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Abstract—Automatic Number Plate Recognition (ANPR)
systems have become one of the most important components in
the current Intelligent Transportation Systems (ITS). In this
paper, a FPGA implementation of a complete ANPR system
which consists of Number Plate Localisation (NPL), Character
Segmentation (CS), and Optical Character Recognition (OCR) is
presented. The Mentor Graphics RC240 FPGA development
board was used for the implementation, where only 80% of the
available on-chip slices of a Virtex-4 LX60 FPGA have been
used. The whole system runs with a maximum frequency of 57.6
MHz and is capable of processing one image in 11ms with a
successful recognition rate of 93%.

I. INTRODUCTION
ANPR systems have been successfully operated in the UK
for several decades. First generation ANPR systems were
invented in 1976 at the Home Office Scientific Development
Branch in England (now known as the Home Office Centre for
Applied Science and Technology, CAST) and they have
successfully detected simple crimes: Tracking and finding
stolen vehicles and prosecuting uninsured or un-taxed road
users. One successful example is the UK’s “Ring of Steel”
around the city of London. The area covered includes London
congestion charge zone, where motorists are required to pay a
congestion charge. There are 1,500 ANPR cameras that
monitor anywhere in the zone and around 98% of vehicles
moving within the zone are caught on cameras. The video
streams are transmitted to the National ANPR Data Centre
(NADC) where ANPR software processes the registration
plate of the vehicle [1]. Currently, the vehicle information is
gathered from fixed cameras strategic sites (e.g. motorways
and petrol stations), mobile units (e.g. police van) and CCTV
in urban area and there are 35 million number plate reads per
day and this number is increasing every year [2]. ANPR
becomes an important technology for intelligent infrastructure
systems like electronic payment systems, access control,
tracing of stolen cars, or identification of dangerous drivers [3,
4].
Typically, an ANPR system consists of three stages:
Number Plate Localisation (NPL), Character Segmentation
(CS), and Optical Character Recognition (OCR). The NPL

stage is where the Number Plate (NP) being detected. The CS
stage is an important pre-processing step before applying
OCR, where each character from the detected NP is
segmented before recognition. In the last stage, characters are
segmented from the NP where the image format will be
converted into characters by a character classifier [4].
Most methods in current ANPR systems utilise general
purpose CPUs to perform complex and computationally
intensive image processing algorithms. The CPU must read
each instruction from memory, decode it and then execute it.
Additionally, any operation needs to be implemented from
basic arithmetic and logical operations in CPU, which slow
down the execution speed for each individual operation.
Therefore, in order to achieve real-time performance,
specialist hardware platforms can be one of valuable solution
for accelerating computationally intensive image processing
algorithms. Some of researchers have chosen Digital Signal
Processors (DSP) and/or Field Programmable Gate Arrays
(FPGAs) as their platform for implementing ANPR systems
[5] [6] [7]. However, most of the hardware based systems
focus only on one or two stages of ANPR system due to
limited hardware resources or complexity of the chosen
algorithms. In this paper, a complete solution for ANPR
system on FPGA is presented, where the algorithms and
FPGA implementations of the NPL, CS and OCR stage are
included.
The rest of this paper is organised as follows. The
proposed ANPR system is introduced in Section II. The
experimental setup and the implementation results are
discussed in Section III. Section IV concludes the paper.
II. PROPOSED ANPR SYSTEM
A.

NPL Module
The proposed NPL module consists of two major stages:
1) Morphological operations for extracting plate features, and
2) Selection of candidate regions. The proposed NP feature
extraction algorithm is mainly based on two open and one
close morphological operations, the first open morphological
operation is used to extract the features of the NP, the second
open operation is used to remove noise, and the close

operation is then used to fuse the pixels in the NP region
together.
Figure 1 shows a block diagram of the proposed NPL
system.

works based on pixel projection method [9-11], two optional
morphological operations have been introduced in the
proposed improved algorithm to minimise the impact of noise
and the entire horizontal pixel projection step has been
replaced by an NP height optimisation step. These
modifications improve the robustness of the vertical projection
and also accelerate processing speed.
The proposed method has three stages: 1) Pre-projection
stage, 2) Vertical projection, and 3) Horizontal projection.
Figure 2 shows the block diagram of the proposed CS module.

Figure 1. Block diagram of NPL system

The proposed NP feature extraction algorithm can be
summarised in the following pseudocode.
Proposed algorithm: NP feature extraction
1.
2.
3.
4.
5.
6.
7.

Input image: colour car image
Output image: Highlighted NP region image
for all pixels in the input image do
grayscale pixels = RGB2Gray(original colour pixels);
Shifting the pixels into 3×30 SE;
background pixels = open(SE);
highlighted NP pixels = grayscale pixels background pixels
8. end

Compare to the existing algorithms, the proposed
algorithm uses a morphological open operation and image
subtraction to replace the edge detection operator. As
morphological open operation has less computational intensity
than the edge detection operator, the processing speed of the
proposed system has been significantly improved. In addition
to the above, with a specially designed Structuring Element
(SE), the proposed algorithm could extract more accurate NP
features rather than focus only on common edge features,
which should improve the ability of proposed algorithm for
tolerating the noise.
The output image from the previous stage consists of a set
of groups of connected pixels. A Connected Component
Analysis (CCA) labelling algorithm is used to mark these
pixels. A set of potential candidates can be selected from the
image using the known geometrical conditions, which mainly
consists of the width, height and ratio of the plate region.
More details about the proposed NPL module are presented in
[8].
B. CS Module
The proposed CS algorithm is mainly based on pixel
projection and morphological operations. Compare to existing

Figure 2. Block diagram of the proposed character segmentation module

The input binary NP images are the outputs of the NPL
stage. All images from the NPL stage are binarised and
inclined images must be roughly rotated before they are fed to
the character segmentation stage. At the beginning, the
unnecessary parts of NP are firstly removed by an NP height
optimisation step in the pre-projection stage, and then, the
morphological open and dilation are used to eliminate the
noise impact on the NP followed by the vertical projection
process. After obtaining the vertical positions of the
characters, the horizontal projection stage is introduced to
localise the horizontal positions of the characters.
The proposed CS algorithm can be summarised in the
following pseudocode.
Proposed algorithm: CS algorithm
1. Input images: localised NP image (a×b), where a is
height of NP, b is width of NP
2. Output images: Segmented character image
3. if (a>26 and b/a<7) then
4.
reducing height of NP a to 0.7a
5.
morphological open input image using 3×1 SE
6.
morphological dilation after the open
7. else
8.
morphological dilation for the input image
9. end
10. obtain highlighted NP image
11. for all pixels in the highlighted NP image do
12. generating vertical projection histogram
13.
finding the vertical critical points between two
characters
14.
generating horizontal projection histogram for each
vertical cropped character image
15. finding the horizontal critical points for each character
16. end

Compare to the existing algorithms, two optional
morphological operations have been introduced in the
proposed CS algorithm to eliminate noise impact and the
entire horizontal pixel projection step has been replaced by an
NP height optimisation step. These modifications improve the
robustness of the CS algorithm and also accelerate processing
speed. More details about the proposed CS module can be
found in [12].
C. OCR Module
The proposed OCR algorithm uses a multi-layer feedforward Neural Network (NN) to translate scanned character
images into machine encoded text. Typically, an N-layer NN
consists of a set of input vectors, N-1 hidden layers, one
output layer and a set of output vectors. Each layer consists of
a set of neurons and corresponding transfer function (e.g.
sigmoid, linear) [13]. Figure 3 shows a two-layer feed-forward
network with one hidden layer and one output layer.

Figure 3. The architecture of two-layer feed-forward network

The most commonly used images in OCR are binary
images. They are also used in other stages in an ANPR
system. Binary images require less computational intensity
compare to other types of images which significantly
decreases the computation for real-time applications such as
ANPR. In the proposed work, a 2-D binary image matrix
w × l is transformed into 1-D vector p with R elements
[ p1 ,p2 ,..., pR ]T to be used to form the inputs of NN, where
pixels of binary image are read row by row to form the p. Due
to only having 33 possible characters, the output of NN has
been decided as a2 = [ a2,1 , a2,2 ,..., a2,33 ]T . In order to find the
most suitable NN architecture for OCR task, the different
number of neurons S and size of input vector p are used to
create different NNs.

Because the training speed of Scaled Conjugate Gradient
(SCG) is much faster than traditional Back Propagation
algorithm (BP), and also it gives better results compared to
other training methods, the SCG is chosen as the training
method of the NN. Before the start of training, the NN was
initialised using Nguyen-Widrow initialisation algorithm [14],
where the weights and biases in each layer are initialised and
distributed approximately evenly over the input space. More
details about the proposed algorithm and its hardware
implementation can be found in [15].
Based on experimental results, the size of the input binary
character image was decided to be 34 × 22 . The entire
character database has been divided into two non-overlapping
groups: the first group has 45% of characters, which is used
only for neural network training, and the second group has
55% of characters, which is used only for neural network
testing. The number of neurons used in the NN was 50 for
obtaining the best results in terms of performance and
accuracy.

III. FPGA IMPLEMENTATION AND RESULTS
The whole ANPR system has been simulated using the
PAL Virtual Platform (PALSim) [16]. After simulation, the
system has been successfully implemented and verified using
the Mentor Graphics RC240 FPGA development board [16].
The ANPR modules run in parallel and pipelining has also
been used in their implementation to achieve high throughput
rate.
Handel-C has been used for hardware description of the
proposed architectures, which is a high-level language that is
at the heart of a hardware compilation system known as the
Mentor Graphic Development Kit (DK) [17], which is
designed to compile programmes written in a C-like high level
language into synchronous hardware. The main advantages of
Handel-C over the other hardware description languages are
the rapid prototyping and the software liked simulator.
Due to the low complexity of each ANPR module, the
proposed ANPR system requires only 80% of the on-chip
FPGA slices. From these slices, 61% LUTs are used to
implement logic operations and RAMs in the design. 23%
flip-flops are mainly used as registers to buffer the data for
enabling the high throughput pipeline manner in the design.
31% BRAMs are mainly used to buffer the image pixels. The
DSP48s slices are used to perform the arithmetic calculations
in each module. The remaining 20% of the FPGA area can be
used for implementing the communication and display units.
Table I summarises the consumed on-chip resources.
Table I: Usage of FPGA on-chip Resources
On-chip resources

Used

Available

Utilisation

Occupied Slices
LUTs
Flip-Flops
Block Rams
DSP48s

14,775
22,556
8,547
30
12

18,432
36,864
36,864
96
64

80%
61%
23%
31%
18%

The maximum running frequency is 57.6 MHz and the
number of clock cycles needed for one image to be processed
is between 506686-683278, which depends on the number of
the characters within the NP image. The execution time for
processing one frame is 11ms. This means that the proposed
architecture satisfies the minimum requirement for real-time
processing. The used database contains 1000 images with a
resolution of 640×480 UK NPs [8].
The power consumption of the designed circuit has also
been analysed using Xilinx XPower Analyser [18], the total
power consumption of the proposed architectures is 910 mW,
which is comprised of 459 mW dynamic power and 451 mw
quiescent power. The total power consumption is very low
compared to computer-based ANPR systems.
The successful segmentation/recognition rate for NPL, CS
and OCR rates are 97.8%, 97.7% and 97.3%, respectively, and
the overall system accuracy is around 93.0%.
A comparison of the experimental computational speed
and successful rate with existing PC, DSP and FPGA based
implementations of ANPR system is shown in Table II.

Table II: Performance Comparison
ANPR
System

Character Set

Hardware
Platform

Successful
Rate (%)

Speed
(ms)

[5]

Australia

TI C64 DSP

85

52.11

[19]

Turkey

FPGA Virtex-4

73

500

[20]

Japan

PC Intel Core
1.8 GHz

93.54

284

[21]

Chinese

PC 3 GHz

93.9

293

Proposed
System

UK

FPGA Virtex-4

93.0

11

Results achieved in terms of computational speed and
successful rate in comparison with existing PC [20] [21],
DSP[5] and FPGA[19] based implementations have shown
that the proposed FPGA based ANPR system outperforms the
fastest software and hardware based ANPR systems by a
factor of 26 and 4.7 respectively, it also outperforms the
existing hardware solutions in terms of accuracy. Although the
recognition rate of the proposed system is close to that of
some PC-based systems, it presents an advantage over
software-based solutions in terms of cost, size and energy
consumption.
IV. CONCLUSION
In this paper, a complete solution for ANPR system on
FPGA is presented. This includes the algorithms and
implementations for the NPL, CS and OCR stages. The
Mentor Graphics RC240 FPGA development board was used
for the implementation and testing of the proposed work. The
entire system consumes only 80% of the available on-chip
slices of a Virtex-4 FPGA, runs with a maximum frequency of
57.6 MHz and is capable of processing one image in 11ms
with a successful recognition rate of 93%.
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The achieved results have shown that the entire ANPR
system can be implemented on a single FPGA chip, which can
be placed within an ANPR camera housing to create a standalone unit which will drastically improve energy efficiency
and remove the installation and cabling costs of bulky PCs
situated in expensive, cooled, waterproof roadside cabinets.
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