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ABSTRACT

We propose a novel algorithm for unsupervised segmentation of color images. The proposed approach utilizes a dynamic
color gradient thresholding scheme that guides the region growing process. Given a color image, a weighted vector-
based color gradient map is generated. Seeds are identified and a dynamic threshold is then used to perform reliable
growing of regions on the weighted gradient map. Over-segmentation, if any, is addressed by a Similarity Measure-
based region merging stage to produce the final segmented image. Comparative results demonstrate the effectiveness of
this algorithm for color image segmentation.
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1. INTRODUCTION

Color image segmentation has attracted widespread interest in the past few years, specifically for its applications in
fields such as surveillance, medical imaging, content-based image retrieval, and video compression among others. The
low-level abstraction provided by image segmentation provides high-level semantic operations with a reduced and
relevant data set. This has fuelled the need for developing reliable segmentation techniques.

Although segmentation-oriented research has been extensive and detailed, there is still no universal solution to the
image segmentation problem. Among the existing approaches for color image segmentation, clustering-based
segmentation' is a popular feature-based approach that efficiently segregates data based on global features. But since it
ignores the spatial relationships between image pixels, it has the drawback of producing incoherent regions. Also, the
need to determine the number of clusters and their centroids often necessitates human supervision. Edge-based
techniques® succeed in separating regions of an image based on edge information obtained through binarization of the
image. A commonly encountered issue is the generation of disconnected edges, which occurs due to the use of improper
binarization thresholds, resulting in under-segmentation. Segmentation methods using region characteristics® use a set of
pixels as starting seeds that are iteratively grown to result in homogenous grouping of pixels. In these methods, the
choice of seeds determines the efficiency of the segmentation and generally requires supervision. Watershed-based
approaches® employ gradient information and morphological markers for segmentation. While their performance is
acceptable, they are computationally intensive. The JSEG approach® employs color and texture content holistically to
achieve segmentation. However, it suffers from over-segmentation due to variations in illumination. Hybrid approaches
usually employ edge- and region-based approaches in conjunction with some other feature to achieve optimal results.
One such hybrid approach by Saber et al.’ performs Gibbs Random Fields (GRF)-based segmentation followed by
region splitting and merging based on edges. The use of cluster analysis and graph-based region processing has been
used’ to perform multi-scale segmentation. All these methods address some of the many issues in color image
segmentation. This paper provides an unsupervised approach for segmentation of color images based on the color
gradient.

In this paper we propose a hybrid approach that employs vector-based color gradient method® and Otsu’s automatic
threshold’ to perform a dynamic threshold-based segmentation. Given the fact that human vision uses color information
to discriminate details, color image segmentation is the most rational way (due to the added color content) to achieve
comparable segmentation results using automated algorithms.
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Our approach aims to perform segmentation by placing emphasis on the use of color-homogenous regions and color
transitions without generating edges. The use of color gradient to aid in the region growing process rather than for
generating edges avoids issues of thresholding and disconnected edges.

In our approach, a weighted vector-based color gradient map provides the groundwork upon which seeds are
generated and region growing is automated. Seeds here refer to 4-neighborhood connected set of pixels whose gradient is
below a specified threshold. The dynamic threshold operator applied to this gradient map governs the growth process. To
ensure consistency of the segmentation with the image regions, region growing is followed by a similarity measure-
based'® region-merging step. This produces an optimally segmented image.

The rest of the paper is organized as follows. Section 2 provides the necessary mathematical preliminaries. Section 3
details the algorithm. Section 4 discusses the results and the conclusions are drawn in section 5.

2. BACKGROUND

2.1 Vector-based color gradient

Our hybrid algorithm exploits the vector-based color gradient proposed by Lee and Cok®, an approach that is much more
robust to noise than the scalar-based color gradient which is obtained using each color channel independently.

Let u, v and w denote the 3 color channels of the color image /. Let x and y denote the spatial coordinates of each
pixel of /. The vector gradient matrix D is then defined as:
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and product matrix DD can be written as:
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The largest eigenvalue A of D'D is calculated as:
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Finally, the magnitude of the vector-based color gradient is defined as the square root of the largest eigenvalue:
G=+1 @)

The color gradient map G is a matrix of gradient magnitudes at each pixel location. It forms the foundation for the
seed generation process and subsequent region growing.

t
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where
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2.2 Otsu’s Automatic Threshold

The vector-based color gradient map is a grayscale image with L distinct gradient values. The higher gradient values
correspond to color edges and the lower gradient values correspond to homogenously colored regions. We use Otsu’s
technique’ to automatically compute an optimum threshold 7, to separate the edge pixels from the region interiors.

Let n be the total number of pixels in the given image and »; be the number of pixels in the image with gray-level i,
then the probability of occurrence of gray-level i is defined as:

P = ni/ n ®)
The average gray-level of the entire image is then:

L-1

Hr=2.ip, ©)

1

If C; = {0,..., t} and C, = {#+1,..., L-1}, are 2 classes corresponding to the pixels of interest and the background
respectively, and ¢ being the threshold value, then their respective probabilities are:

t L-1
o()=Y.p; @)= Dp, (10)

i=0 i=t+1

And their means are defined as:

/ul(t)zzipi/a)l(t); (1) = Z_:lpi/a)Z(t) (1)

i=0 i=t+1

The between-class variance is given by:

o2 ()=o)~ 1) + oy () (t) — 1y ) (12)

The automatic optimal threshold 7, is then calculated by maximization of the between-class variance using discriminant
analysis as in

. 2
T, = ArgMax{oy, (1)} (13)

3. PROPOSED ALGORITHM

We introduce a novel algorithm for color image segmentation using the Dynamic Color Gradient Thresholding (DCGT)
operator for Region Growing. In our approach, the color gradient map serves as the framework for growing seeds. Due
to this increased utilization, preprocessing of the color gradient map is an essential step to realize good segmentation
results. It is described in detail in the following section.

3.1 Vector-based color gradient

The color gradient map has to be intelligently processed to amplify the strong and weak edges while attenuating low
gradient regions. The first step in this process is adjusting the global gray-level contrast of the gradient map using
intensity clipping and stretching operations. First, pixels with gradient values between 10% and 90% of maximum
gradient value are mapped to the range 0 to 1. Then pixels below 10% and above 90% of maximum gradient value are
assigned 0 and 1 respectively. The result of these operations is the Enhanced Gradient Map Gg. This is followed by a
masking operation that employs the Line Field® and Threshold Maps. The Line Field Map L is a local gradient-based
binarized image generated using two threshold levels. If 7 and T} are the high and low level thresholds respectively,
then:

1, ifGgij) > Ty;
L@ij) = 1, if Gg(ij) > T, and is connected to at least one point that has a gradient amplitude greater that Ty ;

0, otherwise.
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The Threshold Map T is generated by binarizing G using 25% of Otsu’s threshold 7,. The weighted color gradient
map, Gy is then defined as

G'W ZGE *(LUTG) (14)
3.2 Initial Seed Generation

The choice of seeds is a critical element that decides the quality of the final segmentation. It is hence vital to generate
seeds within all potential segments to avoid under-segmentation issues. Low gradient regions in the weighted gradient
map form reliable seed candidates for driving region growth. To account for the lowest gradients, initial seed labels are
assigned to 4-neighborhood connected pixels with intensities < 0.17,, where the global threshold 7, is computed using
Otsu’s method. To ensure reliability, only those seed groups that satisfy minimum seed size criterion (i.e., with
considerable pixel count) are retained and passed as input seeds for the region growing stage.

3.3 Region Growing by Dynamic Color Gradient Thresholding

Following the initial seed generation process, we implement a dynamic thresholding scheme that, when used iteratively
with Otsu’s automatic threshold, provides an unsupervised method to generate reliable pixels for region growing.

The initial optimal threshold 7,’ serves as the upper bound for foreground pixel classification in the seed generation
process. Having generated the seeds, the remaining unclassified pixels of the gradient map then serve as input data for
the next level of thresholding. The key difference between the initial threshold 7,’ and the current threshold 7, is the
basis of their generation. The initial threshold was computed using Otsu’s method on the entire pixel set. In contrast, the
new threshold is computed using Otsu’s method only on the set of pixels that remain unclassified. This is the Dynamic
Color Gradient Threshold 7), (T, € {T,’, T, 2T LT, ' }). Consequently, the dynamic threshold increases with each
iteration of region growing. This increase ensures that each iteration of region growing proceeds from the core areas
(which depict homogenous regions devoid of edges) and moves outwards towards the edges. Each dynamic update of the
threshold adds more core pixels to the set of growing region pixels while the edge pixels are remain unclassified until the
final stages of growth. This behavior is vital as it ensures that strong edges are never submerged. It is also notable that
segmentation can now be achieved without the need to determine binary edges. The approach thus overcomes issues
posed by disconnected edges and noise.
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Fig. 1. Dynamic Color Gradient Thresholding

While the dynamic threshold serves as the upper limit for each threshold update, region growing is brought about in a
slower, surer way by incorporating an additional parameter called the Growth Factor, f;. The growth factor, f; grows in
steps of s (i.e., f¢ € {fi foitS,-»1}; {5} = {0,..,1}) and controls the density of pixels being merged. A smaller value
of s and hence fg, results in slow but precise growth of regions and vice versa. Thus, the upper bound for foreground
pixel classification U in each iteration of region growth is defined as

U=f,*T, (15)
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The dynamic color gradient threshold and its corresponding target pixels are shown in Fig. 1. in different colors to
illustrate region growing within an arbitrary window of the image.
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Fig. 2. Flowchart of the proposed algorithm.
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The region growing stage is shown in Fig. 2 and is detailed below:

1) Following the seed generation stage, identify pixels whose gradient values are below the upper bound U. Group these
pixels based on 4-neighborhood connectivity and designate them as growing regions, if they are not part of the seed

group.

2) Identify growing regions that are adjacent to seeds and designate them as potential regions. For each potential region,
label the seed sharing maximum neighboring pixels as the region’s parent seed. This ensures a high degree of similarity
between the parent seed and the potential region.

3) Merge each potential region to its parent seed if it satisfies the merging condition. The merging condition is:

1) If size of the potential region is lesser than a pixel number (the minimum region size), then merge it directly with
the seed OR

i1) If size of the potential region is greater than the minimum region size, then merge it with the seed only if it shares
enough (minimum number) adjacent pixels with the seed and is similar (mean color difference is small) to the seed.

This dual merging condition ensures that large potential regions merge to the seed restrictively while miniscule potential
regions merge easily. This leads to negligible errors, if any, in seed growth.

4) Assign new seed status to growing regions that fail steps 2 or 3 (do not have any parent seed/do not satisfy the
merging criterion) but satisfy the minimum seed size criterion. Add these new seeds to the existing seed group.

This dynamic seed generation step captures any valid seeds that may have escaped the initial seed generation stage.
Consequently, it ensures that distinct regions do not erroneously merge (under-segmentation) with their neighbors due to
lack of a parent seed.

5) Update U by increasing f; and go back to step 2 if U < Tp. This cycle achieves region growing between two limits, the
old Tpand new Tp. Compute the new 7p when U exceeds old 7. Simultaneously, set f; to its initial value and update U.

6) When new Tp =~ old T)p, it indicates threshold saturation has been reached implying that only the edge pixels remain
to be segmented. Assign 7p the maximum gradient value of the unsegmented pixels, update U and perform classification
of edge pixels starting from step 2 to complete the region growing process.

3.4 Region Merging using Similarity Measure

Region growing is followed by a stage of region merging. This is necessary because region growing was achieved by
using multiple seeds, some possibly originating from the same region. Consequently, a single region may consist of
more than one partition, which is undesirable. Such over-segmentation issues are addressed by merging these partitions
based on some similarity criterion.

The flowchart of this stage is shown in Fig. 2 and the procedure is detailed below.

1) Starting with the region-grown map obtained from the region-growing stage, generate the mean and covariance
measures of each region and its adjacent neighbors.

2) Merge regions that are below a minimum pixel count with their neighbors and update the new region-neighborhood
statistics.

3) Compute the Similarity Measure S. Given two regions A and B, the Similarity Measure between the two regions with
color means, x4 and p, and color covariances, cov, and covp is defined in'" as

SA,B = (/JA _/UB)T * inV(COVA + COVB) * (/JA _/UB) (16)

The similarity measure defined by (16) is a more robust measure in comparison to the widely used mean color measure
as it utilizes both the mean and the covariances of the pixels in the regions to be merged. As a result, the regions are
compared not just for their color content but also their texture content before a merging decision is made.

4) Adjacent regions with the least value of S correspond to highly similar regions. These regions are merged first.
Region-neighborhood statistics and S are updated for the next merging step. This process continues iteratively until the
threshold for merging, RMThresh is reached. The result is the final segmented image. The value of RMThresh decides
the extent of merging. Higher values lead to more merging of regions and vice versa.
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