.Oriented.GradientsFeatures 
Histograms of.Oriented Gradients features are widely use 

d in computer vision applications for pattern extraction from 
images. HOG features are robust and easy to compute. HOG 
features compute the local object appearance and shape.with 
in an.image using the distribution of.intensity gradients or.e 
dge directions [13]. HOG method for feature extraction is si 
milar to Scale-invariant Feature Transform (SIFT), edge orie 
nted histograms, and shape contexts, but it is computed on a 
dense grid of.uniformly spaced cells. 

 
HOG.features are computed by dividing the image into s 

mall connected regions, called cells, and for each.cells comp 
iling a histogram of.gradient directions or.edge orientations f 
or the pixels within the cell [14]. The.combination of.these h 
istograms then.represents the descriptor. For.better accuracy, 
local histograms can be locally normalized. Normalization r 
esults are more robust to illumination.changes or shadowing. 

B. Support.Vector.Machines 
Support Vector Machine is a machine learning technique 

widely used in pattern recognition, object classification.and 
regression analysis [15]. Given a set of.training data belongi 
ng to different classes, SVM attempts to.drive a.hyper plane 
or a set of.hyper planes that form the boundary between the 
data belonging to different classes. Any.test data can.be clas 
sified to one of.the predefined classes by checking its positio 
n relative to the hyper planes. In our context, SVM is used f 
or the classification of.segmented characters into one of.the t 
welve trained classes (0-9, BAand.PA). 

 
The HOG.feature vectors of.different classes can.be visua 

lized in.a.space forming clusters at different locations such t 

hat each cluster contains members belonging to a.certain cla 
ss. The problem is to recognize a new image.segment to one 
of.these classes by identifying which cluster is the best fit fo 
r the feature vectors of.the test image. The boundary betwee 
n the non-linearly separated clusters of.data is identified by 
SVM. Based on this hyper.plane boundary the test image is 
assigned to a.certain region of.the multi-dimensional space a 
nd hence to the cluster with the best match. Member of.each 
cluster may be spread in a large region in space because of.t 
he diversity in images even within a same class. So the samp 
ling image data from the infinite set of.population has to be 
chosen in such a way that the diversity in images belonging t 
o a single class is included. For a cluster, the data which is cl 
osest to the neighboring class is called Support Vector. If.we. 
consider.two possible classes of.data then there are two supp 
ort vectors one from each class. The plane passing through.t 
hese.two Support Vectors are called Support Planes. They gi 
ve the boundary of.region occupied by their respective class 
es. If.we consider, 

 

(3) 

to be a region to which all the members of.class 1 belon 
g to and 

 
(4) 

 
to be a.region.to which members of.class 

1notbelong,where w = [w1,w2,w3, ,wN] is a 
weight vector, x.=[ 

x1,x2,x3, ...... , xN] is the feature vector and b0 is thebias, 
the decision boundary for these two classes can be define 
d midway between these two planes and is given.as 

 
 

(5) 
 

Large distance of.Support Vectors from the boundar 
y means the classes are very much.distinguishable base 
d on the features we have.chosen. Using this hyper plan 
e boundary any new test data can be categorized to one 
of.the two sides. The same concept can be elaborated to 
visualize classification.of.data to multiple.classes by ge 
nerating a.set of.hyper planes. 

 
V. EXPERIMENTS ANDRESULTS 

The aim of.this research is to evaluate a.complete Automa 
tic License Plate Recognition system.for the Indian license.p 
lates. First of.all the system is trained against labeled optical 
character.dataset. And then, system is evaluated against new 
character.samples and whole license plate to measure the ac 
curacy of.the proposed Automated Indian license Plate Reco 
gnition System(AINPRS). 

 
A. Datasets 

Licence.Plate.Dataset 
There are about 200 images of.the license.plates 

captured from different vehicles at different orientation 
and lighting conditions. Some of them were taken when 
the vehicles were moving and some of.them when 
vehicles were parked. 
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Character Dataset 
Character dataset contains total 2000 samples for 12 

classes. Dataset is created by manually cropping license 
plate characters. 

B. Segmentation Results 
Proposed system is tested for 20 randomly chosen sam 

ples for licence plate detection/localization test in which t 
he license plate of.the vehicles was clearly visible. Amon 
g those samples, the system correctly localized and segme 
nted the licence plate of.18 samples. The other samples se 
ems to have.faded color.in their.licence plate. Some of.the 
license plate segmentation results in Fig. 4. 

 
The localized plates were.then used to extract the chara 

cters from.them. Fig. 5 shows few examples of.character s 
egmentation from segmented.license plates. In this resear 
ch, the segmentation accuracy largely depended upon the 
localization’s accuracy and.spacing.between the character 
s. 

 

 

(e) 
Fig. 4: license plate segmentation. 

 

 
Fig. 5: Character segmentation 

 
C. Character RecognitionResults 

This section describes experimentation results in character 
dataset. Three separate experiments were conducted on char 
acter dataset by taking 70%, 80% and 90% of.data for train 
ing and.remaining 30%, 20% and.10% data.for testing respe 
ctively. For each experiment, data samples were selected ran 
domly and exclusively for training and testing. Final.accurac 
ies are.averaged measures of.all three experiments. 

 
Training and testing dataset corresponding to one particular 
experiment (80%-train,20%-test). 

 
The license of.test samples given to the classification system. 
and retrieved and un-retrieved samples corresponding to the 
experiment (80%-train, 20%-test). Un retrieved.samples we 
re the test samples that the system outputs as unknown chara 
cter class. Retrieved samples were actual retrieved from.syst 
em with some prediction class. Confusion.Matrix (CM) of.re 
trieved.samples corresponding to this exper  iment was take 
n out. Confusion matrix describes actual prediction classes f 
or given license of.test samples. CM(i, j) represents the coun 
t of.instances whose known class labels are class i and whos 
e predicted class labels are classj. 

 
TABLE I: Character recognition results 

 
 

 
 
 

(b) HSV.based thresholding for yellowcolor 
 
 
 
 
 
 

(c) Candidate rectangles after.approximating fromcontou 
rs 

 

 
(d) Localized license.plate 

Table I shows experimentation accuracies in.character 
dataset. Accuracies are.measured.by averaging all the indi v 
idual accuracies from all the experiments. Average system.a 
ccuracy evaluates the average per-class effectiveness of.a cl 
assification system. System error is the average per-class cla 
ssification error of.the system. Precision (also called positive 
predictive value) is the license of.correctly classified positiv 
e examples divided by the license of.examples labeled by th 
e system.as positive. Recall (also called sensitivity) is the lic 
ense.of.correctly classified.positive examples divided.by the 
license of.positive examples in the test dataset. F-score is the 
combination of.the precision and recall [16]. 

 
D. license Plate.RecognitionResults 

For.the experimentation with whole license plate recogniti 
on, I collected 8 random license plates that are correctly loca 
lized and segmented. Table III.describes the results correspo 

Matrics 

(a) Original.image 

Score (%) 

Average System Accuracy 93.2 
System Error 6.79 
Precision 87.59 
Recall 98.66 
F-score 92.79 
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nding to license plate recognition experiment. Table II show 
s samples given to the recognition system and corresponding 
outputlabels. 

 
CONCLUSION 

With the rapid development of.transportation.technology, 
automatic license plate identification has been essential from 
different perspectives. It has many real life applications, like 
traffic monitoring, parking, border control and surveillance. 
In this research, I have.proposed a.learning based automatic 
license.plate recognition.model for Indian license plates. 
Model is experimented with self-collected Indian.license pla 
te dataset and accuracies are measured. Evaluation results sh 
ows 87.59% of.average Precision, 98.66% of.average Recall 
and 92.79% of.average F-Score on segmented character data 
set experiment. Also, the accuracy of.the complete license pl 
ate labeling experiment is obtained as 75.0%. Accuracy of.th 
e character recognition.is greatly influenced.by the segmenta 
tion.accuracy of.the characters. It is also affected by the.size, 
resolution, pose, and illumination of.the given images. 

 
This research work can be extended to National wide lice 

nse plate recognition by.extending the character.classes. Als 
o, 

 
TABLE II: license plate recognitionresults 

 
No. Of.sample 

s 
Correctly classifie 

d 
Miss-classified 

 

8 6 2 
 
 

TABLE III: License plate recognitiontests. 
 

S. 
N. 

Image Actual L 
abel 

Classifed 
Label 

Remark 
s 

1.  

 

MH13BN 
8454 

List index 
out of 
range 

Incorrect 
X:Uncla 
ssified c 
haracter 

2. 

 

RJ27PA3 
636 

RJ27PA3 
636 

Correct 

3. 

 

KL55K7 
111 

KL55K7 
111 

Correct 

4. 

 

O1CC1A 
0001 

L  Incorrect 

 
it is recommended to use larger.training dataset along with 
better plate and.character segmentation algorithms, for bette 
r 
prediction.capability. Due to various standards used around t 
he world, license plate localization cant be generalized.and.t 
hus, is still a challenging problem around the globe. Moreov 
er, the character’s standard is also not properly implemented 
in India which.contributes to disturb the accuracy of.any lice 
nse license recognition.system. 
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