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Detection of Cercospora Leaf Spot in Sugar Beet by

Image-based Robust Tracking and Feature Extraction∗

Rong ZHOU

Abstract

This thesis proposes a novel and robust image algorithm for continuous detection of a leaf dis-

ease named Cercospora leaf spot (CLS) in sugar beet plant. The CLS is the most destructive

foliar disease in sugar beet with high incidences affecting over one-third cultivation area world-

wide and approaching 40% sugar losses. Therefore, these large economic factors are the driving

forces to continuously detect the CLS for precise plant protection. The aim of this study is to

utilize color imaging techniques for robust and continuous CLS detection under real and nat-

ural conditions (without any artificial control of ambient luminance and interference of plant

growth), by which the accessed information of disease progress can be utilized for the precise

plant protection.

The algorithm mainly consists of two frameworks. First is template matching based frame-

work for robust foliar disease tracking against various illumination and living plant movements.

Second is feature extraction along with SVM based framework for further disease classifica-

tion from complex image backgrounds. In the first framework, we proposed an adaptive OCM

method which is on the basis of robust orientation code matching (OCM), to achieve consistent

and multi-scale foliar disease observation. In the second framework, two novel features with

powerful discrimination ability were proposed for classifying CLS under two different condi-

tions: without and with soil. First, a two-dimensional (2D) feature of xy-color histogram was

proposed to classify CLS disease under conditions without soil concern. Second, a 3D feature

of L∗, a∗, Entropy× Density was proposed for conditions involving soil background. The 3D

feature attacks a key difficulty for discriminating CLS from clutter sandy soil as they resemble

with each other in color. Moreover, it can handle real field conditions to classify CLS against

complex visual backgrounds of healthy leaf, leaf stalk, specular reflection and soil.

We conducted experiments for CLS disease detection on two scales and two different con-

ditions. One is detecting CLS on local region scale without soil condition by employing small-

scale template tracking and the 2D xy-color histogram feature. Both indoor and field experi-

ments showed that the proposed algorithm can obtain precise disease detection and quantifica-

tion. The other is detecting disease on a single leaf scale with soil condition by applying leaf-

scale template tracking and the 3D L∗, a∗, Entropy× Density feature. Field experimental results

showed the effectiveness of the proposed algorithm for observing CLS develops in complex field
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conditions. Moreover, comparative experiments demonstrated the superior performances of the

proposed two frameworks for tracking and classifying the foliar disease.

This thesis is organized into the following 5 chapters:

The first chapter initially introduces agricultural background and previous image-based stud-

ies for plant disease study. Then, we highlighted the difficulties experienced in the field of foliar

disease detection, as well as the limitations of existing algorithms. Finally, we briefly described

the motivation and concept of this study.

The second chapter introduces the first framework of the proposed algorithm, which is on

the basis of the template matching method OCM for robust foliar disease tracking. First, we

theoretically analyze the robust performance of OCM for searching foliage against illumination

changes. Then, we introduce adaptive OCM for extending the OCM into foliar disease tracking

issues. Lastly, we illustrate its applications for tracking disease on two scales, one is on local

region scale for achieving subtle disease observation; the other is on a single leaf scale for

corresponding practical field application.

The third chapter introduces the second framework of the proposed algorithm, which is based

on feature extraction along with SVM for CLS classification against complex and clutter back-

grounds. We proposed two powerful discrimination features for classifying CLS disease under

two different conditions: one is a color-based feature of 2D xy-color histogram for conditions

without soil concern; the other is a color and orientation code histogram based 3D feature com-

bination of L∗, a∗, Entropy× Density for conditions with soil concern, which attacked CLS

classification problem against clutter sandy soil background.

The forth chapter initially provides experimental information of plant treatments and imag-

ing acquisitions under both indoor and real field conditions, respectively. Then, experimental

results are shown into four parts for demonstrating the robustness and effectiveness of the pro-

posed algorithm. First, the robustness of OCM for successful foliage tracking against various

illuminations has been experimentally demonstrated and compared. Second, the necessity and

effectiveness of adaptive OCM for foliar disease tracking are comparatively discussed. Third,

experimental results for local-regional disease detection without considering soil background are

shown under both indoor and field conditions. The mean precision value for the classification

results compared with manual classifications is above 0.94 in the indoor conditions and 0.59 in

the dramatically changed field conditions, respectively. Forth, results of a single leaf scale based

disease detection under challenging real field conditions with complex backgrounds are shown,

and the mean precision value is above 0.53. In addition, comparative experiment results show

the effectiveness and relatively robust performance of the proposed 3D feature for the disease

classification.

The Last chapter summaries the main contributions of the research and discusses future work.

Keywords: disease detection, image analysis, robustness, Cercospora leaf spot (CLS), sugar

beet, image tracking, template matching, orientation code matching (OCM), image classifica-

tion, pattern recognition (PR), support vector machine(SVM), color distribution, entropy, den-

sity, natural daylight, variant illumination, clutter soil background, complex field conditions
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Chapter 1. Introduction

This interdisciplinary research linking image processing with agriculture-oriented application

for detecting a foliar disease in sugar beet plant. Plant diseases are of critical importance to

humans because they damage plants and reduce plant production on which human relay for fun-

damental food supply [1]. Therefore, continuous and accurate disease detection is in great need

and as a prerequisite to provide essential disease information, by which effective plant protec-

tion such as optimal decision of fungicide spraying [2, 3], detailed analysis of plant pathology

[4], efficacy evaluation of fungicide application [5] can be facilitated. However, variations and

complexities from real environments caused by natural daylight, living plant growth and move-

ments, and complex field background are of great challenge for image algorithms. Thus, this

thesis proposes a novel algorithm which can cope with the variations and complexities for robust

and continuous disease detection. In this chapter, we introduce this research from both aspects

of agricultural needs and image-based techniques.

1.1 Research background

1.1.1 Cercospora leaf spot (CLS) in sugar beet

Sugar beet (cv. Beta vulgaris) is a commercial plant, which accounts for 20% of the world’s

sugar production [6]. Its large rooted with high content of sucrose is for sugar extraction. How-

ever, it is vulnerable to many pathogens which will negatively affect the sugar purity and pro-

duction. Among those, Cercospora leaf spot (CLS) is the most destructive leaf disease in sugar

beet with high incidences affecting over one-third of sugar beet cultivation area worldwide [7]

and approaching 40% sugar reduction [8].

CLS is caused by the fungusCercospora beticola, which survives on infected beet plants, in

the form of residual spores (conidiophores) and stromata. Under favorable conditions (especially

in high temperature and humidity), spores will germinate and penetrate leaf surface and damage

the photosynthetic apparatus of the leaf. Early symptoms feature as isolated and circular leaf

spots with ash-colored centers and purple to brown borders. As the disease develops, individual

spots will coalesce and heavily infect leaf tissue by expanding their size [8]. The speed of

the disease spread varies with different environment conditions. Fig. 1.1 shows CLS disease

development observed under indoor conditions (around 23◦ and 40% relative humidity). Small

and isolated spots were visible on leaf surface at 4 weeks after inoculation. As time pasts, the

spots enlarged with its size (as seen in 7 weeks), and then some of them integrated with each

other and formed as lager necrotic areas (as seen in 10 weeks). Meanwhile, from the zoom-in

1



1.1. DISEASE MONITORING CHAPTER 1. INTRODUCTION

subimage, an interesting phenomenon can be observed that the diffusion speed of individual

spots are different with each other even if they appear on a same leaf surface. This acts as

individual variability of the disease spot spreading.

Weeks post inoculation

4 weeks 7 weeks 10 weeks

Figure 1.1: Symptoms’ development of Cercospora leaf spots in sugar beet plant.

1.1.2 Precision plant protection and disease monitoring

Since non-chemical disease control managements such as plant resistant cultivates, crop ro-

tation, or multiple fungicide application do not provide adequate disease prevention. Alternative

fungicide spraying is the most important tool for managing disease spread [9]. Usually, opti-

mal and profitable decisions for the timing and frequency of the adaptive fungicide spraying are

made in terms of disease severity and local weather conditions [3], by which both economic

losses and chemical usage can be reduced for precision plant protection. Therefore, informa-

tion of disease severity assessment is a fundamental premise for the decision-making process of

fungicide sprays [10, 11].

The traditional way for CLS severity assessment is manual field monitoring. It is a process

that specialists or trained assessors first walk into field with time intervals, and then assess

the disease severity by naked eye observation based on a certain rating criterion, such as a

single leaf scale based [3] or a whole plant scale based [12]. However, this human eye and

hand operation based filed monitoring has limitations of laborious, discontinuous, some degree

of subjective with large-scale field, and imprecise with subtle disease variations. Especially,

the discontinuous monitoring may cause high possibilities to late fungicide sprays and over-

extended spray intervals, resulting in inefficient plant protection.

1.2 Image-based foliar disease detection

To overcome these problems, an automatic, consistent, reproducible and precise disease de-

tection method is desirable and essential for precise plant protection [13, 14]. In recent years,

2



1.2. IMAGE-BASED FOLIAR DISEASE DETECTION CHAPTER 1. INTRODUCTION

image sensing techniques have been extensively explored for plant disease study because of their

merits of noninvasive, rapid, continuous, and precise measurement capacities [4, 15]. Especially,

visible spectrum sensing (400–700 nm) such as RGB color image, as well as some invisible

spectrum sensing techniques of multispectral imaging (separate the wavelengths into numerous

bands) and hyperspectral imaging (finer spectral resolution), are currently gaining much interest

for their well-demonstrated results in detecting, diagnosing, categorizing, and quantizing plant

diseases.

In [16], authors provided a comprehensive overview for currently used technologies that can

assist in detecting diseases in plants under field conditions, in which both visible and spectro-

scopic imaging techniques can be accessible. In [13], authors presented a detailed review for

three approaches used in estimating plant disease severity, two of them are image-based tech-

niques: visible digitalization imagery and hyperspectral imaging. The review introduced the

backgrounds, applications and future needs of the both imaging methods for disease assess-

ment. A review in [15] outlines the advances of optical sensors for sensing plant diseases on

different scales for precision crop protection.

1.2.1 Color image processing

Digital cameras are inexpensive and widely used imaging devices, by which visible sensing-

based RGB color images can be easily accessed for various applications. By color image pro-

cessing, many human visual work can be automated and elaborated. The human eye is thought

to percept and distinguish about 10 million different colors while digital cameras are capable of

16.8 million (28+8+8, 8 bit per color in R,G,B component) colors.

For plant disease study, a pioneering study in 1980 [17] introduced the digital image analysis

in plant pathology, and demonstrated the applicability of image processing for disease assess-

ment. Several studies afterwards demonstrated color image analysis to be superior to human

visual raters in accuracy and repeatability [18, 19, 20]. Over the past three decades, extensive

studies utilized color image processing for detecting and analyzing diseases in various plants.

[21] used RGB and photosynthetic efficiency (PE) images for early prediction of the disease

outbreak in cabbage leaf by comparing the pixel-wise image registration schemes of penalized

likelihood warping with robust point matching methods. This method can handle the leaf warp-

ing and slit overlapping problems during leaf growth processes. [22] developed a disease seg-

mentation algorithm for diverse crop disease identification by determining the threshold value

according to the position of a set of local maxima in the histogram. This algorithm can cope

with large intensity distributions of the image set. Furthermore, [23] conducted a continuous

study using a support vector machine (SVM) to classify different disease causing agents in cot-

ton crops. A set of features, such as shape, textures, and fractal dimension, were extracted from

disease regions and a best classification model with a classification rate of 93.1% was achieved

via cross-validation. To improve the accuracy and stability of a classifier model for disease clas-

sification, [24] developed an SVM-based multiple classifier system (MCS) with color, texture,

and shape features to categorize different leaf diseases in wheat plants. An improved accuracy
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rate of 96.16% was demonstrated for the performance of the MCS compared with that of other

pattern recognition methods. Authors in [25] employed artificial neural network along with color

and texture features for detecting and classifying three foliar diseases in Phalaenopsis seedling

based on color images. In [26], the research uses elementary color analysis to built a multi-

variate decision model for discriminating asymptomatic and symptomatic seeds of soybean for

the grain inspection and grading. Author in [27] presented a survey on digital image process-

ing techniques for detecting, quantifying and classifying plant diseases, the paper summarized

and sorted related researches according to their different research objects, purposes, and image

techniques.

1.2.2 Spectral image processing

Spectral imaging is an optical sensing technique that measures a wide range of the electro-

magnetic spectrum in discrete spectral wave bands. It forms as similar as color image, but each

pixel acquires many bands of light intensity data from the spectrum, instead of just the three

bands of the RGB color image [28]. Compared with the color image, it can discern massive

amount spectral information but needs enormous storage and is more expensive. Besides, a

normalisation process is commonly required to adjust spectral reflectance with ambient illumi-

nation.

Spectral image processing is a relatively new technique, and its applications in plant disease

study is particular recent. One of the earliest studies using the spectral image in 2003 [29] was

to detect yellow rust disease in wheat fields by a spectrograph mounted on a self-made buggy,

a discriminating model was proposed for diseased and healthy spectra differentiation, with a

classification accuracy of 96%. Over the past ten years, spectral imaging has been shown as a

convincing way for foliar disease detection, by detecting specific spectral reflectance for a par-

ticular disease of a given plant species [30]. And it has also been explored in many researches

for investigating various plant diseases’ spectrum information.[31] employed multispectral ra-

diometer for the identification of panicle blast in rice, and showed that further airborne multi-

spectral scanners may be effectively extended by the spectral range selected. [32] used hyper-

spectral imaging to detect disease at an early stage and distinguish different pathogens caused

leaf diseases in sugar beet plants. [33] also introduced a hyperspectral imaging for detection,

differentiation and quantification of diseases in sugar beet based on small-scale analysis, which

could facilitate detailed description and understanding of disease development. Researchers in

[34] investigated the sensitivity of disease detection from different view angles of canopy by

multispectral image analysis and suggested a range of view angles from 40◦ to 60◦ to improve

early detection of disease symptoms.

1.2.3 Optical sensor fusion systems

Furthermore, some researchers designed imaging systems by combining different optical

sensors with their complementary advantages to provide more comprehensive disease analysis.
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But the optical sensor fusion systems are usually costly and not easy to operate.

[35] evaluated the performance of four proximal optical sensors (RGB color imaging, spec-

trophotometer, spectral imaging and chlorophyll fluorescence imaging) for detecting tulip break-

ing virus (TBV) in tulips. [36] designed a multi-sensor fusion disease detection system based

on hyperspectral and multispectral fluorescence imaging sensors for detecting diseases in arable

crops under field condition. [37] employed a multi-sensoral approach involves airborne hyper-

spectral imaging, HyMap sensor and spectroradiometer to detect disease in sugar beet fields at

different growth stages respectively. [38] developed a tractor mounted cost-effective optical sen-

sor fusion system by combining hyperspectral and fluorescence imaging to detect and recognize

yellow rust disease of winter wheat in the field conditions. The combined measurements showed

the discrimination between diseased and healthy plants with accuracy of 94%, demonstrating a

great potential for developing fusion optical sensors based tractor system for recognizing dis-

eased plants in field.

1.3 Difficulties and limitations in foliar disease detection

1.3.1 Difficulties in foliar disease detection

For practical application of foliar disease detection in real environments without any artificial

control of ambient luminance and interference of natural plant growth, such as in transparent

greenhouses or real fields, environmental variations and complexities will disturb the robustness

of image algorithms. Therefore, prior to designing a image algorithm, difficulties aroused from

the real environments need to be considered and resisted for achieving robust and consistent

disease observation:

I. Illumination changes and irregulations.

• Changeable illumination is a crucial and primary issue leading brightness intensities

of plant images captured under natural sunlight conditions vary from time to time.

• In addition, illumination irregulations of shadow, highlight, and specular reflection

also exist in the images due to irregular light reflection on leaf/stalk surface.

Therefore, algorithm should be primarily robust and insensitive to the changes and irregu-

lations in illumination/lights. That is to say, robust patterns and features which are irrele-

vant to the illumination variations should be learned and extracted to keep consistency for

disease observation along time.

II. Leaf growth and movements.

Plant is a living organism, so incessant growth and movements exist in non-rigid plant.

• Plant growth is a irreversible process increasing the size of the plant. The growth

process acts as scale changes of leaf objects among plant sequential images.
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• Simultaneously, leaf movements caused by internal circadian clock and external envi-

ronment interactions (such as drought, wind and rain) perform as composite motions

of the leaf objects including translation, rotation, occlusion and even shape deforma-

tion in the images.

These variations of the leaf objects cause difficulties for aligning identical leaf patches/parts

from the sequential plant images, leading inconsistency for disease observation. Therefore,

image algorithm should also be capable to tolerate the variable leaf growth and movements.

III. Complex field backgrounds.

Under real field conditions, excepting for plant disease, image scene contains complex

backgrounds with healthy leaves, leaf stalks, specular reflection and sandy soil.

• For detecting disease from the complex backgrounds, a initially key problem of clut-

ter sandy soil which resembles reddish brown color with CLS disease will greatly

upgrade the difficulties for the CLS classification from the image scene. Addition-

ally, soil color is varying with different wetness in soil over time.

• Besides, highlighted leaf stalk and specular reflection due to glossy leaf surface shar-

ing similar light-brown color with the inner of spots are also parts of problems for the

disease classification.

The complexities and color resembling problems give rise to difficulties for CLS disease

detection under real field conditions. Therefore, image algorithm should be capable to deal

with the challenging disease classification issues.

1.3.2 Limitations of existing algorithms

With difficulties illustrated above, however, most of the prior research work in this filed

focused only on detecting disease:

• under well-controlled environment with artificial luminance;

• and/or from static images with zoom-in or small quadrats of leaves;

• and/or without considering soil background.

These lead algorithms lacking robustness against the variations and complexities, thus lim-

iting their further applications for long-term, consistent, and comprehensive disease detection

under natural and real environments.

1.4 Motivation of the research

In this study, we intent to:
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• explore a robust image algorithm for continuous CLS detection in sugar beet under natural

daylight conditions without any artificial interference and invasion of plants;

• use RGB color images captured by easily accessed digital cameras with our long-term

target to develop a cost-effective, easy-operated and portable disease evaluation system,

which can be used in practical field by both specialists and farmers;

• utilize plant-level image sequences to provide comprehensive disease progress temporally

and spatially for each individual plant;

• attack the challenging classification problem between CLS and soil to promote the algo-

rithm for real field application.

For achieving the continuous CLS detection from the plant-level image sequences, algo-

rithm should meet two fundamental capabilities. First is continuity, which can align identical

leaf parts through neighbouring frames for consistent foliar disease tracking. Second is dis-

criminability, which can further classify CLS disease against the image backgrounds. However,

as being discussed in previous section, the existed difficulties often disturb the robustness of

image algorithms to achieve the continuity and discriminability. In this study, we propose a

novel matching-based disease detection algorithm, which mainly consists of two frameworks

and addressed those difficulties.

First, a robust template matching scheme called orientation code matching (OCM) [39, 40],

which has shown its excellent performance in a wide range of applications such as visual con-

trol [41, 42], medical imaging [43], surveillance [44], intelligent transport system [45], optical

flow computation [46], stereo vision sensor [47] and other practical applications, is initially in-

troduced in this study as the first framework to track foliar disease of plant. To continuously

observe and study disease progress on leaves in both temporal and spatially coherent manners,

it is always difficult to handle the changes in both external environment (illumination varia-

tions and camera vibration) and internal plant circadian growth and movements (leave transla-

tion, small scale, rotation, and occlusion). However, the problems are simplified by using the

OCM method, which is capable of providing robust and continuous disease detection over time

based on its gradient quantization principle. Meanwhile, the template-based scheme enables

site-specific and multi-scale disease observation.

Second, a pattern recognition approach of SVM [48] was further employed for the disease

classification since its unique solution and robust tolerance for training dataset. For achieving

substantially discriminative power, feature extraction prior to the SVM plays a pivotal role. Not

only this, a lower dimensional feature space but as good representation for the appearance of

specific instances from input images will get more accurate and efficient performances [49, 50].

Therefore, feature extraction with low dimensions and powerful discriminability for CLS dis-

crimination is one of core work in this study. Because soil resembles CLS in color causing great

interference for their discrimination, in this study, we proposed two feature spaces with respects

to two different conditions: with and without soil concern. First is for conditions without soil

concern, we proposed a color-based feature of two-dimensional (2D) xy-color histogram. The
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feature is a luminance-independent feature that can robustly detect CLS against illumination

changes over time, and pixel-wise disease quantification can be additionally obtained based on

its precise classification performance. Second is for conditions with soil concern, a 3D feature

combination L∗, a∗, Entropy× Density was proposed. The feature has powerful discrimination

capability to classify CLS disease from complex field backgrounds. In particular, the feature

attacked the key classification problem of the CLS and soil discrimination for real field applica-

tion.

In other words, this study provides a way to observe and quantify disease progress tempo-

rally and spatially from color-based plant sequential images, the accessed disease progress in-

formation can then assist precise plant protection such as optimal fungicide decision and better

pathology understanding.

1.5 Overview

The first chapter initially introduced agricultural background and previous image-based stud-

ies for plant disease study. Then, we highlighted the difficulties experienced in the field of foliar

disease detection, as well as the limitations of existing algorithms. Finally, we briefly described

the motivation and concept of this study. By using the two frameworks based algorithm, robust,

consistent and accurate foliar disease detection can be achieved against challenging variations

and complexities under real and natural conditions.

The second chapter introduces the first framework of the proposed algorithm, which is on

the basis of the template matching method OCM for robust foliar disease tracking. First, we

theoretically analyze the robust performance of OCM for searching foliage against illumination

changes. Then, we introduce adaptive OCM for extending the OCM into foliar disease tracking

issues. Lastly, we illustrate its applications for tracking disease on two scales, one is on local

region scale for achieving subtle disease observation; the other is on a single leaf scale for

corresponding practical field application.

The third chapter introduces the second framework of the proposed algorithm, which is based

on feature extraction along with SVM for CLS classification against complex and clutter back-

grounds. We proposed two powerful discrimination features for classifying CLS disease under

two different conditions: one is a color-based feature of 2D xy-color histogram for conditions

without soil concern; the other is a color and orientation code histogram based 3D feature com-

bination of L∗, a∗, Entropy× Density for conditions with soil concern, which attacked CLS

classification problem against clutter sandy soil background.

The forth chapter initially provides experimental information of plant treatments and imag-

ing acquisitions under both indoor and real field conditions, respectively. Then, experimental

results are shown into four parts for demonstrating the robustness and effectiveness of the pro-

posed algorithm. First, the robustness of OCM for successful foliage tracking against various

illuminations has been experimentally demonstrated and compared. Second, the necessity and

effectiveness of adaptive OCM for foliar disease tracking are comparatively discussed. Third,

experimental results for local-regional disease detection without considering soil background are
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shown under both indoor and field conditions. The mean precision value for the classification

results compared with manual classifications is above 0.94 in the indoor conditions and 0.59 in

the dramatically changed field conditions, respectively. Forth, results of a single leaf scale based

disease detection under challenging real field conditions with complex backgrounds are shown,

and the mean precision value is above 0.53. In addition, comparative experiment results show

the effectiveness and relatively robust performance of the proposed 3D feature for the disease

classification.

The Last chapter summaries the main contributions of the research and discusses future work.
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Chapter 2. OCM based foliar disease
tracking

In this chapter, we introduce the first framework of the proposed algorithm. To achieve the con-

tinuity in foliar disease observation against of environmental variations, we employed a robust

template matching method called orientation code matching (OCM) as basis for foliar disease

tracking from plant-level image sequences over time. OCM has been theoretically and exper-

imentally proved as a robust object matching method which can search objects from a variety

of challenging scenes in the presence of irregularities and ill-conditions, such as illumination

changes, partial occlusion and background variations [39, 40]. By utilizing its advantages in ro-

bust object searching, in this study, we extended it into adaptive OCM for tracking plant disease

by considering accumulated disease changes along time. The chapter is organized as follows:

first, we give the definition of the OCM with its gradient quantization and similarity evalua-

tion processes; then, we demonstrate its robust performance for foliage searching under various

illuminations. Meanwhile, the robustness of OCM compared with other convenient template

matching methods are discussed; next, we describe the adaptive OCM for tracking foliar disease

by adaptively replacing template to follow the non-rigid plant and disease changes; finally, we

demonstrate the applications of the adaptive OCM for foliar disease tracking on two different

scales.

2.1 Orientation code matching (OCM)

OCM has been proposed as a robust image registration algorithm. It is defined as matching

the orientation codes between two images which are to be compared for similarity evaluation.

For digital images, the orientation codes are obtained with quantized gradient angle of each pixel

by applying some operator like for Sobel operator to compute the horizontal and vertical deriva-

tives. If a discrete image is presented asI(x, y) then its gradient angleθx,y could be obtained

from:

θx,y = tan−1(
∇Ix

∇Iy
) (2.1)

where∇Ix =
∂I
∂x and∇Iy =

∂I
∂y are the horizontal and vertical gradient of pixel location(x, y).

Here, we use the Sobel kernels for calculating approximations of the horizontal and vertical

gradient, which is based on convolving the image with two small, separable, and integer valued

3×3 kernels in horizontal and vertical directions and is therefore computationally efficient for

real-time system application:
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∇Ix ≈


−1 0 1

−2 0 2

−1 0 1

 ∗ I(x, y) (2.2)

∇Iy ≈


1 2 1

0 0 0

−1 −2 −1

 ∗ I(x, y) (2.3)

where∗ denotes the two-dimensional convolution operation.

Then, orientation code (OC) is defined by quantizingθx,y using a preset sector angle∆θ:

ci, j=

 [
θi, j
∆θ ] : |∇Ix| +

∣∣∣∇Iy

∣∣∣ > Γ
L : otherwise

(2.4)

A separate code L (= 2π
∆θ ) is assigned for low contrast regions, for which it is not possible

to compute the gradient angels. For all experiments, we used 16 (N = 16) orientation codes

(∆θ = π8 ), which have been found to be the best through experiment evaluation. The threshold

valueΓ plays an important role in suppressing the effect of noise and has to be selected according

to the problem at hand. Small value of 10 was used forΓ which proved adequate for most of our

experiment. A dissimilarity measurement is defined as the summation of the difference between

the orientation codes of the corresponding pixels of the two regions being matched. The cyclic

property of orientation codes is used for finding the difference. IfO1(i, j) andO2(i, j) represent

the orientation codes of template image from reference scene and subimage from object scene,

then the dissimilarity function between them is given by:

D =
1
M

∑
d(O1(i, j),O2(i, j)) (2.5)

whereM is the total number of pixels used in matching process andd(·) is the error function

based on an absolute difference criterion defined as follows:

d(m, n)=


min(|m − n| ,N − |m − n|) : m , N ∩ n , N

0 : m = n = N
N
4 : m = N ⊕ n = N

(2.6)

To account for the differences in the quantization width, we normalizeD by using maximum

of error functionN
2 and refer to the result as dissimilarityDnor =

D
N
2

. Thereafter the normalized

similarity S is defined by using the normalized dissimilarityDnor as follows:

S = 1 − Dnor (0 ≤ S ≤ 1) (2.7)

2.2 Robustness of OCM for foliage searching

The objective of this study is to detect disease under real and natural conditions, such as trans-

parent greenhouses or real fields, so plant images are captured under natural daylight. Therefore,
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high robustness of the disease observation algorithm against various illumination conditions

is required. A conventional template matching technique such as sum of absolute differences

(SAD) [51] or sum of squared differences (SSD) [52], which measures the similarity simply

based on the aggregation of the brightness difference between template image and subimage,

is not invariant even if slight changing of illumination. Besides, normalized cross correlation

(NCC) [53] is known to be invariant against global changes in illumination by a constant mag-

nifier and offset, but it is also regarded to be very sensitive to local fluctuation in illumination,

which is unevenly distributed illumination in a scene, such as specular reflection of gloss on

the leaf surface. In contrast, OCM demonstrates strong robustness against both global and local

illumination changes because the gradient operation, such as the Sobel operation, is defined in a

local domain and maintains invariable phase angle even under irregular illumination.

Figure 2.1 (a) shows two color images which were taken for a young beet leaf at same posi-

tion under two different illuminations. Illumination in right image is brighter than left one. Fig.

2.1 (b) is the grayscale images of them. We see the grey values of images are highly relevant with

illumination changes. Comparatively, Fig. 2.1 (c) shows the orientation code images (scaled to

256 grey levels), it can be seen that orientation codes (OC) can extract intrinsic features for

an object which are irreverent and robust against illumination changes. Moreover, we see OC

image can highlight the edges of leaf veins than that in grayscale image. The local and fine

edge representation of the leaf object provides more rich and detailed information for similarity

measurements of leaves. This property is also superior to other color and texture features based

similarity measurements for leaf object searching. Because the surface appearance of leaves

characteristics as similar green pigments and approximately uniform texture distribution, small

disparities can be revealed by the color and texture features thus easily leading mismatching

results.

Moreover, we conducted a contrastive experiment to illustrate the superior robustness of

OCM for searching leaf object against various illumination changes by comparison with SAD

and NCC. The comparative visualization results are presented in section 4.3.

2.3 Adaptive OCM for foliar disease tracking

Because disease development and plant growth will cause accumulated changes for template

matching, therefore, we extend OCM into adaptive OCM in which template searched by OCM is

adaptively replaced frame by frame in order to follow the trend of disease and growth changes,

and get the closest similarity between two chronological neighborhood frames.

For calculating the adaptive template, supposeT t−∆t
p,q is the template at timet − ∆t among

plant images sequence, where(p, q) indicates the upper-left position of the template. Then,

the template searches its best match positionT t
p+u,q+v in the next chronological image at timet

inside a predefined-sized search window. IfOt−∆t
p,q andOt

p+x,q+y are the corresponding orientation

code images for the images involved in the template matching, then the best matched position

(p + u, q + v) at timet is calculated as follows:
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(a)
Light 1

Grayscale image under light 1

(b)

OC image under light 1

(c)

Light 2

Grayscale image under light 2

OC image under light 2

Figure 2.1: Robustness of orientation code (OC) under different illuminations. (a) A beet leaf

captured under two different lights/illuminations; (b) grayscale images of the leaf and (c) the

corresponding OC images.
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(u, v)p,q = arg min
x,y

(Dp,q(x, y)) (2.8)

Dp,q(x, y) =
1
M

∑
i, j

d(Ot−∆t
p,q (i, j),Ot

p+x,q+y(i + x, j + y))

∀(p + x, q + y) ∈ W

(2.9)

where∆t is the image capturing interval.W is a search window, centred at the former tem-

plate position, whose size is pre-selected to accommodate the maximum expected displacement

of template within plant images. An illustration for the process of the adaptive template mea-

surement is given in Fig. 2.2. The reason for setting a search window is that the motion and

growth of a plant between two adjacent frames of plant images usually do not have severe vari-

ance. Consequently, the setting of the search window will not only improve the accuracy of the

matching result but also save computation time. Subsequently, the best matched regionT t
p+u,q+v

at timet will also be the adaptive template for searching its identical object from next frame at

time t + ∆t, and other frames are done in the same manner along time.

Furthermore, for demonstrating the effectiveness of the adaptive OCM for foliar disease

tracking compared with the OCM, comparative experiments were implemented. The compara-

tive results and discussions are shown in section 4.4.

x

y

(p,q)

(p+u,q+v)

(u,v)p,q

Search 

window

∆tt
qp,T
−

t
vqu,pT ++

Figure 2.2: Illustration of adaptive template measurement.

In addition, on the basis of template-based regulation, the adaptive OCM can be applied for

multi-scale disease tracking by extracting various sizes of templates from initial plant frame.

This enables to take insights of disease development on different scales for different application

purposes. In this study, we introduce the adaptive OCM for tracking foliar disease on two scales,

one is on local region scale for subtle disease analysis and quantification; the other is on a single

leaf scale for corresponding to one of practical disease rating criteria. Meanwhile, individual and

site-specific variability of disease progress within a whole plant can be reflected by extracting

multiple templates from the initial frame.
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2.3.1 Disease tracking on local region scale

Applying the adaptive OCM on local region scale is to extract small-scale template on leaf

surface from the initial plant frame, then the disease information within the small-scale template

can be tracked and observed. The local region scale based disease tracking enables to observe

subtle disease changes along time which not only provides precise disease spread information

for fungicide sprays, but also assists in understanding and analyzing disease pathology (e.g.,

a detailed description of disease pigment and morphological changes). Fig. 2.3 illustrates the

process of the adaptive OCM for tracking foliar disease on local region scale among plant se-

quential images. In this study, both indoor and field experiments were implemented at this scale.

The size of the search window is set to 50× 50 pixels in indoor experiment and 200× 200 pixels

in field experiment. The larger size of the field experiment is due to more drastic leaf motions

affected by natural environment interactions, such as wind, draught and rain.

… ……

frame: 1

OCM OCM

OCM

OCM

frame: n-1 frame: n

Figure 2.3: Adaptive OCM for tracking local region of leaf among plant sequential images.

2.3.2 Disease tracking on a single leaf scale

As an intent for real application of the proposed algorithm, we enlarge the size of template

into single leaf scale for corresponding to one of practical CLS rating criteria: a single leaf

scale based CLS rating system [3]. Fig. 2.4 illustrates the adaptive OCM for a single leaf based

disease tracking from the sequential images. We applied this process in real field experiment

and the size of the search window is 200× 200 pixels.

… …

OCM

OCM
OCM

frame: 1 frame: n-1 frame: n

OCM

Figure 2.4: Adaptive OCM for tracking a single leaf among plant sequential images.

Note that the application of the adaptive OCM for foliar disease tracking is not limited to the

two scales. According to different application purposes, variable template sizes can be defined
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to analyse disease progress at different scales.

2.3.3 Discussion on initial template selection

In this study, the disease progress was observed on the basis of template-based matching

method. Therefore, initial template selection from the first plant frame of the image sequence

is a premise step for the continuous disease observation. However, in Fig. 1.1, we can see

that due to the living disease, the sizes of individual disease spots are different even in a same

leaf. Meanwhile, the positions of the spots appearing on the leaf surface are non-uniform and

unpredictable. Besides, the spreading speed of individual disease is distinct from each other

even under the same cultivated condition. Furthermore, the rhythmical oscillation of upward

and downward leaf circadian movements are variant from different leaf growth stages [54]. For

example, young leaves usually get more active movements than mature ones which easily lead

large shape deformation in plant sequential images. Because of the complexities and variances

from both living disease and plant, it is not easy to optimize the size and automate the position

of the initial template.

Therefore, in this study, we preliminarily selected the initial template by manually initializ-

ing its size and position according to different application purposes. Meanwhile, to demonstrate

the adaptive OCM for observing disease development at different scales, we extracted templates

at two scales as mentioned in above section: one is on the local region scale for small-scale dis-

ease understanding, the template extraction processes in both indoor and field experiments are

illustrated in section 4.5.1 and section 4.5.2. The other is on a single leaf scale for corresponding

to practical single leaf based disease rating criterion, the related template extraction process is

explained in section 4.6.1. Especially, in field condition, leaves are apt to get large shape defor-

mation or move out of the camera view due to drastic environmental interactions. Therefore, we

also state the restrictions in the relevant template extraction processes.

However, we should point out the open problem for developing ideal scales (i.e. template

size) for different application purposes and environment conditions, which is also mentioned as

future research priority in a review [13] for evaluation of plant disease severity by image analysis

method.

2.4 Summary

This chapter introduced the first framework of the proposed algorithm: adaptive OCM for

foliar disease tracking. We first introduced the OCM which is as basis of the tracking process.

We then analysed its high robust performance for object searching against illumination changes

through discussing its gradient quantization concept. Meanwhile, we demonstrated the supe-

riorities of OC image in illumination invariance and fine leaf edge presentation. Finally, we

introduced the extended adaptive OCM to accommodate the OCM for non-rigid foliar disease

tracking. We first gave the definition of the adaptive OCM, then provided two instances as

demonstrations of its wide applications for multi-scale disease observations.
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Chapter 3. Feature extraction along with
SVM for CLS classification

By employing the template matching based adaptive OCM scheme, continuous locations for

identical leaf parts can be accessed as the matched templates by OCM over time. Then, in-

formation within each temporally matched template can be utilized for further plant disease

classification and analysis. In this chapter, a machine learning method of support vector ma-

chine (SVM) [48] is utilized as the second framework of the proposed algorithm, for forward

CLS classification by its generalization ability in pattern classification [55]. Thereafter the in-

formation of disease amount and spread speed during disease development can be accessible for

further decision-making of fungicide application.

Prior to conducting SVM classifier, feature extraction is a primary and crucial stage which

will have directly effect on the performance of classifiers. By exploiting the power of SVM,

we integrate the two tasks of feature extraction and classifier training into a single consistent

framework and make the feature extraction more effective for the classification. In this chap-

ter, we first explain the significance of the feature extraction and analyze the abilities that good

features should have for classification. Then, we give a brief review of the SVM. Next, we in-

troduce the proposed two features for CLS classification under two different conditions: one is

a color based feature called two dimensionality (2D) xy-color histogram for the CLS classifica-

tion without soil condition/concern; the other is a color and orientation code histogram based 3D

feature combination of L∗, a∗, Entropy× Density for the CLS classification with soil condition.

Both features are proposed with powerful CLS discrimination and low dimensionality abilities,

leading better classification performance and avoiding possible overfitting problem.

3.1 Importance of feature extraction

Feature extraction is a primary and key process in pattern recognition and classification [56].

Usually, applying some weak or empirical features, such as simple pixels values or histogram

will limit the upper bound of final recognition performance [57]. Therefore, once we extract

powerful features which fully charactering the intrinsic nature of each pattern will boost classi-

fier’s performance. A good feature representation for classifiers should have following capabili-

ties:

I. Robust to illumination changes.

In real-world applications, variable illuminations often encounters that lead changes in

intensity brightness of image from time to time. Specially, images captured under unpre-
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dicted natural daylight conditions are even hard to get overall knowledge for leaning and

training. Therefore, features and patterns that are irrelevant and insensitive to the illumina-

tion changes should be extracted to keep robust and consistent of the algorithms for object’s

classification [58, 59].

II. Discriminative power.

Another quality indicator of the feature extraction for image classification is the discrim-

inative power. The discriminative features should describe the essence of different visual

patterns that is reliable in identifying same pattern and distinguishable in different pat-

terns, by which better classification accuracy can be achieved compared with those weak

and empirical features [60].

III. Low dimensionality.

Although SVM is less sensitive to the ‘curse of dimensionality’ [50] than other non-SVM

techniques, we shouldn’t underestimate the overfitting problem arisen when the number of

features is large and the number of training samples is comparatively small. Therefore, fea-

tures are with low dimensionality but most informative for the pattern classification should

be extracted for overcoming the risk of overfitting and reducing computation complexity.

3.2 Support vector machine (SVM)

According to the principle of structural risk minimization, SVM provides a solution for non-

linear two-class classification problems by mapping the training vectors into a higher-dimensional

space via a nonlinear mapping function, and an optimal separate hyperplane can be constructed

by the maximum margin between two sets of vectors [48]. When the classification problem

involves more than two classes, several methods are available to extend a dichotomous SVM

classifier into multiclass classification. In this study, we use the one-against-one approach [61],

where a voting strategy is applied for classification. The process is to constructk(k − 1)/2 clas-

sifiers, wherek is the number of classes, and each classifier is trained with data from a pair

of classes. Finally, the classification decision is made by a maximum vote of the class assign-

ments. The radial basis function (RBF) kernel was used in this study with its advantages of good

generalization, strong tolerance to input noise, and online learning ability [62].

3.3 Without soil condition

This study focuses on CLS disease detection from beet plant images, thus features of the vi-

sual patterns in the image scene should be studied and extracted for classifying CLS. However,

the brown-reddish color of CLS resembling that in soil will interfere their discrimination and

cause a great challenge in color image classification. In this study, we proposed two different

features for classifying CLS under two different environment conditions. First under conditions

without soil concern, such as sheltering soil from image scene or extracting templates of lo-
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cal leaf patches on the leaf surface, for obtaining precise CLS classification and quantification

results without soil disturbance. Second is under conditions with soil concern, such as extract-

ing larger-scaled templates containing clutter sandy soil background, for coping with real field

application.

This section introduce the process for the first feature extraction. The second one is intro-

duced in the subsequent section.

3.3.1 Feature extraction: (2D) xy-color histogram

A 2D xy-color histogram feature is firstly introduced in this study to classify CLS dis-

ease pixels from healthy and background ones without considering soil. We use a luminance-

chromaticity CIE xyY color space rather than RGB color space because the former can sepa-

rately represent the luminance and chromaticity of the color. A CIE xy chromaticity diagram

indicates the chromaticity of a color in a horseshoe curve by eliminating the luminance com-

ponent of the color, providing a more stable performance of object color information against

illumination changes [63]. Fig. 3.1 (a) and (b) show the intensity curves of a single pixel P

in RGB and xyY color space, respectively, from different plant image frames under different

various illuminations (Fig. 3.1 (c)). The illumination conditions were controlled by placing a

diffuse incandescent lamp (180 W, RF110V180WH, Iwasaki Co., Japan) at different heights and

viewing angles above the plant. We observe that the R, G, and B intensities of P change over a

large range because of light changes, whereas the x and y intensities are more stable because of

eliminating of the luminance information (intensity of Y) of the object.

On the basis of the above color analysis, a 2D xy-color histogram is defined as a feature of

SVM input for disease classification. For a templateI(i, j) which is extracted from the plant

image frame, its 2D xy-color histogram is given as follows:

Hx,y = P
{
Ix(i, j) = x, Iy(i, j) = y

}
∀(i, j) ∈ template

(3.1)

where (0 ≤ Ix(i, j) ≤ 1) and (0 ≤ Iy(i, j) ≤ 1) are the x and y color intensities in xyY color space.

Fig.3.2 demonstrates a comparable example of the 2D xy-color histogram for templates cor-

responding to disease, healthy and background, respectively under indoor condition (a white

cardboard as background to eliminate the soil and pot resemble the color of CLS).

Furthermore, when the proposed color-based feature is extended into real field condition,

we cannot use an artificial cardboard as background to eliminate soil for CLS classification.

For applying the proposed feature in the field condition, we preliminary focus on detecting

CLS of the templates locating at the inside of leaves. Besides, we transform the pattern of

white background in indoor condition into that of specular reflection in field condition. Fig. 3.3

illustrates the 2D xy-color histogram for 400 pixels of each pattern (disease, health, and specular

reflection) selected from a single leaf under field condition.
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Figure 3.1: Intensity curves of a single pixel P in (a) RGB and (b) xyY color spaces, respectively,

under various illumination conditions (c).

20



3.3. WITHOUT SOIL CONDITION

CHAPTER 3. FEATURE EXTRACTION ALONG WITH SVM FOR CLS

CLASSIFICATION

(a) (b)

(c) (d)

healthy disease background

healthy

background

disease

0.32
0.34

0.36
0.38

0.4

0.3
0.35

0.4
0.45

0

50

100

150

200

250

300

Intensity of xIntensity of y

2
D

 x
y

-c
o

lo
r 

h
is

to
g

ra
m

0.32

0.34

0.36

0.38

0.4

0.3

0.35

0.4

0.45

Figure 3.2: Comparable example of 2D xy-color histogram for templates belonging to disease,

health, and background respectively under indoor condition.

Figure 3.3: Comparable example of 2D xy-color histogram for pixels belonging to disease,

health, and background respectively under field condition.
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We observe that the 2D xy-color histogram shows a strong discriminative ability to classify

the three different patterns under both conditions. Therefore, the color intensities of x and y of

an image pixel were chosen and extracted as features for the SVM classifier.

3.3.2 Dataset for SVM modelling

As applications for the proposed 2D xy-color histogram feature, we implemented exper-

iments under both indoor and field conditions. The dataset making processes for the SVM

modelling with relevance to each condition are introduced in following two subsections:

Indoor experiment

To optimize the parameters and evaluate the performance of the SVM classifier, a training

sample and testing sample were constructed by following these steps under indoor condition:

first, plant images captured in one day (01:00-24:00) were randomly chosen, and 12 plant images

captured every 2 h were chosen as the image sets for the training and testing samples; then,

400 pixel-level x and y color intensities were extracted for each of the three patterns (health,

disease, and white background) per image (i.e. 400× 3 pixels/image); finally, all image data

were divided into two sets: one is the training data at times of 3:00, 7:00, 11:00, 15:00, 19:00,

and 23:00, and the other is the test data at times of 1:00, 5:00, 8:00, 13:00, 17:00, and 21:00.

Classification accuracies (the proportion of correctly classified pixels in relation to all classified

pixels) of 99.44% and 99.07% were obtained for the training and testing samples, respectively,

with optimal parameters ofc = 4 andσ2 = 2 by cross validation.

Field experiment

In field experiments, 1600 pixels were randomly selected for each of the three patterns

(health, disease, and specular reflection) from the foremost image among the five-day time se-

quence images. Then, half of the selected pixels were used as training samples and the other half

ones were for test samples. Finally, classification accuracies of 92.42% and 91.88% were ob-

tained for the training and testing samples respectively, with parameters ofc = 256 andσ2 = 16.

3.4 With soil condition

This subsection introduces the process of feature extraction with soil condition. Moreover,

the complexity of real field conditions were additionally taken into account. We attempt to

proposed a feature for handling the complex field conditions, thereby to promote the proposed

algorithm for real field application.
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3.4.1 Feature extraction: (3D) L∗, a∗, Entropy × Density

In this study, for the natural and clutter field backgrounds, we firstly categorized pixels of a

plant image into five patterns: CLS, healthy leaf, leaf stalk, highlighted leaf surface/specular re-

flection, and sandy soil. Then, a 3D feature combination of L∗, a∗, Entropy×Density is proposed

as SVM inputs for CLS recognition out of other patterns. The first two features are the pixel-wise

color based features, which are mainly for separating the five patterns into counter-directional

color distributions of partial red and partial green, according to their brightness distributions in

L∗a∗b∗ color space. For an pixel located at(x, y), the first two features are calculated as follows:

L∗x,y = IL∗(x, y) (3.2)

a∗x,y = Ia∗(x, y) (3.3)

where IL∗(·) and Ia∗(·) are the grey component of L∗ and a∗ in L∗ a∗ b∗ space. Here we use

L∗a∗b∗ color space [64] is because it approximates human perception for colors and is con-

structed so as to be perceptually uniform.

However, CLS is hardly discriminated from sandy soil by the first two features because they

resemble with each other in partial red color. Therefore, the third feature Entropy× Density

is additionally introduced for their discrimination. This is a region-wise orientation code his-

togram based feature, which is originally used for scalable image searching research in [65].

Inspired by the research, in this study, we made adjustments for it and extended it for CLS and

soil classification. Fig. 3.4 (a) shows two regional images with M×M size extracted at the cen-

tering pixel (x, y) belong to CLS and soil respectively. If only consider their pixel color, we

see they resemble in brownish red color. However, their differences can be discovered in both

shape and color aspects within their surrounding regional space. First, for regional shape dif-

ference, we see CLS region is featuring as scatted circular spot. Contrastively, soil region is

with homogeneous shape/texture distribution. Second, for regional color difference, CLS region

is in brown color surrounded by green leaf. However, soil region has similar chromaticity in

red color. On the basis of these regional shape and color differences, we firstly transformed

the RGB color image (Fig. 3.4 (a)) into a∗ component image (Fig. 3.4 (b)) that is an axis of

L∗a∗b∗ color space representing red/green opponent colors. From Fig. 3.4 (b), we can see more

distinct differences between the CLS and soil regions in both circular/homogeneous shape and

contrast/uniform color differences. Then, we calculate orientation code histogram (Fig. 3.4 (c))

for thea∗ component image ashx,y(i) (i = 0, 1, . . .N) from which Entropy and Density are then

derived and formulized to represent the above mentioned regional differences. Entropy, which

represents the richness of an image, is firstly used to evaluate the variety of edge directions of

an object in shape:

Entropy = −
N−1∑
i=0

Px,y(i) log2 Px,y(i) (3.4)
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wherePx,y(i) =
hx,y(i)

M2−hx,y(N) is the frequency of occurrence for each effective orientation code

i (i = 0, 1, · · ·N − 1), except fori = N = 16 that is regarded as non-effective orientation codes

for pixels with low contract. CLS region with scatter circular shape causes large variety edge

directions. Therefore, it will have larger value of Entropy than that of soil region with less

variance of edge direction. Next, Density is utilized to represent the second regional difference

of color contrast and given as:

Density = 1 −
hx,y(N)

M2
(3.5)

Dx,y is calculated as the proportion of effective codes in the image region. The high contrast of

red/green color in CLS region causes a greater number of effective codes which lead to larger

value of Density for the region. Oppositely, soil region gets lower value of Density due to its

low color contrast and thus lead to a smaller number of the effective codes. Therefore, for

combining the both regional shape and color differences, we use a multiplicative operation to

integrate Entropy and Density into Entropy×Density for the CLS and soil discrimination, of

which CLS region will get larger value than soil region.

For demonstrating the effectiveness of the 3D feature combination of L∗, a∗, Entropy× Den-

sity for CLS classification, Fig. 3.5 (a) shows a plant-level image captured under field condition,

and we randomly extracted 100 pixels for each of the five patterns. Fig. 3.5 (b) shows the

visualization result of the proposed feature combination for CLS classification against the rest

patterns. It can be seen that CLS can be distinctly discriminated from other clutter backgrounds.

Especially, CLS can be well separated from the sandy soil. Furthermore, Fig. 3.5 (c) and (d)

show both top and side views for Fig. 3.5 (b) respectively, in which the effectiveness of the first

two features for color separation and the third feature for further CLS and soil discrimination can

be seen orderly and clearly. Note that here we only employee a low-dimensional feature space

(i.e., three-dimensional) to get a strong discrimination capability for the issue of CLS classifica-

tion from the clutter background, which advantages in avoiding a potential open problem of the

‘curse of dimensionality’ for machine learning [50].

Furthermore, for demonstrating the effectiveness of the multiplicative integration for Entropy

× Density, a comparative experiment was implemented for showing the disease classification

results by three types of feature combinations: L∗, a∗, Entropy× Density; L∗, a∗, Entropy; and

L∗, a∗, Density. The superior performance of the proposed feature combination L∗, a∗, Entropy

×Density can be seen in the comparative experiment results of Fig. 4.18 and Table 4.4 in section

4.6.

3.4.2 Parameter optimization

Because the third feature Entropy×Density is a region-based feature, the regional size ofM

will have effect on the discriminative performance between CLS and soil. Therefore, it needs

to be discussed and optimally decided. In this study, we utilized three criteria for the parameter

optimization: Fisher’s linear discrimination criterion, classification accuracy, and computational

time.
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Figure 3.4: Demonstration the process for calculating the orientation code histogram based

feature of Entropy× Density for CLS and soil classification. (a) CLS and soil regions extracted

from the center pixel (x,y); (b) a∗ component images for the two regions; (c) orientation code

histograms and the value of Entropy× Density for the two regions.
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Figure 3.5: Effectiveness of the proposed 3D feature combination of L∗, a∗, Entropy× Density

for classifying CLS patterns against other four patterns of healthy leaf, leaf stalk, highlighted

leaf surface, and sandy soil under field condition. (a) 100 pixels were extracted for the each

pattern; (b) results of the proposed 3D feature combination for the five patterns; (c) and (d) are

the top view and side view for the feature space visualizations respectively.
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From the side view in Fig. 3.5 (d), we see that the discrimination for the two patterns

between CLS and soil by the one dimensional feature of Entropy×Density is equivalent to a

liner discrimination problem, and different regional sizes can be regarded as different classi-

fiers. Therefore, we firstly use the Fisher’s criterion [66], which is maximized over all linear

classifiers/projections and defined as:

JF =
|M1 − M2|
S 2

1 + S 2
2

(3.6)

whereMi =
1
ni

∑
xk∈Xi

xk (i = 1, 2) andS 2
i =
∑

xk∈Xi
(xk − Mi)2 (i = 1, 2) represent a mean and

a variance for each of the two patternsX1 and X2. Here X1 denotes as CLS andX2 as soil.

Secondly, we additionally calculated the classification accuracy for the classifier under each

regional size:

Acc =
Acc1 + Acc2

2
(3.7)

whereAcci =
#{xk |xk≥T, xk∈Xi}

#{Xi} (i = 1, 2). T , as a boundary threshold for two patterns’ discrim-

ination, is visually selected depends on different applications at hand. In this experiment, we

used the threshold value of 1. Thirdly, the computational time is also evaluated as a trade-off

consideration between classification performance and time cost. Here the executing time is for

calculating Entropy× Density value for the total 500 pixels from the five patterns. The com-

puter used for the testing is Intel (R) 3.10 GHz with 4GB RAM. The algorithm is implemented

in MATLAB (version R2009a).

For the criteria’s calculation, 100 pixels from each pattern of CLS and soil were randomly

selected, and Fig. 3.6 shows results for the three criteria calculated under a wide range of

regional sizes from 5×5 to 60×60 at 5 unit intervals. In Fig. 3.6 (a) for the Fisher’s criterion,

we see that it firstly increases from the size of 5 until reaches its largest value at the size of 30,

and then goes down with a negative tendency. For the classification accuracy in Fig. 3.6 (b), it

initially gets a significant rise from 5 to 15 and follows with a small fluctuation from 15 to 30,

and then reaches the highest value at 30 as same as the Fisher’s criterion. After the peak value,

it gets into a decreased tendency. Fig. 3.6 (c) shows the results of the computation time for the

process of the feature calculation. Obviously, the larger the regional size, the longer computation

time it takes. On the basis of the three criteria’s results, we could give a recommendation that

it is proper to select the regional size from a range of 15 to 30 with the trade-off consideration

between classification performance and time cost. In this study, we use the regional size of 30

to obtain the best classification accuracy.

3.4.3 Dataset for SVM modelling

After the feature definition and parameter optimization, we extracted dataset for training

SVM classifier, and then evaluated its performance as following steps: first, we randomly ex-

tracted 500 pixels for each of the five patterns (CLS, healthy leaf, leaf stalk, highlighted leaf
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Figure 3.6: Optimization of the regional sizeM for Entropy×Density. (a) Fisher’s criterion; (b)

classification accuracy; (c) computation time.
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surface, and sandy soil) from a plant image captured at the first day of the five-day experimen-

tal period; second, we labeled the five patterns into three classes: disease (CLS), leaves (healthy

leaf, leaf stalk, highlighted leaf surface), and soil (sandy soil); third, the dataset were divided into

two parts as training and testing sets for SVM modeling and evaluation. In this study, we used

LIBSVM [67] for the classification; finally, classification accuracies (the proportion of correctly

classified pixels in relation to all classified pixels) of 98.48% and 97.44% were obtained for the

training and testing datasets, respectively, with RBF kernel along with optimized parameters of

c = 64 andg = 0.00390625 by cross validation.

3.4.4 Edge detection based post-processing

This section introduces a post-processing process for filtering false positive noise aroused

from the third feature of Entropy×Density in order to improve the precision of the classification

results. Meanwhile, all parameters involved in this procedure are discussed and optimized.

False positive noise

In Fig. 3.5 (d), we have seen the effectiveness of the orientation code histogram based feature

of Entropy× Density for CLS and soil classification. However, there are two main fault cases

for their discriminations due to the complex field conditions. One case is from the soil pixel

(Fig. 3.7 (a)) which locates at the boundary position between leaf and soil will have various

shape richness and higher color contrast as similar as the CLS region, causing larger value in

Entropy×Density and forming as false positive (type I error) noise in a classified image. The

other case is from the CLS pixel (Fig. 3.7 (b)) which locates at heavily destroyed leaf parts will

have little shape richness and color contrast as similar as the soil region, giving rise to smaller

values in Entropy×Density and being as false negative pixels (type II error) in the classified

image.

Fig. 3.8 (a) shows a single leaf image extracted from the plant image captured in the field

experiment and Fig. 3.8 (b) is the classification result for it by the proposed SVM classifier.

Serving as a comparation, Fig. 3.8 (c) shows the ground truth manually made by human naked

eyes observation under the guidance of disease specialists. Then, Fig. 3.8 (d) and (e) show the

false positive and false negative pixels of the classified results, respectively. We can see that

the false positive pixels mainly locate at leaf edges, and the false negative ones mainly locate at

the heavily destroyed leaf parts. For the type II error, it is not easy to recover the false negative

pixels from the parts of heavily destroyed leaf surface. However, for the type I error, we can

filter the noise by utilizing their position property at leaf edges.

Edge detection based post-processing

By utilizing the edge location of false positive noise, we introduce an edge detection based

post-processing for filtering the noise from the type I error. Fig. 3.9 shows the concept and
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Figure 3.7: Fault cases for CLS and soil discriminations by Entropy× Density due to the com-

plex field conditions. (a) A fault example for a soil region locating at leaf boundary; (b) a fault

example for a CLS region locating at heavily destroyed leaf part.

30



3.4. WITH SOIL CONDITION

CHAPTER 3. FEATURE EXTRACTION ALONG WITH SVM FOR CLS

CLASSIFICATION

(a) (b) (c)

(d) (e)

Figure 3.8: False positive and false negative pixels in the classification result aroused from

the feature of Entropy× Density. (a) An leaf image; (b) classification result by the proposed

SVM classifier; (c) ground truth; (d) false positive pixels (in red color) mainly concentrated at

leaf edges; (e) false negative pixels (in red color) mainly concentrated at heavily destroyed leaf

parts. (The blue areas correspond to the background region.)
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Figure 3.9: Edge based post-processing to filter the false positive noise. (The blue areas corre-

spond to the background region.)
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process of the post-processing. Here we take the single leaf image in Fig. 3.9 (a) as an instance,

and Fig. 3.9 (b) is corresponding SVM classification result before the noise filtering. Firstly,

we detected edges in Fig. 3.9 (a) by applying an edge detector as shown in Fig. 3.9 (c); Then,

we composited Fig. 3.9 (b) and Fig. 3.9 (c) into one image in Fig. 3.9 (d) to locate leaf edges

in the classification image. Meanwhile, for each detected edge pixel, we removed it along with

its connected neighbouring pixels for tolerating a small position bias between noise and edges

(demonstrated in the zoom-in subimage). Finally, we can see in Fig. 3.9 (e) that the false positive

noise was significantly reduced and filtered after the post-processing.

Parameter optimization

The post-processing mainly comprises two components: one is the edge detector used for

edge detection, and the other is the neighbourhood centring at the edge pixels used for noise fil-

tering. In this section, we will discuss and optimize three important parameters involved in pro-

cessing the components: (1) type of the edge detector (Canny, Sobel, etc.); (2) gradient threshold

of the edge detector (0∼1); (3) type of the neighborhood (4-nerighborhood or 8-neighborhood).

First, for deciding the type of the edge detector, we compared four frequently used edge

detectors of Canny, Sobel, Prewitt, and LoG for the leaf object under real field. Fig. 3.10

shows the comparative results for each of the detector under various thresholds. We see that

among four differential operators, Canny detector provides the largest SNR (signal noise ratio)

for detecting the outer contour of the leaf and also obtain continuous boundary. Therefore, we

choose Canny as the detector for the edge detection. Then, for optimizing the gradient threshold

and the neighborhood type, we use two statistical measurements of precision and recall [68] as

basis for the optimization. Often, there is an inverse relationship between precision and recall

after noise filtering [69]. Therefore, the optimization of the last two parameters should make

the largest increase of the precision, at same time the decrease of the recall should be smallest.

SupposePbe f ore andPa f ter indicate the precision value before and after the post-processing, and

Rbe f ore andRa f ter are in same way for recall value. The optimization function for the gradient

threshold of Canny detectorTCanny and the neighborhood typeN should be as:

(TCanny,N) = arg max(dist(△P,△R)) (3.8)

wheredist(△P,△R) = | △ P| − | △ R| are the distance between changes of the precision△P =

Pa f ter − Pbe f ore and the recall△R = Ra f ter − Rbe f ore by the post-processing. Fig. 3.11 shows

the results for the distance value under differentTCanny andN combinations. It can be seen that

the maximal value of the distance occurs atTCanny = 0.7 andN = 4, which were decided as the

optimal value for parameters of (2) and (3).

3.5 Summary

In this chapter, we introduced the second framework of the proposed algorithm which is

integrated from two tasks of feature extraction and SVM classifier for CLS classification. We
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Figure 3.10: Comparative results for edge detection of leaf by different detectors with various

thresholds.
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extracted two features for classifying CLS under two different conditions: one is a 2D fea-

ture of xy-color histogram for the condition without soil concern; the other is a 3D feature of

L∗, a∗, Entropy× Density for the condition with soil concern.

The first feature is proposed based on color analysis for classifying CLS disease from other

two visual pattens of healthy leaf and whitish background. Both components of the two-dimensional

color distribution are luminance-independent, indicating robust CLS classification ability against

illumination changes. Further, the feature was applied in both indoor and field experiments. The

visualization of the 2D feature space showed its well discriminative power under both condi-

tions.

The second feature is proposed based on color and orientation code histogram, for classi-

fying CLS from more complex visual patterns in real field: healthy leaf, leaf stalk, specular

reflection and sandy soil. The first two components are pixel-wise color based features which

function as separating the visual patterns into counter-directional color distribution. The third

component is a region-wise OC histogram based feature functioning as discriminating CLS from

soil. It is notable that the Entropy× Density feature overcomes the challenging problem of CLS

discrimination from sandy soil background in RGB color images. The visualization of the 3D

feature space demonstrated its discriminative ability for CLS classification against complex real

field backgrounds. After employing the SVM classifier, we further analyzed misclassified pix-

els in classified image, and an edge detection based post-processing was proposed to filter false

positive noise in terms of their location property. Experimental results showed the effective

performance of the post-processing for improving classification precision by the false positive

noise reduction. In addition, parameters involved in the process of the feature extraction and

post-processing are discussed and optimized.
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Chapter 4. Experimental treatments and
results

This chapter firstly describes plant treatments (in section 4.1) and image acquisitions (in sec-

tion 4.2) under indoor and field conditions, respectively. Then, the following sections shows

experimental results by the proposed algorithm for CLS disease detection in sugar beet. We

demonstrates the results into four parts for presenting the effectiveness and outperformance of

the proposed algorithm. First, in section 4.3, a experiment was conducted for demonstration

the robustness of OCM for searching foliage against various natural daylights. Comparative ex-

perimental results showed the superior robustness performance of the OCM compared to other

three conventional template matching methods. Second, in section 4.4, as considering disease

changes over time, we proposed adaptive OCM for tracking foliar disease. Comparative ex-

periments were conducted for showing the superiority of the adaptive OCM for foliar disease

tracking compared with original OCM. The third and fourth experiments are for showing the

results of continuous CLS detection by the proposed two-framework algorithm. The third part

(in section 4.5) shows experimental results for precise disease detection and quantification on

local region scale without soil condition. Both indoor and field experiments were undertaken.

The last part (in section 4.6) shows experimental results of disease detection on a single scale

with clutter sandy soil condition in real field to approach practical field application.

4.1 Plant cultivation and pathogen inoculation

4.1.1 Indoor experiment

Sugar beet plants (cv. Amaibuki, 2004; Nippon Beet Sugar Manufacturing Co., Ltd., Japan)

were cultivated in ceramic pots (ϕ 31cm) at 25◦ (day/night), 15% relative humidity (RH), and

with the help of daily water spraying on the leaf surfaces to improve RH. The plants were

watered as necessary and fertilized every two weeks with 200 ml of a 2% solution of fine powder

HYPONeX (HYPONeX Co., Ltd., Japan).

In indoor experiment,Cercospora beticolawas infected by manually sprinkling the infected

leaf residual on the surfaces of healthy plant leaves at the vegetative stage of sugar beet plants.

Subsequently, the infected plants were placed in a plastic greenhouse with 90% RH at 25◦

(day/night) for two weeks to produce conidiophores and experience the incubation period.
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4.1.2 Field experiment

The field experiment was conducted in a test field which locates at Central Agricultural

Experiment Station in Naganuma, Hokkaido, Japan. Sugar beet plants (cv. Amaibuki) were

initially seeded on March 18th, 2013, and then transplanted into field on May 9, 2013. The

plants were naturally cultivated under field environment. Meanwhile, the fungus ofC. beticola

was infected to beet plants naturally without artificially inoculation.

4.2 Experiment configuration

4.2.1 Indoor experiment

A weeklong experiment was conducted to assess disease changes in sugar beet leaves un-

der indoor condition. The experimental system was placed next to a window to utilize natural

daylight and simulate the outdoor sunlight conditions. The RGB plant images with 640× 480

resolution were captured by a CMOS camera (CMOS130-USB2, Fortissimo Co., Japan), which

was mounted on a horizontal beam supported by two vertical poles to achieve a constant cam-

era height of 1.9 m above the plant. The top-view images were captured at 1-h intervals. An

indoor fluorescent lamp (15 W, 5000 K, FL15EX-N-A, Hitachi Co., Japan) was used as the light

resource when capturing plant images during night periods (17:00–6:00). Fig. 4.1 illustrates the

experimental setup under the indoor condition.

4.2.2 Field experiment

A five-day experiment was implemented under natural field conditions from September 17 to

21 in 2013. Since our long-term target is to develop a cost-effective, easily-operated and portable

disease evaluation system, which can be used in fields by both specialists and farmers. In the

field experiment, a low-cost and portable experimental apparatus was equipped with minimum

resources of one digital camera (DSC-HX30V, Sony Co., Japan) and a tripod. Fig. 4.2 shows

graphic illustration of the field experiment setup. Plant canopy images with size of 1920×1080

pixels were captured in ‘auto-focus’ mode (without use of the zoom) at constant height and

horizontal-top view from soil plane. During the experimental period, two blue sticks were used

as markers to place the tripod so as to maintain same capturing position for plant each day. The

plant-level image sequences were captured at one day intervals around 11:00 each day.

4.3 Robustness of OCM for foliage searching

To demonstrate the robustness of OCM with respect to illumination variations compared with

that of SAD, SSD, and NCC, in this experiment, we use the time sequence images of a sugar

beet plant captured over an entire day (01:00–24:00) under natural sunlight coming through the

indoor window. To extract an initial template from the foremost plant image and better visualize

its subsequent position shifts matched by OCM, an automatic gridding which divides the image
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Figure 4.1: Graphic illustration of indoor experiment setup.
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Figure 4.2: Graphic illustration of field experiment setup.
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into several sub-blocks with a constant size (30× 30 pixels) is applied as a position reference

among the time sequence images. Thereafter, adaptive template matching is performed for the

initial template between the adjacent image frames at each time step over all time sequence plant

images by OCM, SAD, SSD, and NCC separately.

In this study, the correct matching and mismatching decisions are made by human naked

eye visualization, and for the case of errors arising from subjective human eye observations, we

set an error-tolerant range of two pixels in upper, bottom, left, and right between the matched

results and human eyes. Fig. 4.3 shows the matching results and their relevant similarity values

for one of the templates adaptively matched over the plant sequence images by different schemes

throughout a day. OCM was successful for all time sequence images in the day, including the

abrupt illumination change caused at daybreak (7:00) and in dark lighting conditions at nightfall

(16:00). In contrast, SAD, SSD, and NCC failed to accurately match starting at daybreak (7:00),

even for the first time (2:00) respectively. The reason for below-par matching results of NCC

compared with those for SAD and SSD is that the template on the leaf chosen in this experiment

contained specular reflection, and NCC is sensitive to local illumination fluctuations. Fig. 4.4

shows the comparative visualization results of the above procedure, where the time symbol in

black indicates a correct matching, and the red color symbols represent false matches. Fig. 4.5

shows the example of the 3D plots for the similarity values around the best match position in

the object scene at time 13:00. We observe that the contour of the similarity value for OCM

obtains a distinct sharp peak that is a desirable characteristic for template matching compared

with the three other methods. In general, good features for matching should meet the following

demands: the high capability to distinguish an object from the background and high reliability

in identifying the same object. From Fig. 4.5, we observe that OCM meets both requirements

for reliable object matching.

Figure 4.3: Comparation of matching results by OCM, SAD, SSD and NCC methods for time

sequence plant images all through a day.
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Figure 4.4: The comparative visualization results for the robustness of OCM against illumination

changes.
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Figure 4.5: Comparative 3-D plots of the similarity values around the best match position in the

object scene at time 13:00 by OCM, SAD, SSD and NCC methods respectively.

4.4 Effectiveness of adaptive OCM for foliar disease tracking

The experimental results in section above have demonstrated the robustness of OCM for

foliage searching against illumination changes. However, when turning to issue of foliar disease

observation, we extended the OCM into adaptive OCM to obtain more accurate disease tracking

results with the regulation of following accumulated disease changes by adaptively replacing

template over frames. For showing the effectiveness of the adaptive OCM compared to original

OCM , we conducted two comparative experiments for tracking the CLS diseases at different

development stages.

Fig. 4.6 shows comparative tracking results which extracted a template containing CLS

disease at early stage. As disease develops, we see the early CLS spots get rapid changes in

both color and shape aspects. Fig. 4.6 (a) shows the disease tracking results by the adaptive

OCM, it can be seen that accurate positions of the template over frames can be aligned with

the significant changes in the early spots. In contrast, OCM (Fig. 4.6 (b)) fails to track the

early disease spots starting from the third day due to its inability of self-modification. The

other comparative results are shown in Fig. 4.7 where the template with late-stage CLS spots

was extracted. The disease at the late stage has relatively slower changes in color and shape

than the early disease. But accumulated changes still exist along time. From the results by the

adaptive OCM (Fig. 4.7 (a)), we see it can track the late spots with precisely accurate positions

during the entire experimental period. In Fig. 4.7 (b), we see the OCM obtains similar tracking

positions with the adaptive OCM due to the small changes of the late-stage disease over time.

But more accurate disease tracking were obtained by the adaptive OCM through subtle position
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comparisons. As a whole, we see the adaptive OCM shows its stability and accuracy for foliar

disease tracking when disease develops with either fast or low speed. However, OCM is easy to

loss reliability for tracking the disease with rapid changes.
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Figure 4.6: Comparative tracking results for foliar disease at early stage by adaptive OCM and

OCM respectively.
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Figure 4.7: Comparative tracking results for foliar disease at late stage by adaptive OCM and

OCM respectively.
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4.5 Disease detection on local region scale without soil condition

4.5.1 Indoor experiment

Template extraction

In concurrence with the adaptive OCM applied for each frame among the plant sequence

images, an SVM classifier was employed within the matched templates for classification and

identification of disease pixels on the basis of the feature of color x and y intensities. In addition,

to tentatively observe the relationship between disease processes and environmental RH, we

chose one image per day during a one-week period from December 28, 2012 to January 3,

2013 (recorded as image frames: No.1–7) in this indoor experiments, and different amounts of

water were sprayed on the plant leaves with a sprinkler each day at 1:00. Five manually chosen

templates from the foremost plant frame on December 28, 2012 (shown in Fig. 4.8 (a)) were

implemented by our proposed algorithm for continuous and site-specific disease development

observation over time. For demonstrating the various illumination conditions of the seven plant

frames, Fig. 4.8 (b) shows the average intensity of each frame. Obviously, illumination of each

plant frame varies significantly and abruptly. Note that all the five templates were chosen from

the leaf and right leaves of the plant rather than the middle one, it is because the middle leaf

with heavy disease destruction was soon dying which can be visualized in the plant sequential

images. This large leaf deformation makes template impossible to correspond its positions in

subsequent images.
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Figure 4.8: Illustration of the five templates extraction and illumination conditions for seven

plant frames over the experimental week period under indoor condition. (a) Extraction of five

effective templates from the plant image frame on December 28, 2012 for disease development

observation over time; (b) average intensity for each plant frame among all plant time sequence

images.

Result visualization and disease quantification

Fig. 4.9 shows the visual results for both continuous template matching by the adaptive OCM

and further disease classification by the SVM classifier, for two different templates (template_
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1 and template_ 3) of the five total templates (template_ 1–5) compared with manually classifi-

cation results. For the images illustrated in each day, the first row shows the template matching

results by the adaptive OCM. We can see that the selected initial template can be robustly and

accurately tracked by the proposed matching method when illumination and plant movement

changes. For the three subimages in the second row, the upper-left one indicates the matched

template image, upper-right one is the corresponding disease classification result by the SVM,

and lower-middle one is the result by manually classification. By comparation of the SVM

with manually classification results, we can see that our proposed feature for the SVM classi-

fier can keep robust performance for disease detection under environmental variation. Detailed

results of the disease observation are as follows: (i) the disease in the first template (template_

1) is an isolated spot, and this single spot expands in both size and shape over time, and dif-

fuses more quickly in days with higher RH; (ii) the disease in the third template (template_ 3)

initially started from one isolated large spot and two isolated small spots. As the disease pro-

gresses, individual spots coalesce and expand in size to heavily infect the leaf tissue. Therefore,

site-specific disease quantization and expanding speed over time can be detected by the pro-

posed method, providing information for precise disease mechanism observation and optimum

fungicide-spraying decisions. However, from contrastive quantization and visualization results

compared with manually classification, we observe that there is a distinct under-classification

problem for the templates on December 31, 2012. It may be attributed to the darkest light con-

ditions in that day’s plant image frame, and is in a loss of prior information in the training data.

Fig. 4.10 (a) shows the disease classification and quantization results measured by the pro-

posed algorithm for the five templates over the week in question. In addition, for evaluation

and comparison of the disease classification algorithm performance employed in this study, a

similar result was assessed with manual classification (Fig. 4.10 (b)) under the guidance of plant

disease specialists. Using both our proposed algorithm and manual classification results, simi-

lar growth trends of the disease for all five effective templates over time were observed, which

not only corresponds to the spread mechanism of the CLS disease but also shows the feasibility

of our algorithm for predicting the spreading speed of the CLS. Meanwhile, the site-specific

disease variances can also be observed by the template-based matching method. Moreover, the

correlation between increasing speed of the CLS disease and environmental RH was revealed:

the CLS disease grows faster in higher RH conditions than lower ones. This corresponds to the

epidemiology of CLS because spores ofC. beticolarequire moisture to germinate and infect

leaves.

Classification performance evaluation

Correlated to the manual disease classification results, three statistical measurements, preci-

sion, recall, andF-measure, are utilized [68] in this study to analyze the temporal stability of the

proposed method. Among these measurements, precision can be observed as a measure of exact-

ness of fidelity, recall is a measure of completeness, and theF-measure considers both precision

and recall in computing the score, where these can be interpreted and formulated as a weighted
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Figure 4.9: Visualization results of adaptive template matching and disease classification for

disease development observation with two different templates out of the five under indoor con-

dition. (a) Result of template_1 and (b) result of template_3. (The blue areas correspond to the

disease region. The gridding and red square are for position references of the template match-

ing.)
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Figure 4.10: Quantitative results for the disease development of the five effective templates

under indoor condition. (a) by our proposed method; (b) by manually classification.
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Figure 4.11: Performance evaluation of our proposed method by comparison with the manual

classification results for (a) precision, (b) recall, and (c)F-measure under indoor condition.
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harmonic mean of precision and recall. The formulas for the three statistical measurements are

as follows:

Precision=
TruePositive

TruePositive+ FalsePositive
(4.1)

Recall=
TruePositive

TruePositive+ FalseNegative
(4.2)

F = 2 · Precision· Recall
Precison+ Recall

(4.3)

The comparative results of precision, recall, andF-measure for the five templates of indoor

experiments are shown in Fig. 4.11. We observe that the classification accuracies for precision,

recall, andF-measure are consistent and greater than 0.74, indicating good performance and

temporal stability of our proposed algorithm under indoor condition. However, again, the lowest

value appears for all five templates on the fourth day (December 31, 2012) over the one-week

period because of the darkest illumination condition. Furthermore, the mean values of the three

statistical measurements for each template are recorded in Table 4.1, and all values were above

0.87, indicating good performance of the proposed method.

Table 4.1: Mean precision, recall, andF-measure values for the five templates under indoor

condition.

Template Precision Recall F-measure

1 0.9472 0.8772 0.9104

2 0.9353 0.8810 0.9054

3 0.9573 0.9294 0.9428

4 0.9747 0.9604 0.9668

5 0.9463 0.8738 0.9085

4.5.2 Field experiment

Template extraction

In field it contains more complex situations and variations comparing to relatively stable en-

vironment in indoor. The two main differences are: first, natural field involves the sandy soil

background, which resembles CLS in color and is impossible to be eliminated by covering a

whiteboard as we did in the indoor experiments; second, significant changes of ambient envi-

ronment such as rainfall, wind and drought stress may result in large shape deformation of plant

leaves, which is hardly to find the correspondences of leaf parts over frame. Therefore, to ex-

tend our proposed algorithm to field applications, we restrict the template selection process that

the templates are chosen on the surface of leaves (within leaf edges) and preferentially from

those leaves with less shape deformation over time. Fig. 4.12 (a) shows five chosen templates
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from the foremost plant image on September 17, 2013 to demonstrate our five-day (September

17–21, 2013, recorded as image frame: No. 1–5) field experimental results. All of the five tem-

plates are chosen on the surface of three leaves which have less shape deformation over time.

Furthermore, to demonstrate the illumination changes for the five frames in field experiments,

we cannot simply use the same way as indoor experiments which regards the average intensity

as a representative of illumination condition in each frame. Because the intensity value of soil

background are affected not only by illumination intensity but also by soil moisture. Besides,

illumination conditions in open field are not as uniform as that in indoor arising from specu-

lar reflection and shadows on leaves surfaces. Therefore, we use the average intensity of each

template rather than the holistic plant image to indicate intensity changes for template series.

Fig. 4.12 (b) shows the average intensity for each template. We can see that illumination con-

ditions differ greatly in both intra-template and inter-template over time. It also can reflect the

complexity of the illumination variations under natural day light condition.
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Figure 4.12: Illustration of the five templates extraction and local illumination conditions for

the five templates during the five-day experimental period under field condition. (a) Extraction

of five effective templates from the plant image frame on September 17, 2013 for disease de-

velopment observation over time; (b) average intensity for each template during the five-day

period.

Result visualization and disease quantization

Fig. 4.13 visualizes the results for three templates (template_1, template_3 and template_5)

of the five ones (template_1–5). Fig. 4.14 shows the disease classification and quantization

results for the five templates by the comparison of the proposed algorithm (Fig. 4.14 (a)) with

manual classification (Fig. 4.14 (b)). From the aspect of disease growth tendency, we can see

that large fluctuations occur in both manual classification and image detection results at the sec-

ond day of the experimental period. This mainly results from overcast weather and drought soil

at that day, which causes off-white image and downward wilting of leaves, and leads to inconsis-

tent disease number of manual classification and under-classification problem of SVM classifier.

But from the first row of Fig. 4.13, we can see that the OCM method can still correctly match the

corresponding position for the templates under these severe changes at the second day. More-
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over, if without regard to the second day’s influence, CLS quantization results by the proposed

method can generally have the similar growth trend comparing with those of manually classifica-

tions. But some expectations to the general growing tendency exist: first, the quantization result

of the first template (template_1) shows a bigger slope at the fifth day by the proposed method

compared with that of manual classification. This arises from specular reflection contained in

this template and misclassified as CLS, as visualized in Fig. 4.13 (a); second, there is a large

fluctuation in the third template (template_3) during last three days of the experiment period.

This misclassification is because the contained leaf midrib and upper-left corner of the leaf part

in the template resembling light brown color with CLS spots, which can be seen in Fig. 4.13 (b);

Thirdly, the fifth template (template_5, visualized in Fig. 4.13 (c)), which shows a case of early

detection for a single CLS spot, has a slight under-classification problem in early three days.

However, we could see that our proposed template matching method of OCM can be robustly

and successfully match the right positions for all five templates in time series images under such

challengeable field condition. And also, our proposed feature of 2D xy-color histogram can be

generally robust for CLS classification in field application, though some expectations exist under

some extreme variations.

Classification performance evaluation

Fig. 4.15 shows a comparison of precision, recall andF-measure in field experiments. Re-

peatedly, as same as results in Fig. 4.14, all of the three measurements are in lower values at

the second day than the rest four days over the experimental period, due to the severe under-

classification problem caused by overcast weather and soil drought at that day. Additionally, if

without considering the extreme cases of the third template (template_3, leaf midrib and yellow

leaf part) and the fifth template (template_5, single-early CLS spot), the precision, recall and

F-measure for the rest of three templates are greater than 0.57 under complex field condition.

It is noticed that the third template (template_3) for detection of CLS in an early phrase, does

not perform as well as the later stage in other templates. But we can see that the performance

improves with disease growth. Table 4.2 further records the mean values of the three statistical

measurements for all five templates during the experiment period.

Compared with lab experiment, the results from field experiments give slightly lower perfor-

mance due to a variety of challenging situations in natural open field, but still show its capability

and possibility of our proposed algorithm for robust CLS observation under complex field con-

dition. Note that we did not apply any post-processing to our results for keeping independence

and robustness of our algorithm, so some dispersed noise may appear. Thus the results could be

improved by using some simple post-processing methods (such as morphological operation) to

remove the noise according different application purposes.
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Figure 4.13: Visualization results of adaptive template matching and disease classification for

disease development observation with three different templates out of the five under field condi-

tion. (a) Result of template_1, (b) result of template_3 and (c) result of template_5. (The blue

areas correspond to the disease region. The red square is for position references of the template

matching.)
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Figure 4.14: Quantitative results for the disease development of the five templates by both (a)

our proposed method and (b) manually classification under field condition.

Table 4.2: Mean precision, recall, andF-measure values for the five templates under field con-

dition.

Template Precision Recall F-measure

1 0.8670 0.7259 0.7484

2 0.8509 0.7858 0.7945

3 0.5908 0.6409 0.4839

4 0.7199 0.6473 0.6403

5 0.7833 0.3254 0.4294
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Figure 4.15: Performance evaluation of our proposed method by comparison with the manual

classification results for (a) precision, (b) recall, and (c)F-measure under field condition.
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4.6 Disease detection on single leaf scale with soil condition

4.6.1 Field experiment

Template extraction

Since the proposed algorithm is for disease observation on single leaf scale, a single leaf

should be selected in advance for the observation. Due to the complex field conditions, however,

not every single leaf is proper to be chosen as a template for its tracking by the adaptive OCM. If

a leaf has a large shape deformation or moves out of the camera view, it could hardly be tracked

successfully. Therefore, we suggest it is preferable to select those leaves with relatively stable

movements and within the range of camera view among plant image sequences.

Result visualization

Fig. 4.16 demonstrates the experiment results by the proposed algorithm for two selected

single leaves which are contained in each rectangular temple: one is an older leaf (upper part)

and the other is a younger leaf (lower part) from the beet plant. Weather information (Tem-

perature/T, relative humidity/RH, and insolation) at each day during the five-day experimental

period is shown at the top row of the figure. From the weather information as well as plant-level

image sequences, we can see that illumination differs greatly over frames due to natural daylight

conditions, and the soil chromaticity which is not only affected by the illumination but also by

soil moisture also varies a lot over time in the open field. For each part of the figure, the first

row shows tracking results of the single leaf by the adaptive OCM framework, the second row

shows further disease classification results for each matched template at each day by the SVM

classification framework in conjunction with post-processing, the third row are the manually

classification for the classification comparation. Firstly, from the matching results, we can see

that both single leaves can be robustly and correctly tracked and observed by the first framework

while illumination and non-rigid plant movement varying significantly under the field condi-

tions. Secondly, from the classification results, it can be seen that CLS disease can be clearly

detected against the clutter background with difficulties of sandy soil and specular reflection by

the second framework. As a whole, we can see the effectiveness of the proposed algorithm for

a single leaf scale based CLS developmental observation, by which automatic disease monitor-

ing and detailed analysis can be achieved and facilitated during pathogenesis. Moreover, the

observation of the disease development can also assist in judging fungicide efficiency.

Compared with the manual classification results, however, we could also see some misclas-

sification problems existing in the experimental results. We categorized the misclassifications

as over-classification and under-classification along with their causing reasons into three parts.

First is an under-classification problem for the heavily destroyed leaf parts aroused from the

feature of Entropy× Density, which fails to classify the heavily destroyed CLS pixels and mis-

classified them as soil pixels (discussed in Fig. 3.7 (b)). This under-classification for the heavily

destroyed leaf parts can be obviously seen at the upper-left part of the older leaf at each day.

Second is also a matter of under-classification but caused by the overcast weather at the second
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day, which leaded to a fuzzy and off-white image for the low classification performance. We

can see the sever under-classification problem in both classification results of older and younger

leaves at that day. Third is an over-classification problem due to the intensive luminance at

the fifth day of the experiment, in which some highlighted soil and shadowing leaf pixels were

misclassified as CLS. But even with limitations of the misclassifications, the proposed method

of adaptive OCM demonstrates its strong robustness for successful single leaf tracking among

time series images under such various field conditions. Besides, the SVM classifier based on the

proposed 3D feature combination also shows its discriminative power for the challenging CLS

classification against the clutter field background. Furthermore, by utilizing the experimental

results, individual difference of leaves within a whole plant (leaf-to-leaf variation) can also be

observed: the older leaf suffers more serious disease destruction than the younger one in this

experiment. In addition, the disease distribution within each single leaf could be possibly used

for judging where fungus comes from by analyzing the spatial disease density.

Classification performance evaluation

Compared with the manual classification results, we implemented quantitative evaluation

of the performance for the proposed method. Fig. 4.17 shows the comparative results of the

precision (Fig. 4.17 (a)), recall (Fig. 4.17 (b)) andF-measure (Fig. 4.17 (c)) for the two selected

single leaves during the five-day experiment period. The three metrics for the older leaf vary

in a range of values from 0.53 to 0.83, and from 0.33 to 0.74 for the younger leaf. There are

similar tendencies for both single leaves that more stable and greater results are obtained at the

first, third, and fourth day compared with lower performances at second and fifth day. This

is because the overcast weather at the second day and the intensive luminance at the fifth day

caused severe the under-classification and over-classification problems. Furthermore, the mean

values of the three metrics for each single leaf are shown in Table 4.3, and all value were above

0.53 which indicates the good performance and applicability of our proposed algorithm in the

challenging field conditions. Note that the performance is obtained from a small number of

training dataset extracted from a plant image capturing in one day. Furthermore, as can be seen

from the comparison of the two single leaves, the older leaf obtained superior performance than

the younger one. This is possibly because the older leaf surface with dark green color gets more

distinct color difference against light brown CLS disease, while smaller contrast presents in the

younger leaf with light green surface.

Table 4.3: Mean precision, recall, andF-measure values for the two templates of the older and

younger single leaves over the five-day field experiment period.

Template Precision Recall F-measure

1 0.7034 0.7521 0.7228

2 0.5272 0.5989 0.5545
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Figure 4.16: Visualization for single leaf based continuous CLS observation for two selected

single leaves over five-day period. The upper part is for an older leaf and lower one if for a

younger leaf. (The blue areas correspond to the background region.)
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Figure 4.17: Visualization for single leaf based continuous CLS observation for two selected

single leaves over five-day period. The upper part is for an older leaf and lower one if for a

younger leaf. (The blue areas correspond to the background region.)
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Comparative results for the effectiveness of Entropy× Density

For the proposed 3D feature L∗, a∗, Entropy× Density, the third feature is an integration of

Entropy and Density by a multiplicative operation for exaggerating the discrimination between

CLS and soil (the theoretical derivation is described in section 3.4.1). For demonstrating the

effectiveness of the Entropy× Density compared with only employing a singular feature of En-

tropy or Density, a comparative experiment was implemented for disease classification by three

different feature combination: (1) the proposed feature combination: L∗, a∗, Entropy× Density;

(2) a feature combination with singular Entropy: L∗, a∗, Entropy; (3) a feature combination with

singular Density: L∗, a∗, Density. Fig. 4.18 shows the comparative classification results of the

three statical measurements for the selected two single leaves: the older leaf (Fig. 4.18 (a)) and

younger leaves (Fig. 4.18 (b)), respectively. Meanwhile, Table 4.4 shows the mean value of the

comparative results. Through the comparative results, it can be seen that all three feature com-

binations get close performances in the three evaluation measurements. However, the proposed

feature L∗, a∗, Entropy× Density shows better performances in precision andF-measure for

the both leaves compared with the other two feature combinations with the singular Entropy or

Density.

Table 4.4: Mean precision, recall, andF-measure values for the comparative classification re-

sults for showing the effectiveness of Entropy× Density over the five-day field experiment

period.

Template Precision Recall F-measure

1

L∗, a∗, E×D 0.7034 0.7521 0.7228

L∗, a∗, E 0.6584 0.7532 0.6992

L∗, a∗, D 0.6575 0.7706 0.7056

2

L∗, a∗, E×D 0.5272 0.5989 0.5545

L∗, a∗, E 0.4723 0.6067 0.5249

L∗, a∗, D 0.4629 0.6024 0.5147

Comparative results of different feature combinations

For the proposed 3D feature combination of L∗, a∗, Entropy× Density as inputs into the

SVM classifier, the first feature of L∗ is a luminance-dependent color component indicating as

lightness in L∗ a∗ b∗ color space. Usually, for achieving robust classification performance under

various illuminations, features should be proposed with irrelevant lightness. However, we use

L∗ as a necessary component in the proposed 3D feature combination because it is capable to

separate the pixels belonging to the highlighted leaf/stalk and specular reflection from CLS, to

enhance the discriminative power associating with a∗ in the color distribution. In this section, for

demonstrating the effectiveness and necessity of L∗, we implemented a comparative experiment

which compared the classification results from four different feature combinations as inputs for

SVM classifier: (1) the proposed feature combination: L∗, a∗, Entropy× Density; (2) a feature
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Figure 4.18: Comparative classification results of precision, recall, andF-measure for showing

the effectiveness of L∗, a∗, Entropy×Density compared with L∗, a∗, Entropy and L∗, a∗, Density.

(a) Results of the older leaf; (b) results of the younger leaf.
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combination without L∗ component: a∗, Entropy×Density; (3) a feature combination with other

two luminance-independent components in L∗ a∗ b∗ color space: a∗, b∗, Entropy× Density; (4)

also a feature combination with other two luminance-independent components but in xyY color

space: x, y, Entropy× Density. Fig. 4.19 shows the comparative classification results of the

precision, recall, andF-measure from the different feature combinations for the selected older

(Fig. 4.19 (a)) and younger leaves (Fig. 4.19 (b)), respectively. Meanwhile, Table 4.5 shows

the mean value of the comparative results. From the comparison, we can see that the proposed

feature combination of L∗, a∗, Entropy× Density excels in the classification performances of all

three metrics compared with other three feature combinations, by which the effectiveness and

necessity has been quantitatively verified.

Table 4.5: Mean precision, recall, andF-measure values for the comparative classification re-

sults from different feature combinations over the five-day field experiment period.

Template Precision Recall F-measure

1

L∗, a∗, E×D 0.7034 0.7521 0.7228

a∗, E×D 0.5820 0.6413 0.5956

a∗, b∗, E×D 0.7358 0.6483 0.6710

x, y, E×D 0.5984 0.6245 0.5639

2

L∗, a∗, E×D 0.5272 0.5989 0.5545

a∗, E×D 0.1637 0.2534 0.1910

a∗, b∗, E×D 0.2300 0.3970 0.2694

x, y, E×D 0.3616 0.4863 0.3754

Comparative results of different types of datasets

The comparative experiment in section above has demonstrated the necessity of the luminance-

dependent component L∗ for the effective CLS classification. However, to what degree does the

component L∗ affect the results for disease classification with respect to illumination changes?

We attempted to design robust features for CLS classification, thus the current dataset used

for SVM classifier was extracted from the plant image captured in one day. In this study, we used

the image from the first day of experimental period. We name the current dataset as constant

dataset. However, since the existence of the L∗, the differences of the classification performances

between the constant dataset and adaptive dataset (i.e., dataset was adaptively extracted from

each day) need to be evaluated. In practice, making the adaptive dataset at each day is time-

consuming to disturb automatic and real-time application of the proposed algorithm. Therefore,

if the performance differences between the two types of datasets are smaller than a tolerant value,

the relative robustness of the proposed L∗, a∗, Entropy× Density feature is ensured, thereby the

applicability of the constant dataset for multi-day disease classification can be confirmed.

On the basis of the above analysis, the adaptive dataset was additionally made for evaluating

the differences. Differing from the constant dataset described in section 3.4.3, the adaptive

dataset was made by extracting 500 pixels from the plant image captured at each day, and then
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Figure 4.19: Comparative classification results of precision, recall, andF-measure from different

feature combinations. (a) Results of the older leaf; (b) results of the younger leaf.
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Figure 4.20: Comparative classification results of precision, recall, andF-measure from two

types of datasets. (a) Results of the older leaf; (b) results of the younger leaf.
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only apply the each day’s dataset for the intra-day disease classification. Fig. 4.20 shows the

comparative classification results for the two single leaves from the two types of datasets. From

the comparison, we see the differences of the results between the two types of datasets are small.

Both datasets get downward performances at the second and fifth day, and close performances

are obtained in the rest three days due to similar light conditions. Meanwhile, Table. 4.6 shows

the average value of the performance measurements, the mean differences between the two

datasets are less than a small value of 0.062, by which the relatively robust performance of the

proposed feature as well as the applicability of the constant dataset were quantitatively verified.

Table 4.6: Mean precision, recall, andF-measure values for the comparative classification re-

sults from different types of datasets over the five-day field experiment period.

Template Precision Recall F-measure

1

Constant dataset 0.7034 0.7521 0.7228

Adaptive dataset 0.7161 0.7608 0.7353

Absolute difference 0.0127 0.0086 0.0125

2

Constant dataset 0.5272 0.5989 0.5545

Adaptive dataset 0.5891 0.6578 0.6166

Absolute difference 0.0619 0.0589 0.0621

4.7 Summary

This chapter initially described the experimental treatments for both indoor and field exper-

iments. Then, corresponding experimental results by the proposed algorithm was shown. First,

the superior robustness of the OCM for searching foliar object compared with other three con-

ventional method was demonstrated visually and quantitatively. Then, comparative experiments

demonstrated the effectiveness of the adaptive OCM for leaf disease tracking comparing to the

original OCM. The adaptive OCM showed its stable and accurate disease tracking performance

in both early and late disease development stages. The third and fourth experiments presented

CLS disease detection results by the proposed algorithm on two scales and two conditions.

One is detecting disease on local region scale without soil condition by small-scaled template

tracking and the 2D xy-color histogram feature, both indoor and field experiments showed the

proposed algorithm can obtain precise and quantitative disease observation. The other is detect-

ing disease on a single leaf scale with soil condition by leaf-scaled template tracking and the

L∗, a∗, Entropy× Density feature, the field experimental results showed the effectiveness the

proposed algorithm for CLS observation in the complex and natural field conditions.
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In this chapter, we first present the contribution of this thesis, then outline future research needs

and possibilities, finally a brief conclusion of this study.

5.1 Thesis contributions

This study proposed a novel and robust algorithm for continuous CLS disease detection in

sugar beet against various changes. Both indoor and field experiments were implemented. The

main contributions of this thesis are concluded by taking both insights on algorithm designing

and related experiment results:

• Adaptive OCM was proposed for robust and effective foliar disease tracking in Chapter 2.

The adaptive OCM was proposed on the basis of a template matching method of OCM.

Notably, this is the first study that introduces the OCM into agricultural application for

foliage searching. We first explained the robustness of OCM theoretically. Meanwhile,

the excellent properties of OC image for extracting illumination irrelevant features and

representing fine leaf edge information were demonstrated in Section 2.2. Furthermore, a

comparative results in Section 4.3 shows the superior robustness of the OCM for non-rigid

foliage searching against server natural daylight changes. Then, we extended the OCM

into adaptive OCM as a object tracking scheme for accommodating the changes of disease

progress in Section 2.3. Comparative experiments in Section 4.4 showed the necessity and

effectiveness of the adaptive OCM for foliar disease tracking from the original OCM.

• Foliar disease tracking was applied for observing disease progresses at variant scales in

Section 2.3. In practical application, both small-scale disease understanding and compre-

hensive disease analysis are required for precise plant protection. The flexibility of the

template-based adaptive OCM leads resizable template selection for tracking foliar dis-

ease at variant scales. In this study, we employed two scales’ disease tracking, one is on

local region scale for detailed description of disease pigment and morphological changes;

the other is on a single leaf scale for corresponding one of the actual used disease evalua-

tion system and aiming for real field application. Furthermore, multiple templates can be

extracted and tracked by the adaptive OCM simultaneously which makes site-specific re-

flection of inter- and intra-variances of disease progresses within a whole plant available.

In this study, experiments were implemented to observe disease variations in region-based

(in Section 4.5) and leaf-based (in Section 4.6) aspects.
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• Novel feature extraction: a 2D xy-color histogram feature was proposed for CLS clas-

sification without soil condition in Section 3.3. We proposed the 2D xy-color histogram

feature to classify CLS in environments without soil concern, such as sheltering soil back-

ground or concentrating disease observation on leaf surfaces, for obtaining high precision

in disease classification and quantification without the interference of soil. The feature

characters low dimensionality, non-parametric, luminance-independent, by which reliable

and robust disease classification and quantification results were accessed in both indoor

experiment and real field conditions (in Section 4.5).

• Novel feature extraction: a 3D L∗, a∗, Entropy× Density feature was proposed for CLS

classification with soil condition in Section 3.4. For field application, sandy soil back-

ground in natural field is impossible to be eliminated. However, resembling in color be-

tween CLS and soil is a great challenge for their discrimination in RGB color images.

In this study, we proposed a novel 3D feature space of the L∗, a∗, Entropy× Density,

by which the difficulty of the discrimination between CLS and soil was attacked. Addi-

tionally, the feature space can classify the CLS disease from more clutter and complex

visual patterns in real field conditions containing disease, healthy leaf, leaf stalk, specular

reflection and soil. Field experiment results (in Section 4.6) demonstrated the effective-

ness of the feature for CLS classification against the complex backgrounds. Moreover,

a comparative experiment was implemented and indicated the superior performance of

the proposed feature for disease classification compared with other feature combinations.

Meanwhile, the other comparative experiment results additionally demonstrated the rel-

ative robustness of the proposed feature space. As a whole, it showed great promise of

the proposed 3D feature for image-based CLS monitoring in sugar beet under real field

conditions.

• Experiment systems with minimum equipment requirements were designed for both in-

door and field conditions in Section 4.2. Both systems mainly consist of two components:

a digital camera and a support. Any artificial illumination and plant growth interference

were not needed (note that the fluorescent lamp in indoor experiment was placed only for

providing light resource of image capturing during dark night rather than keeping uniform

illumination). The simple construction makes the experimental system easily-accessed,

low-cost, portable and easily-operated, which leads the practicality of the proposed algo-

rithm for further large-scale field application.

5.2 Discussion and future work

In this section, we firstly concentrate on discussing possibilities to improve the proposed

algorithm for better experiment performances and real applications. Because we employed the

proposed algorithm for foliar disease detection on two scales under two different conditions,

we discuss the relevant algorithm designing along with their experimental results separately as

follows:
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• First is detecting foliar disease on local region scale without soil condition for precise

disease quantification. The small-scale adaptive OCM tracking (in Section 2.3.1) and 2D

feature extraction of xy-color histogram (in Section 3.3.1) were utilized. Both indoor and

field experiments were conducted in Section 4.5. From the experimental results, we see

successful and robust matching results was achieved for local disease tracking against var-

ious illuminations by the adaptive OCM. However, an slight under-classification problem

was revealed. The under-classification occurred in largely changed illumination condi-

tions such as dark illumination in indoor experiments and overcast weather in field ex-

periments. The problem appears to arise from two aspects: (1) the training sample for

the SVM classifier in this study was only constructed from one day, and thus, they may

be insufficient to capture all types of illumination under different weather conditions; and

(2) a single feather of the 2D xy-color histogram was used rather than integrating mul-

tiple features that might remedy the defects observed by use of only one feature. These

problems could potentially be improved by a combination of other features to improve

robustness and discriminative capability of the SVM classifier, such as the use of texture

feature and local homogeneity. Furthermore, color calibration for compensation of plant

images under various illumination changes may prove another effective way.

• Second is the foliar disease detection on a single leaf scale with soil condition for further

practical application. The leaf-scale adaptive OCM tracking (in Section 2.3.2) and 3D

L∗, a∗, Entropy× Density (in Section 3.4.1) were employed. The field experiment results

were showed in Section 4.6. We see the proposed algorithm can successfully track the sin-

gle leaf with relatively dramatic movements and clearly classify the CLS disease against

complex field backgrounds. However, accurate quantification of the disease progress can

not be provided for further disease severity evaluation. There are some reasons for the

inability in quantification: (1) the under-classification and over-classification exist in the

largely changed weather conditions; (2) uneven soil ground causes slight view changes

between camera and leaves over time; (3) large leaf deformation occurs due to internal

circadian clock movements and external environment interactions. The problem aroused

from the third reason is impossible to be handled by human operation. However, the first

two problems might be improved through adjusting the robustness of the classification

feature/model and the stabilization of the experimental system, to accommodate complex

changes in real field environments for reliable quantification. Furthermore, a criterion

for quantitatively evaluating image-based CLS severity index which corresponds with the

practical one is also taken into account in our future work to promote the current study for

the guidance of fungicide spraying .

In addition, the open problem of the initial template selection (size and position) as men-

tioned in Section 2.3.3 needs to be further experimentally investigated and theoretically analysed

for different application purposes and environmental conditions. Correlation models should be

built for analyzing the effect of initial template selections and specific purposes so as to develop

ideal scales for different application intentions.
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5.3 Conclusion

This thesis established a novel image algorithm for continuously detecting foliar disease

against variations in natural and complex environments. The main content of the thesis is the

proposed algorithm which mainly involves of two frameworks for tracking and classifying the

foliar disease from plant-level image sequences, respectively. The algorithm was applied under

double scales and conditions. Both indoor and field experiments were implemented. The ex-

perimental results indicated the feasibility and potential of the algorithm as a fundamental mea-

surement method for consistent, site-specific and quantitative observation of disease progresses

in plant, thus facilitating precise plant protection. Notably, the proposed algorithm might be

generally applicable and suitable to other leafy plant varieties infected by monochromatic leaf

diseases.
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