
Volume 48      2006                                        CANADIAN BIOSYSTEMS ENGINEERING        7.1

Separation and identification of touching kernels
and dockage components in digital images 

W. Wang and J. Paliwal*

Department of Biosystems Engineering, University of Manitoba, Winnipeg, Manitoba R3T 5V6, Canada. *Email:

j_paliwal@umanitoba.ca 

Wang, W. and Paliwal, J. 2006. Separation and identification of
touching kernels and dockage components in digital images.
Canadian Biosystems Engineering/Le génie des biosystèmes au Canada
48: 7.1 - 7.7. A morphological image processing algorithm based on
watershed segmentation of the distance transform graph of connected
binary imagery was developed. The algorithm dealt with the
'oversegmentation' problem in original watershed segmentation by
reconstructing internal markers through a series of morphological
operations. The internal markers were then used to join overly
segmented parts belonging to the same component. Closed boundaries
of each connected component were finally pruned and extracted. The
algorithm was applied to separate touching kernels of six grain types,
namely, Canada western red spring (CWRW) wheat, Canada western
hard white (CWHW) wheat, Canada western amber durum (CWAD)
wheat, six-row barley, rye, and oats. The segmentation method was
most successful on the three types of wheat kernels and achieved
correct segmentation rates of 94.4% (CWRW), 92.0% (CWHW), and
88.6% (CWAD). The method was not as suitable for the three other
grain types with segmentation rates of 55.4% (oats), 79.0% (rye), and
60.9% (six-row barley). Sound CWRW wheat kernels were mixed in
touching fashion with CWAD and broken wheat kernels and
segmented using the developed watershed algorithm. Five geometric
features were extracted from disconnected binary images and linear
classifiers based on the Mahalanobis distance were used to identify
wheat dockage. The linear classifier identified 96.7% of adulterated
CWAD wheat kernels and 100% of broken CWRW kernels.
Keywords: watershed segmentation, distance transform, touching
grain kernels, linear classifier, Mahalanobis distance, dockage
identification.

Un algorithme morphologique de traitement d’image basé sur la
segmentation des contours graphiques de fonction transformée en
imagerie binaire reliée a été développé. L’algorithme tient compte des
problèmes de ‘sursegmentation’ dans la segmentation de contours
originaux en reconstruisant des marqueurs internes par une série
d’opérations morphologiques. Les marqueurs internes ont alors été
utilisés pour joindre les parties sursegmentées appartenant à une même
composante. Les limites fermées de chacune des composantes liées
étaient finalement retranchées et extraites. L’algorithme a été utilisé
pour séparer les grains de six différentes céréales en contact les uns
avec les autres, soit le blé roux de printemps de l'Ouest canadien
(CWRS), le blé de force blanc de l'Ouest canadien (CWHW), le blé dur
ambré de l'Ouest canadien (CWAD), l’orge à six rangs, le seigle et
l’avoine. La méthode de segmentation a donné des résultats
satisfaisants sur les trois types de blés en donnant des taux de
segmentation de 94,4% (CWRW), 92,0% (CWHW) et 88,6%
(CWAD). La méthode n’a pas été satisfaisante pour les trois autres
céréales avec des taux de segmentation atteignant seulement 55,4%
(avoine), 79,0% (seigle) et 60,9% (orge à six rangs). Des grains entiers
de blé CWRW ont été mélangés et mis en contact avec des grains de
blé CWAD et des grains de blé cassés; le mélange a été segmenté en
utilisant l’algorithme de contours développé. Cinq caractéristiques

géométriques ont été extraites des images binaires non-reliées et un
classificateur linéaire basé sur la distance Mahalanobis a été utilisé
pour identifier les impuretés de blé. Le classificateur linéaire a identifié
96,7% des grains de blé CWAD altérés et 100% des grains CWRW
brisés. Mots clés: segmentation de contours, fonction distance, grains
de céréales mélangés, classificateur linéaire, distance Mahalanobis,
identification des impuretés.

INTRODUCTION

In the past few years, automation and intelligent sensing
technologies have revolutionized our food production and
processing routines. These initiatives have been accredited to
the rising concerns about food quality and safety. Also, rising
labour costs, shortage of skilled workers, and the need to
improve production processes have all put pressure on
producers and processors (Van Henten et al. 2003b). In such a
scenario, automation can reduce the costs by promoting
production efficiency. Automated solutions, such as quality
grading and monitoring (Chao et al. 2000), post-harvest product
sorting (Wen and Tao 2000), and robotics for field operations
(Van Henten et al. 2003a) often integrate machine vision
technology for sensing due to its non-destructive and accurate
measurement capability (Chen et al. 2002). The information
acquired using imaging sensors contains geometric, color, and
texture characteristics of the objects and these physical
attributes have to be extracted using image processing
algorithms.

In Canada, conventional quality evaluation procedures in the
grain industry are facing unprecedented challenges due to the
fast changing marketing requirements. These quality assessment
procedures are carried out by experienced personnel. However,
due to factors like different working conditions, personal
judgement, and level of fatigue, grading results often turn out to
be inconsistent among individual inspectors. In a future
scenario, Canada needs to secure its hard-won reputation in
grain quality and meanwhile increase grain handling capacity of
current facilities. To achieve this objective, the current visual
inspection methods need to be automated. The grain industry
desires real-time quality evaluation tools capable of working
consistently and objectively. 

Recent research has shown that machine vision has the
potential to become a viable tool for grain quality inspection
(Paliwal et al. 2004a, 2004b, 2003). Efforts have been made to
assess damaged kernels (Luo et al. 1999; Zayas et al. 1990), and
identify grain types (Majumdar and Jayas 1999). Most of these
studies have utilized well-defined images of grain kernels
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acquired under controlled conditions. Under controlled
situations, grain kernels are usually placed apart from each other
during image acquisition. In an industrial setup, where these
systems will finally be implemented, grain kernels touch each
other or even overlap. Available imaging techniques utilize two-
dimensional imagery to represent original three-dimensional
objects. Such two-dimensional representation poses difficulty in
recognizing individual items that touch or overlap with one
another in a single image. Touching and overlapping of particles
renders the extraction of shape and size parameters very difficult
making recognition tasks impossible. Moreover, physical
separation of particles using mechanical means prior to imaging
is not always practical. Therefore, implementation of machine
vision in grain handling requires availability of algorithms that
could separate occluding groups of grain kernels in digital
images. 

Shatadal et al. (1995) developed a segmentation algorithm
based on a set of morphological operations on binary images.
The authors tried to disconnect touching kernel images by
progressive erosion, and then sequentially thickening and
dilating eroded images with the constraint that regions
belonging to different kernels did not get reconnected. They
tested their method on connected kernels of hard red spring
(HRS) wheat, durum wheat, barley, oats, and rye with
segmentation accuracies of 95, 95, 94, 79, and 89%,
respectively. However, as noted in their findings, their algorithm
failed when groups of touching kernels formed relatively long
isthmuses.

Visen et al. (2001) proposed a different approach to segment
occluding groups of grain kernels. They first calculated the
inertial equivalent ellipse of each connected component and
determined the degree of overlap. Should the level of overlap
fall below a threshold, the component was deemed to be an
occluding group of kernels subject to segmentation. By tracing
the gradient change along the boundaries, nodal points along the
touching parts were determined. The method assumed a smooth
contour of individual items. The algorithm, however, was tested
only on dockage-free sound kernels with a maximum of three
kernels touching each other. Such a situation is unlikely to exist
in any grain handling operation.

Shahin and Symons (2005) utilized an image analysis library
to separate non-singulated grain seeds in digital images for size
measurement. Their method involved iterative application of
different morphological operations, such as erosion and dilation
to binary images of touching seeds. Images of individual seeds
were then separated based on preliminary size and shape
measurements. The authors determined that seed shape was not
a factor affecting performance of their method and size
information extracted from separated seed images was not
statistically different from measurement data using manual
sieving.

Morphological watershed segmentation provides more stable
results and continuous segmentation boundaries (Gonzalez and
Woods 2002). Morphological watershed translates a grayscale
image into a three-dimensional surface with grayscale values
serving as the height of each pixel. To understand the algorithm,
imagine a drop of water falls on to a surface, the drop rolls over
the surface following the surface gradient till it stops at a local
minimum. A surface with a gradient leading to a local minimum

is called a watershed. At some points on the surface, water drops
likely converge to multiple local minimums, and these points are
called watershed lines. Watershed segmentation, however, is
prone to oversegmentation due to noise and irregularities in the
original image. Casasent et al. (2000) modified the binary
watershed segmentation algorithm to separate pistachio nuts in
X-ray imagery and achieved 99.3% segmentation accuracy.
Their version worked by detecting the number of nuts per
cluster along with the location of the centre of each nut, and
used this prior knowledge to develop catchment basins for
watershed segmentation. After reviewing available segmentation
methods, Lee and Slaughter (2004) proposed five different
modifications to the morphological watershed segmentation
method. The segmentation performance of five modified
watershed methods was between 38 and 57% when separating
occluded tomato leaves compared to 19% for the original
watershed segmentation. The authors also pointed out that their
versions might not be suitable for elongated shapes. Also, the
relatively long execution time made the methods impractical for
real-time inspection.

It is important to distinguish between the terms dockage and
foreign material. Dockage is a material that is removed from the
grain by using approved cleaning equipment so that the grain
can be assigned the highest grade for which it qualifies. Foreign
material refers to any material alien to the grain type after
removal of dockage. Identification and quantification of foreign
material and dockage in a grain sample is important as it can
help in developing an appropriate cleaning strategy and in
assigning grade. Therefore, an algorithm that can properly
separate grain kernels as well as dockage while preserving their
geometric features will be of immense value. Since cereal grains
and dockage have specific shape and size characteristics, their
morphological information can potentially be used to develop
linear classifiers that can automatically identify and exclude
dockage.

The objectives of this study were to: (1) develop a modified
version of morphological watershed segmentation algorithm,
(2) test the algorithm to separate touching kernels of six
different types of cereal grains; (3) extract several geometric
features from the separated kernel images, and (4) calibrate a
linear classifier to identify dockage fractions in the sample.

MATERIALS and METHODS

Imaging system

An EOS digital SLR camera (Rebel XT, Canon U.S.A. Inc.,
Lake Success, NY) was mounted on a copy stand (Copymate II,
Bencher Inc., Chicago, IL). The digital camera employed a two
dimensional 8 mega-pixels complementary metal oxide
semiconductor (CMOS) sensor and could be remotely
controlled using a personal computer through a universal serial
bus (USB) connection. A lower resolution of 2 mega-pixels
(1728 × 1152 pixels) was used in this study. A field of view
corresponding to an image area of 800 × 600 pixels was
cropped from the acquired images. A remote image acquisition
control software DSLR Pro (Version 1.1 beta 7, Breezesystems
Ltd., Surrey, UK) was used to operate the camera and store
acquired images. To simplify setting, no special illumination
was used and the images were acquired under regular indoor
fluorescent lights. Color calibration was done by correcting the
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standard color temperature using the white balance setting of the
camera. A Canadian 25-cent coin was placed under the camera
for spatial calibration.

Grain and dockage samples

Six types of cereal grains, namely, Canada western red winter
(CWRW) wheat, Canada western hard white (CWHW) wheat,
Canada western amber durum (CWAD) wheat, six-row barley,
oats, and rye, were used in the study. Several hundred grain
kernels of each type were tested. In each single image, about
fifty to seventy kernels were placed in a touching fashion. In
bulk wheat, dockage generally consists of weed seeds, wheat
stems, insect parts, dust, and broken kernels of wheat or other
grains. The dockage components in the identification task were
simplified by using broken CWRW wheat kernels along with
CWAD kernels in CWRW wheat samples. 

The watershed segmentation algorithm

The algorithm proposed here combined several image
processing techniques. Before applying watershed segmentation
on binary images, the binary image was first converted into
function image using distance transform (Serra and Vincent
1989). Then watershed segmentation based on simulated
immersion (Vincent and Soille 1991) was applied to the
distance graph, which resulted in oversegmented items in many
cases. The application of internal and external markers to
eliminate the problem of oversegmentation in morphological
watershed segmentation brought prior knowledge into the image
segmentation process (Gonzalez and Woods 2002). In the
algorithm developed for this study, internal markers were
reconstructed to join oversegmented kernels. The detailed
procedure is:

Step 1. The original grayscale image was segmented by a global
threshold value that preserved geometric features of kernels but
resulted in groups of connected kernels;

Step 2. The two-dimensional Euclidean distance transform of
the images after thresholding was calculated (Paglieroni 1992).
The distance transform calculated the distance between a non-
zero pixel (kernel image pixel) and its nearest pixel with value
of zero (the nearest background pixel);

Step 3. Morphological watershed segmentation was performed
on the complimentary image of the distance transform graph in
Step 2 with background pixel values set to –4;

Step 4. Internal markers from the original grayscale images and
the distance transform graphs were constructed and used to join
over-segmented component boundaries obtained using
watershed segmentation (Vincent 1993);

Step 5. The boundaries obtained in Step 4 were pruned and the
contours for each separated component were smoothed.

The modified watershed segmentation procedure can be
demonstrated by an image consisting of fifty touching CWRW
wheat kernels (Fig. 1). In Fig 1a, all wheat kernels were placed
in a touching fashion with each kernel sharing its boundary with
one or several adjacent wheat kernels. After applying a global
threshold value to segment the image, the touching kernels
resulted in several groups of connected kernels in the binary
image (Fig. 1b). By applying watershed segmentation to the
distance transform graph (Fig.1c), the phenomenon of
oversegmentation was observed (Fig. 1d). Internal makers

(white blobs in Fig. 1e) were then constructed and used to join
the overly segmented parts of individual kernels. The spikes in
the boundary image (Fig. 1f) were then trimmed to extract the
boundaries for individual kernels. Figures 1g and 1h show the
magnified images of the boundary and the segmented image,
respectively, for kernels in the boxed region of Fig. 1a.

Software and data analysis

Morphological watershed segmentation and feature extraction
algorithms were programmed using the image processing
toolbox available in Matlab (V.7.0, The MathWorks, Inc,
Natick, MA). The geometric features used for classification
were area, perimeter, shape factor, major axis length, and minor
axis length. The shape factor, also called roundness factor
(Appel et al. 2003), is a dimensionless quantity defined as:

(1)S
A

P
=

4
2

π

where:
A = area of the component of interest,
P = perimeter of the component of interest, and
S = shape factor.

The shape factor has a range of 0 to 1. For the dockage
identification task, it was assumed that dockage particles
possessed distinct geometric features from sound wheat kernels.
Therefore, the Mahalanobis distance metric was employed to
detect these outlying cases (Sharma 1996). Effectiveness of the
algorithm was determined by its ability to properly segment the
touching grain kernels. Classification accuracy of the calibrated
linear discriminator was calculated by its ability to classify the
segmented particles into their respective classes.

RESULTS and DISCUSSION

Efficiency of segmentation algorithm for different types of
grains

Several hundred sound kernels from each of the six different
types of grains were tested to examine the efficiency of the
algorithm. The grain kernels were packed within the imaging
area with each kernel touching one or several adjacent grain
kernels. There were several touching situations that occurred
when packing bulk grain kernels on the same flat surface. The
tip of a kernel touching another kernel resulted in a relatively
shorter shared boundary whereas the side of a kernel aligned
with another kernel's side resulted in a relatively longer shared
boundary. It was also observed that kernels with flap tips, e.g.,
six-row barley, overlapped with one another. These situations
were encountered with kernels of different shapes in the study
and kernel shapes determined the successful segmentation rates
of the algorithm. The correct segmentation rates were calculated
according to whether the kernel was separated from its adjacent
neighbours and whether the individual kernel image was
preserved without oversegmentation within the individual kernel
image. Table 1 shows that the modified watershed segmentation
algorithm worked well with CWRW, CWHW, and CWAD
wheat kernels. The successful segmentation rates of 94.4, 92.0,
and 88.6, respectively, were achieved based on sample
populations of 355 CWRW, 312 CWHW, and 387 CWAD
kernels. However, the algorithm was not as well suited to
segment images of touching oats, six-row barley, and rye
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             (a)              (b)            (c)

              (d)               (e)            (f)

                    (g)                      (h)

Fig. 1. The modified watershed segmentation process: (a) original grayscale image of CWRW wheat kernels in a touching

fashion; (b) manual thresholding of the grayscale image; (c) binary image in (b) after distance transform; (d)

watershed segmentation result; (e) internal markers imposed on original image; (f) modified boundary; (g) boundary

after pruning for kernel image in the rectangle in (a); (h) segmented CWRW kernel image in the rectangle in (a).

kernels. The efficiencies to segment oats, rye, and six-row
barley, based on sample populations of 121, 252, and 212, were
55.4, 79.0, and 60.9%, respectively. The percentages of falsely
segmented grain kernels due to oversegmentation were 34.7,
17.1, and 35.4% for oats, rye, and six-row barley, respectively.
This problem was caused when the internal markers could not
be found. The percentage of falsely segmented grain kernels in
digital images due to occluding were 9.9, 4.0, and 3.8%. The
term 'occluding' was used here to address situations where two

or more kernels shared a relatively long common boundary or
overlapped with one another. These false segmentation
phenomena are shown in Fig. 2. As is evident from Fig. 2a, the
oat kernels possessed elongated shapes and touching kernels
could easily result in an occluding condition. The internal
markers could not be correctly retrieved due to the fact that the
touching boundary was longer than the minimal width of any of
the touching kernels. This situation also applied to six-row
barley kernels that possessed protruding tips and relatively flat
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Table. 2. Wheat kernels and dockage identification rates.
  

Total
kernels

Correctly
classified kernels

Wrongly
classified kernels

Classification
accuracy (%)

CWRW
CWAD
Broken CWRW  
        kernels

422
92
87

316
89
87

106
3
0

74.9
96.7
100

            (a)           (b)

                 (c)      (d)

Fig. 2. Images of falsely segmented oats and six-row barley kernels: 

(a) internal markers imposed on original oats image; (b) false

segmented oats image; (c) internal markers imposed on original 

six-row barley image; (d) false segmented six-row barley image.

Table. 1. Segmentation results of touching grain kernels using modified

watershed algorithm.
  

Total
kernels

Correctly
segmented kernels

Wrongly segmented kernels

Oversegmentation Occluding

CWRW
CWHW
CWAD
Oats
Rye
Barley

355
312
387
121
252
212

335 (94.4)*
287 (92.0)
343 (88.6)
67 (55.4)

199 (79.0)
129 (60.8)

9 (2.5)
16 (5.1)
36 (9.3)

42 (34.7)
43 (17.1)
75 (35.4)

11 (3.1)
9 (2.9)
8 (2.1)

12 (9.9)
10 (4.0)
8 (3.8)

* Numbers in parentheses indicate percentage.

boundary contours along the kernel tips. The problem of
occluding was less severe for all tested wheat kernels since
wheat kernels have rather plump shapes compared to oats and
six-row barley. Therefore, touching wheat kernels usually
possessed relatively short common boundaries compared to the
thickness of wheat kernels, and there was less chance for wrong
segmentation.

Dockage identification based on

geometric features

Broken CWRW wheat kernels and CWAD
wheat kernels were mixed as dockage with
clean CWRW wheat samples. The wheat
kernels and dockage were arranged in the
same way as the segmentation tests
(Fig. 3a). Each kernel touched one or more
adjacent kernels in order to create different
touching conditions. The task here was to
identify wheat dockage based on geometric
features. Therefore, an image of twenty
physically separated CWRW wheat kernels
was acquired and five geometric features,
i.e., area, perimeter, major axis length,
minor axis length, and shape factor, were
extracted from these kernels and used as
calibration data. After segmentation of
touching kernel images, the Mahalanobis
distance based on the five geometric
features for each separated component in
the image was calculated. Since wheat
dockage was believed to have distinct
geometric features from sound wheat
kernels, Mahalanobis distances (in squared
units) greater than 150 were considered as
outlying components, i.e., dockage
particles. This large value of 150 allowed
sufficient room for the geometric variation
in CWRW wheat kernels and was far less
than the Mahalanobis distance for any
components suspected to be dockage
particles. The isolated components in the
images that were believed to be dockage
were then highlighted by allocating a high
intensity value imposed on the original
image. The original image and image after
segmentation and dockage identification are
shown in Fig. 3. As is seen in the images,
all CWAD and broken CWRW wheat
kernels were successfully detected. Some of
the CWRW wheat kernels were
misclassified as dockage particles due to
wrong segmentation. This type of error,
called 'false positives', was of less concern
when the primary goal was to pick out the
dockage kernels. Images of mixed touching
kernels consisting of a total of 422 CWRW
wheat kernels, 92 CWAD wheat kernels,
and 87 broken wheat kernels were tested.
After segmentation of the original touching
kernel images, 96.7% of CWAD wheat
kernels, 74.9% of CWRW kernels, and
100% broken kernels were correctly

identified (Table 2). A close examination of the segmented
images indicated that most of those misclassified wheat kernels
were successfully segmented but were misclassified because
they possessed relatively smaller sizes or were darker in color.
It is speculated that classification accuracies can be further
improved by incorporating color and textural features of kernels
along with shape and size.
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 (a)        (b)

Fig. 3. Dockage identification based on Mahalanobis distance classifier: (a) original

gray image; and (b) image after segmentation and dockage identification

(highlighted particles were classified as dockage kernels). The 'false positive'

kernels are labelled with cross hair signs.

CONCLUSIONS

A modified morphological watershed segmentation algorithm
has been developed to overcome the oversegmentation problem
that is inherent in the original method. The modified algorithm
was applied to images of multiple touching grain kernels.
Successful segmentation rates, based on populations of 355
Canada western red winter (CWRW) wheat, 312 Canada
western hard white (CWHW) wheat, and 387 Canada western
amber durum (CWAD) wheat kernels, were 94.4, 92.0, and
88.6%, respectively. The algorithm was not as capable for
separating grain kernels of elongated or complex shapes, and
resulted in successful segmentation of 55.4% of 121 touching
oat kernels, 79.0% of 252 rye kernels, and 60.9% of 212
touching six-row barley kernels. The Mahalanobis distance
based on five geometric features, i.e., area, perimeter, major
axis length, minor axis length, and shape factor was calculated
for segmented components in images of touching CWRW wheat
and dockage kernels. In a sample of clean CWRW wheat, when
CWAD wheat kernels and broken CWRW kernels were mixed
as dockage, 96.7% of CWAD kernels and 100% broken CWRW
kernels could be correctly identified as dockage fractions.
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