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CONTENT EXTRACTION, ANALYSIS, AND RETRIEVAL
FOR PLANT VISUAL TRAITS STUDIES

Dayang Hao
Dr. Chi-Ren Shyu, Thesis Supervisor

ABSTRACT
IN recent years, automatic content extraction, analysis and retrieval for plant visual trait
studies play a more important role than ever before, because traditional manual
processing suffers two major issues: excessive processing time and subjectiveness rising
from different individuals. Therefore, to conduct high throughput experiments, plant
biologists are in urgent need of, 1) efficient computer software to automatically extract
and analyze significant content, 2) scoring functions to mimic human scoring, etc.
In order to meet these needs, a series of customized computer vision and image
processing algorithms has been developed in our research. These algorithms are
particularly customized for two model plants: Maize lesion extraction and Arabidopsis
insect damage calculation. For Maize, a mixture of edge-based and region-based
segmentation algorithm was developed to extract lesions caused by fungus; for
Arabidopsis, a top-down segmentation process was employed to measure leaf area
differences resulting from insect damage. Our informatics tools can be generalized to
accommodate a broad range of plant species for visual trait studies. Moreover, they will
potentially provide a framework for cross-institutional and collaborative studies.
- xi -

Chapter 1
Introduction

1.1 Motivation
In biological sciences, there has been an increasing demand for a more specific
and sophisticated image pattern understanding, which normally is hard to
articulate and measure by traditional rulers and scales (Shyu et al. 2007).
According to Fauzi, every year about eighty billion images in all fields are
generated and about ten billion of them appear on the internet (Fauzi 2004). In
biological sciences, sometimes tens of hundreds of images are generated in a
single experiment for further studies, e.g., classifying lesions, scoring
quantitative traits of the mutants, calculating the area eaten by insects, etc.
Almost all of these tasks are processed manually or with disparate software
-1-

packages. It is not only an enormous amount of work, but also suffers from
subjectivities caused by individual preferences.

1.2 Needs and Goals for Content Extraction, Analysis and Retrieval
PRECISE quantification of visually observed phenotypes has not been deeply
studied yet due to the complexity of visual patterns. Moreover, today’s plant
visual traits studies normally rely on vague, qualitative text to describe the
visual traits of interest. While those textual descriptions have their uses, they
are limited in that they rarely allow accurate and quantitative comparisons of
intra- and inter-phenotype expression. Two visual trait studies are reported here:
content extraction and retrieval on Maize mutant images and content extraction
and analysis in Arabidopsis leaf damage calculation. Their needs and goals will
be introduced in the following two sections.

1.2.1 Maize studies
SOUTHERN corn leaf blight (SLB) was not a serious disease of corn until
1970, when a virulent strain called Race T emerged in Texas, which caused
severe crop loss (Ullstrup 1971; Ullstrup 1972). To find resistant Maize genes
to reduce the losses, plant scientists have been studying the disease since the
disease became epidemic. The exact leaf symptoms depend upon the race and
the strain of corn affected. The symptoms of Southern Leaf Blight are leaf
-2-

lesions ranging from minute specks to spots of one-half inch diameter
circle-like shape. Lesions are usually elliptical, parallel-sided, and yellowish to
grayish in color. A purplish or brown border may appear on the lesions,
depending on the genetic background of the plant. Leaf damage area can be as
big as the entire leaf, or as small as only several non-apparent spots. In the
study of underlying genetics of Maize les mutants, a group of Maize experts
from the University of Missouri intentionally put fungus on the corn leaf. In
this study, precise quantification of the expression of les mutants is needed.
However, due to the high similarity between les mutants, the efficiency of
qualitative textural descriptions of these mutants is often very low.
As either manual processing or textual search becomes more and more
difficult, our research is focused on building up a content-based query system
that could facilitate plant scientists to allow searching assorted phenotypes,
automatically, consistently and objectively. Content-based image retrieval
(CBIR) systems target fast interpreting images, thoroughly describing the
content and accurately retrieving similar ones (Kato 1992). Owing to the
development of multi-computational communities, such as computer vision,
image processing, pattern recognition and database, it is now possible to apply
CBIR to biological domains.
We developed a suite of computer vision and image processing algorithms
(Figure 1.1) to extract features for quantifying phenotypes related to Maize
-3-

anatomy (leaves, ears, and kernels specifically). For example, because many
phenotypes related to leaves are characterized by lesion formation, they can be
quantified using several criteria, like lesion color, lesion size, and distribution
of lesions. These quantitative characteristics form a feature space. The feature
vector for each image is stored in a relational database (see Section 2.2) and
used for content-based image retrieval from phenotype images.

1.2.2 Arabidopsis Studies
NOWADAYS crops face many threats, and insect damage is one of the major
ones. Although insecticides have been used practice for many years, it is not as
efficient as we hope. Moreover, there are environmental issues. Because
insecticides may be toxic to some kind of birds, and damage natural animal
food chains and often begin these effects with lab studies of model plants.
Scientists try to find some more efficient and less damaging methods of insect
control, and the initial work is all in their labs. Arabidopsis plants are relatively
small and do not take a lot of space. Their life cycle is short, and they are
self-fertilizing plants, which makes genetics study much easier. Moreover, the
Arabidopsis genome is relatively small, and has been completely sequenced.
Due to these specific advantages, Arabidopsis is currently the primary model
plant.

-4-

Figure 1 Flow chart of content extraction algorithms for Maize studies

One important method to measure the difference in resistance to insects
caused by mutation is through comparing the percentage of leaf area eaten by
insects compared to wild type (non-mutant). This method has three drawbacks.
First, it is very slow. Second, it is very subjective, especially when the spatial
distribution of leaf damage is different. Third, it can be difficult to detect subtle
differences, even though sometimes these differences might be essential.
A common practice for plant scientists is to estimate the insect damage by
eye on a scale based on the percentage of leaf area removed. The damage is
estimated without photo documentation of damaged leaves. Still, the drawback
-5-

is subjectivity and low throughput. To improve both accuracy and productivity,
we propose an application (Figure 1.2) integrating a set of algorithms to
automatically measure the chewing damage and describe these algorithms with
details in the following two chapters.

Figure 1.2: Flow chart of Arabidopsis insect damage studies
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1.2 Outline of the Thesis
THE remaining of this thesis is organized as follow: in chapter 2, a literature
review of visual trait studies, biological image process and CBIR is presented.
In chapter 3, by human perceptual abilities, a wide range of low-level image
basics is introduced. These basics include color space, picture element and
image histogram. In chapter 4, we discuss algorithms that are customized from
several well-known image processing algorithms, such as a hybrid method of
Canny Edge Detector and Region Growing. In addition, it also covers how they
can best serve as tools to study visual trait of plants. In chapter 5, to evaluate of
both studies, we conducted two experiments, which could demonstrate the
improvement our systems made. In chapter 6, details of system development
are provided. In chapter 7, we conclude the thesis and provide a list of future
work.

-7-

Chapter 2
Literature Review

2.1 Plant Visual Trait Studies
Plant visual trait studies often refer to the studies of visually observable
patterns of a particular plant. Plant visual traits are very important constituents
of phenotype and are influenced by both its genome and environments. In order
to discover how changes in a plant’s genotype lead to changes in phenotype,
plant biologists usually mutate one gene or several-genes and map the
corresponding phenotypic descriptions to the mutated gene(s). The major
method scientists currently apply is forward and backward genetics, that is,
either we target a particular gene to find its corresponding phenotype on plants
(Arabidopsis studies), or we focus on a particular trait and then look for the
-8-

gene or genes that control of (Maize studies). Nevertheless, both methods
depend on the phenotypes. Since the Arabidopsis genome has been completely
sequenced and so has most of Maize genome, they are both classic models for
genetic studies (Buskirk and Schmidt 2000).

2.2 Image Processing for Biological images
There are two major differences in processing biological images from
processing generic images. Most biological images are taken under controlled
environments, which limit variation among images, so we expect a high
success rate for identifying visual patterns. However, to make the processed
results useful in biological research, we have to distinguish subtle visual
difference among expression levels. Biological image processing usually is
composed of image representation, display, storage, capture, filtering,
enhancement, restoration, and segmentation (Chapter 4). The biological images
are usual digitally represented in pixels and displayed using RGB color space
(Chapter 3). Biological images can be captured and stored in many different
ways, including Fluorescence in Situ Hybridization (FISH) imaging, optical
imaging, Microscopy, digital cameras, etc. Due to un-controllable photographic
conditions and constant variance, the biological images captured commonly are
often not eligible to assay. To address this issue, image restoration is to be
employed as a tool to re-cover the original image colors.
-9-

In the image analysis of plant root structures, Huang et al. also used
important properties of plant roots to resolve the uncertainties when
interpreting the images (Huang et al. 1992). Zeng et al. uses two-dimensional
matched filtering followed by local entropy thresholding to produce binarized
images for root detection (Zeng et al. 2006). All these techniques and
algorithms utilize the ground-truth knowledge derived from imaging protocols,
and thus these specified techniques and algorithms succeeded.

2.3 Content-Based Image Retrieval System
Since image content extraction plays a foundation role for a content-based
image retrieval system (CBIR), we survey CBIR techniques and their
applications to biomedical domains. Content-based image retrieval (CBIR),
also known as query by image content (QBIC) and content-based visual
information retrieval (CBVIR), is the application of computer vision to image
retrieval problems, that is, the problem of searching for digital images in large
databases (Kato 1992; Y. Rui et al. 1999). The term Content-based Image
Retrieval (CBIR) was first introduced by T. Kato in 1992, and soon it became a
hot topic. Although it is relatively new compared to most of other Computer
science areas, it has already been widely studied.

- 10 -

2.3.1 Background and Previous Work of CBIR
THE system now normally consists of five parts: image preprocessing, image
segmentation (optional), feature calculation, query by content, content
comparison and output results. The first three parts belong to the area of image
processing and computer vision and the last two parts are more related to the
area of Database. Combined they build a complete functional Data Mining
system. As stated in “Content-based image retrieval at the end of the early
years”, there are two main issues in Color image processing: 1. Recorded
colors are very sensitive to sensing conditions; 2. Human perception of color
(especially of the ones with high similarity) is complex, and constant
invariance cannot be acquired (A. W. M. Smeulders et al. 2000).

2.3.2 State of the Art CBIR
FOR state of the art CBIR, the extensively and deeply studied surveys are
published in many papers (Berman and Shapiro 1999; Y. Rui et al. 1999;
Smeulders et al. 2000; Michael, Nicu et al. 2006; R. Datta et al. 2008). There
are also some ad hoc CBIR approaches. Especially, Giang P. Nguyen
introduced a new interactive approach to learn dissimilarity for interactive
search in image query by content. The goal of dissimilarity is to find
irrelevance from the database via the feature space by feature selection, feature
weighting or a parameterized function of the features (Nguyen et al. 2006).
- 11 -

This is proven able to accelerate the process of retrieval performance. To date,
only normal spectral information is used to train feature vectors, Maldonado
provides a way for band selection of high dimensional pixels and end members
as features for hyperspectral image retrieval (Maldonado. O. et al. 2005).
CBIR does not only attract academia, but also the web-searching giant.
Google developed an algorithm called "VisualRank", which is originated from
Google famous PageRank algorithm for page content search and promises to
return search results for images based on the content of the images rather than
the text (Jing and Baluja 2008). The major contribution of VisualRank is to
re-rank the existing Google image database and in particular to derive a large
amount of queries by local descriptor comparison.

2.3.3 Other Fields of Application
BESIDES biology, CBIR could also be used in crime prevention, the military,
intellectual property, architectural and engineering design, fashion and interior
design,

journalism

and

advertising,

medical

diagnosis,

geographical

information and remote sensing systems, cultural heritage, education and
training, home entertainment, and WWW searching (Gudivada and Raghavan
1995). Most fields where CBIR is proven useful have several important issues
to consider before applying CBIR: (1) database build-up and data structure
design for aggregating enormous images everyday; (2) excessive processing
- 12 -

time due to the huge amount of professional images; (3) big content
heterogeneity of different field images. Nevertheless, in biological CBIR, those
issues are very well addressed, and thus content-based biological information
retrieval system provides exceptionally high retrieval accuracy for biological
image-content query.

2.4 Insect Damage Estimation
PREVIOUSLY, a widely used insect damage estimation method on leaves was
to categorize the damage to multiple scales. In turfgrass disease or insect
damage evaluation, the National Turfgrass Evaluation Program (NTEP) reports
disease and insect injury based on the turfgrass resistance, using the one to nine
rating scale, where one equals no resistance or total injury, and nine equals
complete resistance or no injury (www.ntep.org). Insect incidence may also be
evaluated as counts per unit area. In Arabidopsis resistance against insect
chewing study, leaf damage is quantified on a scale based on the percentage of
leaf area removed: 0 [0%–5%), 1 [5%–13%), 2 [13%–23%), 3 [23%–37%), 4
[37%–55%), 5 [55%–77%), and 6 [77%–100%] (H. U. Stotz et al. 2000). On
average, this method takes minutes per Arabidopsis plant, varying with the
number of leaves. However, it is a subjective method, which is prone to overor under-estimation of actual damage, because of observer bias and the visually
delusional difference of different spatial patterns of insect feeding.
- 13 -

Chapter 3
Low-Level Image Basics

THIS thesis mainly focuses on customized computer vision/image processing
algorithms for processing biologic images mainly in color. To better elaborate
the customization process, knowing the properties of image background is the
first required step since a successful separation of objects and background is a
must. In this chapter, we discuss the following topics: color space, picture
element (pixel), color quantization to image histogram.

3.1 Color Space
HUMANS are usually trichromats, which is also the case for some other
mammals (Rowe 2002). Considering trichromatic vision, most color spaces or
- 14 -

color models are developed into three independent channels. Any particular
color can be defined by summing a certain amount of each of three primary
colors: magenta, cyan, and yellow. It is very similar to oil painter use of
palettes to blend primary colors for the desired color. The color set that
contains all possible colors defines a color space. In other words, one can
regard a color space as 3D coordinates and each primary color defines one axis,
and the coefficients could be translated as a unique position in this 3D
coordinates system, [(Red, Green, Blue) Ù (x, y, z)]. In this way, we can
specify the amount of magenta color in the X-axis, that of cyan in the Y-axis,
and that of yellow in the Z-axis, by giving a three-dimensional space, wherein
every possible color has a unique position.

3.1.1 RGB Color Space
THE RGB (red, green, blue) color model is additive in the sense that the three
channels could be added together to make the final color's spectrum (Poynton
2003). In computer display, RGB color space is the most widely used color
space (Figure 3.1), where each channel is quantized into 256 slots [0,255]. Zero
in any channel means minimum contribution of that channel. When each
channel contributes nil, the darkest color is constructed. On the other hand, 255
represents maximum intensity. When all three channels are at full intensity, the
color will be the brightest white. Because each channel has only 256 slots, the
- 15 -

intensity of each channel can be represented by an eight-bit binary number. All
three channels together can be represented by a twenty-four-bit binary number,
which is called 24-bit implementation, and in this implementation, there are
more than 16 million colors.
Throughout this thesis, all image processing algorithms assume RGB
color space and [0, 255] range for each channel.

Figure 3.1: A piece of corn leaf image and its separate R, G, B channel. Note that the
background consists of strong blue; the brown edges and lesions are composed of strong red
and green with little blue; the leaf interior is composed of little red or blue but strong green

3.1.2 Lab color space
CONSIDERING a color space as 3D coordinates, we can construct different
color spaces by giving different meaning to x-, y-, and z-axis. For instance,
lighting (X axis) and color component (Y, Z axis) could construct Lab color
space (Kühni 2003).
This Lab color space (see Figure 3.2) is derived from CIE 1931 XYZ
color space, but is visually more consistent in terms of uniform than the master
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color space, because its design is closer to human eye perception (Smith and
Guild 1931).

Figure 3.2: Lab color space: L component range from zero (black) to one hundred (white), and
unlimited color components (a, b)

3.1.3 HSV Color Space
THE HSV color space is derived from RGB color space. This color space is
cylindrical, and defined as a hexcone (six-sided pyramid turned upside down).
HSV is short for Hue, Saturation, and Value. Saturation and Value always range
from zero to one, while Hue parameter has 360 degrees. In the hexcone
coordinates, vertical position defines brightness; angular position defines hue;
and radial position defines saturation. HSV and RGB color spaces can be
translated between each other by simple mathematical equations.

- 17 -

3.1.4 A Selection of Color Space
During the image transformation from originally RGB space to other uniform
color space, image distortion can counteract perceptual inconsistency.
Perceptual inconsistence is the major deficiency of RGB color space. Moreover,
there are some unsolved issues in designing color space quantization for
non-linear color space, which are very important (Chang 1996). Considering
the above issues and the advantages of RGB space quantization, our CBIR
employs RGB color space for color histogram calculation (see Section 3.3.1).
Despite that there are many color spaces available, the perception of color is
still subjective, and the lack of commonly accepted color space makes the
comparison of the different CBIR methods difficult (John M. Zachary 2000).

3.2 Picture Element
THE inputs of CBIR are digital images. A digital image is usually represented
by a two-dimensional matrix of picture element (pixels), and is usually a
product of digital cameras, by which most biological images are generated. In
addition, it could also be generated by other devices like scanners, radars,
picture software, infrared radiation (IR), etc. Meanwhile, a single digital image
contains a fixed number of rows and columns of pixels, while pixel is the
smallest individual element in any image, holding quantized values that
represent the brightness of a given color at any specific point.
- 18 -

Each datum of a certain position could be represented by a pixel,
categorized by the pixel representation. Digital images have two most basic
raster types: grey-scale images and color images. The majority of today’s
images are color images. In image processing, the difference between a color
image and a grey-scale image is that grey-scale images have only one color
channel, intensity, while color images have three color channels, red-green-blue.
Within the same image quality, the bits representing a color image are three
times as of those representing a grey-scale image.

3.3 Image Histogram
AN image histogram is the histogram of the values for the pixels in a digital
image, and thus an image histogram is the description of an image distribution.
By numeric representation, the image histogram aims to discriminate images
that have different appearance, thus to further cluster similar ones. A typical
image histogram includes color histogram, texture histogram, region size
histogram, nearest neighbor histogram and shape (roundness) histogram. The
following sections will be devoted to sequentially explain each histogram
(Aibing Rao 1999).

3.3.1 Color Histogram Equalization
THE purpose of color space quantization is to produce the color histogram,
- 19 -

which captures the color distribution of a digital image, and is the most
informative descriptor among all image histograms (Figure 3.3). In color space
quantization, the equi-width bin is most commonly used. However, the
drawback is obvious, too. Any color space represents a full spectrum of human
perception, but it is not necessarily true that colors of a color space are evenly
distributed in any given image. Therefore, the histogram comes out skewed. To
address this issue, we propose an equi-area bin solution. The global function of
our solution is to set up a counter of the image color distribution, and to divide
the counter such that each bin has same number of pixels, called equi-area bin.
This method is proven to produce the most separable histograms overall
(Chapter 5).

Figure 3.3: The effect of histogram equalization adjustment (courtesy of Zefram)

3.3.2 Color Histogram
THE color histogram is the descriptor of the color distribution for an image. It
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is scalable and separable, and thus is suitable of being an individual feature
category for content-based image retrieval (Swain 1994; John M. Zachary 2000;
Fauzi 2004). However, there is an issue: if the color histogram is applied solely,
i.e., without encoding the spatial information, the same histogram with
different spatial positioning could lead to entirely different images (Figure 3.4).

Figure 3.4: Two different images have the same histogram. Each small square represents a pixel

Let h be ith bin of the histogram, h is calculated as equation 3.1:

hi =

∑

p j ∈{imagepixels}

p j , where p Intensity
< biniIntensity (3.1)
j

Figure 3.5: The histogram of images shown in Figures 3.4, by equi-width bin

The histogram of the above images is [5, 10, 0, 10, 0], where the bins all
have equi-width, [51, 102, 153, 204, 255]. After normalizing the summation to
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one, the histogram becomes [0.2, 0.4, 0, 0.4, 0]. The histogram [5, 10, 0, 10, 0]
means that we have total 25 pixels, where 10 pixel intensity values falls into
the bin [0, 51], 10 pixel intensity values falls into the bin [51, 102] and so on.
However, to figure out bin quantity and the bin size, we need color quantization.
For example, the global distribution of Figure 3.4 is listed in Table 3.1.
Table 3.1: The intensity global distribution of images showed in Figure 3.4
Intensity

0-32

33

34-99

100

101-199

200

201-255

Quantity

0

5

0

10

0

10

0

In this table, the intensity of an image ranges from zero to 255 and quantity
ranges from zero to the total pixel number of an image. By color histogram
equalization, the equi-area bins will be [0, 33], (33,100], (100, 255] for a
three-bin histogram. This scheme is then implemented in calculating every
other image histogram.
Color histogram alone cannot completely represent an image (Broek
2005). Moreover, texture histogram, region histogram, nearest neighbor
histogram and shape (roundness) histogram are very important supplements of
color histogram. Combining all histograms of an image together, we can
numerically represent the image.

3.3.3 Region Size Histogram
REGION size histogram is an optional image histogram, because the region
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size histogram requires a pre-condition, which is that the query objects must be
specified and image segmentation can be carried out properly. When the
pre-condition is met, each region must occupy an area of the image. Owing to
the region size histogram, many more images could be differentiated, when the
object sizes of query images are separable (Figure 3.6).

Figure 3.6: The image that can be easily separated by region size histogram

3.3.4 Nearest Neighbor Distance Histogram
IN addition to the region size histogram, the relative positions between regions
could be used to differentiate images as well. The center c for each region is
normally used to represent the position of the region. By comparing the
distances between centers, only the shortest distance will be recorded for each
region for nearest neighbor distance, as described in equation 3.2:

nnd i = min d (ci , c j ), where j ≠ i

(3.2)

For example in Figure 3.7, neither histogram nor region size histogram
could distinguish two images as below, but with the help of nearest neighbor
distance histogram, they can be easily separated.
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Figure 3.7 Two images have same region size histogram, but, separable by nearest
neighbor distance histogram.

3.3.5 Shape Histogram
SHAPE histogram also requires the same pre-condition as region size
histogram. The shape of objects can be interpreted in many ways, like
roundness, length of the edges, and similarity with pre-defined shapes,
including bell-like, rectangle, circular, etc. In our studies, because most regions
of interests on Maize leaves are elliptical shaped, the shape histogram is
measured via calculating the roundness of lesions.

3.3.6 Texture Histogram
TEXTURE histogram is also a very important supplement to color histogram.
As stated by Su in 2005, texture based features can make background less
distracting, and thus increase the overall quality of the image (Su 2005). In our
application, co-occurrence matrix is applied to calculate texture features
(Robert M Haralick et al. 1973).
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Chapter 4
Customized Image Processing
Algorithm

THIS chapter will present our Customized computer vision and image
processing algorithms for biological image segmentation. As described in the
previous chapter, image histograms could be used to describe images and to
discriminate them as well. In order to describe an image thoroughly and to gain
exceptional retrieval accuracy, besides using low-level features discussed in the
previous chapter, such as color and texture, regions of interest in the image
should be segmented out to exclude the influence of irrelevant contents and
constant noise distraction. In addition, the segmentation must be processed
prior to histogram calculations. Generic image segmentation is very difficult
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and sometimes impractical. Research has been debating whether image
segmentation is an ill-posted topic (Zhu 2001; Meer 2002) for generic images.
Nevertheless, image segmentation in either biomedical or plant biological field
is still an area that attracts much attention in the research community, because it
is task-driven. In this chapter, we discuss a two-level segmentation process,
namely macro and micro segmentation. For our two model plants, macro and
micro segmentation processes for Maize are to identify the corn leaf and
objects inside a leaf; for Arabidopsis they are to separate pots and leaf regions,
respectively.

4.1 White Balancing
DUE to the un-controlled imaging environment, normally the raw images
cannot be used directly without pre-processing. For instance, a light green leaf
under yellowish background light may look like a large necrotic lesion. To
address the issue, the color standard is utilized to normalize the image in terms
of color and to recover the real colors of the image. White balancing corrects
the under- or over-exposure of an image and the resultant variations in imaging
color. The color standard palette must be located first by identifying a subset of
color wells. In our experiment, we found that it is sufficient to perform
subsequent analysis if five to six color wells are identified. Using the
ground-truth color value for the middle gray well (the fourth row and third
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leftmost well in the color pallet shown in Figure 4.1), white balancing is
accomplished (Viggiano 2004). The transformation matrix is shown below in
equation 4.1, where Rw’, Gw’, and Bw’ are the ground-truth gray values for the
white balancing well (see the effect of white balancing in Figure 4.1).

⎡ 255
⎢R '
⎡R ⎤ ⎢ W
⎢G ⎥ = ⎢ 0
⎢ ⎥ ⎢
⎢⎣ B ⎥⎦ ⎢
⎢
⎢ 0
⎣

0
255
GW '
0

⎤
0 ⎥
⎥ ⎡R ' ⎤
⎥
0 ⎥ ⎢G ' ⎥
⎢ ⎥
⎥ ⎢⎣ B ' ⎥⎦
255 ⎥
BW ' ⎥⎦

(4.1)

4.2 Color Contrast Enhancement
ANOTHER technique we used in image segmentation is color contrast
enhancement. The rationale is to sharpen the edges, especially those defining
the background side of the leaf border, and in turn to better distinguish the
foreground (leaf) from the background, i.e. to aid in leaf extraction. This is
accomplished by applying equation 4.2,

p ' = ( p − 0.5) × contrast +0.5

(4.2)

In equation 4.2, the range of each pixel value is from zero to one. The
contrast coefficient p can range from -100% to 100%, though for these images
setting contrast to 25% was found to give the best results. The need for this
process as well as its effects is illustrated in Figure 4.2, and from the
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contrast-enhanced image, we can see the background is darkened with
lightened foreground.

Figure 4.1: The effect of applying white balancing to the corn leaf image, the upper image is
the original and the lower one is after the processing
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Figure 4.2: The contrast enhanced corn leaf image versus original image, the upper image is the
original and the lower one is after the processing

- 29 -

4.3 Canny Edge Detector
THE Canny Edge Detector, developed by John F. Canny, is a multi-stage
algorithm that could detect a wide range of image edges (Canny 1986; Deriche
1987; Lindeberg 1998). Canny also produced a computational theory of edge
detection, in which he introduced non-maximum suppression and hysteresis in
detecting edges. The initial published detector is on grey-scale images only, and
we customized it to accommodate color images. Figure 4.3 shows a result from
a directly application of Canny Edge detection. From the results, we can see
that a further and extensive revision of Canny Detector is needed for biological
image segmentation. The following sub-sections, starting from 4.3.2, are
stage-by-stage illustration of such effort.

4.3.1 Image Convolution
NOISE is inevitable in images by any generator. Canny used a Gaussian filter
based on the first order derivative of Gaussian function to “soften” images
(Figure 4.6). A Gaussian filter can be computed and used as a mask (Figure
4.3). With the proper definition, the mask could smooth the image out and a
typical mask is much smaller than the image size.
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Figure 4.3: The result of applying Canny Edge Detector to the Maize leaf image. Note that
the white lines are detected edges, which are totally about 6000 disconnected edges from
the original 3900*2613 corn leaf image
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Figure 4.4: Discrete approximations to Gaussian function with σ=1.4

The convolution can actually be simplified, since the equation for the 2-D
isotropic Gaussian mask shown above can be separated into x and y
components. The 2-D convolution can then be divided into horizontally 1-D
Gaussian convolution plus vertical 1-D Gaussian convolution, while
performing the same effect. In 2-D convolution, each pixel is invoked
twenty-five times. However, it is only ten times if horizontal and vertical 1-D
convolutions are applied, and the running time is greatly reduced. Two
combined 1-D Gaussian mask (Figure 4.5) would produce the same
convolution effect as a 2-D Gaussian mask (Figure 4.4).

0.439

0.814

1.000

0.814

0.439

Figure 4.5: Continuous 1-D Gaussian Mask, same both horizontally and vertically
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Figure 4.6: Corn leaf image after applying convolution (right). The original image is on the top,
the smoothed version of the image is displayed below

4.3.2 Sobel Gradient operator
AFTER the image convolution, the intensity gradient of the image could be
calculated to determine the edge strength and the direction by Sobel operator
(Canny 1986; Deriche 1987). The Sobel operator employs a pair of 3x3
matrices (Figure 4.7) to calculate x and y direction gradient Gx and Gy
respectively. The gradient magnitude G is the norm of Gx and Gy, and the
direction θ is same as the direction of vector (Gx, Gy).
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G=

G X2 + GY2

θ = arctan(

GY
)
GX

Figure 4.7: The masks of Sobel operator in x and y direction

The Sobel operator is normally applied to grey-scale images, and most of
its application directly converts color images to grey-scale images. However,
some image information might be lost during conversion and often a subset of
color channels is significant for certain application domains. After studying the
edge pixel information, we found that most leaf edges, no matter what types of
background color, usually contain strong red and green. Since the green
channel is not a preferred channel since the majority of leaf tissues are green,
we convert the image into grey-scale using only red intensity gradient to detect
edges (Figure 4.8).

4.3.3 Edge Direction
TO ensure edges are 1-pixel in width for simplification purposes, we need to
discretize directions into eight directional possibilities, which namely are its
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eight adjacent neighbors (Figure 4.9). After gradient direction of each pixel is
calculated, the gradient direction of each pixel is translated and stored as one of
the eight-neighbor directions of the pixel.

Figure 4.8: The gradient map of the corn leaf image after applying Sobel operator on red
channel, the upper image is the original and the lower one is after the processing
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Pixel

Figure 4.9: Eight possible directions of a pixel in an image are eight neighbors.

4.3.4 Non-Maximum Suppression
AFTER detection of the edge directions, non-maximum suppression will be
applied. A pixel is considered on the edge, when its gradient magnitude is the
maximum along the gradient direction. Non-maximum suppression is used to
trace edges in the gradient direction and to suppress any local pixel whose
gradient magnitude is not the maximum. Non-maximum suppression aims to
find thin edges and Figure 4.10 shows the comparison of thick edges and thin
edges from non-maximum suppression. It is worth mentioning that thick edges
normally provide a better measurement of regions/objects of interest.
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Figure 4.10: The comparison of thick edges (middle image) and thin edges (lower image)
by applying non-maximum suppression to the original image (upper)
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4.3.5 Hysteresis
FINALLY, we only need a threshold to discriminate edge pixels and non-edge
pixels. However, due to the noise and un-continuous object boundaries, it is
often difficult to pick up a threshold. Canny proposed thresholding with
hysteresis, which requires two thresholds - Thigh and Tlow. The assumption that
edges should be along continuous curves in the image allows us to detect a
non-obvious edge segment. Hysteresis also suggests that the gradient
magnitude of any given edge fluctuate between the two thresholds.
Starting from the directional information obtained in the earlier section,
edges can be traced by the following three criteria:
1. Any pixel gradient in an image that is greater than Thigh automatically
becomes an edge gradient, and the pixel will be marked as an edge
point immediately.
2. Any pixel gradient that is greater than Tlow is considered as edge point
candidates, and any of those candidates that connect to an edge point
will be marked as an edge point.
3. Any other pixels are treated as non-edge.
This part of the process is following the original approach by Canny.

4.4 Region Growing
THE goal of image segmentation or object segmentation is to find the region of
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interest. However, the Canny Edge Detection does not guarantee to find the
enclosure, and only disconnected edges will be detected. We develop a
region-growing algorithm based on the detected edges. This algorithm is an
iterative technique, starting from an initial set of seed pixels and then merging
neighbors based on similarity (Lindeberg 1998; M. MANCAS 2005). In this
case, regions will grow via adding more pixels to the initial cluster, until every
pixel in the image belongs to one and only one cluster. There are situations that
two or more regions acquire the same pixel at the equal positions. A
competition occurs among these regions based on similarity, and the closest
region grows over this pixel. According to the ground-truth knowledge of plant
biological imaging, we customized the algorithms into seeding selection, initial
setup and similarity comparison. By modifying the algorithm, we also
addressed two issues: inconsistent segmentation results when choosing seeds
arbitrarily, and the initial guess of a fixed number of regions in an image. The
details will be discussed in Section 4.5.

4.4.1 Statistical Region Descriptor and Similarity Measurement
DESCRIPTION of an image region generally includes area, length of edge,
center position, average intensity, and connectivity of edge pixels. For our plant
visual trait studies, area and length of edge are not important because of the
variance of leaf sizes. Now, only spectral and spatial description (Table 4.1) of
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a region is exploited for similarity comparison that will be described in the
following section. Its data structure is as this:
regionmean = {red, green, blue, x, y}
Table 4.1: Spectral and spatial description of a region

Spectral Mean
Red

Green

Spatial Center
Blue

x

y

Traditionally, the segmentation results vary dramatically because of the
unpredictable nature of arbitrary seeding. Fortunately, in our photograph
protocol, there are some pre-knowledge related to spatial information of objects
in the image. For example, leaves tend to appear in the middle based on
established protocol and two background seeds are initialized to seat at top left
and bottom left. Since there is no constrain to the size of leaves, each edge
pixel is determined by the distances to both regions. The Euclidean distance is
calculated as equation 4.3:

d=

3

∑coe[i]*(r
i =1

i

spectral

−p

5

) + ∑ coe[i ]*( ri spatial − pispatial )2 (4.3)

spectral 2
i

i =4

In equation 4.3, each pixel (p) or each region (r) has five dimensions,
denoted by subscriber i, and first three are spectral data, namely r, g, and b
channels and last two are spatial data, namely x and y. Moreover, the five
dimensional array coe is the coefficient array for each dimension.
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As introduced in the previous sections, the leaf edges consist of strong red
and strong green components, so in the similarity measurement we assign a
larger coefficient in the distance equation, which gives a more accurate
comparison between distances approaching edges that smaller ones..

4.5 A Hybrid of Canny Edge Detector and Region Growing
SINCE neither of those algorithms gives the desired segmentation, a hybrid
algorithm combining Canny Edge Detector (boundary-based) and region
growing

(region-based)

was

developed.

In

fact,

region-based

and

boundary-based segmentation methods are supplementary to each other
(Pavlidis and Liow 1990). After edge detection, regions can be represented as
a closure by connecting detected edges. On the other hand, by clustering
regions, edges could be drawn by depicting boundaries between regions (Liow
1990). The hybrid algorithm (see flow char in Figure 4.11) is designed to take
the advantage of this supplementary property and is explained by the following
pseudo code:

“Hybrid approach”
PERFORM Canny Edge Detector
SEED all three initial regions
WHILE exists unlabeled pixel
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COMPUTE neighbor similarity calculation
DETERMINE regions to grow
ENDWHILE
OUTPUT segmented regions
In the pseudo code, we first perform Canny Edge Detector to feed the
seeds of region growing. Then, for each un-labeled pixel, distances to its
neighbors are calculated and the pixel grows into the closest regions. When all
pixels are labeled, the algorithm will output the segmented regions.
The growing region links the unconnected edges found by the edge
detector, and meanwhile the edge detector solves the problem of the initial
seeding of region growing by feeding the algorithm with detected edges.
Based on the structure of a corn leaf and the image content study of corn
leaf edges, the following three criteria are employed to determine an edge point
in the corn leaf image:
1. Leaf edge pixels must be on the longest detected edges by edge
detector.
2. One neighbor of a determined edge point must be on the leaf edge if
the edge point is an image boundary point; otherwise, at least two
neighbors must be on the leaf edge.
3. The edge points must be closed with or without connecting the image
boundaries.
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Images

Preprocessing

Canny Edge Detector

Seeding

No

More
Neighbors?

Yes

Output
Regions

Neighbor Similarity
Comparison

Grow
Regions

Figure 4.11 Flow chart of the hybrid algorithm of Canny Edge Detector and Region Growing

The regions grow (Figure 4.12) based on the above three criteria and
every pixel in the image will be compared and assigned to a region. Based on
the photographic protocol, leaves sit in the middle of corn leaf images. Thus,
we simply mark upper region and bottom region as background and middle
region as the leaf region. In our proposed system, after segmenting the leaf,
thresholding algorithm (see Section 4.7) will be performed as the lesion
segmentation algorithm, which is the micro processing to minimize or
eliminate the irrelevant information in the image.
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Figure 4.12: The effect of applying region-growing algorithm to the corn leaf image, which is
preceded by Canny Edge Detection

4.6 The k-mean Algorithm
IN Arabidopsis insect damage studies, each image contains six pots of plants.
Before conducting damage calculation, the original image needs to be
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separated into different pot images, so that each image contains only one pot.
After evaluation, we found that the k-mean algorithm is most suitable (Figure
4.13). The k-mean algorithm is a commonly used clustering algorithm, which
depends on an iterative refinement heuristic known as Lloyd's algorithm
(Oliver Deussen 2000). Lloyd's algorithm starts with partitioning the input
points into k initial sets, either randomly or using a priori data. It then
calculates the mean point or centroid of each set. New partitions are created by
associating each point with the closest mean. Then the centroids are
re-calculated for the new clusters, and the algorithm repeatedly alternates these
two steps until the appearance of convergence, which is obtained when points
no longer switch clusters (Figure 4.14). For our current collection of 50 images,
we achieved 100% accuracy in pot separation.
Initial set of k means

New partitions
Calculation

No

Centroids
Re-Calculation

Converge?

Yes
Output
Figure 4.13: The flow chart of the k-mean algorithm
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Figure 4.14: The pots separation by using k-mean algorithm
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4.7 Thresholding for Micro Segmentation
THE thresholding algorithm comes from a very simple idea: set up a threshold
and divide the entire population into two groups using the threshold, while
element values greater than the threshold are labeled as 1, and 0 otherwise
(Gonzalez 2002; Sankur 2004). Therefore, there are normally two possible
status of any element, either one or zero. In this algorithm, threshold selection
is essential (Figure 4.15). Despite the simplicity of the algorithm, thresholding
is found to be tremendously useful in processing biological images. The
following sections will be project-by-project illustrations of the thresholding
algorithm application.
The strength of this algorithm is its high efficiency. When processing
thousands of high-resolution corn leaf images, efficiency and memory control
are apparently the key factors in choosing segmenting algorithms.

4.7.1 Thresholding in Maize Studies
AS described in section 3.3.3, regions of interest in an image need to be
segmented in order to calculate the histogram. In Maize leaf image, regions are
actually the lesions on infected mutant plants. Figure 4.16 demonstrates that the
thresholding is indeed helpful in segmenting Maize leaf images. After carefully
study of the visual traits of the legion, the following criteria are complied in
finding a legitimate threshold:
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Figure 4.15: Different segmentation results by setting up different thresholds. (a) The original
corn leaf image; (b) Converted grey-scale image; (c)-(f) The segmentation results by different
intensity thresholds, intensities of white pixels are greater than the threshold, while those of
black are smaller than the threshold and the thresholds are set like this: (c) threshold = 150; (d)
threshold = 100; (e) threshold = 75; (f) threshold = 50

1. Necrotic legions are composed of strong red and green. The ratio,
(red + green) / (red + green + blue) must be greater than 2/3.
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2. The green component does not dominate over red. The ratio green /
(red + blue) must be less than 1/2.
3. Necrotic legions are visible in imaging. The sum of (red + green +
blue) must exceed 1/50 of maximum value of the entire spectrum.

4.7.2 Thresholding in Arabidopsis Insect Damage Studies
WITH the aim of calculating the leaf areas damaged by insects, the
thresholding algorithm is the best choice for this project (Figure 4.17).
Meanwhile, in order to find the best threshold, the following criteria must be
complied:
1. Plants are composed of strong green, little red or blue. The ratio
green / (red + green + blue) must be greater than 1/2.
2. To separate from the dark green pots, green component of plants
are salient. The green component must be at least nine times
greater than that of red component.
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Figure 4.16: Thresholding result in segmenting Maize lesion regions
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Figure 4.17: Thresholding results on initial and final images. (a) The original Arabidopsis
image taken before the experiment; (b) Masked plants using white color; (c) The final
Arabidopsis image taken after the experiment; (d) Masked plants using white color.
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Chapter 5
Evaluations

5.1 Maize studies
5.1.1 Data Collection and Pre-Processing
THE focus of this project is on the visually observed phenotype extraction and
image retrieval in plant biology, specifically with respect to Southern Leaf
Blight (SLB) (Ullstrup 1971; Ullstrup 1972) and les mutants in Maize collected
from an SLB-infected field in North Carolina and South Farm field of the
University of Missouri, respectively. Seven of 21 Maize les mutants are picked
for evaluating the feature extraction of the visual trait from the corn leaf images,
Figure 5.1 shows an example of Maize les 6.
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Figure 5.1: A typical lesion leaf image, Maize les 6 (M Gerald Neuffer 1997)

Features calculation starts after the completion of the entire leaf and lesion
segmentation tasks. The image can then be converted to represent in a
numerical feature vector calculated from image content. Feature calculations
can be divided into several categories. Firstly, it is spectral (or color) features.
Two color histograms for each color channel (RGB) are computed, one on the
entire leaf and one on the segmented lesions only. Each histogram is
transformed into ten features, 60 spectral features in total. Secondly, it is
textural features, which are calculated based on co-occurrence matrices. The
third class of features is related to individual lesion regions. Lesion features
include percentage of the leaf covered in lesions, a histogram of lesion size, the
variance of the roundness of segmented lesions, and a histogram of
nearest-neighbor distances, which provides an indirect measure of lesion
- 53 -

distribution. In total, 176 features are calculated per image (Table 5.1). The
features for the histogram correspond to equi-area bins (see Chapter 4).

5.1.2 Experiments and Classification Accuracy
FOR each Maize image, first, normalization and contrast enhancement methods
are employed as a pre-processing step aiming to minimize or eliminate the
noise or variance of the image. Second, macro- and micro-methods in image
segmentation for regions of interest are applied. The hybrid method of Canny
Edge Detection and Region Growing is implemented to extract the leaf as the
macro-segmentation, and the leaves are positioned in the middle based on the
imaging protocol. A micro-segmentation, i.e., thresholding algorithm, will then
be applied on the segmented leaf for lesion extraction. Finally, we calculate the
features to represent an image.
After the calculation of feature vector for each image, we employed
Statistical Classification tool to evaluate the precision of the system. Seven data
sets are tested for feature vector evaluation and nine different statistical
classification tools are employed. We found that Essence gives the best
accuracy of almost 96%; AIRS algorithms gives the worst about 71%; and the
average Max is 79%.
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Table 5.1: Description of feature vector

Features
1-10
11-20
21-30

Description
Roundness of lesions (bins of variance)
Lesion spectral features (red channel)
Lesion spectral features (green channel)

31-40

Lesion spectral features (blue channel)

41-50

Leaf spectral features (red channel)

51-60

Leaf spectral features (green channel)

61-70

Leaf spectral features (blue channel)

71-80

Lesion size

81-90
91
92
93-120
121-148
149-176

Nearest-neighbor distances (distribution)
Lesion coverage ratio
Average lesion number per pixel
Texture (red channel) (8 measures X 4 distances)
Texture (green channel) (8 measures X 4 distances)
Texture (blue channel) (8 measures X 4 distances)

Table: 5.2 Data set description for Maize classification experiment using 176 features

Data set

Sample size Classes

Maize2

44

2

Maize3

62

3

Maize4

79

4

Maize5

89

5

Maize6

108

6

Maize7

120

7

Maize8

135

8
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5.2 Arabidopsis Studies
5.2.1 Experiments on the Prevailing method
PREVIOUSLY, the leaf damage estimation method was widely used to
estimate insect damage on leaves. The method is similar to the histogram
quantization approach: leaf damage is quantified on a scale based on the
percentage of leaf area removed: 0 [0%–5%), 1 [5%–13%), 2 [13%–23%), 3
[23%–37%), 4 [37%–55%), 5 [55%–77%), and 6 [77%–100%] (H. U. Stotz
et al. 2000). On average, this method takes 1-3 minutes per Arabidopsis plant,
varying with the number of leaves. It is a subjective method, which is prone to
over- or under-estimation of actual damage, because of observer bias and the
visually delusional difference. Based on the method described above, we
collect manual scales on one genotype of eighteen wild type plants and
eighteen mutant plants (see Table 5.4).

5.2.2 Methods Comparison
COMPARING to the previous method, our application utilizes computational
algorithms, and the application is designed to minimize and eventually
eliminate subjectivity and to free biologists from tedious estimation.
In order to evaluate the application, we experiment on the same images as
listed in Table 5.4. The computer-based scaling results are listed in Table 5.5.
We discover that there are 75% of cases in which human-based scaling agrees
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with computer-based scaling with one or less scale variations, and only 5%
with three-scale difference.
From our observation, we found several potential problems related to
human-based scaling: 1) Because the initial leaf area is not documented, the
entire estimation is based on a guess of leaf area loss. 2) Different sized plants
with the same amount of damage tend to generate different perceptions of the
proportion of leaf loss. 3) Plant scientists are interested in absolute amounts of
damage, which the estimation method does not provide. 4) Patterns of
distribution of damage within the plant can cause an over- or under-estimate of
actual damage; i.e. lots of small holes in leaves looks ‘worse’ than most of one
leaf eaten away.
Moreover, the traditional estimation method is based on a crisp clustering.
Subtle percentage difference may result in different categories, especially when
the percentage is around category boundaries. For instance, if we have a leaf
with 5% damage, the leaf will be categorized into one, while a leaf with 4.99%
damage will be categorized into zero.
In our computational application, the above issues are well addressed and
resolved. The first issue is solved by documenting the images before damage
occurs and images after the damages. The other three issues are subjectivity
issues, which are minimized by our automatic algorithms.
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Table 5.4: Results of apply the traditional method for leaf damage estimation on one genotype
of Arabidopsis (Courtesy of Dr. Heidi Appel)
Image Name

Percentage Damage Category
Wild type

Mutant

c1-2

1

1

c1-2

2

3

c1-2

0

1

c1-2

4

6

c1-2

4

2

c1-2

2

0

c1-3

0

1

c1-3

6

3

c1-3

2

4

c1-3

0

1

c1-3

4

1

c1-3

1

0

c1-4

3

1

c1-4

2

2

c1-4

5

3

c1-4

4

3

c1-4

3

4

c1-4

5

1
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Table 5.5: Results of apply the computational method on the same genotype images as previous
ones. Note that there are greater one numbers, that is because plants grows during the
experiments

Image Name

Percentage Damage by

Convert to Percentage Damage

computational method

Category

Wild type

Mutant

Wild type

Mutant

c1-2

0.797223

0.786168

2

2

c1-2

0.799825

0.607391

2

4

c1-2

1.05372

0.790537

0

2

c1-2

0.679966

0.699989

3

3

c1-2

0.571272

0.79368

4

2

c1-2

0.716335

0.704067

3

3

c1-3

0.800312

0.7957

2

2

c1-3

0.428225

0.628485

5

4

c1-3

0.649005

0.599374

3

4

c1-3

1.05574

1.04245

0

0

c1-3

0.601517

0.720444

4

3

c1-3

0.722721

0.772002

3

2

c1-4

0.468105

0.844192

4

2

c1-4

0.680113

0.915771

3

1

c1-4

0.649462

0.79384

3

2

c1-4

0.786821

0.878088

2

1

c1-4

0.660879

0.605681

3

4

c1-4

0.507978

0.855833

4

2

Chart 5.1: Char view of difference in category measurement between the two methods
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Chapter 6
System Development

IN the previous chapters, algorithms and techniques applied in our proposed
systems are discussed. In Maize studies, a hybrid method of Canny Edge
Detector and Region Growing, and thresholding algorithm are employed. In
addition, in the Arabidopsis Insect Damage Studies, the k-mean algorithm, and
thresholding algorithm are adopted. This chapter is devoted to the practical use
of the system and operation illustration by examples.

6.1 Procedure of Maize studies in VPhenoDBS
VPHENODBS is a web-based visual phenotype management system (Figure
6.1), which is designed to allow an assortment of phenotype search and has the
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functionality to retrieve a variety of relevant biological information. Recent
focus of the system is on Maize mutants and diseases. The VPhenoDBS system
is a team effort. The contribution of this thesis to the system is mainly on
feature extraction (http://PhenomicsWorld.org). Since VPhenoDBS is designed to
be a web-application, the input and the output for the system are all through the
web. The system provides query by example from our database that contain
corn leaf images.
Users could choose any example of Maize les mutants from the 21 Maize
les categories as of July 2008. When users click on the small thumb image, a
large image will be shown. After selecting the input, the hybrid algorithm and
thresholding algorithm will process the query image. Then, a masked image
with only regions of interest is provided to the feature calculation part. At last,
a 176-features vector is produced as result of image processing to the interface
of database similarity comparison with the feature vectors for retrieval. Finally,
the retrieved images are displayed in an order by their similarity ranks as
shown in Figure 6.2.

6.1.1 Parameter Tuning
AS described in chapter 3, there are six categories of image histograms, and we
designed six sliders to give weights or priorities to more important ones. By
default, every weight or priority is 50%, and can be tuned from 0% to 100%,
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where 0% means querying with no impact from this histogram at all, and 100%
means maximum impact.
Other parameters include the Maize les type of query image and the
numbers of results per page. We provide images of sixteen kinds of Maize les
for user to select as a query example and the typically running time for each
image is about 10 seconds with 3000 by 4000 resolution on a dual core 2.2
GHz machine.

Figure 6.1: Search interface page for image query by content
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Figure 6.2: The result page of querying by example from Maize les 6

6.2 Arabidopsis Studies
THE Arabidopsis Insect Damage Studies is designed as a Windows application,
where both input and output are transmitted through a Windows basic file I/O
interface. The major advantage of a Windows application is that the I/O time is
not restricted to the bandwidth of the network. The total image file size for
each experiment could be up to several mega-bytes in jpeg file format.
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6.2.1 Functionalities of the Application
THERE are two major functions provided in this application: single image
processing and batch processing (Figure 6.3). In a single image process,
following the input of an image, the application will pop up a new window to
display all segmented pots separated by scroll bars. The other function of this
application is that the system could process a batch of images at a time, and the
results will be saved under the current folder. The results include a “csv”
(comma-separated values) file with the assessment, and three other folders
containing intermediate products, i.e., normalized images, separated images
and masked images.
Parameter Setting

Task Selection

Single Image Process:
Image Input

Batch Process:
Image list Input

Processing

Processing

Pop up
Window

Main
Output
Window

Damage
Estimation
Output

Figure 6.3: The functionalities of the Arabidopsis Application
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6.2.2 Application Operation
♦ Initial step: Open the executable file, Figure 6.4 will be instantiated.

Figure 6.4: The frame of the application

♦ Parameter setting Button: Click Parameter setting, Figure 6.5 will pop up.

Figure 6.5: Parameter setting window
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This parameter setting operation is optional. The names of Left and right
plants are set to “marker” and “no marker” respectively; color distance in pixel
is set as 135; growth rates are set to zero by default.
♦ Single image processing: Click “Read Image” (Figure 6.6), after the image
is loaded, click “Process” button right below “Read Image” button. A new
window will then pop up with the results (Figure 6.7).

Figure 6.6: Single image processing

♦ Batch Processing: Click “Read File”; after the image is fully loaded, clicks
“Process” button right below “Read File” button. A message box will
indicate the completion of the process, and all results files will be saved
under the current folder.
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Figure 6.7: Single image processing result window
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Chapter 7
Conclusion and Future Work

7.1 Conclusion
In this thesis, we extensively discussed content extraction, analysis and
retrieval for plant visual traits. In two studies, we designed and evaluated a
series of customized computer vision and image processing algorithms for
biological image content analysis. From the low-level image knowledge to
high-level algorithms, a complete image content analysis path is depicted in
detail. In chapter 3, from human perceptual vision, we introduced extensive
low-level image basics: including color space, picture element and image
histogram, which are needed to interpret the image content. All materials in
chapter 3 are almost un-changeably used in most CBIR systems, which differ
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slightly from system to system. The adjustment toward biological information
retrieval is made in combining low-level image content and object
segmentation. The combination is the main reason of high extraction precision.
Several well-known image processing algorithms are customized in our
studies such that they best serve as hierarchical segmentation tools in studying
visual traits. In both studies, we have two-stage segmentation, namely, microand macro-segmentation. In Maize studies, we developed a hybrid method of
Canny Edge Detector and Region Growing in segmenting larger regions
(leaves); normalization, contrast enhancement, and thresholding are employed
to help segmenting smaller regions (lesions). In Arabidopsis studies, we
developed k-mean algorithms to segment the larger regions (pots) and
employed normalization, contrast enhancement, and thresholding for smaller
region segmentation (leaves). Ideally, they all should serve very well; but
actually, the plants grow over leaves of each other, this causes overlapping. The
thresholding algorithm separates pixels only by its color information;
unfortunately, the overlapping plants are not color separable. In practice, we
first identify one definite left plant leaf and one definite right plant leaf, serving
as initial left and right plants, and let left and right plants compete for other
un-identified leaves. Therefore, the area results are based on the leaves
competing.
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To streamline the process of plant phenotype studies, content extraction,
analysis and retrieval also serve as part of our novel phenotype search engine,
(VPhenoDBS), which is just developed. This engine is special in the sense that
it provides query by sort of phenotype expressions, like images, semantics and
other customized complex query methods. We also developed an Arabidopsis
insect damage estimator, which automatically accepts Arabidopsis images
taken by protocols. In return, the application will output the damage report.
Since these computational framework are highly configurable to other plants,
our informatics tools can be generalized to accommodate a broad range of plant
species for visual trait studies. Moreover, they will potentially provide a
framework for cross-institutional and collaborative studies.

7.2 Future work
7.2.1 Maize studies
IN the study of visual traits of Maize les mutants, visually observed phenotypes
search for only corn leaf images are studies in our system. Since this
computational framework is highly configurable to other Maize organs and
even other plants, for instance, Maize ears or kernels (Figure 7.1). In the future,
we can extend our system to accept ears and kernels images query for Maize
information retrieval. In addition, finding the phenotypic relation between
different Maize les would be an interesting challenge for our system.
- 71 -

Figure 7.1: Kernels separated from an ear image

One of the major long-term goals for plant scientists is to understand the
relationship between the genotype of an organism and its phenotype, where the
genotype is the genetic material making up an individual and the phenotype is
the manifestation of observed characteristics that result from an interaction
between the genotype and the environment. Because an organism’s phenotype
is the sum of all visual characteristics, it is too complex to study as a whole,
and thus the research is usually conducted with respect to a specific aspect of
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the phenotype, namely a trait of interest. The feature vector in our proposed
system could help to studying the quantitative traits.

7.2.2 Arabidopsis Insect Damage Studies
THE application itself could automatically separate left and right plants in most
conditions, however, there are extreme cases when one plant is extremely large
and one is almost invisible, and the separation results are not accurate.
Therefore, in the future, we will deploy a divider in between two plants; to
eliminate the computational error. Moreover, we noticed that during the
experiment period (2-6 hours), the plants also grow a small amount. Currently,
we use a linear growth rate equation for every genotype, and by building a
growth rate table for each genotype, we could improve the accuracy of this
correction.
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