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Abstract— This paper presents a design and implementation
of automatic container number recognition (ACNR) system for
an oversea logistic purpose. Usually in import/export industry in
Thailand, the container number which is used for logistic
management and also customs duties is manually inspected and
recorded by human at each gate of port. However, the manual
operation by human causes of error and slow speed of operation
from bottle neck, especially customs clearance verification
process which customs officers and terminal operators must deal
with containers individually as they enter and leave terminals via
a gate. By these reasons, an automatic system is required. The
cameras capture containers and by using image processing and
optical characteristic recognition (OCR) techniques, a container
number will be achieved and then customs clearance verification
can be automatically checked via database system including other
logistic management. The proposed ACNR system can reduce the
bottle neck issue, enhance time utilization, accuracy rate, and
data management efficiency. From an experiment, total samples
of 218 containers are tested, the proposed system can give an
accuracy rate of 95.41% with time utilization < 10 seconds
per/container.
Keywords—Computer Vision; Container Number Recognition;
Optical Character Recognition (OCR);

I. INTRODUCTION
At any container port or terminal, the number of lorries and
containers entering and leaving is phenomenal during peak
hours. Containers are loaded on to lorries and manually
inspected and verified by human. However, the manual
operation by human causes of error and slow speed of
operation from bottle neck, especially customs clearance
verification process which customs officers and terminal
operators must deal with containers individually as they enter
and leave terminals via a gate. In order to better control and
improve efficiency, an automatic system is required. This paper
presents a method how to detect Container number which
appear on the container according to ISO 6346, is a national
standard which describes the identification of a shipping
container. These containers have various appearance whether
size, font and aspect. We apply this application as a real-time
system which can tracking region of interest and process
simultaneously.

978-1-5386-2615-3/18/$31.00 ©2018 IEEE

Sorawat Chivapreecha
Department of Telecommunication Engineering,
Faculty of Engineering,
King Mongkut’s Institute of Technology Ladkrabang,
Bangkok 10520, Thailand.
sorawat@telecom.kmitl.ac.th
Locating text-line regions on container is a challenge
because variety of their positions, colors of characters and
backgrounds, font types and sizes. In [1] proposed a method,
where image edges were extracted and projected horizontally
with a Gaussian smoothing filter. The position of the local
maximums and local minimums of the smoothed histogram
were found. From each local maximum, the top and bottom
position of each text-line region can be obtained. In
segmentation-based methods, text-line region is segmented.
Then, vertical and horizontal projections, connected component
analysis [2], or contour analysis [3] are applied to obtain the
position of each character and other binary object
measurements such as height, width, and area may be used to
eliminate noises. To recognize character images, many
methods have been investigated. The template matching
technique [4] is one of method that suitable to recognize
characters with non-deformable and fixed-size fonts. But
container characters do not meet such requirements. Selforganized neural network [5], probabilistic neural networks [6],
back-propagation neural network [7], SVM [8] are well
adopted methods in recognition.
II. PROPOSED SCHEME
The proposed scheme in this paper were obtained from
CCTV IP camera at the ICD. Duration of the experimental data
were collect and process offline in the first phase and the
second phase we process real-time with an authentic
environment. The footage was record with various type of FullHD IP camera with 4 Million pixels size for one-day long. We
set two CCTV camera on the side of container. Because there
are 5 spots of the container number on the container: Front
side, Back side, Top side and lateral sides. Front side usually
concealed by locomotive. On top side also often being soiled.
So, there are two spots left back side and lateral side. In this
research we choose lateral side because there are two container
number on the lateral sides. So, we can cross check the result
between two sides. The working flow of the ACNR system
(Automatic container number recognition system) is
summarized in Fig 1.
This paper divided into three major steps: Real time trigger,
Container number Localization, Character Segmentation, and

Character Recognition. The first method which is used for realtime container number localization using binarization and
finding connected components. The second step is Character
Segmentation method which is based on histogram projection
method. The last part is character recognition process which is
using Convolutional Neural Network.

Image Frame
From CCTV

Preprocessing

Preprocessing

Binarization and
Grouping By angle
and distance

Binarization and
Dilation

Grouping Connect
Component

Localize Possible
Candidates

Angle Correction

Image size
28 x 28

Output

Convolution

Sum all possible
answer

Pooling

Output Predictions

Convolution

Fully Connected

Pooling

Pooling

Horizontal
Projection

Vertical Projection

Bitwise and
Expand edges

Fig. 1. The working flow of the ACNR system.

A. Real-time Trigger
First step is Real-time trigger system, from CCTV IP
camera transmitting image frame using Real Time Streaming
Protocol, image frame will be processed to grayscale using
HSV domain and pull only Value domain. After than we blur
image with Gaussian blur buffer filter size 13x13. Then using
adaptive threshold, with adaptive block size 55 and adaptive
threshold weight 15. After that we find contour of the image in
order to find connected region. Every connect regions have to
connect to another region with 180 degree (Vertical) or 90
degree (Horizontal). With this algorithm this application can
trigger system to start process selected image frame with the
next step Container number localization. The results of realtime trigger process are shown in Fig 2.

B. Container Number Localization
Second step is localization the container number, by
grouping connected component. In this section binarization
threshold and adaptive threshold weight will be different from
the previous step. First thing to do in this section is to with gray
image frame (Value domain in previous section) is to apply
Gaussian smooth filter with kernel size 3x3 then binarization
image frame with adaptive threshold with adaptive block size
35 and adaptive weight 15. After preprocessing method, we
create rectangle kernel which size equal to (1,2) then dilating
image frame with iteration equal to 1. After we get a binary
image and finding contours of all component in frame, then
filtered all candidate with fix aspect ratio consist of area of the
contours, width, height and solidity of the component. Then
grouping all possible candidate to a group of eleven, group of
four or group of seven, according to experimental data all
container number have 4 types of possible form: 11 characters
horizontal, 11 characters vertical, 2 rows horizontal lines first
row consist of 4 characters and second row consist of 7
characters and 3 rows horizontal lines. After grouping all the
possible candidates then cut out the region of interest from
image frame. The results of Container number localization
process are shown in Fig 3.
C. Character Segmentation
In third section we apply histogram projection method to
segment the candidate image frame. In the preprocessing image
is to tilt image to get the perfect angle image. In order to use
histogram projection image frame, need to be straight
horizontally and vertically. Then we binarized image frame
with Otsu’s method. Then perform a horizontal projection to
select process case whether one row horizontal, two rows
horizontal or one row vertical case. After getting segmented
characters, we perform bitwise and expand the edges of all
character. The results of character segmentation process are
shown in Fig 4.
D. Character Recognition
In this section we use Convolutional Neural Network as a
main optical character recognition engine. This paper apply the
two LeNet architectures for optical character recognition
process which first introduced in [6]. One LeNet architecture
for recognize alphabet (A-Z) and the other one for recognize
ten digits (0-9). The LeNet architecture consists of the
following layers: Convolutional layer (CONV) => Activation
Layer (ACT) => Max Pooling Layer (POOL) =>
Convolutional layer (CONV) => Activation Layer (ACT) =>
Max Pooling Layer POOL) => Fully-connected layer (FC) =>
Activation Layer (ACT) => Fully-connected layer (FC) =>
Activation Layer (ACT).

TABLE I.

SUMMARY OF THE LENET ARCHITECTURE

Layer Type

Output Size

Input Image

28 x 28 x 1

CONV

28 x 28 x 20

ACT

28 x 28 x 20

Filter Size
5 x 5, K = 20

POOL

14 x 14 x 20

2x2

CONV

14 x 14 x 50

5 x 5, K = 50

ACT

14 x 14 x 50

POOL

7 x 7 x 50

FC

500

ACT

500

FC

26

SOFTMAX

26

2x2

Table I. summarizes the parameters for the LeNet
architecture. Our input layer takes an input image with 28
rows, 28 column, and a single channel (grayscale) for depth.
Then learn 20 filters, each of which are 5 x 5. The
convolutional layer (CONV) is followed by a ReLU activation
(ACT) followed by max pooling with a 2 x 2 size and 2 x 2
stride. The next block of the architecture follows the same
pattern, but learning 50 5 x 5 filters. We have two fullyconnected layers (FC). The first FC contain 5000 hidden nodes
followed by a ReLU activation. The final FC layer controls the
number of output class labels (A-Z; one for each of the
possible alphabet) in this case is 26. Finally, we apply a
SoftMax activation to obtain the class probabilities.
The other architecture, same as the first, only change in the
last FC layer from 26 to 10 (for the possible ten digits; 0-9).

Fig. 3. Results of container number localization process.
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Fig. 4. Result of character segmentation process – (a) Region of Interest of
container number; (b) binary image; (c) segmented characters.

III. EXPERIMENTAL RESULTS
In real-time process, the system will process four major
methods which are real-time trigger, container number
localization, character segmentation, and then character
recognition. The containers that unsuccessful in any process
will not go on the next process. Each container for several
times before showing the result, minimum 3 times before the
result and check sum were verify at least 2 times. From an
experiment, total samples of 218 containers are tested. All of
the defect container such as character were fade or ravel,
unable to read were removed.

Fig. 2. Results of real-time trigger process.

Fig. 5. Results of the ACNR system.

TABLE II.

EXPERIMENTAL RESULTS

Process
Real-Time Trigger process
Container Number Localization
Character Segmentation process
Character Recognition process
Total Process

Correct
217
213
210
209
208

Incorrect
1
4
3
1
10

Accuracy
99.54%
98.16%
98.59%
99.52%
95.41%

IV. CONCLUSION
In order to better control and improve efficiency in
container number verification process, several image
processing techniques have been applied to the proposed
automatic container number recognition (ACNR) system which
based on computer vision. There are four major processes from
the proposed ACNR system. The first one is real-time trigger
which can active the rest process to start process the image
frame with this method ACNR system can be process real-time
with utilization time less than 10 second per one container. The
second one is container number localization which combines
the candidate character contours and the spatial relationship
between successive characters. To segment the characters in
the third process, the text-line regions are firstly segmented.
Then vertical and horizontal projection is applied to get the
position of each character. The last one is character recognition
process which adopting LeNet architectures of Convolutional
Neural Network.
The proposed algorithm gives accuracy rate of 95.41% with
time utilization < 10 seconds per/container and suitable to
locate and recognize container numbers of different colors,
sizes, and alignment modes.
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