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ABSTRACT

We propose a fast plate segmentation algorithm for
automatic license plate recognition systems which is
stable to plate rectangle localization inaccuracies and
image brightness distortions. The algorithm uses a pri-
ori information about the geometry of standard plate
types and additionally makes adjustments to symbols
positions through localization errors estimation and
correction. We introduce a plate localization error
model and compute its optimal parameters using dy-
namic programming. We also suggest a modification of
the algorithm for simultaneous segmentation and opti-
mal type selection (from a known set of types). Exper-
imental results are presented which show the efficiency
of this approach.

INTRODUCTION

Most commonly (Du et al. 2013) plate recognition on
an image is performed with the following stages:
1. License plate extraction — at this stage for each
plate present on the source image a bounding quad-
rangle is searched and its inside area is transformed
projectively to a rectangular view;
2. License plate segmentation — symbol regions detec-
tion and all symbols’ images extraction;
3. Character recognition — obtaining each symbol
value.
Segmentation algorithms are usually based on a pri-

ori knowledge of difference between symbols and back-
ground color. The first common method is connected
components search on a binarized plate image (Uddin
et al. 2016). This approach has certain problems spe-
cific to our task. In particular, brightness and contrast
distribution on the image region may be non-uniform
because of shadows, partial overexposure, dirt on a
plate. In this case, binarization errors will occur. This
leads to connected components of symbols getting split

and merged (see figure 1 as an example).

Source image Otsu Niblack

Figure 1. Examples of Common Used Binarization
Algorithms Operation

Another well-known approach (Xia and Liao 2011)
is the sequential search of vertical and horizontal
symbol borders by maximizing deviations of verti-
cal/horizontal projections (or other brightness func-
tions) of rows/columns corresponding to symbols and
the background (see figure 2 as an example of imple-
mentation). This method is also non-robust to bright-
ness distortion.

Figure 2. Histogram-based Algorithm Operation Ex-
ample (It Uses the Histogram of Image Spatial Deriva-
tives Moduli)

The third wide-spread group of methods is based on
symbols localization using a priori information about
position and size of plate regions known from vari-
ous state standards. These algorithms have low (O(1))
computational complexity and brightness distortion ro-
bustness. If several plate types should be recognized,
such methods cannot be used without prior type selec-
tion.
In (Gao et al. 2007) plate type is chosen using in-

formation about font and background color. This ap-
proach, however, cannot be used for distinguishing
types with same background and symbols colors but
different geometry which is the case, for example, for
standard plate types in Russia (figure 3). This group of
methods also does not provide robustness to unavoid-
able inaccuracies of the preceding recognition stages
which cause inaccurate plate rectangle localization.
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Figure 3. Examples of Vehicle Registration Plates of
Russia

To tackle this problem a combined algorithm is used
in (Paliy et al. 2004) which optimizes symbols local-
ization result based on maximizing symbols and back-
ground brightness deviations described above. The
algorithm utilizes information about plate geometry
while checking various plate region shifts (see figure 6).
However, increasing the accuracy of plate border shifts
cannot compensate for localization imprecision caused
by errors in determining plate rectangle border tilt an-
gles.
A more complex distortion model is used in (Tian

et al. 2015) which also considers various border tilt an-
gles (assumed to be equal for the left and the right
borders) as well as plate scales. The main disadvan-
tage of an algorithm proposed in this paper is its high
computational complexity because of the necessity to
calculate image rotations for all possible tilt angles and
to iterate through a large number of shifts and scales
combinations. Besides, this model does not cover cases
of non-equal borders rotations.
It is apparent that robustness to borders rotations

can be reached by generalizing the above described ap-
proach on the case of projective plate rectangle distor-
tions. That is, we should check all possible independent
shifts for each rectangle vertex during optimal plate lo-
cation search. This algorithm, however, would have
unacceptable computational complexity due to a huge
number of 4 vertices shifts combinations and a need to
apply projective transform at each iteration to compen-
sate distortions.
In this paper we propose a fast segmentation algo-

rithm based on testing of various rectangle vertices
shifts by approximating the localized number projec-
tive distortions with symbol rectangles shifts. We also
suggest a generalization of this algorithm for automatic
plate type selection from the set of alternatives deter-
mined by the recognition system requirements.

SEGMENTATION ALGORITHM FOR A
FIXED TYPE

Let pi = [xi, yi, wi, hi] be a plate region of the i-th
symbol with coordinates of top-left corner xi, yi, width
wi, and height hi. We will model plate distortions by
changing symbol regions with the following limitations:
1. All plate symbols regions p0, p1, . . . , pn−1 can be
shifted in-parallel on an arbitrary number of pixels

p′i = [x′i, y
′
i, w
′
i, h
′
i] = [xi + ∆x, yi + ∆y, wi, hi]

∀i ∈ [0, n− 1]

in vertical and horizontal axes. Symbol regions must

not exceed image borders:

xi + ∆x ≥ 0, xi + wi − 1 + ∆x ≤ W,

yi + ∆y ≥ 0, yi + hi − 1 + ∆y ≤ H,
(1)

where W,H are image width and height.
2. Symbols are allowed to be shifted relatively to each
other if the relative distance changes between the cen-
ters of adjacent symbols are limited by δ (method pa-
rameter);

p′′i = [x′′i , y
′′
i , w

′′
i , h
′′
i ] = [x′i + ∆xi, y

′
i + ∆xi],

|∆xi −∆xi−1| < δ · |Cxi − Cxi−1|,
|∆yi −∆yi−1| < δ · |Cyi − Cyi−1|

∀i ∈ [1, n− 1],

(2)

where (Cxi, Cyi) are the center coordinates of rectangle
p′′i .
3. Symbol region size change is neglected.

wi = w′i = w′′i , hi = h′i = h′′i ∀i ∈ [0, n− 1] (3)

Expressions (1)-(3) correspond to plate projective dis-
tortion approximation by shifts with a limited variance.
Expression (1) limits number shift in the modeled lo-
calization inaccuracy, (2) limits the distortions set to
a projective transform, (3) limits the aspect ration for
the modeled inaccuracy.
Optimal symbols location is chosen from the set of

integer parameters of the described model satisfying
conditions (1)-(3)

∆x,∆y,∆xi,∆yi,∀i ∈ [0, n− 1]

and maximizing total brightness inside symbol regions

n−1∑
i=0

∑
x,y∈p′′i

I(x, y)→ max
∆x,∆y,∆xi,∆yi

, (4)

where I(x, y) is the brightness value for plate image
pixel with coordinates x, y. It is assumed that symbols
brightness for a given plate type is greater than back-
ground brightness. If this condition does not hold, the
image I is inverted first (see figure 4).

Raw image Preprocessed image

Figure 4. Image Preprocessing

Despite the symbol regions limitation imposed by the
chosen model, optimal location exhaust search is com-
putationally difficult. Indeed, the number of possible
arrangements increases exponentially with the number
of symbols, and for each arrangement one has to sum
brightness for all pixels inside symbol regions.



The summation complexity can be trivially reduced
using the fact that each symbol region is a rectangle.
Its sum is computed by O(1) by integrating the plate
image

J(x, y) =

x∑
u=0

y∑
v=0

I(u, v). (5)

The expression (5) can be quickly computed by using
the dynamic scheme

J(0, 0) = I(0, 0),

J(x, 0) = J(x− 1, 0) + I(x, 0), x > 0

J(x, y) = J(x, y − 1) + I(x, y), y > 0.

(6)

The pixel brightness sum inside any rectangle p =
[x, y, w, h] will then be

S(p) =
∑
x,y∈p

I(x, y) =

= J(x+ w − 1, y + h− 1)− J(x− 1, y + h− 1)−
−J(x+ w − 1, y − 1) + J(x− 1, y − 1).

(7)
Optimal parameters search can also be accelerated

using the iterative calculation scheme (with the num-
ber of iterations N being the algorithm parameter).
Each iteration is the search of optimal shifts ∆u,∆ui
with fixed ∆v,∆vi, where u = x, v = y for even it-
erations and u = y, v = x for odd iterations. Opti-
mal parameters ∆ũ,∆ũi computation at each step is
performed using the dynamic time warping algorithm
(DTW) (Vintsyuk 1968). Fixed parameters ∆v,∆vi
values for the current iteration are set to the optimal
values of the ∆ũ,∆ũi parameters obtained in the pre-
vious iteration. For the first iteration ∆v = ∆vi = 0.
For every possible shift Un−1 = ∆u + ∆un−1 the

algorithm’s result is a sequence T (Un−1) of shifts
[U0, U1, . . . Un−1], satisfying conditions (1)-(3) and
maximizing the functionalW (p′′n−1) with fixed ∆v,∆vi,
defined in (4). The algorithm for dynamic calculation
of such states is described by the following scheme:
1. T (U0) = [U0], W (p′′0) = S(p′′0)
2. T (Ui) = [T (argmaxUi−1

W (p′′i−1)), Ui],
W (p′′i ) = maxUi−1(W (i− 1, pi−1)′′ + S(p′′i ),
|Ui − Ui−1| ≤ δ · |Cui − Cui−1|
for all possible p′′i , i = 0 . . . n − 1, satisfying condi-
tions (1)-(2), where S(p′′i ) is defined by (7).
Note that in this scheme transition to each shift ui

of the i-th symbol demands computing a maximum on
a segment of a fixed length for a given i, what can
be done in O(1) using the van Herk/Gil-Werman algo-
rithm (Van Herk 1992).
We choose optimal set of parameters ∆ũ,∆ũi from

the set of T (Un−1) such that the corresponding func-
tional W (p′n−1)′ is maximal.
In fig. 5 the convergence process of the described it-

erative scheme is shown.
The complexity of a single iteration of the suggested

scheme is O(n ·U), where U is the size (in pixels) of the
image side along which finetuning is performed (i.e. W

Source plate image

Preprocessed image Iteration 0 (initial
conditions)

Iteration 1 Iteration 2

Iteration 3 Iteration 4

Figure 5. Iterative Model Parameters Adjustment

for even operations, H for odd). Indeed n · U pairs of
values T (Ui),W (p′′i ) are computed and each of them
is determined in O(1) with the acceleration from using
integral images and the van Herk/Gil-Werman method.
Therefore the total complexity of the suggested plate

segmentation algorithm for a given type is O(|N · n ·
max(W,H)).

ALGORITHM MODIFICATION FOR
AUTOMATIC TYPE SELECTION

License Plates Description

In Russia several types of vehicle registration plates
exist serving various purposes (figure 6). Each type
has certain font and background colors, symbols lo-
cation and size and a specific alphabet for each sym-
bol. The alphabet consists of digits D = {0123456789}
and the intersection of the cyrillic and latin alphabets
L = {ABEKMHOPCTY X} for all types except the
diplomatic ones. For the diplomatic types, the alpha-
bet A = {CDT} is used.
The segmentation algorithm described above needs

a priori information about plate type. We will now
describe the algorithm modification facilitating simul-
taneous type selection and optimal parameters of the
plate distortion model search.

Proposed Algorithm

The proposed segmentation algorithm with type se-
lection consists of two stages:
• Optimal symbol regions search for each number type
from a known alternatives set T (figure 6) in accor-
dance with the method described above;
• Plate type selection, for which the segmentation re-
sult from the previous step is optimal by some criterion
which will be defined further.
Since the aggregate area inside symbol regions may

vary from type to type, the total brightness maximized
during the previous algorithm stage cannot be used as
a type selection criterion. Using mean brightness for all
pixels inside symbol regions instead of a sum is more
sensible but also has a number of disadvantages.



Private (black font on white background)

Public (black font on yellow background)

Trailer (black font on white background)

Military (white font on black background)
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Transit (black font on yellow and white
background)

Figure 6. Types of Vehicle Registation Plates of Russia

First, it is possible to select a type which has a
smaller number of symbols than the correct one or a
type with some symbol regions having smaller area and
lying inside the ground truth regions.
Also during plate distortion model parameters com-

putation for types where symbols and background
brightness ratio does not correspond to the input plate
image, symbol regions search is performed on the im-
age with light background and dark symbols, hence the
mean brightness might be high due to background pix-
els inside symbol regions. To tackle this kind of errors

we need a criterion considering the brightness outside
of symbol regions.
Let us consider that pixel brightness values in- and

outside of symbol regions — are samples of indepen-
dent normal random variables X1 and X2 with differ-
ent expectations and equal variance, of sizes n1 and n2

resp. We will choose such a type for which the expec-
tations equality hypothesis is rejected by the Student’s
t-test (Gosset 1908) with the smallest significance, i.e.
the t-statistics (8) value is maximal.

t =
X1 −X2

sX

√
1
n1

+ 1
n2

,

sX =

√
(n1 − 1)s2

1 + (n2 − 1)s2
2

n1 + n2 − 2
,

(8)

where s2
1 and s2

2 are unbiased variance estimations for
the two samples. This test is stable to changes of the
total area inside symbol regions for various plate types
and has the property of suppressing selection errors for
types where the symbols and background brightness
ratio does not correspond to the input plate image.

Source image

Plate type Preprocessing &
segmentation

Figure 7. Segmentation Algorithm Results for Russian
Type Table (Ordered by Decreasing t-statistics)



Taking into account all the above mentioned,
the total complexity of the segmentation algorithm
with simultaneous type selection is |T | · O(·N · n ·
max(W,H)) = O(|T | ·N · n ·max(W,H)), where |T |
is the number of plate types in the selection set.
Note that the suggested algorithm can easily be ac-

celerated by parallel calculations, because the optimal
parameters of the plate distortion model are computed
independently for each plate type.
Also note that plate type detection during the seg-

mentation stage allows to reduce complexity and in-
crease the quality of the next plate recognition stage -
symbols recognition.
The background and symbols colors, as well as region

size of each symbol extracted from information about
plate type allow to unify input data for the algorithms
used in symbol recognition. Also the information about
a fixed alphabet for each symbol of the type (see fig. 6)
is useful to symbol recognition algorithms allowing to
prevent some of their errors.
The simultaneous optimal segmentation parameters

computation for all plate types allows to use sev-
eral alternatives in plate type selection for the subse-
quent operation stages where type selection can be per-
formed more accurately. For example, recognition algo-
rithms for previously segmented plate symbols (such as
machine learning or template matching) usually have
their own quality estimator for the symbols recognized,
which can by utilized to check correctness for each
of the alternatives found. In license plate recognition
video systems the best alternative can be selected ac-
cording to the motion model.
Another algorithm’s advantage is that it does not

depend on the Russian plate types specifics and may
be used for other countries (or sets of countries) with
fixed plate types.

EXPERIMENTAL RESULTS

To research the proposed algorithm’s efficiency we
conducted several computational experiments on its ac-
curacy estimation using a set of vehicles and their plates
images (8153 samples) with previously corrected radial
distortion (Kunina et al. 2016, 2017). Some images of
the set may contain more than one plate while the oth-
ers may contain none (see figure 8).
We now introduce a metric for segmentation and

plate type selection algorithm accuracy assessment.
Since the segmentation and plate type detection algo-

rithm is based on optimal shifts search for each symbol
region, it seems reasonable to estimate its accuracy by
the distance between the centers of the detected and
ground truth symbol regions. We will use the following
functional to estimate the algorithm’s quality:

Qshift =

{
0 t 6= t̃

mini=0..n−1 Si t = t̃,
(9)

where t̃ is the ground truth plate type, t is the algorithm
detected type, n is the number of symbols on a plate, Si

is the quality functional of i-th symbol center detection

Figure 8. Samples of the Marked Testdata

(assuming correctly found plate type), defined as

Si = max(0, 1− ||C̃i, Ci||2
P (p̃i)/4

), (10)

where C̃i and Ci are center coordinates of the detected
by algorithm and true symbol rectangles resp.,
P (p̃i) is the ground truth rectangle p̃i perimeter,
||a, b||2 is the Euclidean distance between points a and
b coordinates.
Also we will use the plate type detection quality func-

tional Qtype defined as

Qtype =

{
0 t 6= t̃

1 t = t̃.
(11)

We will also estimate how accurately the suggested
plate distortion model approximates the true projec-
tive transform (generated by plate rectangle vertices
shift relatively to its true position). Let us introduce
approximation accuracy Qapprox as the maximal among
all plate symbols relative distance between the coordi-
nates of true and detected symbol rectangle vertices.

Qapprox =

{
0 t 6= t̃

mini=0..n−1Ai t = t̃,
(12)

where Ai is accuracy estimation for symbol region de-
tection for the i-th plate symbol, defined as:

Ai = max(0, 1− maxc(||c̃, c||2)

P (p̃i)/4
), (13)

where c are the four rectangle vertices coordinates in
the source image pi coordinate system (c̃ being ground
truth coordinates, c - coordinates found by the algo-
rithm).



To research the algorithm’s robustness to plate local-
ization imprecision we conducted several computational
experiments (table 1).
We compared quality metrics Qtype (11), Qshift (9),

Qapprox (12) of the suggested algorithm with the al-
gorithm similar to (Paliy et al. 2004), which opti-
mizes the same quality functional (4) with the shift
numer plate distortion model, i.e. (1)- (3), where in (2)
∆xi = ∆yi = 0,∀i.
The experiment (1) demonstrates the algorithm’s

performance quality for a precisely localized plate rect-
angle (ground truth). Experiments 2-5 were conducted
with the ground truth rectangle vertices distortion with
normal random values with zero expectation and σ2

variance shown in table 1. The dependence of mean
approximation accuracy values Qapprox on σ for both
models is shown in figure 9.
Also, to estimate the algorithm’s performance in real

conditions, it was implemented as a symbol segmenta-
tion and type selection module of the automatic license
plate recognition system for images (MARINA) devel-
oped by our team (http://visillect.com/en/alpr) (ex-
periment 6). The segmentation module in this system
uses the results of a prior plate rectangle localization.
The localization accuracy estimation (computed simi-
larly to (13)) in this system is 94.2%.

Table 1: Experimental Results

Experiment Model Qtype Qshift Qapprox

Marked data
Shift 97.15% 91.76% 91.51%

Proposed 96.96% 88.16% 87.95%
Marked data
with noise
σ = 0.005

Shift 96.68% 90.17% 88.73%

Proposed 96.99% 86.96% 85.70%
Marked data
with noise
σ = 0.01

Shift 91.60% 83.80% 81.16%

Proposed 95.91% 85.95% 83.33%
Marked data
with noise
σ = 0.015

Shift 82.69% 74.01% 70.65%

Proposed 91.89% 81.96% 78.06%
Marked data
with noise
σ = 0.02

Shift 73.65% 64.20% 60.28%

Proposed 85.18% 75.25% 70.39%

Localization
results

Shift 81.85% 71.90% 68.05%

Proposed 88.67% 79.03% 74.50%

The figure 10 demonstrates the algorithm results for
various σ values. The figure 11 shows algorithm oper-
ation examples in MARINA system.
According to experimental results, the proposed

model demonstrates greater robustness to plate local-
ization errors in comparison with the shift distortion
model while having equal computational complexity.
For σ ≤ 0.005 the shift distortion model shows higher
accuracy than the proposed one. However, with σ
reaching 0.02, Qapprox decreases 4.7 times and Qtype

drops 9.2 times for the shift distortion model whereas
for the proposed model these numbers are 2.5 and 4.9
respectively. Moreover, our algorithm shows better ac-
curacy by 13% for σ = 0.01, by 34% for σ = 0.02, and

Figure 9. Dependence of Approximation Accuracy on
Distortion Size

Shift model Proposed model
σ = 0

σ = 0.005

σ = 0.01

σ = 0.02

σ = 0.04

Figure 10. Examples of Segmentation Based on Shift
and Proposed Distortion Models

Figure 11. Examples of Segmentation Using MARINA
Localization Results

by 25% for MARINA localization results.
It may be inferred from the results, that the pro-

posed model does not guarantee a precise approxima-
tion of the actual projective transform of the plate since
Qapprox < Qshift. This is due to to the restriction of
symbol region resizing imposed by the model. However,
the shift computation accuracy is usually more impor-
tant than that of rotation and scale computation. In
fact, segmentation results are used for character recog-
nition, commonly solved with machine learning algo-
rithms which can be trained to be robust to scaling
and rotation. For example, with segmentation qual-
ity of 84% for plates with the correct type selected, a
rate of successfully recognized plates is 97.7% (a fully-
connected artificial neural network is used). As a fur-
ther research, the model parameters might be approx-
imated by projective distortion parameters in order to
find more precise coordinates of symbol regions’ cor-
ners.



In addition, a comparison with a well-known com-
mercially available OCR engine ABBYY FineReader 14
(https://www.abbyy.com/finereader) was made. Since
it does not consider plate types, a simplified functional
Qlength was used for quality measurement:

Qlength =

{
0 n 6= ñ

1 n = ñ,
(14)

where n is a number of characters acquired by an al-
gorithm, excluding whitespaces, ñ is a ground truth
number of characters. The mean Qlength value of 98%
for proposed method on a subset of 247 marked sam-
ples was achieved, but it made only 33% for ABBYY
FineReader 14 with all undesirable characters forbid-
den. The results show that ABBYY FineReader so-
lution is inapplicable to the plate recognition without
significant adaptation and it is reasonable to develop
specific approaches like the proposed one.
The subset of 949 samples with Qtype = 96%,

Qshift = 86%, Qapprox = 85.8% on marked
data for the proposed algorithm is available on
ftp://vis.iitp.ru/license_plates.

CONCLUSIONS

In this paper, we propose a fast algorithm for plate
segmentation based on information about plate type.
The complexity of the algorithm linearly depends on
image size. The algorithm is robust to plate quad-
rangle’s localization errors and brightness distortions.
High performance is achieved through approximation
of quadrangle corners localization errors with a set of
symbol regions shifts. We also propose an algorithm for
plate type selection that allows to generalize the seg-
mentation method for the case of multiple plate types.
We provide experimental results demonstrating that
our approach is more robust to plate localization errors
in comparison with the known method which estimates
the shift of the whole plate region.
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