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ABSTRACT

This paper proposes an overall procedure of recognizing the

machine reader zone of a real world picture of a passport.

To begin with, the proposed method finds the area of pass-

port from the input image and its rotation angle is determined.

With the rectified passport image by counter-rotating the area

of passport, the machine reader zone is found and an inverse

projective transform is performed to remove projective dis-

tortion. Then, each code is extracted and enhanced by us-

ing adaptive posterization. Template matching with improved

similarity measure is applied to classify the codes. To classify

the number 0 and the character O, a support vector machine

is used. The experimental results show the correct character

recognition rate of 99.77% and the correct recognition rate of

83.84%.

Index Terms— E-passport, Optical Character Recogni-

tion, Machine Reader Zone.

1. INTRODUCTION

The e-passport has the machine reader zone (MRZ) in the

bottom part [1]. The MRZ consists of 88 characters or codes

which contains information on name, nationality, date of

birth, passport number, personal number and check digit for

the fabrication. E-passport reader must recognize the MRZ

for the security of the e-passport. A security guard certifies

identification of the owner and the information on the pass-

port by comparing the data obtained from the MRZ and the

data obtained from the IC chip.

In this paper, we propose an overall procedure of recog-

nizing the MRZ of a real world picture of a passport, e.g., the

image from the mobile passport reader. Rotation, projective

warping, reflected light and brightness difference appear in

our passport images as shown in Fig. 1.

There have been many works on e-passport recognition,

which can be divided into two main categories depending on

whether the passport is snapped or scanned. The quality of

snapped e-passport is worse than that of the scanned. The

former has perspective distortion and is influenced by illumi-

nation. Also it may have reflected light effect.

Fig. 1. An example of passport image used in this work. Per-

sonal information is blurred on purpose.

Kim et al. proposed the methods for optical character

recognition (OCR) of the MRZ in scanned e-passport [2, 3, 4].

A smearing method was used to find the MRZ and the angle

was adjusted using the longest code line in the MRZ. Each

code was extracted using Sobel operator, horizontal smear-

ing, and 8-neighborhood contour tracking algorithm. They

recognized each code by variants of clustering algorithms.

Wang et al. proposed a method for finding a skew angle

in snapped e-passport [5]. They minimize within-class diver-

gence of projected images to find the skew angle. Bessmelt-

sev et al. proposed an effective algorithm for portable pass-

port readers [6]. They used vertical profile projection, and

detected skew angle using individual code position to recog-

nize codes. To find the code position, they made a binary

image using the Otsu’s method.

In this work, we recognize the MRZ of a snapped passport

such as Fig. 1. We firstly find the area of passport in an im-

age containing passport. In our case, the passport area is sur-

rounded by a black area, so we find a white passport area from

the image. Next, we find a rotational angle by using a method

that does not need binarization. More specifically, fast Fourier

transform (FFT) and principal component analysis (PCA) are

used. Then, the MRZ is extracted. To cope with projec-

tive warping, we apply inverse projective transformation to

the MRZ. Then, each code, whose quality is enhanced by the

proposed adaptive posterization technique, is extracted. This

posterization method is more robust to reflected light effect,

and simpler than histogram equalization. For character recog-

nition, we use template matching and support vector machine



(SVM). We propose new measure for template matching that

reduces edge effect. The SVM is used to classify the number

0 and the character O from the results of template matching.

The paper is organized as follows. Section 2 deals with

the preprocessing of the passport image which includes im-

portant steps such as extraction and alignment of MRZ, seg-

mentation and quality enhancement of each code. Recogni-

tion of each code is dealt with in Section 3 and experimental

results follow in Section 4. Finally, conclusions are made in

Section 5.

2. PREPROCESSING

2.1. Finding the passport area and rotational angle

The passport image is surrounded by black areas due to our

machine characteristic. To find the passport area only, a bi-

nary image is obtained using the Otsu’s method [7]. As a re-

sult, the passport background is bit 1 and the codes and black

areas are bit 0.

Then, the binary image is projected to horizontal and ver-

tical directions respectively. It is expected that the passport

exists in the large value area of each direction [6]. Let T be

the threshold obtained by the Otsu’s method, and I(r, c) be

the pixel value at pixel (r, c). Then one-dimensional projec-

tions Pcol (column-wise), Prow (row-wise) are obtained as

Pcol(k) =
∑R

r=1 u(I(r, k)− T ), k = 1, · · · , C

Prow(k) =
∑C

c=1 u(I(k, c)− T ), k = 1, · · · , R.
(1)

Here, R and C are the number of rows and columns, respec-

tively, u(·) outputs 1 if the input is positive, otherwise, out-

puts 0. We threshold the projection Pcol and Prow with a

half of the average of each direction; then we find horizontal

and vertical passport area using one-dimensional connected-

component labeling. The biggest area is regarded as passport

area in both directions.

The snapped or scanned passport image has rotation.

There are several methods that correct rotation such as

[2, 5, 6]. However, all those methods need a binary im-

age. But in our case, a binary image is difficult to obtain

because of image intensity distortion by brightness. Adap-

tive threshold [8] can make a nice binary image in the code

region. But this method makes many errors in a background

region of the passport. So we propose a new method to find

the rotational angle of the passport.

The proposed method uses the fast Fourier transform

(FFT). In the passport image, the MRZ exists in the bottom

part; roughly between 5/9 and 1 ratio of the height. The FFT

is applied to this rough MRZ and the log-magnitude image

is truncated using 50 times the average intensity. Then, it is

shifted such that high frequency components corresponds to

the center. Finally, the Otsu’s method is used to obtain the

binary image.

(a) Example of rotated code region.

(b) FFT log-magnitude of (a), center corresponds to high frequency.

(c) Truncated image of (a) with gray ROI boxes.

Fig. 2. Finding rotation angle by FFT.

Figure 2(b) shows the log-magnitude FFT image of the

rotated MRZ in Fig. 2(a). It shows that the rotation of the

MRZ affects sub-lines in the magnitude image of FFT. The

binary image by the truncation is shown in Fig. 2(c) where the

gray boxes are the predefined region of interest (ROI). Rota-

tional angle can be found by the principal component analysis

(PCA) [9, 10] of bit 1 locations in ROI, that is eigenvalue de-

composition of the covariance matrix:

C =

[

Cxx Cxy

Cxy Cyy

]

. (2)

From [9, 10], the angle between x-axis and the principal com-

ponent is obtained by

θ = arctan2( 2Cxy, Cxx − Cyy). (3)

However, the rotation angle needs correction because the

MRZ is not square. Also, in our case, the desired rotation an-

gle is not the angle between principal component and x-axis,

but y-axis. Thus, final rotation angle can be obtained as

θ′ =
CM

RM

× (
π

2
− θ), (4)

where CM and RM are the numbers of columns and rows of

the rough MRZ image. By affine transformation using the

resultant rotational angle, we can rectify the passport image.

2.2. Finding and rectangularizing MRZ

In the rectified passport, a rough MRZ still exists between 5/9

and 1 ratio of the height. Adaptive threshold is used to obtain

a binary image. Then it is morphologically dilated, and is

applied the Canny edge detector [11]. This method is much

precise than applying the Canny edge detector directly to the

original image.

Many edges are in the code region because codes are

black and others are white. If the size of the MRZ is known,
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Fig. 3. Toy example of adaptive posterization using 16 his-

togram bins. The bar shows input histogram and the circle

shows the result of adaptive posterization. The same height

of circles corresponds to the same value after adaptive poster-

ization.

the exact location of the MRZ can be obtained by finding the

location that has the maximum sum of the edge image in this

size. In our case, the size of the MRZ is approximately 1200

by 100 and an integral image [12] of the rough binary MRZ

is used to pinpoint the location of MRZ fast.

The MRZ has the projective warping distortion. Thus we

perform inverse projective transform, which needs 4 points

from a source image and a destination image respectively.

The destination image points are four corners of a rectangle,

e.g., [0, 0], [0, 99], [1199, 99], [1199, 0].

To find source image points, adaptive threshold is used to

obtain the binary image. Morphological dilation is applied to

avoid separating one code into two or more. Then, we can

find each code’s location using two-dimensional connected-

component labeling. Inverse projective transform with source

and destination image points makes the rectangular MRZ im-

age free from projective warping.

2.3. Separating codes and adaptive posterization

Adaptive threshold is used to obtain the binary image of the

rectangularized MRZ. The size and the location of each code

are found by the two-dimensional connected-component la-

beling.

All the code has to have the same aspect ratio, and we

choose a reference aspect ratio of 5/6 (width/height). Label-

ing errors can be handled by using the size and the location of

each code. Labels with too big or too small size are deleted.

Also, labels with too much distance to the average vertical

location are also deleted. After this process, each code is sep-

arated with the size of 24 by 20. Then, for character recog-

nition, the quality of each code image is enhanced by a point

processing described below.

The famous image enhancement technique is the his-

togram equalization. But, the histogram equalization merges

many bins which may be meaningful into one bin. So, we

propose a new method to enhance image modifying the pos-

terization method [13].

The proposed adaptive posterization method also uses his-

togram bin values. If the bin value is bigger than, or equal to a

Fig. 4. Comparison of different point processing methods.

From left to right: original image, contrast stretching, his-

togram equalization and adaptive posterization.

threshold, this bin is meaningful and it is retained. Otherwise,

this bin is considered as non-meaningful and it is merged with

other nearby meaningful bin. The threshold can be chosen to

be the average value of histogram, i.e., the number of pixels

divide by the number of bins.

Fig. 3 shows a toy example of the proposed method

with threshold 2.9 (average histogram value). Bins that have

smaller value than the threshold (e.g., bin 1 and 2) merge

to the nearby meaningful one that has higher value than the

threshold (e.g., bin 3).

Fig. 4 compares the proposed adaptive posterization with

the conventional point processing methods such as contrast

stretching and histogram equalization. Histogram equaliza-

tion of the special character < has been affected by reflected

light, while the proposed method has not. For the character<,

contrast stretching outputs darker background than the pro-

posed method which makes the character recognition more

difficult. Also since the number 1 is thin, histogram equal-

ization makes the code thicker. However contrast stretching

and the proposed method keeps it thin. The proposed method

performs fine in the presence of reflected light errors.

3. CHARACTER RECOGNITION

3.1. Template matching

After preprocessing steps, segmented code images are ob-

tained. Template matching is used to recognize each code

where the template is set to the average of training images.

Consider there are C characters to be matched, then the seg-

mented code image is compared with the C templates and it

is classified as the code that results in a smallest difference

from the corresponding template.

As a measure of difference, the sum of squared difference

(SSD) can be used. This measure is similar to the variance of

pixel values in difference image.

In this paper, we propose a slightly different variance

measure which will be denoted as NM (new measure). Ex-

tracting codes from the MRZ and resizing the code image can

make small pixel deviation. If there is a small pixel deviation,

errors often occur at the edge of the template image. Thus,

the squared difference is divided by 2 if that pixel is on the



Table 1. Top 5 error on character recognition.

TM TM+NM TM+SVM TM+NM+SVM

Original Classified # Original Classified # Original Classified # Original Classified #

1 0 O 319 0 O 319 Y T 25 1 T 23

2 O 0 79 O 0 93 1 T 24 Y T 20

3 Y T 25 1 T 23 < K 17 < K 18

4 1 T 24 Y T 20 < 1 17 O D 14

5 < K 17 < K 18 O D 16 < 5 13

edge of the template image. This method of NM has an effect

of reducing high frequency of images.

Let p = {p1, . . . , pn} with pk(k = 1 . . . n) be each pixel

location and n be the number of pixels. We define D(c)(p) =
|I(p) − T(c)(p)|, where I is an input image, and T(c) is a

template image of code c. Let E(c) be the Canny edge of

each template, then E(c)(pk) is 1 if pk is on the edge, and 0

otherwise.

Finally, the template matching error TM(c) with the tem-

plate code c is obtained as

TM
(c) =

∑

p∈p

1

E(c)(p) + 1

[

D(c)(p)−D(c)
]2

, (5)

where D(c) = 1
n

∑

p∈p
D(c)(p). As a result of template

matching, the most similar character c∗ = argmin
c

TM(c)

is found. If E(c) is zero in all pixel, then TM
(c) is original

variance measure.

3.2. Support vector machine (SVM)

In spite of the font made for the OCR, the the number 0 and

the character O are hard to recognize. The number 0 is bigger

and wider than the character O, but template matching can-

not classify those correctly. Thus, we use the support vector

machine (SVM) [14] to classify the number 0 and the char-

acter O. If the two best results of the template matching are

the number 0 or the character O, then the SVM classifies that

code image.

4. EXPERIMENTAL RESULT

The e-passport images taken from the e-passport reader are

used for training and test. The training phase consists of mak-

ing template and training SVM. The template is made by av-

erage image of each code images. SVM is trained with ran-

domly chosen 500 images out of 4,000 number 0 images and

2000 character O images from preprocessing. Each code im-

age is obtained after preprocessing steps and resized to 24 by

20. Running time for 708 images is 160.7 second and the

average time execution for an image is 0.227 second in C++

using OpenCV.

Table 1 and 2 are obtained based on 708 test images which

includes over 62,000 characters. Table 1 shows the top 5 error

Table 2. Character and passport recognition rate.

Correct Ratio All Match Ratio

TM 99.11% 65.51%

TM+NM 99.10% 66.23%

TM+SVM 99.76% 82.54%

TM+NM+SVM 99.77% 83.84%

types of character recognition, which shows the major cause

of error without SVM is 0/O confusion. On the other hand,

after the inclusion of SVM to cope with 0/O confusion, the

major error is incurred by 1/T, Y/T, </K and so on. Note that

the number of misclassification decreased significantly by the

inclusion of SVM.

Table 2 shows that template matching (TM) with the pro-

posed measure (NM) in combination with SVM performs

best. In the table, correct ratio is per character and all match

ratio is computed based on the 88 characters in a passport.

Template matching with new measure shows a lower recog-

nition rate than the template matching only case. However,

Table 1 shows that in TM+NM, O/0 confusion is increased

by 14 than TM only case. It is because proposed measure

restricts information on the edge and the differentiation be-

tween 0 and O by the new measure is more difficult than that

by the conventional variance measure. However, other errors

are reduced due to new measure. Due to the introduction of

the SVM to classify 0 and O, TM+NM+SVM performs better

than TM+SVM.

5. CONCLUSION

An overall procedure of MRZ recognition in a passport image

is proposed. The proposed procedure consists of two parts,

preprocessing and character recognition. The contribution of

this paper is 1) FFT is used to find the rotational angle, 2)

adaptive posterization is proposed to cope with the reflected

light effect, 3) new measure of template matching which per-

mits slight translation is proposed for character recognition

for MRZ in a passport. In the character recognition step, SVM

is used to classify the character O and the number 0 after tem-

plate matching. As a future work, we will use SVM to classify

all the confusing characters that cause errors.
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