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Abstract
Colorant fading defects in raster region of interest (ROI)

[1] are among the most common printing issues in elec-
trophotographic printers. Colorant fading manifests as faint
print or customer content and is usually caused by low-level
ink/cartridge. This paper presents an accurate method to de-
tect the colorant fading defects and classify the defects based
on their severity. There are two modules for this method.
The first module uses the SLIC super-pixel method to sepa-
rate the raster ROI and extract the smooth super-pixels. We
design a novel unsupervised clustering algorithm to automat-
ically extract the three or four main colors from the smooth
super-pixels. Unsupervised data clustering is an important
problem that arises in many image processing applications.
We propose a new approach to unsupervised data clustering
called Data Inter-Distance MEdiated Clustering (DIDMEC).
Our new method is based on analyzing the matrix of Eu-
clidean distances between each pair of points in the data set.
Based on three simple properties, we devise an approach that
effectively yields the same accuracy as the K-Means algorithm
but at a much lower computational cost for a moderate num-
ber of sample points. The second module extracts feature vec-
tors for each main color clustered by DIDMEC to classify the
colorant fading defects based on their severity.

1. Introduction
There are many different solutions to detect and evalu-

ate raster ROI colorant fading defects in electrophotographic
printers. The most common method to detect raster ROI col-
orant fading defects is by calculating the color average differ-
ence between the printed and the original electronic images
[2]. This method is inaccurate because the average of raster
ROI colors may not be the real color present in the original
raster ROI.

This paper presents an accurate method for detecting
colorant fading defects and classifying them based on their
severity. There are two modules for this method. The first
module uses the SLIC super-pixel method [3] to separate the
raster ROI and extract the smooth super-pixels. We design
a novel unsupervised clustering algorithm to automatically
extract the three or four main colors from the smooth super-
pixels. We propose the Data Inter-Distance MEdiated Clus-
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Figure 1: Raster ROI color fading defects sample images.

tering (DIDMEC) algorithm to reduce the amount of calcu-
lation. It can classify the data points by only calculating the
Euclidean distance between every pair of sample points while
building a distance matrix. In the DIDMEC method, we first
calculate the best in-cluster threshold for the distance ma-
trix. Then, we use three properties to extract the clusters one
by one. The DIDMEC clustering method effectively yields the
same accuracy as the K-Means algorithm [4,5] but at a much
lower computational cost for a moderate number of sample
points. The second module extracts feature vectors for each
main color clustered by DIDMEC to rank the colorant fading
defects based on their severity. In Figure 1, we show some
sample images for raster ROI color fading defect: (a) is the
digital master image raster ROI saved in the computer; (b) is
the rank A of raster ROI color fading defect, and there is no
defect with good print quality; (c) is the rank B of raster ROI
color fading defect with a little cyan fading; (d) is the rank
C of the raster ROI color fading defect with some magenta
fading; (e) is the rank D of the raster ROI color fading defect
with severe magenta fading.

2. Raster ROI color fading detection and clas-
sification procedure

This section introduces the procedure of raster ROI col-
orant fading defects detection and classification. Figure 2
shows the overall pipeline of the proposed method. This pro-
cedure includes the raster ROI preprocessing part and the
color fading classification part.

In the first raster ROI preprocessing part, we need to
align the test raster ROI based on the master raster ROI
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Figure 2: The overall pipeline of the raster ROI colorant fad-
ing detection and classification.

to get the aligned test raster ROI. We use the SLIC super-
pixels method to separate the master raster ROI into several
super-pixels based on the pixels’ color and position. Then, we
extract the uniform super-pixels to detect the color fading de-
fects because the high variance super-pixels are not good for
extracting the color difference between the master raster ROI
and test raster ROI. We use the DIDMEC method to extract
the main colors for all the smooth super-pixels.

The second part extracts the color fading feature vector
for each main color by comparing the master and test raster
ROI smooth super-pixels in CIE L∗a∗b∗ color space. Then,
we still use the Directed Acyclic Graph-Support Vector Ma-
chine (DAG-SVM) [6] to classify the rank of the color fading
defect in the test raster ROI.

We will now introduce the details of raster ROI colorant
fading defects detection and the classification procedure.

3. Raster ROI preprocessing
This section introduces the raster ROI preprocessing for

colorant fading detection and classification. It includes four
parts: raster ROI image registration, SLIC super-pixels sepa-
rating the master raster ROI, extracting smooth super-pixels,
and main colors extraction using DIDMEC. The image regis-
tration is to remove the misalignment between the master
and test raster ROI. The SLIC super-pixels algorithm sepa-
rates the master raster ROI based on the color and position
of the pixels. After we have the SLIC super-pixels result, we
prefer to remove the super-pixel with high variance and keep
the smooth super-pixels. We propose the DIDMEC clustering
algorithm to automatically extract the main colors from the
smooth super-pixels at the end of the preprocessing.

Because the raster ROI image registration part is the
same as the previous image registration process [7,8,9], we do
not introduce the detail of image registration here and only
show the raster ROI image registration result in Figure 3.

3.1 SLIC super-pixels for master raster ROI
After we have the aligned test raster ROI with the mas-

ter raster ROI, we want to separate the master raster ROI
into several small parts because each small part of the raster
ROI may have a uniform color, and it is easy to extract the
difference between two uniform color areas in the master
and test raster ROIs. Before we continue to introduce the

Figure 3: The master raster ROI and test raster ROI blended
images before and after image registration process.

SLIC super-pixels method, we want to explain a detail about
the master image. In Figure 1, we can find that the color
of the master raster ROI (a) is much different from the test
raster ROI’s good quality image (b). That means there is no
color fading defect in the raster ROI, and there is a signif-
icant color difference between the digital master image and
the scanned test image. So, if we want to use the master im-
age as a standard to detect the color fading defect, we must
do the color calibration before we use the master image. In-
stead of using a color-calibrated master image, we chose an
excellent printed quality test image as our master image in
this project, such as Figure 1 (b). Because we use this good
quality printed image as the color-calibrated master image,
we will call this good quality printed test image the master
image in the following paragraphs.

The SLIC algorithm is easy to process. The only in-
put is k, which is the number of approximately equally-sized
super-pixels. We first transform the master raster ROI to the
CIE L∗a∗b∗ color space and initialize the k cluster centers
Ci = [l i , ai , bi , xi , yi]> sampled on a regular grid spaced S
pixels apart, where S =p

N/k and N is the number of pixels
in the raster ROI. To avoid having the centers of the super-
pixels fall on the edges of the ROI, we calculate the gradient
of the 3×3 neighbor pixels of the center and move it to the
lowest gradient position. After we have k initialized clus-
ter centers, we assign each pixel an index i. We calculate
the distance measure D for each pixel in the 2S × 2S area
for each super-pixel center. We will introduce this distance
measure of D later. Because each super-pixel size is approxi-
mately S×S, each pixel i will have several distance measures
D for neighboring super-pixel centers, and the smallest dis-
tance measure D determines the nearest super-pixel center
for each pixel i.

After every pixel in the raster ROI has been assigned a
nearest super-pixel center, we update the center of every new
super-pixel by calculating the mean [L∗, a∗, b∗, x, y]> vec-
tor of all the pixels belonging to the same super-pixel. Then,
we repeat to calculate the distance measure D for each pixel
and refind the center of new super-pixels until the centers
of super-pixels are almost fixed or we reach a fixed iteration
number.
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The distance measure of D is defined in Equation 1. dc
is the color L2 norm distance between the pixel i and the
super-pixel center j, and ds is the space L2 norm distance
between the pixel i and the super-pixels center j. It is neces-
sary to normalize color proximity and spatial proximity by
their respective maximum distance within a cluster if we
want to combine the two distances into a single measure.
Ns is the maximum spatial distance in a given cluster and
Ns = S =p

N/k. Nc is the maximum color distance in a given
cluster, and it is also a constant for each given super-pixel,
and we use m to represent this constant.

Figure 4 shows the SLIC super-pixels result of the mas-
ter raster ROI when k = 1000. In Figure 4 (b), we use the
black lines to show each super-pixel’s edge.

Figure 4: The SLIC super-pixel result of master raster ROI
with k = 1000.

3.2 Extract smooth super-pixels
We want to detect the color fading defect using the SLIC

super-pixel result, but some super-pixels include multiple col-
ors. This kind of super-pixel is not good for detecting the color
fading defect. We prefer to compare the uniform color area be-
tween master and test raster ROIs to extract the color differ-
ences. So, the next step is to extract the smooth super-pixels
from the master raster ROI. We transform the master raster
ROI to the CIE L∗a∗b∗ color space and use Equation 2 to
calculate the variance of the super-pixel. In Equation 2, M is
the number of pixels in the corresponding super-pixel, and i
indicates each pixel.
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After we calculate the ∆Evariance of each super-pixel,
we set a threshold to remove the colorful super-pixels, for

which ∆Evariance is higher than the threshold. This thresh-
old is an experimental parameter. We test it with several
master raster ROIs and from 3 to 15. Figure 5 shows three
examples of using different thresholds to extract the smooth
super-pixels. Based on the experimental results, we set the
threshold to be 5, as shown in Figure 5 (a).

Figure 5: Different threshold to extract the smooth super-
pixels.

3.3 Main colors extraction with DIDMEC
In Section 3.2, we have extracted the smooth super-

pixels from the raster ROI. Usually, there are three or four
main colors in each raster ROI. We prefer to extract the
super-pixels belonging to the same main color in the raster
ROI and use these same color super-pixels to detect the col-
orant fading defects. So the first step is to extract the main
colors of the raster ROI.

There are many unsupervised cluster classification
methods, such as K-means and mean shift algorithms [10,11].
We have used these algorithms to extract the main colors
from raster ROI, but the result is not good enough. There
are two reasons: One reason is that these cluster classifi-
cation algorithms classify all the smooth super-pixels in the
raster ROI, but we only want to extract the most similar main
cluster color super-pixels and do not need to classify all the
smooth super-pixel. Another reason is all these algorithms
need many calculations. In this project, we propose a new
approach to unsupervised data clustering called Data Inter-
Distance MEdiated Clustering (DIDMEC), which can extract
the most similar main color super-pixels only and very effi-
ciently. We will introduce this algorithm first.

To explain our new cluster classification algorithm, we
use 100 sample points, which belong to three different Gaus-
sian distributions. Here, we assume from the outset that
there are three clusters. We will explain later how we choose
the number of clusters for the data in a more general setting,
where this number is not known a priori. We use the posi-
tion (x, y) coordinates of the sample points to classify them.
Figure 6 (a) shows 100 sample points; we can see that these
sample points belong to three clusters.

The first step is to calculate the Euclidean Distance be-
tween every two sample points and get the distance matrix
for the sample points. D i, j denotes the distance from Point i
to Point j. This distance matrix shows the distance between
every two points, so the diagonal elements of this matrix al-
ways are zero; this distance matrix must be symmetric be-
cause the distance from Point A to Point B must be the same
as the distance from Point B to Point A.

Intuitively, the assignment of points to clusters can be
based on the distance between two different points. We want
to find the best threshold to separate the in-cluster and out-
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Figure 6: 100 sample point distribution used to illustrate
the new DIDMEC clustering method. (a) Original point set.
(b) Initial clustering result after applying threshold based on
mean plus standard deviation of data in leftmost peak of his-
togram shown in Figure 7.

Figure 7: The histogram of the distance matrix with the Otsu
thresholding result.

cluster distances. We plot the histogram distance matrix to
find this best threshold, as shown in Figure 7. We can see
that the apparent valley of this histogram is at a distance of
around 5, and there are peak values before and after this val-
ley. We define the distance values to the left of this valley as
the in-cluster distances and the distance values to this val-
ley’s right as the out-cluster distances. First, we use Otsu’s
method [12] to calculate the valley of this histogram because
Otsu’s method has demonstrated success in separating back-
ground and foreground pixels by using the gray value his-
togram [13]. However, the result from Otsu’s method is not
the best threshold. Instead, we use the average plus the stan-
dard deviation of the distances as the best threshold, which in
this case is less than the Otsu threshold. We will describe be-
low how we calculate the mean and standard deviation. Here,
we assume that the distribution of the in-cluster distances
and the out-cluster distances are Gaussian distributed and
draw on hypothesis test theory to minimize the probability
of a Type II error [14]. However, we still need to use Otsu’s
method to separate the leftmost peak in the histogram from
the one to its right. We have to calculate the mean and stan-
dard deviation of the data below the threshold provided by
Otsu’s method.

After we get the best threshold to classify the in-cluster
and out-cluster distances, we use it to process the entire dis-
tance matrix. We label the distance values less than the

threshold as True and the distance values larger than the
threshold as False, as shown in Figure 8.

Figure 8: The True/False matrix for the 100 sample points
shown in Figure 6.

In the True/False matrix, “True” means the correspond-
ing points belong to the same cluster, and “False” means the
corresponding points belong to different clusters. We want
to extract the biggest cluster from this dataset using the
True/False matrix. We calculate the number of True val-
ues for each Point by summing all the True’s in each row.
The Point (row) with the maximum number of True values is
the estimated center (EC) point connected to the most other
points within the in-cluster distance. From Figure 8, Point 3
has the maximum number (36) of True connections to other
points. So Point 3 is the estimated center of the biggest clus-
ter. In Figure 6 (b), we color Point 3 in Figure 6 (a) yellow,
and all the points within the in-cluster distance to Point 3
with green. All other points are colored purple. Now, all the
green points may belong to the potential biggest cluster of the
dataset.

However, some of these green points may not belong
to the same cluster. They are only labeled green because
they are near the estimated center of the in-cluster distance
points. As shown in Figure 6 (b), some green points do not be-
long to the largest cluster. We call these points outlier points.

Figure 9: The potential biggest cluster True/False matrix.

To remove the outlier points from the potential biggest
cluster, we first extract all the points belonging to the poten-
tial biggest cluster from the True/False matrix to build the
potential biggest cluster True/False matrix, shown in Figure
9. For our example dataset, this matrix has 36 rows. This ma-
trix will have entries labeled False corresponding to points
farther apart than the in-cluster distance threshold. How-
ever, each such entry corresponds to a pair of points – one of
which may be in the biggest cluster and the other one not in
the biggest cluster. Once we remove the outlier points from
the potential biggest cluster, the matrix in Figure 9 will have
no entries labeled False; and all the remaining points will be
no farther apart than the in-cluster distance threshold.

The following three properties can help us to remove the
outlier points from the potential biggest cluster.

Property 1. The number of False entries in the potential
biggest cluster True/False matrix is twice the real num-
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ber of False connections, because each False connection
appears twice in the matrix.

Property 2. Each False entry indicates a connection between
one point that is an inlier and another point that is an
outlier. The number of the False connections of all inlier
points is the same as the number of the False connec-
tions of all outlier points.

Property 3. Each outlier point will have more False connec-
tions than the inlier points because the outlier points do
not belong to the real biggest cluster.

Figure 10: Seven-point example illustrating the removal of
outlier points.

We use the simple example shown in Figure 10 to ex-
plain how to remove the outlier points from the potential
biggest cluster. In this example, we have seven sample
points; and all of these points are connected to the estimated
center Point of 3 within the in-cluster distance threshold.
Point 1, Point 3, Point 4, Point 5, and Point 7 belong to the
real biggest cluster, whereas Point 2 and Point 6 are outlier
points. Each connection of an outlier point to an inlier point
will be labeled False, such as FALSE 1 in Figure 10. We also
can observe this condition in the True/False matrix, as shown
in Figure 11. The outlier points cause all the False connec-
tions, and if we remove these outlier points, the True/False
matrix will be filled with all True values without any entries
labeled False. The number of False connections of all inlier
points is four in this example, and the number of False con-
nections of all outlier points also is four. This confirms Prop-
erty 2. There are only four False connections; there are eight
False values in the True/False matrix. This confirms Prop-
erty 1. The number of False connections to the outlier points
is three and three. They are all larger than the number of
False connections to any given inlier point.

Figure 11: Seven-point True/False matrix for the data set
shown in Figure 10.

We apply these properties to the potential biggest clus-
ter True/False matrix. We first calculate the number of False

connections for each point, as shown in Figure 11. Then, we
sort the number of False connections of each point from maxi-
mum to minimum. For the next step, we add the sorted num-
bers from the maximum value to the minimum value, one
by one, until the partial sum is equal to half the sum of the
whole list. The outlier points are the number of False connec-
tions included in this partial sum. In this example, the outlier
points are Point 2 and Point 6, because 3+3= 6= 12/2.

After using this method to remove the outlier points
from the potential biggest cluster among the 100 date points,
shown in Figure 6, we can extract the real biggest cluster
from these 100 points, as shown by the yellow points in Fig-
ure 12 (a). All the values of this biggest cluster True/False
matrix are True.

Figure 12: Illustration of clustering results for the data set
shown in Figure 6. (a) The biggest cluster extracted from
100 sample points with points colored yellow. The rest of the
points are colored purple, and have not yet been assigned to
any cluster. (b) Final clustering result.

After we extract the biggest cluster sample points, we
modify the original 100 sample points True/False matrix. All
the rows and columns corresponding to the biggest cluster
sample points are set to be False. Next, we repeat the pro-
cess described above to extract the second biggest cluster us-
ing this True/False matrix. Then, we repeat the process once
more to obtain our final three clusters. The result is shown
in Figure 12 (b). We refer to this as Stage 1 of the DIDMEC
clustering algorithm.

Figure 13: Illustration of a 100-point data set generated
from three Gaussian distributions for which some unclus-
tered points remain after Stage 1. (a) Initial set of 100 un-
clustered data points. (b) Clustering result after Stage 1. The
points assigned to the three clusters are colored green, yellow,
and blue. The unclustered points are colored purple. (c) Final
clustering result after application of Stage 2.

As mentioned earlier, we assumed here at the outset that
there were three clusters. We will later discuss below how we
decide how many clusters there should be. However, given
a fixed number of clusters, there may remain a few unclus-
tered points at the conclusion of Stage 1. These are shown as
purple points in Figure 8 (b), which is a different set of data
points than that (Figure 6) used to illustrate Stage 1. We
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classify these points to their nearest cluster center to com-
plete the clustering of the data set. This is Stage 2 of our
algorithm. As is the case with Stage 1, in Stage 2, we assume
the best number of clusters is known. The final result for this
data set is shown in Figure 8 (c).

Now, we address the question of how to choose the num-
ber of clusters. In some cases, this number is fixed by the
nature of the application. If it is not, we use the Gap Statis-
tics method [15] to determine the best number of clusters.

Figure 14: The three main cluster color super-pixels result.

Here, we apply this method to extract main cluster colors
from the smooth super-pixels in the raster ROI. The result is
shown in Figure 14. We will use these three main clusters of
color results to predict the depleted cartridge.

4. Raster ROI color fading detection and clas-
sification

In this section, we extract the color fading feature vec-
tor by comparing the difference between the master and test
raster ROI and use this feature vector to detect and classify
the test raster ROI color fading defect.

4.1 Color fading defect feature vector extraction
The first step is to transform the master and test raster

ROI to the CIE L∗a∗b∗ color space because the most common
way to assess the difference between different colors is to cal-
culate the ∆E value, which is the Euclidean distance between
two colors in CIE L∗a∗b∗ color space.

In the color fading feature vector, we calculate the aver-
age L∗, a∗, b∗ for the master and test raster ROIs. These
are the first six features in the color fading feature vector.
We then calculate the average ∆E between the master and
test raster ROIs for smooth super-pixels. We calculate the
∆E value for each pair of corresponding smooth super-pixels
in the master and test raster ROI first by calculating the
Euclidean distance between the average L∗, a∗, b∗ of cor-
responding master and test raster ROI super-pixels. We cal-
culate the average of the whole set of raster ROI super-pixel
∆E values and the smooth raster ROI super-pixel ∆E values
separately for the color fading features. These two ∆E values
and the average of the L∗, a∗, b∗ values of the master and
test raster ROIs are the features to classify the color fading
defect.

4.2 Color fading defect multi-classification
After we extract the feature vector of the raster ROI

color fading defect, we use this feature vector to classify the
raster ROI color fading defect into four different ranks. Rank

A means no color fading defects in the raster ROI; Rank B
means there are color fading defects in the raster ROI, but
the defects do not affect the regular use of the printed page;
Rank C means there is an observable color fading defect and
people can find it easily; Rank D means there are a lot of
color fading defects and the defects influence the regular use
of the printed page. These ranks have been assigned by HP
Inc. Figure 1 shows an example of the four different rank
samples of raster ROI color fading defects.

We have 52 raster ROI streak defects images, and they
are 15 images of Rank A, 5 images of Rank B, 15 images of
Rank C, and 17 images of Rank D. The multi-classification
model is Directed Acyclic Graph-Support Vector Machine
(DAG-SVM). To evaluate this multi-classification result, we
apply cross-validation for this model [16]. We separate 52
raster ROIs into 5 folds, such as (10/10/10/11/11) raster ROI
color fading defects ground truth for each fold. Each fold is
used as the test set one time, and the other four folds are
used as training sets. The final confusion matrix for this
five-folds cross-validation is shown in Table 1. The accuracy
of this multi-classification model is 82.7%.

Table 1: Raster ROI color fading defect DAG-SVM classifica-
tion confusion matrix

Predict A Predict B Predict C Predict D
Real A 13 2 0 0
Real B 0 4 1 0
Real C 0 1 12 2
Real D 0 0 3 14

5. Conclusion
In this paper, we proposed a colorant fading defect de-

tection and classification method. The input is the master
raster ROI and the corresponding test raster ROI, and the
output is the colorant fading defect feature vector, and rank
classification.

To achieve this result, we design two parts in our pro-
cedure: raster ROI preprocessing, and color fading classifica-
tion. In the first part, we use an image registration algorithm
to align the test raster ROI to the master raster ROI. For the
master raster ROI, we use the SLIC super-pixels algorithm
to separate pixels based on their color and position. Then,
we choose smooth super-pixels. We proposed a new method
called Data Inter-Distance Mediated Clustering (DIDMEC)
for unsupervised clustering of a set of data points. Unlike
previously proposed methods, DIDMEC only computes the
distances between pairs of points in the data set one time.
Our experimental results show that DIDMEC can achieve
essentially the same accuracy as K-Means, but at a signifi-
cantly lower computational cost for a moderately sized data
set. In the second part, we transform the color space to CIE
L∗a∗b∗ and extract the ∆E value between the master and
test raster ROIs. We use these features to classify the rank
of the color fading defect in test raster ROI.
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