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Abstract. 3D vision inspection has been rapidly developed and increasingly
applied in product quality inspection. Structure Light System (SLS) is one of
these technologies with good performance and lower cost. To achieve the au-
tomated quality inspection, a decision support system is required to provide
with the SLS together to automatically perform the quality check. However, for
extracting quality information, the quality inspection system has to be combined
together with a data logging system, so that the quality information of the prod-
uct is available for production query and quality checking. In this paper, Radio
Frequency Identification (RFID) technique is used to accomplish the production
tracing and tracking together with the quality inspection system. By assigning a
RFID tag to each inspected part, it is possible to identify the type of the product
and write the quality inspection result decided by the data mining classifier for
the real-time quality query. The proposed approach will be an alternative for
SMEs considering the fast product type update with respect to the fast changing
market.
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1 INTRODUCTION

Product quality inspection is a nontrivial procedure during the manufacturing process
both for the semi-finished and end products. 3D vision inspection has been rapidly
developed and increasingly applied in product quality inspection, with the advantages
of high precision and applicability comparing with commonly used 2D vision ap-
proaches. 3D vision is superior in inspection of multi-features parts due to providing
the height information. 3D vision techniques comprise approaches on the basis of
different working principles [1]. Among various approaches, the Structure Light Sys-
tem (SLS) is a kind of cost effective techniques for the industrial production [2, 3, 4].
By projecting specific patterns on the inspected product, the camera captures corre-
sponding images. The 3D measurement information of the product is retrieved in the
form of the point cloud on the basis of the images. With the generated 3D point cloud,
automated quality inspection can be performed with less human interference, where
data mining approach is commonly used [5, 6].

However, although the quality information is able to be decided on the basis of the
SLS and data mining approaches, it will not become more valuable until it is used to
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improve the production process and also achieve the real-time data access and the
quality traceability.

In this paper, Radio Frequency Identification (RFID) technique is used to integrate
the quality information together with the product. RFID uses a wireless non-contact
radio system to identify objects and transfer data from tags attached to movable items
to readers, which is fast, reliable, and does not require physical sight or contact be-
tween reader/scanner and the tagged objects. By assigning a RFID tag to each in-
spected product, it is possible to identify the product type and query the quality in-
spection history. An assembly quality inspection problem is selected as a case study
to test the feasibility of proposed complex system. The proposed approach will be an
alternative for SMEs considering the fast product type update with respect to the fast
changing market.

The paper is organized as the following: Section 1 introduces the general applica-
tions of 3D vision in manufacturing and the importance of combining SLS, Data min-
ing and RFID technology. Section 2 introduces the architecture of the complex sys-
tem and the working process in each system level respectively. Section 3 shows a case
to study the feasibility of the system combining the three techniques. Section 4 comes
to the conclusion of the applicability of the complex system.

2 QUALITY INSPECTION SYSTEM ARCHITECTURE ON
THE BASIS OF STRUCTURE LIGHT SYSTEM, DATA
MINING AND RFID

The RFID 3D quality inspection system combines the function of product quality
inspection and RFID tracing and tracking. By attaching the RFID tag to the product,
the system takes the pictures of the inspected product as the inputs, generates the 3D
point cloud and finally writes the quality related information of the product in the
RFID tag. Thus, it is available to monitor the product quality along the production
line and achieve the real-time quality control.



2.1  System architecture
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Fig. 1. System architecture

The quality inspection system comprises 4 levels as shown in Figure 1, which are 3D
vision level, data processing level, computational intelligence level and RFID level
respectively. Within each level of the system, the data is converted as the sequence of
the point cloud, the feature vector, the quality information and the writable RFID
data. Each level is introduced as following:

1. 3D vision level consists of the Structure Light System, which uses camera together
with the projector to generate the point cloud of the inspected product.

2. Data processing level comprises quality related feature determination and extrac-
tion. The product quality is quantified on the basis of the point cloud according to
the design requirements. The feature vector is generated after the processing as the
input of the next level.

3. Computational intelligence level uses data mining approaches to achieve the auto-
mated quality classification on the basis of the feature vector.

4. RFID level comprises the RFID hardware and software, which achieves the prod-
uct tracking and controlling by writing and reading RFID tag attached on the prod-
uct.

2.2 Introduction of the Structure light system

Structured Light System (SLS) is one of typical 3D vision techniques. SLS accom-
plishes to point cloud acquisition by projecting specific patterns onto the measured
object and capturing the corresponding images. The point cloud of the object surface
can be generated with the images analysis approach.

The hardware of a SLS consists of a computer, an image capture device and a pro-
jector. Figure 2 shows the working process of a typical SLS, which can be divided
into 4 steps.
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Fig. 2. General working process of a Structured Light System

1. Step 1 is the pattern projection. A coded light pattern is projected onto the scene by
the projector. The pattern can be either a single one or series with respect to the
type of the code.

2. Step 2 is the image recording. The inspected object is captured by the camera, and
then captured images are stored in sequence if pattern series are used. The scene is
captured previously as references without the presence of the object. Comparing
the images with the inspected object to the one without it, it is observed that the
pattern is distorted due to the existence of the object, which indicates the height in-
formation.

3. Step 3 is the phase map generating. Images captured in step 2 are analysed by the
computer with fringe analysis techniques on the basis of the pattern encoding rule.
The wrapped phase maps are obtained firstly, and to be unwrapped to obtain the
map with continuous phase distribution.

4. Step 4 is the transformation from phase to height. The height value of each image
pixel is derived from its phase by phase calibration or phase-height mapping com-
paring with the reference obtained from step 2. After the calibration, the pixels in
the image are transformed to points in metric unit, and the height value in each
pixel is calculated, so that the 3D point cloud of the inspected object is formed.

2.3 Decision support using data mining approaches

To achieve the automated product quality inspection, it is of importance to use com-
putational intelligence approaches to classify the product quality with less artificial
interference. Data mining method is often used to analyze the massive data and find
out the knowledge to ascertain the product quality [7]. Data mining based quality
inspection requires input variables related to product quality. Although the point
cloud is able to be acquired using SLS in the form of 3D coordinates, it generally
includes mega points and is unlikely possible to use the data driven methods to solve
the classification problem. In this case, the point cloud generated by the SLS has to be



processed according to the specifics of the product. Mega points are converted to be a
vector including the most useful quality related parameters. It is effecient to focus on
the partial point cloud mostly representing the product quality, which can be seen as
the Region of Interest (ROI) of the point cloud. Furtherly, a vector X ={x,,%,,...,X,}

is extracted from the mega points, which comprises feature values xi calculated ac-
cording to the point cloud. Thus, the mega points are converted to a single vector
including geometrical features which most represent the product quality information.
With this step of simplification, it becomes feasible to select the most suitable data
mining approaches on the basis of the extracted feature vectors to do the quality clas-
sification. For example, three typical data mining approaches are common used in the
classification problem, which are Artificial Neural Networks (ANN), Decision tree
and Support Vector Machines (SVM) respectively.

1. Decision Tree

A decision tree is one of data mining approaches applied in many real world applica-
tions as a solution to classification problems. A decision tree is a flowchart-like tree
structure, where each internal node denotes a test on an attribute, each branch repre-
sents an outcome of the test, and each leaf node holds a class label. The construction
of decision tree classifiers does not require any domain knowledge or parameter set-
ting, and therefore is appropriate for exploratory knowledge discovery.

C4.5 is a classic algorithm for decision tree induction. The succedent algorithm
C5.0 is available in IBM SPSS Modeler®. By using this software, it is easy to ac-
complish the decision tree induction and test.

2. Artificial Neural Networks

As another effective data mining approach, an Artificial Neural Network consists of
layers and neurons on each of them. Parameters are adjustable in an ANN such as the
number of the hidden layers and neurons, the transfer functions between layers and
the train method etc. A powerful ANN toolbox is available in Matlab® and can be
highly customized to get the best result by the user.

3. Support Vector Machines (SVM)

A Support Vector Machine (SVM) is a supervised learning method for data analysis
and pattern recognition. The standard SVM is designed for binary classification. Giv-
en a set of training examples, each marked as belonging to one of two categories,
several SVM training algorithms are available to build a model that assigns examples
into corresponding category. New examples are then predicted to belong to a category
based on the constructed model. For multi-classification problem, a commonly used
approach is to construct K separate SVMs, in which the kth model yk(x) is trained
using the data from class Ck as the positive examples and the data from the remaining
K — 1 classes as the negative examples, which is known as the one-versus-the-rest
approach.



2.4  RFID level

Radio Frequency Identification (RFID) is one of numerous technologies grouped
under the term of Automatic Identification (Auto ID), such as bar code, magnetic
inks, optical character recognition, voice recognition, touch memory, smart cards,
biometrics etc. Auto ID technologies are a new way of controlling information and
material flow, especially suitable for large production networks [8]. RFID is the use
of a wireless non-contact radio system to transfer data from a tag attached to an ob-
ject, for the purposes of identification and tracking. In general terms, it is a means of
identifying a person or object using a radio frequency transmission. The technology
can be used to identify, track, sort or detect a wide variety of objects [9]. RFID system
can be classified by the working frequency, i.e. Low Frequency (LF), High Frequency
(HF), Ultra High Frequency (UHF) and Microwave. Different frequency works for
various media, e.g. UHF is not applicable to metal but HF is metal friendly. Thus, the
working frequency has to be used on the basis of tracked objects.

Hardware of RFID system includes RFID tag, RFID reader and RFID antenna.
RFID tag is an electronic device that can store and transmit data to a reader in a con-
tactless manner using radio waves, which can be read-only or read-write. Tag
memory can be factory or field programmed, partitionable, and optionally permanent-
ly locked, which enables the users save the customized information in the tag and read
it everywhere, or kill the tag when it will not be used anymore. Bytes left unlocked
can be rewritten over more than 100,000 times, which achieves a long useful life.
Moreover, the tags can be classified by power methods i.e. passive tags without pow-
er, semi-passive tags with battery and active tags with battery, processor and i/o ports.
The power supply increases the cost of the tag but enhance the readable performance.
Furthermore, a middleware is required as a platform for managing acquired RFID
data and routing it between tag readers and other enterprise systems. Recently, RFID
become more and more interesting technology in many fields such as agriculture,
manufacturing and supply chain management.

3 CASE STUDY

In this paper, a wheel assembly problem is proposed as the case study of the imple-
mentaion for combining the SLS, data mining approaches and RFID technology. In
the first step, the assembly quality classification is introduced. Secondly, the point
cloud of the object is acugired using SLS and converted to be the feature vector,
which is defined according to the assembly requirments and provided to the data min-
ing classifier as the input. At last, the quality is decided by the classifier and convert-
ed to RFID data, which is saved in the RFID tag attached on the object.

3.1  Problem description

To certify the feasibility of proposed 3D vision based quality inspection, LEGO®
wheel assembly inspection is taken as the example in this paper. In the supposed
wheel assembly inspection, the object is to check the assembly quality. A wheel is



constituted of 2 components, the rim and the tire. Possible errors occur during the
assembly process as shown in Figure 3, which are supposed to be divided into 5 clas-
ses, according to the relative position of the rim and tire:

1. Wheel assembly without errors

2. Tire is compressed

3. There exists an offset for one side
4, Rim is detached from the tire

5. Rim is tilted

2. Compressed 4. Detached 5. Tilted
tire | rim | rim |

1. Qualified 3. Offset rim

Fig. 3. Wheel assembly classification

Each class has a corresponding inner layout, which is shown respectively in Figure 4.
The section views show the differences among the classes.

4, Detached rim 5. Tilted rim

Fig. 4. Inner layout of the wheel



2D vision is not applicable to distinguish some cases because of the similarity of pic-
tures, as shown in Figure 5.

Fig. 5. Similarity from the top of the view

It is noticed that there is not so much difference between the two wheels from the top
view in the image. However, the height is different if seen from the side view. Struc-
tured Light System (SLS) is an effective solution which can get 3D point cloud of the
inspected part, so that the real height value of the parts are obtained while errors can
be recognized with the metric information directly.

3.2 Feature extraction for the classification

The hardware configuration is shown in Figure 6. The image capture device is used
with a SONY XCG-U100E industrial camera, with UXGA resolution (1600x1200
pixels) and Gigabit Ethernet (GigE) interface, and together with a Fujinon 9mm lens.
A BenQ MP525 digital projector is employed to project the patterns. The hardware
control and the image processing are performed with commercial software Scorpi-
on®. After calibration, the accuracy of the measurement can achieve 0.01mm in this
case study.



Fig. 6. SLS hardware

In proposed assembly inspection, geometry features are extracted as the input attrib-
utes on the basis of the 3D point cloud and regression analysis, while the correspond-
ing class of the inspected wheel is predefined. 200 examples have been recorded for
each class. 180 of them are used as the train set while the left examples are used as the
test set.

Fig. 7. Point cloud acquired with SLS

Because the tire has much lower reflectivity comparing with the rim, more noises will
be generated when acquiring the point cloud of both. To get a cleaner point cloud and
simplify the feature extraction, the tire part is disregarded by lowering the contrast
value. Thus, only the rim part is kept for the further analysis as shown in Figure 7. 6
line profiles are extracted from the point cloud of the rim part for feature extraction in
the next step, with 3 horizontals and 3 verticals. Only the end sections of each line
profile are kept for the regression analysis
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Fig. 8.Section profile processing

As shown in Figure 8, two sections of profile are used to define the attributes of the
rim. Only the beginning and ending section of the profile are kept while other sections
are ignored. The horizontal data of the points are considered as the predictors, which
correspond to the x-axis and y-axis in terms of the horizontal and vertical profiles
respectively, while the vertical data are considered as the responses, which means the
height value of the points. It is possible to use statistics to estimate the regression line
of the values corresponding to the profile section [10]. Taking into account the slope
of the regression line, it is possible to estimate the height and the pose of the rim part.

The least squares linear regression is used to acquire the regression line. With the
numerical data of a profile and the regression line corresponding to a wheel, 5 values
are obtained, which are respectively

x1:  slope of the regression line

x2: bias of the regression line

x3:  mean height value of points in the beginning section

x4:  mean height value of points in the ending section

x5:  width between the starting point and the ending point

where x1 and x2 are acquired by linear regression analysis while x3, x4 and x5 are
measured from the points of the profile sections directly shown in Figure 9. With all
the extracted values, a data vector is constructed for each of the six profiles of the rim:

X, - width

X, . mean height value of

X, mean height value of points in the ending section

points in the begining section

x,and x, : slope and bias of the regression line

Fig. 9. Feature extraction

Regarding the 5 classes in the wheel assembly problem, it is of importance to extract
features most related to the assembly status from the point cloud. These 5 features
extracted above are able to describe the pose of a wheel, which indicates the height
and inclination. For each profile, 5 feature values are extracted. Thus, a vector XS is
used to denote a wheel where Xs = {Xy, X, ..., X¢} as the inputs of data mining ap-
proaches.



3.3 Quality information embeded using RFID tag

After the assembly quality has been approved using SLS and data mining decision
support system. The quality information will be written into the RFID tag placed in
the wheel. Thus, the quality information is combined with the product together for the
check in the future. In this wheel assembly quality inspection problem, the tag access-
ing is to be completed with the Reader Test Tool of the RFID reader as shown in Fig-
ure 10.

File Edit Reader OperatingMode Protocols Antennas
(|| (®) Region: etsi ~ SubRegion: en302208_dense ~ Reader Status: @ OK

(xE2009374741101741100A4AE
(xE2003412012CF3000842A4AE180900AE00055FFBFFFFDC50

MAC Address: 00:2368:C6:89.09  INfinity610  Firmware:10.17999  Operating Mode: Standby  Login: admin

Fig. 10. RFID reader test tool

In this case study, the OMNI-ID RFID tag, the SIRIT RFID reader and the IMPINJ
near-field antenna are used to construct the RFID system, as shown in Figure 11.



Fig. 11. RFID system hardware

During the test, a RFID tag is placed in the tire in the first step as shown in Figure 12.

Fig. 12. Attach a RFID tag to a tire

Then the tagged tire and a rim are assembled. Because the EPC code of each RFID
tag is set to be unique, each wheel is given by a unique . Finally the assembly quality
of the wheel is to be inspected using SLS and data mining based decision support
system. After the classification, the quality information will be written into the tag
and kept with the product as shown in Figure 13.



Fig. 13. Quality inspection and information writing

The memory of the OMNI-ID RFID tag is divided into three parts, which are allocat-
ed for the EPC code of 96bits, the user data of 512bits and the TID data of 64bits. The
512bits user data are reserved for the customized information, which can be converted
to 64 ASCII characters. In this case, the quality inspection related information is writ-
ten in the user memory of the RFID tag. The information comprises the classified
assembly quality, the inspection time and the inspection date, in the form of
“QUALITY=X TIME=HH:MM DATE=DD.MM.YY”. Because the tag memory is
written in the form of hexadecimal, the texts have to be converted to HEX before
writting. Supposing the quality is classified to be 1 and the inspection is taken at
14:05 on 30.04.13, the information is converted from the ASCII characters to hexa-
decimal as shown in Figure 14.

Text QUALITY=1TIME=14:05 DATE=30.04.13

0x5155414C4954593D312054494D453D3134

HEX 3A303520444154453D33302E30342E3133

Fig. 14. Conversion from the ASCII characters to the Hexadecimal

The information writing is completed using reader test tool as shown in Figure 15.



S Reader Test Tool (RTT) -

File fdt Reader OpesstingMode Protocols  Antennes
| () Regroer etsi » SubRegion: en3D2208_dense » Reader Status: @ OX

Gereral Page | Tag Pedomance | Tag Managesent | Macres | Evert Handing | Avterna Setinge

<ok

3tag read_user_detal)

ok Lser_datas

051554 14049545500 31 205449404530 31 3434300520444 1544530 33302E 300426 31 330000000000000000000000000000000000000000000000000
100000000000

é INinty 610 Firmware: 1017999 Opesating Mode: Standby  Login: admin

Fig. 15. RFID tag information control

After the quality information is written in the user memory of the tag, it is able to be
read out with any other RFID reader. Using the same decoding approach, the hexa-
decimal can be restored to characters again for later check.

3.4  Result and analysis

During the quality inspection test. Six measures are obtained for the classifier on the
basis of 4 outcomes: True Positive (TP), True Negative (TN), False Positive (FP) and
False Negative (FN), which constructs a confusion matrix

TP (correctly accepted) FN (incorrectly refused)

FP (incorrectly accepted) _

For each validation, the confusion matrixes of each class are constructed respec-
tively, and the final confusion matrix for each validation would contain the average
values for all classes combined.

The 6 measures are defined as following

1. Correctly Classified Instances (CCl): Percentage of samples correctly classified.
2. Incorrectly Classified Instances (ICI):  100% -CClI.



3. True Positive Rate (TPR): TP/ (TP + FN). Also called Recall measure.

4. False Positive Rate (FPR): FP / (FP + TN)

5. Precision (P): TP/ (TP +FP)

6. F- Measure (FM): Defined as ( 2 * Precision *Recall) / (Precision + Recall)

Table 1 shows the performance SVM classifiers.

Measures Support Vector Machine
CCl 95.80 %

ICI 4.20 %

TPR 0.853

FPR 0.011

Precision 0.958

F-measure 0.902

Table 1. Results of SVM

After the classification, the inspection related information is written in the RFID tag.
The inspection time and date is available using reader test tool as shown in Figure 16.

i 5
S Reader Test Tool (RTT) - 129.04168.119 [E=NEER S

File Edit Reader OperatingMode Protocols Antennas
|®)]Region: etsi ~ SubRegion: en302208_dense ~ Reader Status: @ OK

General Page | TagF Tag | Macros | Event Handing | Antenna Settings

Command: | . Send ["] Retain Command

tag db get(

<ok
tag_id=0xE2009374741101741100A4AE, first=2013-05-21T07:27:42.204, last=2013-05-21T07:31:23.370)

MAC Address: 00:23:68:C6:89:09 INfinity 610 Firmware: 1.0.17999 Operating Mode: Active Login: admin

Fig. 16. Acquiring the RFID tag information

Combining with the quality classfication result, the text to be written is

QUALITY=1 TIME=07:27 DATE=21.05.13

Which is converted to be HEX as following using compiler

0x5155414C4954593D312054494D453D30373A323720444154453D32312E3035
2E3133

The converted HEX is written in the user memory of the tag in command line of
the reader test tool as shown in Figure 17.



S Reader Test Tool (RTT) - 12924168119 ool |

" fle Ede Besder QpestingMode Protocoks  Antennas
| |(8) | Region: etss ~ SubRegion: en302208_dense ~ Reader Status: @ OK

Genersl Page | Tag Pedommance | Tag Managemert | Macros | Evert Honding | Artenns Setings

Comt - Send Fgtan Command
25 @ get) [
bag_ideOAE200337474 1101741 100MAE, frit+2013-0521707.27 42 204, lant+201305-21707.39.24 826)

tag wite_user_dataluser_dstae
051554 140495459303 1205443434 53030372 323720444 1544534 3231 20 301520 31 33000000000000000000000000000000000000000000000000000
000000000

<ok

I
| MAC Address: (02368:C68909  INfingy 610  Firmware 1017999 Operating Medee Active  Login: admin

Fig. 17. Information writting using RFID system

4 CONCLUSIONS

The combination of Structured Light System, the data mining approach and RFID
technology is tested in this paper. SLS is applicable in this proposed wheel assembly
quality classfication problem. According to the assembly requirements, the feature
definition on the basis of the point cloud is suitable for similar product type. The fea-
ture vector extraction provides the SVM classifier availalbe inputs and ahecieves
95.8% Correctly Classified Instances. Meanwhile, the RIFD system successfully con-
verts the quality inspection result to acceptable data format for the tag and writes the
information in it. This step is able to improve the traceablity of the product quality.
Suppose multiple SLS inspection stations are assigned along the assembly line, the
quality inspection results are saved in the RFID tag respectively. The earlier inspec-
tion result is available for the system before the product enters into the following
processing station. The tag embeded information does not require the remote database
access. The interuption due to the product quality is able to be avoided. In the follow-
ing work, the middleware for integrating the three system will be developed.
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