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Abstract: Light emitting diode (LED) indicators used on automobile meters are essential for safe driving and few errors can be
tolerated. The current manual inspection approach can achieve only 95% accuracy rate in weeding out errors occurring in the
production process. It is imperative to improve the accuracy of the inspection process to better achieve the goal of safe driving.
This paper proposes an automatic inspection method for LED indicators for use on automobile meters. Firstly, red-green-blue
(RGB) color images of LED indicators are acquired and converted into R, G, and B intensity images. A seeded region growing
(SRG) algorithm, which selects seeds automatically based on Otsu’s method, is then used to extract the LED indicator regions.
Finally, a region matching process based on the seed and three area parameters of each region is applied to inspect the LED indicators one by one to locate any errors. Experiments on standard automobile meters showed that the inspection accuracy rate of
this method was up to 99.52% and the inspection speed was faster compared with the manual method. Thus, the new method
shows good prospects for practical application.
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1 Introduction
New technologies are applied to automobile
manufacture with each passing day. To support a safer
driving environment for drivers, the number of LED
indicators used on automobile meters is also increasing rapidly. For example, the Yutong Bus
(Zhengzhou Yutong Co., Ltd., China) has a total of up
to 45 surface mount technology (SMT) LED indicators on the meter, accounting for almost a quarter of
its total cost of production. With these LED indicators,
the automobile meter can keep drivers better informed as they provide a lot of immediate information
relevant to the automobile. In general, LED indicators
can be divided into three groups: (1) blue or green
LED indicators which are used to display the status of
automobile applications such as turning signals,
headlights or fog lights; (2) yellow LED indicators
‡
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which are used to alert drivers to failures of systems
such as the anti-lock braking system (ABS) or engine
self-check; (3) red LED indicators which are used to
warn the drivers of unsafe driving conditions such as
engine cooling water temperatures or oil pressures
that are too high for continued operation. Faulty LED
indicators on automobile meters are unsafe for drivers
and the consequences of failure to warn drivers could
be catastrophic. However, in the Chinese automobile
industry, because of missing components, LED
damage or improper manual welding (which frequently happens during the meter production process),
errors such as malfunctions, lack of brightness leading to poor recognition, or incorrect color often occur
in these LED indicators. To locate these errors, inspection of the LED indicators is necessary during the
automobile meter testing process. Currently, the traditional manual inspection approach is widely used in
which the indicators are checked mechanically one by
one with a low efficiency. Moreover, with the ever
growing number of indicators, manual errors
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(erroneous inspection or inspections that fail to detect
faults) caused by visual fatigue cannot be avoided and
the successful inspection rate is only 95%. Therefore,
developing an automatic inspection method for LED
indicators to replace manual inspection as a way of
improving production quality and efficiency is essential to the mass production of automobile meters.
So far, few automatic inspection methods for
LED indicators used in automobile meters have been
developed. However, many methods have been developed from related research on the inspection of
industrial products using machine vision, such as
automatic printed circuit board (PCB) inspection
(Moganti et al., 1996), integrated circuits (IC) wafer
inspection (Wu et al., 2008), surface roughness inspection (Lee and Tarng, 2001), cathode ray tube
(CRT) panel auto-inspection (Perng et al., 2007),
fabric detection (Ghazi Saeidi et al., 2005; Kumar,
2008), and LED wafer inspection (Chang et al., 2009).
The industrial visual system (IVS) (Newman and Jain,
1995; Malamas et al., 2003) is an industrial inspection
method based on machine vision. The image of an
inspected product is first acquired using visual devices, and this image is then compared with a template so as to evaluate the quality of the inspected
product. Fig. 1 illustrates the general processes of the
IVS model. After image acquisition, image preprocessing plays a key role in extracting the characteristic
features of objects to implement the template matching process.
Image acquisition

Image preprocessing

Output

Template matching

Bischof, 1994; Wu et al., 1996; Ikonomatakis et al.,
1997; Tuduki et al., 2000) is the method typical of
region-based segmentation. Compared with simple
threshold techniques, SRG is more time-consuming,
but it retains more information at the boundaries of
the region, which can enhance the effectiveness of the
extraction for the LED indicator regions. Compared
with boundary-based methods or hybrid methods,
SRG is a more rapid, robust, and easy-to-use approach to image segmentation (Adams and Bischof,
1994). It performs a segmentation of an image with
respect to a set of points known as seeds, and groups
neighboring pixels or a collection of pixels with
similar properties into larger regions. In the SRG
algorithm, the seeds can be selected automatically
based on Otsu’s method (Otsu, 1979; Buxton et al.,
2007). SRG is applied to select the seeds automatically and to extract the LED indicator regions in LED
indicator images. If the LED indicators are not functioning properly or the brightness is too low for them
to be seen with the naked eye, no proper points can be
selected as seeds from the corresponding regions.
Thus, the seeds can be used to judge whether the
functionality or the brightness is up to standard. As
the region areas differ in color (in general, LED indicators have one of four colors: red, green, blue or
yellow), they can also be used to judge whether the
color is correct. Thus, the seed and region area of each
LED indicator region are considered as the characteristic features to match to a set template. If there is
no match, the indicator errors would be detected. The
main processes of this method will be described in the
following algorithm model section.

2 Algorithm model
Fig. 1 General processes of the industrial visual system
(IVS) model

In this paper, an automatic inspection method
based on the IVS model is proposed for locating faults
in LED indicators made for use in automobile meters.
To extract the characteristic features of LED indicator
regions, LED indicator images need to be segmented.
There are four main approaches to image segmentation (Pal and Pal, 1993; Zhang, 1996; Adamek et al.,
2005): threshold methods, boundary-based methods,
region-based methods, and hybrid methods. The
seeded region growing (SRG) algorithm (Adams and

The IVS model is used to implement the automatic inspection method for the LED indicators. The
main processes are as follows:
1. Image acquisition: After all the LED indicators on the automobile meter are powered up, RGB
color images of all the LED indicators are acquired by
the charged-coupled device (CCD) camera, while the
positions of the LED indicators are kept constant.
Subsequently, the RGB color images are separated
into individual R, G, and B intensity images.
2. Region extraction: The SRG algorithm is used
to obtain the seeds and extract the regions. Firstly, the
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seeds are selected from the gray image. Then, based
on the seeds, the corresponding LED indicator regions are extracted in the R, G, and B intensity images.
Finally, the area of LED indicator regions is calculated. Seeds and region area parameters from the
standard image (where the brightness and color of all
the LED indicators are determined to be correct) are
treated as the set template.
3. Region matching: Based on seeds and region
area parameters, the LED indicator regions in the
inspected image are compared one by one with the set
template to locate the errors that have occurred in the
production process of LED indicators.
The above three steps are described in more detail in the following subsections.

ages are extracted with the SRG algorithm. In this
paper, the SRG algorithm based on Otsu (1979)’s
method includes two main processes: a seed autoselection process and a region growing process.
2.2.1 Seed auto-selection
Fig. 3 shows a gray image of LED indicators,
from which the seeds are selected. To achieve the
purpose of selecting the seeds automatically, three
steps are performed as follows.

2.1 Image acquisition
In the interior space under common incandescent
lamp illumination (about 500 lx), at a distance of
about 0.5 m between the visual device and the automobile meter to be inspected, RGB color images of
LED indicators are acquired by an industrial CCD
camera (MV-300UC). The resolution is 512×384
(24-bit) and the pixel size is 3.2 μm×3.2 μm. An RGB
color image is an M×N×3 array of color pixels where
each color pixel is a triplet corresponding to the red,
green, and blue components of an RGB image at a
specific spatial location. Therefore, it can be viewed
as a stack of three intensity images referred to as the R,
G, and B images respectively (Gonzalez et al., 2003).
Fig. 2 shows the R, G, and B images separated from
an RGB color image of LED indicators.

(a)

(b)

Fig. 3 Gray image of LED indicators

Step 1: Otsu’s method (Otsu, 1979; Tuduki et al.,
2000) is used to determine a threshold and then a
binary image is obtained. This method is applied as
follows: the histogram of the gray image is divided
into two groups, each with a certain intensity distribution. The threshold is defined as the intensity value
where the covariance of the two groups reaches the
maximum. First, we compute the total number of
pixels, N, in the image using
L −1

N = ∑ ni ,

where ni is the number of pixels that have intensity
level i, and L is the total number of possible intensity
levels in the image. The normalized histogram is
given by

pi = ni / N .

(c)

Fig. 2 (a) R, (b) G, and (c) B images taken by an industrial CCD camera (MV-300UC)
The illumination of the environment was about 500 lx. The
distance between the camera and the automobile meter to be
inspected was about 0.5 m. The resolution was 512×384
(24-bit) and the pixel size was 3.2 μm×3.2 μm

2.2 Region extraction
As it is more complicated to process the color
images directly than to process the intensity images,
the indicator regions in the R, G, and B intensity im-

(1)

i =0

(2)

Otsu’s method chooses threshold k that maximizes the covariance σ 2, which is defined as

σ 2 = ω0 (u0 − u ) 2 + ω1 (u1 − u )2 ,
where
k −1

L −1

i =0

i=k

k −1

ω0 = ∑ pi , ω1 = ∑ pi , u0 = ∑ ipi / ω0 ,
i −0

L −1

L −1

i =k

i =0

u1 = ∑ ipi / ω1 , u = ∑ ipi .

(3)
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In the gray image shown in Fig. 3, the value of L
is 256. The normalized histogram of this image is
shown in Fig. 4. With k varying between 0 and 255,
the threshold value is selected which maximizes σ 2
as given by Eq. (3); in this case, a k value of 133 is
obtained as the optimal threshold value. The binary
image can then be generated from the gray image, as
in Eq. (4):

⎧255, g ( x, y ) ≥ k ,
g ′( x, y ) = ⎨
otherwise,
⎩0,

(4)

where g(x, y) is the value of a pixel from the gray
image and g′(x, y) is the value of a pixel from the
binary image.

extracted as the initial seeds and the coordinates of
each seed to the array Se[num, 2] are recorded where
num denotes the total number of seed points. In the
binary image example shown in Fig. 5, the value of
num is 31.
2.2.2 Region growing process
Apart from the seeds, the selection of homogeneous criteria is another key point in the region
growing process. In this paper, the gray level difference δ(x, y) shown in Eq. (5) between the gray value
of the pixel and the region mean is applied first as a
homogeneous criterion (Adams and Bischof, 1994):

δ ( x, y ) = g ( x, y ) − mean[ g ( x, y )] ,
( x , y )∈S

(5)

Normalized number
of pixels

0.030
0.025
0.020
0.015
0.010
0.005
0

0

40

80

120 160
Gray level

200

240

Fig. 4 Normalized histogram of the gray image in Fig. 3

Step 2: If the regions are noisy, single seeds may
fall on an atypical pixel and the number of seeds extracted may be more than the true value, which will
lead to algorithm errors. Morphology opening (Gonzalez et al., 2003) is applied to eliminate the noise of
the binary image. Morphology opening is an erosion
followed by a dilation which removes regions of an
object that cannot completely contain the structuring
element. Fig. 5 shows the result of the binary image
generated from the gray image (Fig. 3) after the noise
has been eliminated.

Fig. 5 Binary image after eliminating noise (k=133, a 5×5
square was used as the structuring element)

Step 3: After eliminating the noise of the binary
image, the object regions of each LED indicator are
segmented. The centroids of these regions are then

where S is the corresponding region which is being
grown and g(x, y) is the gray value of the pixel (x, y)
which belongs to the growing region S. Then the
region growing processes are performed as follows
(Adams and Bischof, 1994; Ikonomatakis et al.,
1997).
Step 1: A seed is selected from the seed array
Se[num, 2] and labeled.
Step 2: The seed is regarded as the center of the
region and its 8-neighborhood pixels are tested one by
one. If the neighborhood pixel is labeled, then nothing
is done. If the neighborhood pixel is not labeled, the
gray level difference (Eq. (5)) between the neighborhood pixel and the region mean is calculated; if it is
less than a pre-determined threshold T, this pixel is
merged and labeled. When all of the neighbors have
been tested, the mean of the new region is updated.
Step 3: The pixels, combined with the region in
Step 2, are then regarded as the new centers to replace
the seed one by one. After selecting one of them as the
center, Step 2 is repeated, and all other neighborhood
pixels are tested until no new pixels may be merged
and the region growing process is completed. Growing a region should stop when no more pixels satisfy
the criteria for inclusion in that region.
Step 4: Return to Step 1 until all the seeds have
completed the growing process.
The R, G, and B images, shown in Fig. 2, are
each segmented using the SRG algorithm according
to the above processes. The segmentation results are
shown in Fig. 6.
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(a)

(b)

(c)

Fig. 6 Results of region growing process (T=30)
(a) R component after segmentation; (b) G component after
segmentation; (c) B component after segmentation

2.2.3 Characteristic feature extraction

Region area (×103 pixels)

The three area parameters of each region in
Fig. 6 are calculated (Fig. 7). The results of region
area comparisons are shown in Table 1. Fig. 7 and
Table 1 show that different colors have different region area values. For example, red LED indicators
have the largest region area in the R component image
(>700 pixels), green ones in the G component image
(>250 pixels) and blue ones in the B component image (>500 pixels) (Table 1). For the yellow LED indicators, region areas in the R and G images have
medium values but in the B image have minimum
values. Therefore, the three area parameters corresponding to an LED indicator region can be used to
distinguish different colors.
1.8
1.6
1.4
1.2
1.0
0.8
0.6
0.4
0.2
0

R component
G component
B component

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31
Number of regions

Fig. 7 Three area parameters of each region in R, G,
and B component images
Table 1 Comparison of region areas in R, G, and B
images*
Type of
R_area
G_area
B_area
LED indicator
(pixels)
(pixels)
(pixels)
Red
>700
150–250
140–500
Green
<300
>250
140–500
Blue
<300
150–250
>500
Yellow
300–700
150–250
<140
*

The resolution of the images is 512×384

The three area parameters of each region are
saved in the R_area[num], G_area[num], and

B_area[num] respectively, according to the sequence
of seeds from the array Se[num, 2], where num denotes the total number of regions. The Se[num, 2],
R_area[num], G_area[num], and B_area[num] obtained from the standard images are preserved as the
set template, denoted as TSe[num, 2], TR_area[num],
TG_area[num], and TB_area[num], respectively.
2.3 Region matching

Errors such as malfunctions, low brightness
causing poor recognition with the naked eye or incorrect color often occur in LED indicators. To locate
these errors, a region matching process is proposed,
based on the seeds (Se[num, 2]) and the three area
parameters of each region in R, G, and B images
(R_area[num], G_area[num], and B_area[num]).
Actually, region matching is the same as image comparison where the inspected image is compared with
the standard image. In practice, two main situations
are considered: first, if the indicator is not functioning
properly or the brightness is too low to be recognized
with the naked eye, then no seed can be selected in the
region of this LED indicator. Second, if the color is
wrong, then the three area parameters of this region in
the R, G, and B image cannot be matched. The specific process of region matching used is described as
follows.
Step 1: The set template, denoted as TSe,
TR_area, TG_area, and TB_area, is saved.
Step 2: The seeds of the image under inspection,
Se, are compared with the TSe one by one; any LED
indicator with a lost seed will be rejected.
Step 3: The three area parameters R_area,
G_area, and B_area are compared with TR_area,
TG_area, and TB_area respectively, for the images
with the correct seeds. The correct color is predetermined by a permissible error ε, as shown in
X_area − TX_area
TX_area

< ε,

(6)

where X_area represents R_area, G_area, or B_area,
and TX_area represents TR_area, TG_area, or
TB_area.
Step 4: The inspection result is returned to the
user after the completion of the region matching
process.
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3 Experimental results

4 Discussion

In our experiment, we used an automobile meter
with 31 LED indicators including four colors: red,
green, blue and yellow (Fig. 2). To evaluate the approach proposed in this paper, 20 of these automobile
meters were tested and therefore the total number of
the LED indicators was 620 (31×20). These automobile meters were inspected with the automatic inspection method proposed in this paper and the inspection accuracy rate (IAR) was used as the evaluation criterion for the algorithm, as shown in Eq. (7):

From Table 2, it can be seen that the total number
of false inspections was 3, including two kinds of
failures: (1) 2 of the 42 LED indicators were diagnosed with incorrect color, and (2) 1 normal functioning LED indicator was diagnosed with incorrect
color out of a total of 513. Actually, these two kinds of
failures were both related to the color judgment. In
our method, the three area parameters of each region
in R, G, and B images are used to distinguish color
differences. However, from Fig. 7 and Table 1, we can
see that even for LED indicators with the same color,
their corresponding area parameters can differ greatly.
For example, for the red LED indicators in our experiment, the maximal region area of red LED indicators in the R component image was nearly 1800
pixels while the minimum was only about 750 pixels
(Fig. 7), which would cause the color misjudgment.
Thus, further work is needed to deal with this problem
of our approach so as to avoid the color misjudgment
and to improve the accuracy rate.

IAR=

NR
,
N W +N R

(7)

where NW is the number of false inspection results and
NR is the number of correct inspection results. The
results of automatic inspection of the LED indicators
are given in Table 2. The results show that the total
number of correct inspections was 617 among the 620
LED indicators and the IAR was up to 99.52%
(Eq. (7)). A comparison of the IARs and time cost
between the manual and the proposed automatic inspection methods is shown in Table 3. To inspect one
automobile meter with 31 LED indicators, the manual
method cost 60 s on average, but the proposed automatic method cost only 18 s. Thus, the new method
greatly improves inspection efficiency.
Table 2 Results of automatic inspection of light emitting
diode (LED) indicators (ε=5%)
State of LED indicators
Working failure
Low brightness*
Incorrect color
Functioning normally**
Total

NR
35
30
40
512
617

NW
0
0
2
1
3

NW+NR
35
30
42
513
620

NR: number of correct inspection results; NW: number of false
inspection results. * Lack of brightness causing poor recognition
with the naked eye within a distance of about 0.5 m. ** Brightness
and color are both determined to be correct

Table 3 Comparison of the inspection accuracy rates
(IARs) and time cost between the manual inspection and
the automatic inspection
Method
Manual inspection
Automatic inspection

IAR (%)
95.00
99.52

Time (s)*
60
18

*
Time cost in inspecting one automobile meter with 31 LED
indicators

5 Conclusion

This paper presents an automatic inspection
method for LED indicators on automobile meters to
replace the traditional human visual technique. Two
main features of this approach are:
1. To simplify the region extraction process on
color images, R, G, and B images are separated from
each RGB color image and are then segmented using
an SRG algorithm.
2. To inspect the brightness and the color of the
LED indicators, seeds and three area parameters of
each region in R, G, and B images are taken as the
characteristic features to match to a set template.
Experiments have showed that the inspection
accuracy rate of this method is up to 99.52% and the
inspection time for one automobile meter with 31
LED indicators is 18 s on average. This suggests that
there are promising prospects for practical application
of the new method.
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