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consumption and emissions. With the development of advanced mechanical design, sensing
technologies, electronics and algorithms of planning and control, realizing field operations with
UGV platforms becomes more and more feasible. The need for developing UGV systems, an
example of which is shown in Figure 1.6, is driven by the increasing labor cost input on farmers
and public concern about the environment and working conditions [56]. An agricultural robot
mainly has three components: a sensing system for measuring important physical and
biological properties, decision-making abilities for determining how agricultural systems should
be manipulated and actuators to bring about various agricultural tasks accordingly [57]. UGVs
have the advantages of being small, lightweight and autonomous. Collecting data in close
proximity of fields also provides more precise images for processing. They also bring several

advantages, including safety, greater autonomy and efficiency [58,59].

Figure 1.5 Weed detection and management based on a tractor platform from Wang et al [55].

Figure 1.6 UGV platform from Bakker et al [60].
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The use of unmanned aerial vehicles (UAV) in precision agriculture is currently popular in
research and development. UAV, commonly known as a drone or an unmanned aerial system
(UAS), is an aircraft without a human aviator aboard. An unmanned rotary wing vehicle is a
type of rotorcraft in which lift and thrust are supplied by rotors. This allows the helicopter to
take off and land vertically, to hover, and to fly forward, backward, and laterally, which makes
them popular in the high spatial resolution agricultural remote sensing applications [61]. One
example is shown in Figure 1.7. UAVs offer good potential for SSWM in commercial-scale
fields or for monitoring of weed infestation over larger areas. One advantage of aerial sensors
is that they are able to cover larger areas in a very short period of time compared with ground-
based sensors. The resolution needed for detection depends on flight height and camera type.
In real situations, once the height and camera are decided, the GSD (ground sampling distance)

can be calculated, which will determine the size of the weeds that can still be detected.

Figure 1.7 Rotary wing unmanned aerial vehicle from Gao et al [62].

In addition, weed and task maps can be generated before implementing herbicides and allow
for a correct calculation of spray volume and pesticide products. For proximal remote sensing,
most agricultural UAVs are mini model fixed wing or multiple rotary wing types due to their low
cost, low speed and light weight [63]. Spray UAV helicopters such as Yamaha YH300 spray
unmanned helicopter have been adapted for agricultural remote sensing applications. They
are capable of taking heavy payloads. In addition, they can carry a digital multispectral CCD

(charge coupled device) camera MS2100 (formerly DuncanTech Ltd, Auburn, CA, USA) to
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survey and monitor crop growth for PCF [64]. In order to consistently develop UAV platforms
for agriculture applications, it is highly recommended that agricultural professional societies
cooperate with UAV industry to develop protocols (e.g. UAV operations), guidelines for
different monitoring tasks and standards (UAV and sensor types, flight height and speed) in
agriculture [65]. This may be the future work of agricultural UAV professionals and groups [63].
For specific agricultural applications, the discrimination and quantification of weeds from UAV
platforms need further research, especially for the automated analysis and interpretation of
imagery data [40]. Both ground-based and aerial platforms hold promise for SSWM
applications, but the economics of these systems or platforms are not favorable as they are
still in the research phase [36]. Besides, the developing of a robust decision model under
complicated field conditions remains a challenge, although extensive studies have been
attempted to solve it. Furthermore, because of the requirement of real-time action after
detection, the data processing units generally should have high computation power, and the

decision-making models must be fast, robust, flexible and simple [39].

Other than these three common platforms, satellites sometimes are also considered as
platforms for the research of weed detection and infestation. Compared with airborne imagery,
satellite images cover large and continuous areas in one time, but the unit lower price of high-
resolution satellite imagery is higher (e.g. USD $29 per km?) and the minimum order area for
new task collections is 100 km? with a 5 km minimum order width [66], which is not feasible for
a single farmer. Besides, the spatial resolution of satellite imagery is relatively low (60 cm
spatial resolution for Quickbird satellite imagery) for SSWM, where a subcentimeter resolution

is often needed.
1.2.4 Computer vision

Computer vision has been proven to be an effective tool for analysis in various agricultural
applications, such as weed classification [67], detection [62] and segmentation [68], selectively
harvesting fruits [69], plant disease detection [70], and automated phenotyping for plant

breeding [71]. Generally, a computer vision system includes two stages: image acquisition and
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image processing. Image acquisition is mainly using an imaging device to capture images. The
quality of the captured images by a computer vision system largely depends on illumination
and camera settings used during the recording phase. It is worthwhile to invest effort in the
image recording stage to capture better quality images for the image processing phase [72].
Image processing involves the tasks to manipulate digital images such as improving image
quality, color transformation, denoise and registration. Additionally, image analysis mainly
discriminates regions of interest (ROI) from images to extract information. It can be presented
multiple level analysis (low, intermediate and high level). Low-level processing, also called pre-
processing, includes operations for grayscale adjustment, focus correction, histogram
equalization and denoise [72]. The low-level processing typically improves the image quality
for higher level analysis. Intermediate-level processes include segmentation, description of
objects in the image. Image segmentation plays a very important role in image processing.
The goal of image segmentation is to simplify and or change the representation of an image
into meaningful regions or objects. Image segmentation is typically used to locate objects,
measure tissue volume and edges like lines and curves in an image. More specifically,
segmentation subdivides an image into its constituent region or object. It is the process of
assigning a label to every single pixel in an image such that pixels with the same label have
certain characteristics on the basis of discontinuity and similarity. Effective features result in
efficient segmentation. For example, color features such as Excess Green (ExG) are very
effective for vegetation segmentation from soil background. For multispectral and
hyperspectral images, spectral features are generally generated. One of the most common
approaches is to construct different vegetation indices from different wavelengths. After image
segmentation, the description of attributes such as geometry, texture that characterize these
segmented regions can be done to evaluate the ROI. High-level image analysis, or image
classification, includes the recognition and classification of ROI that are generally performed

by statistical classifiers or machine learning algorithms [72].
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1.2.5 Machine learning

Together with computer vision and robotics, machine learning has emerged and creates
many opportunities for precision agricultural applications. Liakos et al [73] carried out a review
study on applying machine learning techniques for agricultural tasks. Chlingaryan et al [74]
also did a review study on using machine learning approaches for crop yield prediction and
nitrogen status estimation in precision farming. Moreover, deep learning, a subfield of machine
learning, has increasingly gained popularity to be applied to precision farming tasks such as
weed and crop detection and segmentation [75], crop disease detection [76], and selectively
harvesting fruits [77]. Generally, machine learning is the scientific study of algorithms and
statistical models that computer systems use to perform a specific task with a learning process
from training data instead of using explicit instructions (Figure 1.8). It can be divided into
different broad categories depending on the learning type (supervised, unsupervised and
reinforcement learning), or learning models (classification, regression, clustering) [73].

Specifically, the process consists of the following steps [78]:

(1) Data preparation and collection: learning algorithms typically require a large amount of
data. It is important to consider the dataset and computation resources based on the
complexity of problems.

(2) Algorithm selection: select the appropriate algorithms based on the real problem and
dataset.

(3) Parameter tuning: some parameters need to be tuned for the best prediction
performance. Generally, this step is done using a validation dataset.

(4) Training: feed the data such as structured data input and images to the algorithms. The
training consists of the construction of the computational model that will be used in the
prediction answers to new test examples.

(5) Evaluation: it is necessary to evaluate the developed model for its accuracy and

robustness
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Figure 1.8 General flowchart of a machine learning approach from Liakos et al [73].

In supervised learning, a set of labeled training samples (correct answers) will be provided
to algorithms to generalize and respond correctly to all possible inputs in the training process,
while unsupervised learning compares inputs to each other to identify similarities in order to
classify them into categories [72]. Reinforcement learning [79] refers to goal-oriented
algorithms, which learn how to attain a complex objective or maximize along a particular
dimension over many steps. The algorithm is informed when it responds incorrectly, but this
does not happen when it responds correctly. Different answers will be explored until the correct

answer is found.

Figure 1.9 displays the general workflow for weed recognition or detection with computer
vision and machine learning techniques. Weed recognition is the process of taking a weed
image and recognizing the features or structures of the weed image, and then classifying the
weed. Weed classification is the process of classifying weeds on the basis of recognized
features and characteristics. Weed detection is the combination of the task of classification
and localization. It is the process of finding out the particular weed objects in an image. The
input images can be collected from different kinds of imaging sensors. To facilitate image
segmentation, original images usually need to be pre-processed, which includes image de-
noising, color space transformation, normalization, resizing, contrast enhancement [80]. In
terms of weed detection, segmentation could become a complex issue if multiple weed species
are present in an image. In this circumstance, athreshold-based segmentation is probably not

suitable to solve this problem. A learning-based segmentation algorithm needs to be
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developed. For feature extraction, it is very important to design effective features. Sometimes,
it is an intuitive task and domain expertise would be helpful to this task. Morphological, spectral,
textural features are generally considered in weed recognition. Then these features can be fed
into a machine learning-based algorithm for classification. By contrast, deep learning can
provide an end-to-end pipeline for weed detection, and it does not rely on hand-crafted features

used in convolutional machine learning algorithms.

. Input —> Image Binary image Features Classified weed
images enhancement | and Crop

. Vegetation Feature A
Pre-processing . . Classification
segmentation extraction
colour space, Threshold-based Geometry Machine learning

Transformation,
Normalization, Learning-based Spectral Deep learning
Size reduction,

Denoise,
etc Spatial contexts

Textural

Figure 1.9 The general flowchart of weed detection based on image processing and machine

learning Wang et al [80].

1.3 Thesis objectiveand outline

Currently, developing a robust weed/crop decision system under field conditions is still a
bottleneck of SSWM implementation, although extensive studies have been attempted to solve
it. The objective of this thesis is to systematically study and to improve weed recognition and
detection in different crops (maize, rice and sugar beet) under different conditions (controlled
laboratory environments and field conditions) with different imaging sensors (visual camera,
snapshot hyperspectral camera and line-scanning hyperspectral camera), and to contribute to

the development of site-specific weed management with either UAVs or ground-based vehicles.

The outline of the thesis is displayed in Figure 1.10. Chapter 1 gives the state-of-the-art of
SSWM. Chapter 2 provides the theoretical background of machine learning algorithms used in
this thesis. From Chapter 3 to Chapter 6, we try to find answers to the questions relevant to

SSWM. The research questions in bold indicate the major elements of this thesis and are dealt
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with in the research chapters. The last chapter lists the main conclusions, general discussion

and future perspectives.

[Introduction (Chapter 1) and Theoretical background (Chapter 2]]

¥
' 4
[ Weed recognition ] Weed detection
(feature extraction and classification) (individual weed detection in images)
! ¥

Laboratory scale Field scale

i Chapter 3: Recognizing weeds in a maize crop
using a random forest machine-learning i
i algorithm and near-infrared snapshot mosaic
i hyperspectral imagery i

Chapter 5: Fusion of pixel- and object based i
features for weed mapping using unmanned :
i aerial vehicle imagery i

iChapter 4: Automated spectral feature Chapter 6: Deep convolutional neural
iextraction from hyperspectral images for Oryza: i networks for image-based Convolvulus
istaivaf. spontanea and Echinochloa crus-galli i sepium detection in sugar beet fields

idiscrimination from a rice crop

o st T S —
!

General discussions, reflections and future perspectives
(Chapter 7)

Figure 1.10 Thesis outline.

1, Is it feasible to use a 25 bands snapshot hyperspectral camera for weeds and maize

crop recognition in their early growth stages at laboratory scale?

Chapter 3 explores the potential of snapshot hyperspectral images with machine learning
algorithms for recognition of three kinds of weeds (C. arvensis, Rumex obtusifolius L. (bitter
dock, broad-leaved dock), C. arvense) and maize at laboratory scale. Spectral features are
manually extracted from selected regions of interest (ROIs). Image processing, feature
engineering and machine learning techniques are studied for developing an optimal
classification model. The training samples come from manually selected ROIls. After extracting
spectral features from ROIs, a principal component analysis is used to reduce redundant
features. The first 5 principal components are kept for further analysis. Random Forests, k-
nearest neighbor machine learning algorithms are employed for modeling, and their prediction

performances were compared using a statistical way.
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2, How suitable and accurate are automatically selected important spectral features for
the discrimination of troublesome weeds in arice crop with a line-scanning

hyperspectral imaging system?

Chapter 4 assesses the capabilities of the line-scanning hyperspectral images in
discriminating co-occurring weeds that are difficult to distinguish based on their color and
morphology in a rice crop. Instead of manually selecting ROIs for spectral features extraction,
an automated spectral feature pipeline is developed. Feature selection approaches are
discussed for the most important features. The selected important features are evaluated

again for troublesome weeds discrimination in a rice crop.

3, How feasible is a drone platform equipped with an affordable camera for weed

mapping in a maize (early growth stage) experimental field?

To answer this question, in chapter 5 a drone platform equipped with a visual camera is
used to collect data in an experimental plot. The Hough transform (HT) algorithm is applied to
the orthomosaicked images for inter-row weed detection. A semi-automatic Object-Based
Image Analysis (OBIA) procedure is developed with Random Forests for intra-row weed
detection. Furthermore, the two binary weed masks generated from HT and OBIA are fused to
obtain a fused binary weed image. The importance of the extracted features is evaluated.
Besides, the relationship between detected weeds and their ground truth densities is quantified

by fitting a linear regression model.

4, What are the performance and advantages of deep learning with RGB images for

C. sepium detection in sugar beet fields?

In previous studies, the good prediction results from machine learning algorithms are based
on hand-crafted features. This might fail to generalize over different fields. In chapter 6, a deep
convolutional neural network, automatically extracting features hierarchically, is developed for
C. sepium detection. The developed deep learning model is tested on 100 field images to

check its performance in real field data. Mean average precision (mAP) is used as a metric to
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evaluate the model performances. The mean averaged precision and inference time of the
developed model are compared with other models. Besides, the potential of using this model

for developing a site-specific spraying weed management is further discussed.
5, General conclusions and future perspectives (How to continue?)

The thesis ends with a summary of the (general) conclusions and some recommendations
for future work on weed detection and SSWM. Chapter 7 reflects on used methodologies,
major findings and final achievements, and how to develop the technology from a farmer's
perspective. The obtained results were discussed and compared to previous studies.
Furthermore, suggestions for possible ways to implement SSWM are discussed in chapter 7.
Besides, future work and perspectives are also discussed in this chapter for further optimizing

weed/crop detection in practice.
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CHAPTER 2

Camera introduction and theoretical background of

machine learning algorithms

In this chapter, the different cameras used in the thesis are presented and compared. Moreover,
the theoretical background of machine learning algorithms used in the thesis is presented,
which includes K-Nearest Neighbor, linear discriminant analysis, support vector machines,
random forests, and deep convolutional neural networks. We also provide some common
metrics to evaluate the models. Besides, the advantages and disadvantages of using these

algorithms are also discussed in this chapter.
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2.1 Cameras and sensors

As briefly described in chapter 1, a lot of sensors can be used in weed sensing. We will only
focus on imaging sensors in our thesis. Usually, imaging sensors are divided into RGB,
multispectral and hyperspectral cameras. The main difference between multispectral and
hyperspectral cameras is the number of spectral bands and how narrow these bands are. The
spectral ranges captured in an RGB or hyperspectral camera are shown in Figure 2.1. The
color visible to the human eye is a small range (400-700 nm) in the electromagnetic spectrum.
The spectrum that is typically used for hyperspectral imaging of plants ranges from ultraviolet
(UV) (around 250 nm) up to short-wave infrared (around 2500 nm). Cameras generally use a
certain sub-range, such as the visible range for RGB cameras, the visible and near infrared
ranges (VIS-NIR, 400-1200 nm) for hyperspectral cameras. Table 2.1 gives an overview of
some cameras for site-specific weed management (SSWM). The choice of these cameras
highly depends on the specific applications. Concerning this point, Maes and Steppe [81]
discussed the suitability of different cameras for precision agriculture applications and
concluded that hyperspectral cameras were highly suited for weed detection with spectral
discrimination and RGB and multispectral cameras were highly suited for object-based weed

detection.

Spectrum range
Wavelength

1006 10A-2 10A-1 1 1003 1005 (um)

Gamma rays X - Rays Ultra violet Visible' Infra-red Microwaves Radio waves

NIR SWIR MWIR  LWIR

400nm O\, " 700nm  1um 2.5um 5um 8-12um 1000um

‘\\ | -~
\\‘ _,‘_,,,//,,.," B

RGB image - 3 wavelengths

1000 nanometers (nm) = 1
micrometer (um)

Hyperspectral range 1000 micrometers(um) = 1

millimeter(mm)

Figure 2.1 Spectral ranges captured in an RGB or hyperspectral camera from Lowe et al [82].
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Table 2.1. Overview of common imaging sensors for weed detection.

Sensor Number of bands Used in this thesis Examples Cost ($)
RGB 3 wide bands (Red, Chapter 5, Chapter 6 e Web camera 50-3000
Green, and Blue) o Nikon
e Canon
Multispectral 4-10 - e Micasense, 5000-
« PixelCam 30000

¢ Parrot Sequoia

Hyperspectral >10 bands Chapter 3 (snapshot, 25 e Specim 25000-
bands) e Ximea 100000
Chapter 4 (line-scanning, 512 o Headwall
bands) e Imec

2.1.1 RGB camera

An RGB image sensor records the brightness of the light that falls on it by accumulating an
electrical charge. The more light that hits a pixel, the higher the charge it records, and vice
versa. After the shutter closes to the end of the exposure, the charge from each pixel is
measured and converted. The RGB images are acquired from the real world through a Bayer
filter (Figure 2.2) that makes each active pixel sensible to a specific wavelength of one of the
three additive primary colors (Red, Green or Blue). After the acquisition of the image, it is
necessary to convert it form the Bayer format to the RGB format. In the Bayer format, each
active pixel contains information of just one additive primary color. But each pixel must contain
information of the three primary additive colors in the RGB format. In order to complete the
color information of each pixel in a Bayer to RGB conversion, an interpolation is operated for
the missing values with the information provided by the pixel neighborhood [83]. The
advantages of using an RGB camera are its affordability and generally high spatial resolution.
This is very useful to extract fine-grained features from regions of interest (ROIs). The common
field applications with RGB cameras include weed detection, segmentation and mapping for

SSWM [38], agricultural pest classification and detection [84], crop row detection for
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autonomous agricultural field robot driving [85], and crop quality inspection and sorting [86].
However, due to its relatively low spectral resolution, for some applications, it underperforms.
For example, early detection of crop disease would be difficult with only the three channel (Red,
Green and Blue) images available. In this respect, multispectral or hyperspectral cameras, with
more wavelengths distributed in the visual and near infrared range, are suggested to be

employed.

Figure 2.2 The Bayer arrangement of color filters on the pixel array of an RGB image sensor

from Cburnett [87].

2.1.2 Snapshot hyperspectral camera

Hyperspectral cameras divide the light spectrum into many small wavelength bands
compared to RGB cameras, providing a higher level of spectral detail. It is one of the most
powerful imaging sensors for plant quality measurements. With a detailed spectral fingerprint
and spatial information of an object, hyperspectral imaging improves considerably the
recognition and detection of ROIs [88,89]. A snapshot hyperspectral camera offers a solution
for non-scanning applications by integrating spectral filters monolithically on top of imager
wafers in a mosaic pattern. The snapshot hyperspectral camera in our research (some
specifications are shown in Table 2.2) has 25 different spectral bands from 600-900 nm, with
a total mass less than 500 g including the body frame, the filter (Edmund Optics, USA), and
an imaging sensor (CMOSIS CMV2000 based) from IMEC company in Belgium, an embedded
chip system (3D-ONE, Netherlands), storage and power distribution unit. The 25 bands (601

nm, 605 nm, 614 nm, 627 nm, 636 nm, 644 nm, 652 nm, 660 nm, 669 nm, 677 nm, 684 nm,
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698 nm, 724 nm, 738 nm, 750 nm, 764 nm, 776 nm, 790 nm, 802 nm, 814 nm, 833 nm, 845

nm, 855 nm, 866 nm, 871 nm) display as a 5x5 mosaic array (Figure 2.3), and the spatial

resolution of each spectral band image is 403 x 216 pixels.

Table 2.2 IMEC snapshot mosaic hyperspectral imager and camera hardware specifications.

Acquisition mode

Snapshot mosaic

Number of spectral bands
Bandwidth per band (FWHM)
Imager type

Image size

Spatial resolution

Interface

Pixel pitch

Bit depth

Optical input

Dimensions

Weight

25 bands in 665-900 nm

<15 nm, collimated

CMOS imager, CMOSIS, CMVv2000
2.2 Mpixels

403x216 per band

GiGe Version and triggering

5.5 um

12 it

(near) telecentric

50x50x50 mm

120 g without fore-optics

Figure 2.3 An example image from a snapshot mosaic hyperspectral camera.

The main advantages of a snapshot hyperspectral camera are the efficiency of usage of the

incident light and the image acquisition is quite fast (up to 340 hyperspectral cubes per second).

The downside of this camera is mainly its relatively low spatial resolution.
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Table 2.5 Generic pseudo code for a KNN algorithm.

1: Input: input data set (contains features and class labels) X

2: Hyperparameter initialization: K to choose the number of neighbors

3: For each example in the data do:

4: calculate the distance between the query example and the current example

5: store the distance and the index of the example to an ordered collection

6: end

7: sort the ordered collection of distances and indices in ascending way by the distances
8: select the first K samples from the sorted collection

9: Output: class label is obtained by the majority vote of the labels in the selected K samples.

2.2.2 Linear discriminant analysis (LDA)

LDA is a general method used in statistics, pattern recognition, and machine learning to find
a linear combination of features that characterizes or separate two or more classes of objects
or events [96]. The combination may be used as a linear classifier, or more commonly used
for dimensionality reduction before classification. Generally, LDA makes some simplifying
assumptions about your data. One is Gaussian distribution of feature variables. Another is
each feature variable has the same variances, the values of each variable vary around the
mean by the same amount on average. With these assumptions, the LDA model estimates the
mean and variance from the data for each class. For multiclass LDA where there are more
than two classes (problems in the PhD), it is supposed that there are n classes. The intra-class
matrix is calculated with Equation 2.2.

3 = (=) (- 22)

i=1 xec

The inter-class scatter matrix computation is given by Equation 2.3.

D= _Zn:mi (X —X)(X% —X)' (2.3)
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where n is the number of classes, m, is the number of training samples for each class, X;is

the mean for each class and X is the mean of the class means. The linear transformation can

be obtained by solving the generalization eigenvalue problem:

>, d=2) 0 (2.4)

The upper bounds of the ranks of X and X. are respectively m-n and n-1. Once the

transformation @ is calculated, the classification is then performed in the transformed space

based on some distance metric, such as Euclidean distance (Equation 2.1). Then the new

instance z is classified toarg mind(z®, X, @) , where X, is the centroid of k-th class.
k

Since LDA assumes that each feature variable has the same variance, it is always better to
standardize the dataset before using a LDA model. As a linear classifier, LDA is easy to
understand. However, LDA makes the assumption of Gaussian data distribution, which is
difficult to meet this criterion in real situations, especially for data collected under field

conditions. The linear classifier might have limitations for complex multi-classification problems.
2.2.3 Support vector machine (SVM)

A SVM is a supervised learning method which has been employed for linear and nonlinear
classification, regression and outlier detection. It is based on the concept of hyperplanes that
defines decision boundaries. The general idea of SVM is to separate training instances which
belong to different classes by tracing maximum margin hyperplanes in the space where the
instances are mapped (Figure 2.6). Thus, SVM only demands training instances near the class
boundary, and it is capable of handling high dimensional data even if a small number of training
instances are provided [97]. With a kernel which maps input data into high-dimensional space,
SVM is generalized to non-linear classification problems. In a non-perfectly separable case,

the margin is “soft”. SVM solves the following constraint optimization problems:
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X2

Support Vectors

Xq
Figure 2.6. Geometrical representation of the SVM margin.

The score of sample j can be expressed as:

Zj =W Xjy +WoX;, +.t Wy X b (2.5)
In a compact format as z; = X;W+b

The optimization problem for the calculation of w and b can thus be expressed hy:

. 1
miny e = G1lwll® + CEL &) (2.6)
subject to yi(xTw+b) 21-¢ Vi=1,...,n (2.7)
g =20 Vvi=1,...,n (2.8)

where w is a vector which contains weights of the variables and b is a constant. y; is a label

from data instances and ¢; are the positive slack variables allowing to deal with permitted errors.

The regularization parameter (C) affects the generalization capability of SVM, which weights
in-sample classification errors. The higher is C, the higher is the weight given to in-sample
misclassifications, and the lower is the generalization of SVM. This means that the SVM may
perform well on the training set but would work poorly on a new instance. Bad generalization
may be the result of overfitting on the training set. The smaller C, the wider margin is, and the

more and larger in-sample classification errors are permitted. It controls the trade-off between

36



smooth decision boundaries and classifying the training points correctly. The hyperparameters
C, a kernel function, and gamma A (in case of a non-linear kernel to handle non-linear
classification) need to be tuned before developing an optimal SVM [98]. For example. When
choosing a radial basis function (RBF) kernel (a common kernel as a non-linear kernel) for
SVMs, the gamma A defines how far the influence of a single training example reaches, with

low values meaning “far” and high values meaning “close”. The gamma A parameters can be
seen as the inverse of the radius of influence of samples selected by the model as support

vectors.

The advantages of SVM are its higher effectiveness on small and high dimensional data
spaces because of the fact that the complexity of the training dataset in SVM is generally
characterized by the number of support vectors rather than the dimensionality. It is more
appropriate in case the number of dimensions is greater than the number of samples. The
kernel trick is the strength of SVM, with a proper kernel (e.g. linear kernel, Gaussian kernel,
and radial basis function), it can solve very complex problems. Furthermore, a SVM provides
a good out-of-sample generalization, if the hyperparameters C and A (in case of a non-linear
kernel) are appropriately selected. This means that, by choosing an appropriate generalization
grade, SVMs can be robust, even when the training sample has some bias. However, as the
support vectors classifier works by putting data points, above or below the classifying
hyperplane there is no probabilistic explanation for the classification. They are not suitable for
larger datasets because the training time with SVMs can be high and much more
computationally intensive. For noisy datasets which have too many overlapping classes, a
SVM generally underperforms. Moreover, it is difficult to understand and interpret the model,

variable weights and individual impacts.
2.2.4 Random Forests
Random Forests (RF), an ensemble learning algorithm, is one of the popular and powerful

machine-learning techniques [99]. RF contains a group of classification or regression decision
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trees [100] (e.g. 500 decision trees in a single RF) that are aggregated to compute a
classification or regression by means of a majority vote over all trees. Each decision tree is
constructed by randomly selecting the subset of features and using a different bootstrap
sample from original data, which can reduce the effects of overfitting and improve
generalization [101]. When building a RF, about one-third of the data is left out of the bootstrap
samples and not used in the construction of the decision tree. This remaining data, also called
out-of-bag samples (OOB), can be used to evaluate the OOB errors as well as to determine
the importance of a feature by looking at how much OOB error increase when OOB data for
that feature is permuted while all other features are staying unchanged. The number of trees
(m) and the number of randomly selected features (n) to split the tree nodes are two
hyperparameters which require being optimized to obtain a minimal RF error. The pseudo-

code of RF is displayed in Table 2.6.

The advantage of RF is the power of handling data sets with a high dimensionality. It can
process thousands of input variables and identity the most significant variables. On the other
hand, RF also has a few disadvantages. For example, compared to an individual decision tree,
it is less interpretable as an ensemble model. Prediction can be slow, which may create

challenges for real-time applications under field conditions [102].

Table 2.6 Generic pseudo code for a RF classifier.

1: Input: input data set (contain features and class labels) X

2: Hyperparameter initialization: number of trees (m), number of features (n)
3: Fori=1tomdo:

4: randomly choose a bootstrap subset Xi (two-thirds of instances in X)

5: build a decision tree with randomly selected n features to split nodes

6: end

7: Output: class label is obtained by the majority vote of the ensemble of m trees
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2.2.5 Deep convolutional neural network

Deep neural networks have increasingly become one of the state-of-the-art approaches for
a wide range of practical machine learning tasks such as image classification, speech
recognition, and object detection. Convolutional networks [103], also known as deep
convolutional neural networks (CNNs), are generally used in the community of image
processing. This network is simply a neural network that uses convolution instead of general
matrix multiplication in at least of its layers as in conventional artificial neural networks (also
called artificial neural network or multi-layer perceptrons shown in Figure 2.7). Acommon layer
in convolutional networks is the pooling layer. It downsamples the spatial size of feature maps
and thus decreases the computational power required to process the data. It is useful to extract
dominant features. A fully connected layer in which neurons between two adjacent layers are
fully connected is working similarly as the regular neural network [104]. These three layers
(convolutional, pooling and fully connected layers) are typical layers presented in a deep
convolutional neural network (Figure 2.8). The main benefits of using convolutional operations
are sparse connectivity and parameter sharing, which could remedy the risk of overfitting in
the training process. With the process of training, a deep neural network learns hierarchical

features automatically.

Qutput layer

Input layer

hiddenlayerl hidden layer2

Figure 2.7 Typical architecture of an artificial neural network.
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Fully connected layer
Figure 2.8 Typical components of a convolutional network for an image classification task.

2.2.5.1 Convolutional layer

Most layers of CNNs use convolutional operations (Figure 2.9). In the continuous case, a

convolution of two functions f and g is defined as follows:

(f*o)t) = f(gt-)dr=[" f(t-r)g(r)dr (2.9)

In the discrete case, an integral is replaced by a sum:
(fxg)n)= > f(mg(n-m)= > f(n—m)g(m) (2.10)

If discrete g has supporton {-M,..,M}

M

(fxg)(n)= > f(n-m)g(m) (2.11)

m=—M
In this case g is called a kernel function. This definition can be extended to multi-dimensional
case. CNNs generally perform 2D convolution on images:

M N

(f+g)xy)= >, > f(x-ny-m)g(nm) (2.12)

m=-M n=-N
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Figure 2.9 Operation with kernels (filters) in a convolutional layer.

2.2.5.2 Pooling layer

It is common to periodically insert a pooling layer between two convolutional layers in an
architecture. The main function of a pooling layer is to progressively reduce the spatial size of
the representation to reduce the number of parameters and computation in the network, and
hence to reduce the risk of overfitting [105]. The most common form is a MAX pooling layer
with filters of size 2x2 applied with a stride of 2 downsamples every feature map along both
height and width, discarding 75% of the activations. Other than max pooling, the pooling unit

can also perform other functions, such as average pooling.
2.2.5.3 Fully connected layer and output layer

Neurons in a fully connected layer have full connections to all activations in the previous
layer, as seen in a regular neural network (Figure 2.7). For classification tasks, the typical
output and final layer of CNNs is a softmax layer. A softmax function (Equation 2.10) is a type
of squashing function, limiting the output of the function into the range of 0 and 1. Softmax
layers are suitable for determining multi-class probabilities. However, there are limits. Softmax
becomes computationally intensive as the number of classes grows. Additionally, a softmax
layer assumes that there is only one class for each object, and in situations where an object
belongs to multiple classes, a softmax layer is not appropriate to be selected. In this case, a
multiple logistic regression layer is suggested to be used. Note that a softmax layer is just an
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example of the output layers. It is common to develop a customized layer depending on real

tasks.

Ok

€
p(ck :1| X) = C

2"

j=1

(2.13)

where p is the probability of class k given input, c is the number of classes, 0,is the output

value from the second last layer.

2.2.5.4 Training of a deep convolutional neural network

The objective function is one of the most fundamental components in machine learning to
describe optimization problems. This function, taking data and model parameters as
arguments, can be evaluated to return a number. For some objectives, the optimal parameters
can be calculated directly. For others, the optimal parameters can not be found exactly, but
can be approximated using a variety of iterative algorithms. For example, The backpropagation
algorithm [106] is used to compute the gradient of an objective function with respect to the
weights of a multiple layer based on chain rule for derivatives. The key insight is that the
gradient (derivative) of the objective with respect to the input of a module could be calculated
by working backwards from the gradient with respect to the output of the subsequent module.
The backpropagation can be used repeatedly to propagate gradients through all layers,
starting from the output at the top all the way to the bottom. Once these gradients have been
computed, it is straightforward to compute the gradients with respect to the weights of each
layer. Backpropagating gradients through CNNs is as similar as through a regular deep

network, allowing all the weights in all layers to be trained appropriately [107].

A deep convolutional neural network takes longer to train, generally with multiple GPUs
assisted to speed up the training process, and its architecture can be developed very complex
and deep, however, with the added complexity, very impressive recognition and detection

results are achievable [82]. Compared to conventional machine learning algorithms such as
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random forests, a deep neural network needs more labeled training samples to deliver the
same level of accuracy, but generally it will benefit from massive amounts of data, and

continuously improve the accuracy.

2.3 Model selectionand validation

In our thesis, we do not have too many samples for training machine learning models,
especially in chapters 3 and 4. The k-fold cross validation technique is designed to give an
accurate estimate of the true error without wasting too much data. In k-fold cross validation the
original training set is partitioned into k subsets. For each fold, the algorithm is trained on the
union of the other folders and then the error of its output is estimated using the fold. Finally,
the average of all these errors is the estimate of the true error. K-fold cross validation is often
employed for model selection or hyperparameter tuning. Once the optimal hyperparameters
are determined, the algorithm could be retained using these optimal parameters on the entire

dataset.

Table 2.7 Pseudo code of using k-fold cross validation for model selection.

1: Input: training data set S (contain features and class labels)
set of hyperparameter candidates
learning algorithm A
integer k

2: Partition: Sinto fold Sy, S, ..., Sk

3: For each candidate in the set of hyperparameter do:

4: For each fold in S4, S, ..., Sk

5: Training the learning algorithm A on the union of other folds
6: Predicting the result of samples in this fold.
7: end

8:  Calculate the overall accuracy or error
9: end
10: Output: the optimal hyperparameters and the hypothesis trained by these parameters on the entire

training set
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2.4 Evaluation metrics

2.4.1 Metrics for classification

A confusion matrix is a table that is generally used to describe the performance of a
classification model on a set of data for which the true values are known. It is a summary of
prediction results on a classification problem. The number of correct and incorrect predictions
are summarized with count values and broken down by each class. An example of a confusion

matrix can be seen in Table 2.8.

Table 2.8 Example of a confusion matrix for a binary classification.

Truth
Prediction Weed Not weed
Weed True positive False positive
Not weed False negative True negative

In this table, precision, recall and F1 values can be used as performance metrics for model
evaluation in a classification task. Precision quantifies the number of positive class predictions
that actually belong to the positive class (Equation 2.14). For example, in Table 2.8, precision
of weed class equals the number of true positive of weed class divided by the total number of
true positive and false positive (Precision = True positive / (True positive + False positive)).
Recall, also called sensitivity, is a metric that quantifies the number of correct positive
predictions out of all positive predictions (Equation 2.15). For example, in Table 2.8, the recall
of weed class equals the number of true positive divided by the total number of weed samples
in the dataset (Recall = True positive / (True positive + False negative)). F1 score, calculated
by Equation 2.16, is interpreted as a weighted average of precision and recall. It is the
harmonic mean of precision and recall. The best value of F1 is 1 and the worst value is 0.In
addition, another common statistic for reporting the performance of a multi-classification model

is model accuracy [108]. Model accuracy is the overall correctness of the model and is
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calculated as the sum of correct samples divided by the total number of samples. Besides, the
Kappa coefficient (Equation 2.17) [109] measures the agreement between predicted and truth

values. A kappa value of 1 means full agreement, while the value of O represents no agreement.

Precision; = }j:”” (2.14)
jEji
Ei;
Recall; = %5, (2.15)
F(i)l — 24 Precision; *Recall; (216)

Precision;+Recall;

NXL, By — 2%, (GiCy)
N2 _2?:1(Gici)

K= (2.17)

In a confusion matrix, where E;irepresents diagonal elements of the i-th class, X;Ej; represents
the sum of i-th class predicted by a classification model. J;E;; represents the total of true values

of the i-th class. n is the class number. G; is the total number of truth values belonging to class

i, C; is the total number of predicted values belonging to class i.
2.4.2 Metrics for object detection with deep learning

For object detection applications, precision is the ratio of true object detections to the total
number of objects that a model predicted. Recall is the ratio of true object detections to the
total number of objects in a dataset. In order to determine whether a prediction is correct, the
area of the overlap, also called intersection over union (loU) (Equation 2.18) between the
predicted bounding box and the ground truth bounding box is introduced. Typically, a prediction
is considered to be true positive if the loU exceeds the threshold, otherwise, it is considered to
be false positive. Mean average precision (MmAP) is a standard metric for evaluation of model
performance. Generally, average precision (AP) for each class is calculated separately, and
then averaging AP over all the classes to calculate mAP value (Equation 2.20). The AP,
calculated by Equation 2.19, is precision averaged across all the values of recall between 0

and 1, namely the area under the precision recall curve [110]. An approximation of the area is
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calculated via Riemann summation. Note that both precision and recall metrics vary with loU

thresholds. In the PhD, the loU threshold is set as 0.5.

IoU = areaBpnareaBg¢ (218)

areaBpUareaBg

where areaB, isthe area of the predicted bounding box, and areaB,, is the area of the ground

truth bounding box.

AP = YN__ P(k)Arecall (k) (2.19)

XM _ AP(m)

mAP = (2.20)

where N is the total number of images in the test dataset, M is the number of classes, P(k) is
the precision value at k images and Arecall(k) is the change of the recall between k and k-1

images.
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CHAPTER3

Recognizing weeds in a maize crop using a random
forest machine-learning algorithm and near-infrared

snapshot mosaic hyperspectral imagery

This chapter explores the potential of a hyperspectral snapshot mosaic camera for weed and
maize classification. The image processing, feature engineering and machine learning
techniques were discussed when developing an optimal classification model for the three kinds
of weeds (C. arvensis, R. obtusifolius and C. arvense) and maize. A total set of 185 spectral
features including reflectance and vegetation index features was constructed. Subsequently,
the principal component analysis was used to reduce the redundancy of the constructed
features. Furthermore, random forests were built for developing the classifier with three
different combinations of features. Moreover, hyperparameter tuning was explored for the
optimal selection of random forest models. The results showed that the optimal random forest
model with 30 important spectral features can achieve a mean correct classification rate of 1.0,
0.789, 0.691 and 0.752 for maize, C. arvensis, R. obtusifolius and C. arvense, respectively.
The McNemar test showed an overall better performance of the optimal random forest model
at the 0.05 significance level compared to the k-nearest neighbors model. The spectral features
were extracted manually based on regions of interest. Overall, the main objectives of this study
are to get familiar with snapshot hyperspectral image processing and to explore the use of
machine learning algorithms for classification. As the experiment was carried out in the
laboratory with manually selected leaf samples as ROI, the results and findings are still needed
to be reconsidered when applying this camera in field conditions. In chapter 4, this procedure
is optimized, and an automated feature extraction pipeline is developed based on line-

scanning hyperspectral images.
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This chapter is adapted based on the publication of:

Junfeng Gao; David Nuyttens; Peter Lootens; Yong He; Jan G. Pieters; Recognising weeds
in a maize crop using a random forest machine-learning algorithm and near-infrared snapshot

mosaic hyperspectral imagery. Biosystems Engineering, 2018, 170, 39-50.
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3.1 Introduction

Maize, one of the main cereals for food, forage and processed industrial products, is widely
grown worldwide and a greater amount of maize is produced every year than any other grain
[111]. Although the worldwide maize yield increased to 1080 million tonnes in 2016 according
to the statistics of the Food and Agriculture Organization of the United Nations (FAO) [112],
the quality of this crop still had many problems such as weed infestation, animal pests and
pathogens [113]. Weeds are one of the most important factors to limit maize production. They
cause significant yield losses worldwide with an average of 29.2% if no weed control is applied
[114,115]. Generally, most fields are infested with multiple weeds. For maize fields, C. arvensis
and Cirsium arvense are common weeds in central and western Europe [22]. In certain
circumstances, R. obtusifolius also germinates among maize seedlings due to its high
fecundity. Besides, they are all perennial dicotyledons, which are suitable to control using
chemical or mechanical ways [116,117]. The common weed management methods include
prevention and cultural, mechanical, biological and chemical approaches [11]. Chemical
methods such as spraying effective herbicides are the dominant management techniques for
weed control in modern agriculture [11]. Mostly, the weed control efficiency of these tactics is
highest when applied at early weed growth stages [39]. Especially for a maize crop, itis difficult

to spray in practice in late growth stages due to the height of maize plants.

Under natural growing conditions, weeds are generally distributed in small patches, but
farmers often uniformly spray herbicide in their fields, which is not always necessary to control
weeds and also increases the cost of crop production. Site-specific weed management
(SSWM), a precision agriculture approach, refers to the spatially variable application of weed
control strategies for achieving the minimization of herbicide usage [36]. It is useful in
monitoring and managing weed patches at early growth stages [40]. However, one of the main

technical challenges of implementation lies in weed detection or classification [40,118].

Currently, most weed detection studies can be classified into two groups. The first group

utilizes geometric differences for identification, such as leaf shape, texture, crop location. The
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second group differentiates weeds from crops using spectral reflectance characteristics
[118,119]. Based on the two principles, various sensors, both imaging and non-imaging ones,
have been applied for weed detection in recent years. RGB cameras are widely applied for
weed detection due to their general availability and low cost [49-51]. However, RGB cameras
provide only limited spectral information as they only record information using three broad
bands. To obtain more spectral information, a hyperspectral camera was introduced in
classification applications [120]. Hyperspectral imaging sensors often involve more and
narrower bands to gain detailed spectral information. Every pixel from hyperspectral images
has complete spectral information which has been used for a variety of applications in
agriculture [121]. For example, the applications of line-scanning hyperspectral imagery for
weed species recognition were presented in [122]. Wendel et al [123] also developed a self-
supervised training data generation and weed detection system for vegetable fields. However,
these systems, based on line-scanning hyperspectral sensors, are negatively affected by the
rapid motion of platforms or objects because of the need to scan images. A snapshot
hyperspectral system, without scanning, enables both spatial and spectral information to be
captured simultaneously during a single integration time of a detector array. The video-rate
hyperspectral datacubes provided by this system also ensure their high efficiency for
monitoring crops. Besides, this system can be developed into a compact device which is

appropriate for drone-based remote sensing in agriculture [124].

In this study, a shapshot mosaic hyperspectral imaging sensor was applied to weed and
maize classification. We propose an approach to process these snapshot hyperspectral
images to obtain the spectral reflectance of a region of interest (ROI). The specific objectives
of this chapter are (1) to get familiar with processing snapshot hyperspectral images, (2) to
explore the feasibility of a near infrared (NIR) snapshot mosaic hyperspectral camera in weed
and maize recognition under structured environments, and (3) to explore the relevant spectral

wavelengths and important features for classification.

50



3.2 Materials and methods

3.2.1 Sample preparation and data collection

Seeds of C. arvensis (2 seeds in total) and maize (12 seeds in total, Messago cultivar) were
sown in pots (10) that were filled with sandy soil. The sowing date of maize seeds was 215!
March 2016. For the sowing date of C. arvensis, it was around 17" February 2016. The image
recording, with snapshot mosaic hyperspectral camera in the plant laboratory of the Institute
for Agricultural, Fisheries and Food Research (ILVO) in Belgium, started when the C. arvensis
and maize plants emerged and had 2 unfolded true leaves. R. obtusifolius (7 plants in total)
and C. arvense (7 plants in total) plants at their early growth stages (according to BBCH scale
stage 14) were taken from the experimental field of ILVO and then grown in 10 pots for image
recording. The pot size for C. arvensis plants was 1 liter. For other plants, it was 4 liter. Image
recording was finished by April 18", 2016. During this time, all the plants were imaged twice a
week (every Monday and Friday) and the image data collection took about 1 hour on each
occasion. The plants were returned to the glasshouse (23°C day temperature, 18°C night
temperature, relative humidity of 30% and automatically spraying water once a day) after each
image data collection. Table 3.1 presents further details of the image data collection. ROIls
[125] were used as samples in our dataset. The ROIs were manually selected in random leaves
of plants. The analysis was performed within early growth stages, but at different times, such
as from 2 unfolded true leaves to 6 unfolded true leaves. Specifically, the features of training
samples were derived from polygon areas which were constructed by manually drawing
several points in the edge of leaves in the collected hyperspectral images. This procedure was
implemented with a roipoly function in Matlab 9.0 (R2016a). The total number of leaf ROIs for

C. arvensis, R. obtusifolius, C. arvense and maize were 79, 80, 80 and 84, respectively.
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Table 3.1 The details of data collection periods and the number of selected ROIs.

Plant species Starting date Finishing date Images used Selected ROIs
C. arvensis* 29/02/2016 18/04/2016 24 79
R. obtusifolius 21/03/2016 18/04/2016 24 80
C. arvense 21/03/2016 18/04/2016 24 80
maize 04/04/2016 18/04/2016 25 84

“The plants were fertilized with 0.19g Nitrogen (ammonium nitrate N27%, product) for each planton 29/03/2016

3.2.2 Snapshot mosaic hyperspectral imaging sensor and experiment

The Snapshot mosaic hyperspectral camera was compact and lightweight, with a total mass
less than 500 g including the body frame, the filter (Edmund Optics, USA), the camera head
with a sensor (CMOSIS CMV2000 based) from IMEC company in Belgium, an embedded chip
system (3D-ONE, Netherlands), storage and power distribution unit. The NIR camera, with 25
bands (601 nm, 605 nm, 614 nm, 627 nm, 636 nm, 644 nm, 652 nm, 660 nm, 669 nm, 677 nm,
684 nm, 698 nm, 724 nm, 738 nm, 750 nm, 764 nm, 776 nm, 790 nm, 802 nm, 814 nm, 833
nm, 845 nm, 855 nm, 866 nm, 871 nm) displayed as a 5x5 mosaic array, was used in our
study and the spatial resolution of each spectral band image was 403 x 216 pixels. The ground
smapling distance (GSD) was 0.77 mm/pixel. During the image data collection, the camera
was mounted on top of a tripod and then placed in a cabinet (1.2 m x 1.0 m x 2.0 m). Figure
3.1 shows the imaging setup of the experiment. The distance between the camera lens and
the pots was 1.0 m. Four halogen lamps (50 wx36 degree, 12 V) from the OSRAM company
were symmetrically deployed in the four corners of the cabinet ceiling for providing
homogeneous lighting conditions inside. The exposure time in every image recording was set
to be 0.099s. The main processing steps for weed and maize crop classification are depicted
in Figure 3.2. In the image processing procedure, the raw image was composed of 5x5 single
band sub-images. Subsequently, the 25 sub-images were cropped, and the averaged digital
numbers of the selected ROIs were calculated. Through the calibration equation, the calibrated
reflectance of the ROIs for every single band was finally obtained. Figure 3.3 shows the

diagram of the processing approaches after obtaining reflectance values.
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Figure 3.2 Key steps of weed and crop recognition by snapshot hyperspectral imaging. There

were three main steps for weed and crop recognition: (1) Weeds and crop were imaged by
NIR snapshot hyperspectral camera in the laboratory; (2) Through image pre-processing and
calibration, the reflectance was obtained as band features, then NDVI and RVI features were
constructed by reflectance in VB and NIR regions. After feature construction, feature selection
algorithms were applied for extracting distinctive features. (3) Different types of features were
combined as model input for random forests (RF) to find the RF model with optimal

hyperparameters and important features for weed and crop recognition.
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Figure 3.3 The diagram of the processing approach. First, 25 spectral reflectances were

obtained through the image processing procedures. Based on the reflectance in the visual and
near infrared ranges, 80 NDVIs and 80 RVIs were constructed. Then PCA was used to reduce
dimensionality and remove the linearity of these features. The 5 principal components were
kept for further analysis. Subsequently, RF was used to evaluate the importance of all the
features. The 30 important features were selected by RF and then compared with principal
components for modeling (KNN and RF). The final goal is to find the best model with important

features.

3.2.3 Reflectance calibration

The raw snapshot hyperspectral images were calibrated with the white Teflon panel

reference using Equation 3.1.

Raw (1)-DC

Reatibratea(1) = W) -pC X 100% (3.2)

where Rcaibrared@and Raw are the calibrated reflectance and raw hyperspectral images
respectively, A is the wavelength of the camera, W (1) is averaged intensity value of the white
round Teflon panel reference (around 10 cm diameter). DC is dark current value of the

camera.
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3.2.4 Vegetation indices

Vegetation indices (VIs) are related to many properties of plants and are frequently used to
classify plant species; identify the health status of plants and estimate green biomass and crop
yield [126]. The normalized difference vegetation index (NDVI) and ratio vegetation index (RVI)
were calculated using Equations 3.2 and 3.3, respectively. NDVI is a suitable indicative factor
for growing plants. RVI expresses the difference between two reflectivities. It is a very sensitive
parameter for vegetables and it has a better correlation with biomass [127]. In this chapter,
there are 80 NDVIs and 80 RVIs constructed features in total. The range of NDVI is between
0 and 1. No pre-treatments were applied in the calculation of NDVI values. The values of the

RVI features were scaled from 0 to 1 using Equation 3.4.

_ NIR(y1)-VB(¥2)
NDVI(YLYZ) = —NIR(y1)+VB(y2) (3.2)
NIR(¥1)
RVIGyy, v2) = 0 = (3.3)

where y; represents one of the NIR bands (724 nm, 738 nm, 750 nm, 764 nm, 776 nm, 790
nm, 802 nm, 814 nm) and y, represents one of the visual bands (VB) (601 nm, 605 nm, 614

nm, 627 nm, 636 nm, 644 nm, 652 nm, 660 nm, 669 nm, 677 nm).

RVI-RVIyin

RVI =
Scaled RVIrax —RVIpMin

(3.4)

3.2.5 Principal component analysis and classification models

Principal component analysis (PCA) is a popular method for dimensionality reduction,
feature extraction and data compression [128]. It can be defined as the orthogonal
transformation of raw data into a set of values of linearly uncorrelated variables, known as
principal components, in lower dimensionality. The first few principal components generally
have the largest variances which could explain the most relevant information in the raw data.

The algorithm is summarized in the following steps [129]:

(1) Standardize the data set (d-dimensional features) without considering class labels;
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(2) Compute the covariance matrix of the whole data set;
(3) Compute eigenvectors (81, B2, ..., Bd4) and corresponding eigenvalues (Ui, Mz, ..., Hd);
(4) Sort and select top k eigenvectors to form a d x k dimensional matrix M;
(5) Transform the samples into the new subspace by Equation 3.5;
y=MT"xqa (3.5)

where a represents one sample (d x 1 dimension) in the raw data set, y is the transformed

sample (k x 1 dimension) in the new subspace.

In RF, about one-third of the data is left out of the bootstrap sample and not used in the
construction of the decision tree. This remaining data, also called out-of-bag samples (OOB),
can be used to evaluate the OOB errors as well as to determine the importance of features.
The algorithm for aggregating a random forest of m decision trees is shown in chapter 1 of this
thesis. RF also provides valuable information for estimating the importance of a feature by
calculating how much the OOB error increases when OOB data for that feature are permuted

while all other features are left unchanged.

Cross validation (CV) was employed for the evaluation of the RF. The original data were
split into 5 folds, using the folds one by one for testing and the remaining folds as training set
(Figure 3.4). In this way, each sample in the whole data can be tested once. The optimal value
of n for building the RF is assumed to be around the square root of the total number of features
(185). Therefore, the value of n was set between 5 and 20. The range of m was between 100
and 300. A grid search approach [130] was used to search for the optimal parameters (m, n)

for building RF based on overall accuracy in the nested CV.
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Figure 3.4 5-fold cross validation for random forests.

For the K-nearest neighbor algorithm, the details can be seen in the part of general
introduction in this thesis. In this study, the output is predicted by the majority vote of its
neighbors with Euclidean distance. K was assigned to be 5 in the classification model. PCA
function was used to implement PCA algorithm and the sklearn library was used to develop
the two classification models (KNN and RF) with the python programming language. The
computation is based on a laptop computer (4 x Intel Core i7-4510U CPU@2 GHz, 8GB RAM,

64-bit operating system).

3.2.6 Metrics for classification model evaluation

When referring to the performance of a classification model, the ability of a model to correctly
predict or separate classes is emphasized. The confusion matrix [131] gives a full description
of errors made by classifiers. In this matrix, precision, recall and F1 values can also be
calculated as performance metrics for model evaluation. Precision is a measure of prediction
relevancy defined by Equation 3.6. Recall, also called sensitivity, is a measure of the capability
of a classifier to select instances of a certain class from a dataset and corresponds to the true
positive rate (Equation 3.7). F1 score, calculated by Equation 3.8, is interpreted as a weighted
average of precision and recall. It is the harmonic mean of precision and recall. The best value

of F1is 1 and the worst value is 0. In addition, another common statistic for reporting the
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performance of a multi-classification model is model accuracy [108]. Model accuracy is the
overall correctness of the model and is calculated as the sum of correct samples divided by

the total number of samples.

. Eyi
Precision; = —= (3.6)
jEji

Recall; = ;:” : (3.7)

2 Precision;*Recall;
= 2%

F(, = 2% —————— (3.8)

Precision; +Recall;

In the confusion matrix, where E; represents diagonal elements of the i-th class, %Ej;
represents the sum of i-th class predicted by the classification model. %;E;; represents the total

of true values of the i-th class.
3.2.7 Statistical model comparison

The McNemar test [132] was employed for comparing the performances of RF and KNN
models. The predictions made by the two models with the same features in the data set were
compared with the true values and used to construct the 2x2 contingency table [132]. Under
the null hypothesis, the two models should have the same classification error rate. McNemar’s
test is based on a x2-test for goodness-of-fit that compares the distribution of counts expected
under the null hypothesis to the observed counts. The following statistic is approximately

distributed x? with 1 degree of freedom [133].

y = (lg01—910!-1)? (39)

qo1t q10

where q,, is the number of samples misclassified by KNN but not by RF, g, is the number of
samples misclassified by RF but not by KNN. If the null hypothesis is correct, then the

probability that this quantity is greater than Xiolgs =3.841 is less than 0.05.
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3.3 Results

3.3.1 PCA analysis for constructed features

To reduce redundancy, the constructed 80 NDVI and 80 RVI features were subjected to
PCA separately. Figure 3.5 shows the results of principal components and their explained
variance ratio. The first five principal components of RVI features (95.34%) and NDVI features
(97.29%) all explained over 95% of the original variations. Their first principal components
constitute 54.83% and 59.66% variance ratio, respectively. The distribution of all samples in
the first two principal components is illustrated in Figure 3.6. It can be seen that the three kinds
of weeds mix with each other and are distributed irregularly. While the distribution of maize
was much better, it tended to focus on one side of the weeds, though several weed samples
of C. arvense mix among them. This pattern indicates that the maize perhaps could obtain

better classification results than the weeds.
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Figure 3.5 The explained variance ratio of principal components. (a) the principal components

derived from 80 RVI features; (b) the principal components derived from 80 NDVI features.
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Figure 3.6 Distribution of the samples over the first two principal components. (a) for the 80

RVI features, (b) and the 80 NDVI features.

3.3.2 Random Forests model with all features

Figure 3.7 gives the overall accuracy for each grid point. The best parameters are marked as
a red point in Figure 3.7 (b). For m = 231 and n = 8, the RF model achieved the maximum
overall correct classification rate (0.827). These two optimized parameter values were then
used in building random forests in the full dataset with 5-fold CV. The results of each RF are
shown in Table 3.2. The mean overall accuracy in all the folds was 0.808 which is slightly lower
than that in the nested CV (0.827), and the standard deviation was 0.050. Table 3.3 gives the
confusion matrix of the RF model using 5-fold CV. It can be seen that all maize samples were
recognized correctly in the RF model. But the weed samples were confused with each other.
C. arvensis was better classified than R. obtusifolius and C. arvense. Their classification

accuracies were 0.785, 0.663 and 0.713, respectively.

Table 3.2 The recognition rates of the 5-fold cross validation in the whole dataset.

Model RF1 RF2 RF3 RF4 RF5

Recognition rate 0.877 0.754 0.846 0.813 0.750
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Figure 3.7 The distribution of overall recognition rate in the grids. (a) 3D surface curve of
overall recognition rate, (b) Performance map of overall recognition rate in each grid point, the

red point in the right figure represents the optimal hyperparameters for modeling.

Table 3.3 The confusion matrix of random forests with 5-fold cross validation.

Truth
Prediction Maize C. arvensis R. obtusifolius C.arvense
Maize 84 0 1 1
C. arvensis 0 62 1 4
R. obtusifolius 0 7 53 18
C. arvense 0 10 25 57

3.3.3 Feature importance and selection

After feature construction, 185 features were obtained in total, but not all of them were
equally distinctive to discriminate between weeds and maize. RF allows the importance of
every feature to be evaluated, based on OOB errors. The importance score of each feature is
displayed in Figure 3.8. Based on these importance scores, the features were ranked, and
accuracy-oriented feature reduction [134] was performed in a CV loop to select the optimal
number of features. Specifically, the most important feature was first used to build the model,
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and then the ranked features were added one by one to build the models, respectively. This
procedure was repeated until the least important feature was used to build the model. Figure
3.9 presents the overall accuracy of every model with the number of selected features. The
overall classification rate achieved 0.52 just using the single most important feature (871 nm).
Then this rate sharply increases to around 0.77 when the next 10 most important features were
used. Afterwards, the overall classification rate fluctuated at 0.78 and did not improve much
with further added features. Finally, based on the maximum of accumulated accuracy, the top

30 important features (Table 3.3) were selected for building the model.
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Figure 3.8 The importance score of each feature evaluated by Random Forests.
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Figure 3.9 The overall recognition rate of the model with features selected based on their

importance.

Table 3.3 The 30 most important features selected by the random forests given in decreasing

order of importance.

RVI features NDVI features Band reflectance

RVI [738,605], RVI [776,601], RVI NDVI [776,644], NDVI [738,605], 871 nm, 814 nm, 764 nm, 644
[776,652], RVI [802,669], NDVI [776,601], NDVI [776,660], nm, 636 nm, 601 nm, 669 nm,
RVI [776,669], RVI [776,660], NDVI [802,627], NDVI [738,652], 677 nm

RVI [724,677], RVI [738,627], NDVI [724,677], NDVI [724,627],

RVI [776,636], RVI [814,601], NDVI [802, 669], NDVI [724, 669]

RVI [776, 614], RVI [790,601]

3.3.4 Classification results and model comparison

The three different combinations of features, (i) 25 bands and 10 PCA features, (ii) 30
important features selected by RF and (iii) 185 whole features, were tested by building optimal
RF for investigating their influence in overall classification rate. When tuning hyperparameters

for modeling with (i) and (ii) features, their ranges for n were set from 2 to 10. The rest of the
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tuning procedures was the same as when modeling with (iii) features, which was discussed
above. Table 3.4 gives the optimal hyperparameters of these three RF models. Running the
RF model three times with these parameters, the mean value and standard deviation of model
metrics for each plant species are compared in Table 3.5. The recalls of maize were always
1.0 in three different kinds of feature combinations, and their high values of precision also
indicate that most predicted maize are from original true labels. Compared to the features from
(i) and (iii), the RF with (ii) performed better with the optimal parameters (m=234, n=5). Its
classification rates for C. arvensis, R. obtusifolius, C. arvense and maize were 0.789, 0.691,
0.752 and 1.0, respectively. Moreover, the optimal RF was compared to the KNN model by the
McNemar analysis. The result shows that q,; = 30, and q;, = 15. The value of statistic of ¥
was calculated as 4.356 (P-Value = 0.037 < 0.05). Thus, it was concluded that the two models
have significantly different performances at the 0.05 significance level and the optimal RF with

the 30 most important features had a better prediction performance compared to the KNN

model (qo1 > q10)-

Table 3.4 Optimal hyperparameters for random forests with different feature combinations.

Hyper-parameters (i) Bands + PCA (i) Important features (iii) All features
Number of trees (m) 219 234 231
Number of features (n) 6 5 8
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Table 3.5 Metrics for random forests with three different combinations of features.

Plant species Metrics (i) Bands + PCA (if) 30 important features (iii) All features
C. arvensis Precision 0.938 +0.014 0.959 +0.008 0.944 +0.016
Recall 0.755 + 0.007 0.789 + 0.007 0.781 +0.008
F1 0.836 + 0.003 0.866 + 0.004 0.854 + 0.006
Precision 0.589 +0.016 0.703 +0.019 0.682 + 0.005
R. obtusifolius Recall 0.617 £0.014 0.691 *0.029 0.654 +0.015
F1 0.603 + 0.015 0.697 +0.024 0.670 £ 0.012
Precision 0.617 £0.015 0.659 +0.013 0.620 = 0.005
C. arvense Recall 0.658 £0.019 0.752 £0.015 0.742 £ 0.026
F1 0.637 +0.017 0.698 +0.011 0.676 +0.011
Precision 0.930 = 0.006 0.940 = 0.006 0.984 +0.007
maize Recall 1+0 1+0 1+0
F1 0.963 + 0.003 0.969 + 0.003 0.992 +0.003

3.4 Discussion

This chapter presents a weed/maize classification system using a snapshot hyperspectral
NIR camera sensor. In respect of feature selection, only 8 single band reflectances were
included in the top 30 features (Table 3.3), but one of them, 871 nm, was evaluated as the
most important feature (0.025). The other important features were mostly NDVIs and RVIs
indicating that ViIs are very significant features in the discrimination of vegetation species. This
is consistent with the conclusions of earlier studies [135-137]. Based on the definition of Vis
[138], the differences between plant species in single wavelength spectrum are accentuated

for classification compared with single band reflectance features.

The reflectance of vegetation is governed by the concentration and distribution of
biochemical constituents and internal structure as well as leaf surface properties [139]. The
combination of chlorophyll absorption and strong scattering of the light by the leaf internal
cellular structure affects the red-edge (680-760 nm) reflectance of plant leaves and canopies

[140]. In our study, the red-edge wavelengths such as 677 nm, 724 nm, 738 nm and 764 nm
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and near infrared bands of 871 nm, 776 nm were frequently present in the 30 most important
features. This finding is quite important for SSWM, whose priority task is to recognize weeds
and crops [141]. The RF model with the features selected by PCA performed even worse than
without feature selection. A possible reason is ignoring the remaining less significant
components. All three RF models showed that it was much more difficult to recognize R.
obtusifolius (weed2) and C. arvense (weed3). Especially for R. obtusifolius, almost one third
of the plants were predicted as being C. arvense, indicating that these two plants may have
similar spectral features in certain wavelengths. In our experiment, the R. obtusifolius and C.
arvense plants were from the field rather than having been raised in pots. At the start of image
data collection, the changes of environmental conditions might have resulted in some
physiological stress [142]. Some specific wavelength responses might be due to physiological
changes in plants subjected to stress. As well as spectral features for weed and crop
classification, other features like shape and texture features are suggested to be explored for
use to boost the accuracy of classification. Shape features such as vegetation area, leaf length
and width can be extracted from vegetation mask by using an OpenCYV library. Texture features
like correlation, energy and homogeneity can be obtained from the grey-level co-occurrence
matrix (GLCM) algorithm [143]. Moreover, features like local vegetation color descriptors or
edge region features were also discussed by Kazmi et al [144,145]. From the perspective of
agronomy, crop rows can assist online weed detection and management [146,147], but one of

the limitations is that intra-row weeds could not be detected by this approach.

Kazmi et al [145] also discussed KNN models for C. arvense detection in sugar beet fields.
It is difficult to directly compare our RF classifier to other models in the literature due to the
variety of databases and plant species. In our case, the McNemar statistical analysis showed
that the RF with 30 important features achieved a better prediction performance than the KNN
classification model. We also explored using linear discriminant analysis (LDA) for
classification. However, the overall recognition rate (0.49) was not encouraging. It is probably

because the data set used in this study did not meet the assumptions for LDA such as the
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Gaussian distribution of spectral features. Generally, the choice for selecting a classification
model strongly depends on specific tasks and objects, but some criteria should be considered
such as the number of features, number of samples, data types and research purposes [148].
Random Forests is suggested if information in data distribution is weak and unfamiliar [149].
Without the consideration of weed species, the classifier turns into a binary classification.
Compared with multi-classification, the binary classification of weed and crop tends to obtain
higher classification rates [150]. One-class support vector machine [151] is suggested to be
explored. It meets the real situation well, generally there is only one crop and multiple weed

species in fields when considering the implementation of non-selective herbicide spraying.

Generally, line-scanning hyperspectral imaging has hundreds of spectral bands for
exploitation. We constructed 160 Vis from 25 spectral bands in the snapshot hyperspectral
camera and then used random forests to evaluate every spectral feature importance for weed
and maize classification. The results demonstrated that it is possible to recognize the three
kinds of weeds and maize crop in the laboratory using the NIR snapshot mosaic hyperspectral
images. However, it is important to note that there are still some limitations or considerations
in order to transfer the value of the proposed method from the laboratory to real-world
conditions. For example, this camera can be deployed under a controlled environment (e.g.
using a curtain or shelter to block natural light) if a ground-based vehicle is available [152].
Practical settings like lens aperture, exposure, camera height and platform speed also need to
be explored for obtaining high quality image data. For the natural light environment, the effect
of illumination compensation for hyperspectral imaging has been discussed by Wendel and
Underwood [153]. The dataset used in our study was relatively limited since our main purpose
was to demonstrate the principles to recognize weeds and crop with a snapshot mosaic
hyperspectral camera. Therefore, a further test is required to confirm and demonstrate the
robustness of the proposed classifier to changing conditions and to larger datasets compared

to static data collection in a laboratory.
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A further experiment is required in order to carefully check the possibility of the camera
under field conditions. The influences of leaves with different leaf angles should be further
investigated [154]. Also, image calibration and image pre-processing such as correcting
vignetting effects need to be improved before a field experiment. Besides, an automated
vegetation selection algorithm from background should be developed in the future in order to
remedy the bias of manually selected ROIs. Overall, this study showed that the use of snapshot
hyperspectral data could differentiate three kinds of weeds and maize at a laboratory scale.
Additionally, the important features selected by random forests can be considered as the
significant spectral signatures for C. arvensis, R. obtusifolius, C. arvense and maize
classification. The proposed approach, such as reflectance calculation, vegetation index
feature construction and random forests modeling, might further support other applications (e.g.
plant phenotyping and crop disease detection) with a snapshot hyperspectral camera using

unmanned aerial vehicles or specially designed field vehicles.

3.5 Conclusions

In this chapter, the possibility of using a snapshot mosaic hyperspectral camera was evaluated
for weed and maize classification. Random Forests (RF) models were tested to build classifiers
with different spectral feature combinations. After feature construction, the 30 most important
features were selected by the accuracy-oriented feature reduction procedure based on their
importance scores. It is shown that maize was recognized with a very high precision (94%)
and recall (100%). The precision values for the three kinds of weeds, C. arvensis, R.
obtusifolius and C. arvense, were 95.9%, 70.3%, and 65.9%, respectively. Additionally,
vegetation indices are effective approaches to build significant features for the classification of
weeds and crop. In particular, bands near the red edge appear frequently in the 30 important
features. Be aware that this experiment was carried out under controlled environments and the
regions of interest (ROIs) were manually selected. It is difficult to extrapolate the findings to
practical situations of site specific weed management. Further experiments should be carried

out in order to carefully check the possibilities of the camera under field conditions. Besides,
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an automated vegetation selection algorithm from background should be developed in the

future in order to remedy the (possible) bias of manually selected ROls.
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CHAPTERA4

Automated spectral feature extraction from
hyperspectral images for Oryza sativa f. spontanea
and Echinochloa crus-galli discrimination from arice

crop

In this chapter, we aimed to develop a classification model with important spectral features to
recognize E. crus-galli, O. sativa f. spontanea, and rice based on line-scanning hyperspectral
imaging techniques. There were 287 plant leaf samples in total which were scanned by the
hyperspectral imaging systems within the spectral range from 415 to 1008 nm. After obtaining
hyperspectral images, we first developed an algorithmic pipeline to automatically extract
spectral features from line-scanning hyperspectral images. Then the raw spectral features
were subjected to wavelet transformation for noise reduction. Random forests and support
vector machine models were developed with the optimal hyperparameters to compare their
performances in the test set. Moreover, feature selection was explored through the successive
projection algorithm (SPA). It is shown that the weighted support vector machine with 6 spectral
features selected by SPA can achieve 100%, 100%, and 92% recognition rates for E. crus-galli,
O. sativa f. spontanea and rice, respectively. Furthermore, the selected 6 wavelengths (415
nm, 561 nm, 687 nm, 705 nm, 735 nm, 1007 nm) have the potential to be used in the design

of a customized optical sensor for these two weeds and rice discrimination in practice.
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2019, 159, 42-49. (co-first author)
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4.1 Introduction

Rice is one of the main food sources for more than half of the world population, especially
in Asia and Latin America [29]. To meet the demand of increasing populations, the global
production of rice needs to increase significantly in the next few years with limited area
expansion [155]. However, weeds generally infest rice fields and they reduce rice yield and
quality by competing for light, space, water and soil nutrients under natural growing conditions.
This is especially true for cultivating rice with direct-seeding, which is highly mechanized but
more prone to crop yield loss caused by weeds, because of the lack of suppressive effect of

flooding on the weeds that emerge either before or along with the rice crop [156,157].

E. crus-galliand O. sativa f. spontanea are two of the most common and troublesome weeds
in rice paddy fields [28]. They both cause severe yield loss of rice [29]. Particularly, O. sativa
f. spontanea , also called red rice, is a conspecific weed of cultivated rice [158]. The O. sativa
f. spontanea plants are very competitive with rice as they are generally taller, have higher
growth rates and produce more tillers than cultivated rice [159]. The relatively rapid emergence
of O. sativa f. spontanea has been observed in several Asian countries and this could cause a
severe threat to rice production [156]. However, the existing effective O. sativa f. spontanea
management options are quite limited given the fact that O. sativa f. spontanea and rice are
the same species with genetic and phenotypic similarities. For example, a chemical method
with selective herbicide often fails because of the close relationship between O. sativa f.
spontanea and rice [160]. Mechanical removal of O. sativa f. spontanea is also difficult, as one
of the barriers is how to successfully distinguish O. sativa f. spontanea and E. crus-galli from
rice crop. Given the numerous challenges, weeds pose to rice fields, the exploration of an

effective method to differentiate weeds from rice crop is highly demanded.

Conventional visual cameras are widely used to detect weeds because of their general
availability and low cost [62,161]. They work well particularly in some circumstances like in the
case where relatively large color or shape differences exist between weed and crop. But they

provide only limited spectral information as they only record information using three broad
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bands. Hyperspectral imaging, with hundreds of spectral bands, enables both spectral and
spatial information to be captured simultaneously. Every pixel from hyperspectral images has
complete spectrum information which has been used for a variety of applications in agriculture
[121], for example, the study of using hyperspectral imaging for variety discrimination of seeds
[162], and to determine water distribution in meat [163]. There are also studies about weed
and crop recognition using ground-based and drone-based hyperspectral imaging
[123,150,164]. However, there is a lack of information and literature to explore the possibility

of differentiation of O. sativa f. spontanea and E. crus-galli in the rice crop.

To the best of our knowledge, this chapter is the first to explore the recognition of O. sativa
f. spontanea, E. crus-galli and rice using machine learning and hyperspectral imaging. The
objectives of this study are (1) to develop a pipeline to automatically extract spectral features
from line-scanning hyperspectral images, (2) to demonstrate the feasibility of recognizing E.
crus-galli and O. sativa f. spontanea in rice crop using machine learning algorithms and (3) to
determine the most important spectral features for discrimination of E. crus-galli, O. sativa f.

spontanea and rice.

4.2 Materials and Methods

4.2.1 Sample preparation

O. sativa f. spontanea, E. crus-galli), and rice (Oryza sativa L. subsp. indica) were planted
in the experimental fields (Figure 4.1) of the China National Rice Research Institute (CNRRI).
They were planted in respective fields which were close to each other and the infield
fertilization (conventional urea 100 kg N.hm?) and watering (5 cm level above ground) were
the same. The weather was mixture weather, mostly sunny days during the growth stages. It
is better to control weed before the tiller stage of rice in order to avoid significant rice yield
reduction [165]. All flag leaf samples were randomly collected from different plants (one flag
leaf per plant) in the experimental fields of CNRRI. Immediately after collection, leaf samples

were stored inside an icebox at 0°C in order to slow down their respiration rate and transpiration
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rate, so the leaves could be entered straight and upright in the hyperspectral imaging cabinet
other than curled up due to dehydration. The total numbers of rice, O. sativa f. spontanea, and

E. crus-galli samples were 100, 81, and 106, respectively.

Figure 4.1 The experimental field.

4.2.2 Line-scanning hyperspectral imaging system

A line-scanning visual and near-infrared hyperspectral imaging system (Figure 4.2), with
512 spectral bands in the range of 380-1024 nm, was used for the acquisition of the
hyperspectral image of each sample. The main components of this system include a
spectrograph (ImSpector V10E, Specim, Finland), a 672x512 (spatial x spectral) charge-
coupled device (CCD) camera (C8484-05, Hamamatsu, Japan) with a camera lens (OLE23,
Specim, Finland). As the illumination unit, two 150 W halogen lamps (Fiber-Lite DC950
llluminator, Dolan-Jenner, USA) were deployed symmetrically based on the center of the
camera to reduce the shadow effects. The leaf samples were placed on the electronically
controlled conveyor belt (IRCP0076, Isuzu Optics, China Taiwan) for the image recording.
Besides, the system control software (V10E, Isuzu Optics, China Taiwan) was used for setting
the optimal parameters (e.g. exposure time, conveyor speed) for imaging. The entire system
was installed in a black cabinet (0.9 m x 0.9 m x 1.9 m) for eliminating external light

disturbances.
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Figure 4.2 Scheme of the hyperspectral imaging system.
4.2.3 Image collection and calibration

In our experiment, the conveyor speed was set to be 4.2 mm/s in order to synchronize with
the scanning of the camera, whose exposure time was adjusted to 0.08 s. The vertical distance
between samples and lens was 45 cm. About every 5 leaves were placed side by side with a
6 cm central distance on the conveyor of the hyperspectral imaging system and each scanning
took 4-5 minutes to finish. The dimension of the obtained hyperspectral images was 672 pixels
in the x-direction, n pixels, depending on how long this image was scanned, in the y-direction,
and 512 spectral bands in the z-direction, respectively. All the raw images were calibrated

using the following Equation 4.1.

_ Iraw _Id
Icalibrated T (4.1)
w™ id

where I.,iprateqiS the calibrated image, 1,4, is the raw hyperspectral image, I; is the dark
reference image obtained by covering the lens with a black lens cap, and I, is the white

reference (Teflon white cuboid panel with 99% reflectance, 200 mm x 25 mm x 10 mm) image.
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The dark and white reference images were taken once before the scanning of the leaf samples.
Due to the high noise to signal ratio in the spectral range of 380-414 nm and 1009-1080 nm,
these bands were removed and the spectral range of 415-1008 nm with a total of 470 bands

(features) was considered for further analysis.

4.2.4 Automated feature extraction from raw images

The obtained raw hyperspectral images were first cropped to reduce the redundant
surrounding area and the digital values of the pixels were scaled from 0 to 1. Then the single
grayscale image from 800 nm wavelength, due to its relatively large digital value difference
between green leaves and background in the near-infrared range, was selected to convert into
a preliminary mask. The threshold for this procedure was set to be 0.08. After this, small noisy
holes less than 100 pixels in the preliminary mask were removed to build a refined mask. As
every refined mask contained 4-5 leaves in our experiment, a separation operation was
conducted to obtain a sub-mask which only contained one single leaf sample. For each sub-
mask, the averaged reflectance from the entire leave was calculated as a spectral feature.
Figure 4.3 shows the main steps for processing the hyperspectral images. We implemented
these procedures with Matlab R2017 software (The Math Works Inc., Natick, MA, USA). The
computation is based on a laptop computer (4 x Intel Core i7-4510U CPU@2 GHz, 8GB RAM,

64-bit operating system).

=

Reflectance

Raw hyperspectral Grayscale
image / \_ image /

Refined maslj

Figure 4.3 Automated processing steps of raw hyperspectral imagery.
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4.2.5 Wavelet transform for denoising

Hyperspectral data provides both detailed spectral and spatial information of the observed
objects, but it generally contains a lot of noise due to the narrow bandwidth of sensors and
sampling conditions [166]. Wavelet transform is particularly suited to denoise non-linear or
non-stationary signals. It applies the transform and zeroing the coefficients below a certain
level of threshold. Based on this, noise coefficients would have lower gains than the
coefficients corresponding to the studied feature variables. The wavelet transform algorithm to

denoise goes as follows [167]:
(i) differentiate the original signal X(t) to obtain the data xa (t)
xq(t) = dX(t)/dt (4.2)

(i) take the discrete wavelet transform of the data x4 (t) and obtain wavelet coefficients

W; rat different dyadic scale j and displacement k with the following Equations:

W= I xq(6) @2 (0) dt (4.3)
0 =220/t — k) (4.4)

where j, k are integers, t is time and where Daubechies’s compactly supported orthogonal

function [168] is chosen for the wavelet function ¢ (t).

(i) Reconstruct the denoised data x;(t) by taking the inverse transform of the obtained

wavelet coefficients W .

Xq(6) = €4 X520 Lke —oo Wik 9.1 () (4.5)
where ¢, is normalization constant given by

Co = 1/f_°;@ dw < oo (4.6)
with @ (w) as the Fourier transform of the wavelet function ¢(t).

(iiii) obtain denoised signal x(t) by Equation 4.7.
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2(t) = [xg®)adt (4.7)

We implemented this algorithm using the wavelet toolbox in Matlab R2017. The wavelet
transform for denoising was automatically conducted after obtaining the averaged reflectance

from each leaf sample.
4.2.6 Successive projections algorithm for feature selection

The successive projections algorithm (SPA) is a feature selection technique using
minimizing collinearity effects in the calibration data set. Generally, SPA contains three main
steps. The first step is to select the variables with minimum collinearity and redundancy as well
as maximum projection vector by a simple projection in a vector space. Secondly, the effective
variables are determined based on the minimum root mean square error of validation in the
validation set of multiple linear regression calibration. Finally, uninformative variables are
eliminated without significant loss of prediction ability. The detailed theoretical explanations of
SPA are presented in [169]. In our study, we performed leave one out cross-validation in the

training set to run the SPA algorithm.
4.2.7 Classification models

The random forests (RF) and support vector machine (SVM) were employed for performance
comparison in this study. The more theoretical details of RF and SVM are presented in chapter
2. Further technical details of SVM are presented in [98]. In our case, we randomly split the
dataset into a training set (221) and a testing set (66) based on a stratified manner. The total
numbers of O. sativa f. spontanea, rice and E. crus-galli samples in the training dataset were
63, 75 and 83, respectively. The total numbers of O. sativa f. spontanea, rice and E. crus-galli
in the test dataset were 18, 25 and 23, respectively. Based on 5-fold cross-validation in the
training set, the grid-search algorithm [130] was employed to find the optimal parameters to
develop the classifiers. For RF, the range of the number of decision trees (m) was set between
400 and 600. The range of the number of selected features (n) to build trees was between 10

and 30. In respect of SVM, linear and radial basis functions were selected as candidates to
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decide which one was appropriate. For each kernel function, C was set as a list of [1, 10, 100,
1000], and gamma was set as a list of [0.001, 0.0001] only in case of RBF (Radial basis

function) as a kernel type.

4.2.8 Model evaluation

The confusion matrix gives a full description of errors made by classifiers [131]. In this matrix,
the true labels and the predicted labels are displayed. Overall accuracy (OA) is generally used
to evaluate the model overall performance which is calculated as the sum of correctly classified
samples divided by the total number of samples. Besides, the recognition rate was used to
evaluate the prediction capability for each class. It is a measure of the capability of a classifier
to select instances of a certain class from a dataset and corresponds to the true positive rate.

Equation 3.8 gives its calculation.

Eii

Recognition rate; = (4.8)

jEij
In confusion matrix, E;;represents diagonal elements of the i-th class, while %;E;; represents

the total of true values of the i-th class.
4.3 Resultsand discussion
4.3.1 Wavelet denoising and averaged reflectance of three species

The result of the wavelet transform to denoise is shown in Figure 4.4. As can be seen in the
thumbnail, the denoised reflectance was much smoother than the original raw reflectance
which had small abrupt changes, especially at the low (415 -500 nm) and high (900 -1008 nm)
edges of the spectrum region. The result is consistent with the findings in [166] who reported
that wavelet denoising works better than other denoise algorithms. It is necessary to perform
noise reduction first before derivative analysis due to its high sensitivity to local sharp changes

in reflectance.
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Figure 4.4 Noise reduction with wavelet transform.

The reflectances of all samples from each class were averaged and the corresponding
standard deviation (SD) of each class was calculated. Figure 4.5 represents the averaged
spectral reflectance curves and their SD of the three classes (E. crus-galli, O. sativa f.
spontanea, rice). It shows that the curves for the three plants were all the same as typical
vegetation spectral responses in the range 415-1008 nm [170]. The blue light (near 440 nm)
and red light (near 650 nm) are absorbed by chlorophyll for photosynthesis, resulting in two
distinctive absorption valleys. The green light (near 550 nm) is partly reflected by chlorophylls,
leading to a reflection peak. A steep slope from 700 nm to 750 nm, also called red edge, shows
a rapid change of reflectance of the plants. In the NIR, all the plants kept a relatively high
reflectance. Specifically, the reflectances of O. sativa f. spontanea and rice at the NIR region
were much higher than E. crus-galli. The averaged reflectance of rice was slightly higher than
O. sativa f. spontanea at NIR while they presented almost the same spectral responses for
other wavelengths. The very similar reflectance characteristics of O. sativa f. spontanea and
rice are largely due to the fact that they have high genetic and phenotypic similarity [171],
which results in the difficulty to discriminate them. Based on the reflectance patterns of the
three plants, it is clear that E. crus-galli is the easiest to discriminate among the three plants.
It is also observed that the standard deviation values of spectral features of each plant in the

NIR region (750-1008 nm) were larger than those in the visual range (415-670 nm).
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Figure 4.5 Averaged reflectance and standard deviations for the three types of plant leaves.
4.3.2 Classification results with full wavelengths

The results of optimal hyperparameters are listed in Table 4.1. With these optimal
hyperparameters, the RF and SVM models with all spectral features were developed. Then
the samples in the test set were predicted using the developed models. The result is provided
in Table 4.2. It can be seen that the SVM (0.969) performed better than the RF (0.879) in the

test set with the entire features.

Table 4.1 Tuned hyperparameters using 5-fold cross-validation.

Classifier Optimal Hyperparameters Averaged OA Standard Deviation
RF m =520, n= 16 0.851 0.064
SWM Kernel =‘linear’, C = 1000 0.860 0.076

Table 4.2 Overall accuracy for two classifiers.

Classifiers Training set Test set
RF 1.0 0.879
SVM 0.923 0.969
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4.3.3 Feature selection

The SPA selected the 6 most important spectral features (705 nm, 1007 nm, 735 nm, 687
nm, 561 nm, 415 nm) shown with the red dots in Figure 4.6. These selected features covered
bands from the blue (415 nm), green (561 nm), red edge (687 nm, 705 nm, and 735 nm) and
near infrared region (1007 nm), especially in the red edge region with half of the selected
features indicating that the bands from this region played a significant role in quantifying plant
characteristics. This finding is also consistent with the results from the study in chapter 3. RF
is also popular for feature ranking. Based on the OOB error, every feature importance score
was computed by the RF classifier (Figure 4.7). The most important 6 features were 969 nm,
415 nm, 978 nm, 982 nm, 951 nm, 970 nm, respectively. Compared to the selected features

from SPA, these spectral features were mainly from the NIR region, highly correlated with each

other.
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Figure 4.6 The distribution of important wavelengths, shown with red dots in the averaged
reflectance curve, selected by the successive projection algorithm based on a forward

selection method using vector space operation to minimize variable collinearity.
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Figure 4.7 Feature importance scores evaluated by the random forests.

4.3.4 Model performance with selected features

The SVM and RF classifiers were built again with the selected features from SPA. The
hyperparameters were tuned again and the procedures were the same as when modeling with
all features. The result of overall accuracy (OA) in the test set is shown in Table 4.3. It can be
seen that the SVM model performed better than the RF model both for the training and the test
set. Further prediction details of every sample are depicted by the confusion matrix (Table 4.4).
All samples of rice and E. crus-galli were correctly classified by the developed SVM model with
the features selected by SPA. However, 5 out of 16 O. sativa f. spontanea samples in the test
set were wrongly classified as being rice samples, indicating that these samples may have
similar spectral features as rice samples at certain wavelengths. This meets the assumptions
and real observations which were discussed in section 4.3.1. Numerous studies [172-174]
have highlighted the difficulties of O. sativa f. spontanea and cultivated rice discrimination as
they are congeneric and conspecific species. We have not found literature results to directly

compare our results.
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Table 4.3 Overall accuracy (OA) in the training and test set with selected features by the

successive projection algorithm.

Classifiers Parameters Training set Test set
RF + SPA m=100,n=3 0.814 0.758
SVM + SPA linear kernel, C = 1000 0.919 0.924
Weighted SVM + SPA linear kernel, C = 1000 0.930 0.970

Table 4.4 Confusion matrix of the SVM classifier with sample weights.

Truth
Prediction Rice O. sativa f. spontanea E. crus-galli
Rice 25 5 0
O. sativa f. spontanea 0 13 0
C. arvense 0 0 23

As the prediction errors in the SVM model come from the O. sativa f. spontanea samples
being predicted as rice, we assigned higher sample weights to weed rice samples than E. crus-
galli and rice samples, which means that the classifier put more emphasis to predict O. sativa
f. spontanea samples correctly. The sample weights of E. crus-galli and rice were assigned to
be 1, while the sample weights of O. sativa f. spontanea were assigned values from 1 to 8 with
step of 1. The other parameters and input were kept the same for the previously developed
SVM+SPA model. The effects of different sample weights of O. sativa f. spontanea on the
prediction accuracy are shown in Figure 4.8. It can be seen that both the values of OA in the
training set and test set increased first with the increase of sample weights. However, when
the sample weights of O. sativa f. spontanea were larger than 4, the values of OA decreased
rapidly with the increase of sample weights. The weighted SVM model achieved the highest
OA both in the test set (0.970) and in the training set (0.930) when the sample weights of O.

sativa f. spontanea were assigned to be 3-fold higher than that of the other two plants.
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Figure 4.8 Overall accuracy as a function of sample weights.

The detailed prediction results in the test set are shown in Table 4.5. In the weighted SVM
model, all E. crus-galli and O. sativa f. spontanea samples were correctly predicted. For rice,
2 out of 25 samples were predicted as being O. sativa f. spontanea. This misclassification error
is more acceptable than the error of weeds being predicted as a crop for farmers, when
spraying effective herbicide instead of mechanical weeding for weed control. Farmers would
probably choose to treat weed-free areas rather than take the risk of allowing weeds to go
untreated. Even if some crop plants are sprayed with herbicide, an important reduction in
herbicide would be obtained compared with conventional weed management [175]. Thus, it is
more important for a discrimination model to detect all weeds even if some crop plants are
classified as weeds, when spraying chemicals for weed management. The improvement of the
weighted SVM model may be attributed to the imbalance of sample weights that rescales the
hyperparameters and results in the change of decision boundary of classifiers. Generally, the
choice of selecting classifiers strongly depends on specific tasks and objects. Some
considered criteria like the number of features and samples, data type, and research purpose

can be seen in [148].
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Table 4.5 Confusion matrix of the SVM classifier with imbalance sample weights.

Truth
Prediction Rice O. sativa f. spontanea E. crus-galli
Rice 23 0 0
0. sativa f. spontanea 2 18 0
C. arvense 0 0 23

Feature selection is an important procedure to filter out features that are not significant for
modeling. Thus, it is useful to gain a better understanding of the relationships between features
and responsive variables. Besides, it can reduce overfitting and improve the generalization of
models. Hyperspectral data, with a high number of narrow spectral bands, contains a high
redundancy and multicollinearity between bands. Performing spectral feature selection can be
extremely useful to data interpretation and sensor design [176]. Although commercial
multispectral cameras like Micro-MCA 6 produced by Tetracam company, already provide 6
spectral channels for general applications, these important selected bands maybe facilitate the
design of a customized camera specifically for these two weed recognition from a rice crop.
The bandwidth for each selected band needs to be further determined for the final customized
camera development under field conditions. Comparing the spectral bands of Micro-MCA 6
(490 nm, 550 nm, 680 nm, 720 nm, 800 nm, 900 nm), it can be seen that several bands from
the selected wavelengths (415 nm, 561 nm, 687 nm, 705 nm, 735 nm, 1007 nm) are quite
close to the generalized bands in Micro-MCA 6. When considering the potentials in real
situations, the possible difficulty may be the lighting conditions. In a laboratory environment, a
lighting source is placed at a fixed position in a closed cabinet which has been proved effective.
However, the light in fields is arbitrary and may come from different directions. In our study,
we placed all sample leaves horizontally on the conveyor for imaging. This simplifies the
sampling process compared to the real situation which could lead to inconsistent reflectance

due to large variations in field conditions. Besides, other factors, such as intraspecific diversity
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of the plant species, crop growth stages and fertilization could affect the robustness of the
model. The results were obtained in the laboratory, so a further field study is highly
recommended to further test the model. Under field conditions, growth stages of crop and
weeds could be important factors influencing the robustness of the model as both

morphological and spectral features could be different at different development stages [177].

The fundamental goal of a machine learning model is to generalize well from training data
to any new data from the problem domain. Poor generalization performance of a machine
learning model mainly results from underfitting or overfitting [178]. Learning curves represent
the generalization performance of a machine learning model as a function of the number of
training samples. In this study, we used 5-fold cross-validation to plot the learning curves of
the weighted SVM model (weighted SVM + SPA). From Figure 4.9, the gap between training
score and cross-validation score becomes narrower with the increase of training samples. The
averaged training and cross-validation accuracy scores both finally plateau around 0.9. Based
on the narrow gap and high cross-validation score, it is concluded that the developed model

suffers neither underfitting nor overfitting.
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Figure 4.9 Learning curves of the weighted support vector machines with selected features by

successive projection algorithms.
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Whilst the weighted SVM model provided a good result in recognizing E. crus-galli (100 %),
O. sativa f. spontanea (100 %) and rice (92 %), it is very important to consider the other aspects
to improve model robustness and accuracy. In our study, we only utilized spectral features
from plant leaves to build classification models. It is worthy to extract textural and geometry
features in spite of their similar shape traits. Kwon et al [179] reported that O. sativa f.
spontanea tends to have long, hispid, pale and droopy leaves and more culms, forming a more
open canopy structure than cultivated rice. It might be useful to explore the combination of
spectral and morphological features from plant canopy for weed and crop recognition. To the
best of our knowledge, a few studies have reported on SSWM in a rice field. In the future, such
experiments need to be carried out either in the laboratory or in a field environment to identify
the best and most reliable growth stages for weed identification. With this prior knowledge, it
could be more reliable to develop a weed sensing system for SSWM. In China, it is allowed
to use a drone, such as the DJI Agras T16 to spray herbicide for weed management. A drone
with a weed sensing and decision system might be developed in the future for SSWM, if a

developed model is robust and efficient for weed identification under field conditions.

4.4 Conclusions

In this chapter, a pipeline to automated extraction of spectral features was developed for line-
scanning hyperspectral images for O. sativa f. spontanea, E. crus-galli, and rice recognition.
The wavelet algorithm was used to de-noise the raw spectral features. Subsequently, Random
Forests (RF) and support vector machine classifiers were developed with optimized
hyperparameters to compare their performances in the test set. Feature selection was
explored through the successive projection algorithm (SPA) and random forests. The best
model in this application was the linear kernel-based support vector machine (SVM) with 6
spectral features (415 nm, 561 nm, 687 nm, 705 nm, 735 nm, 1007 nm) selected by SPA. The
imbalance of sample weights, namely 3-fold sample weights of O. sativa f. spontanea with

respect to weights for E. crus-galli and rice samples, boosted the performance of the SVM
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model. It was shown that the weighted SVM model achieved 100%, 100 %, and 92%

recognition rates for E. crus-galli, O. sativa f. spontanea and rice, respectively.
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CHAPTERS

Fusion of pixel and object-based features for weed
mapping in a maize field using unmanned aerial

vehicle imagery

In previous chapters 3 and 4, the experiments were carried out in the laboratory. Form this
chapter onwards, the studies were performed under natural field conditions for the purpose of
practical applications. In this chapter, we developed a strategy for inter- and intra-row weed
detection in early season maize fields from aerial visual imagery. More specifically, the Hough
transform algorithm (HT) was applied to the orthomosaicked images for inter-row weed
detection. A semi-automatic Object-Based Image Analysis (OBIA) procedure was developed
with Random Forests (RF) combined with feature selection techniques to classify soil, weeds
and maize. Furthermore, the two binary weed masks generated from HT and OBIA were fused
for an accurate binary weed image. The developed RF classifier was evaluated by 5-fold cross
validation, and it obtained an overall accuracy of 0.945, and Kappa value of 0.912. Finally, the
relationship of detected weeds and their ground truth densities was quantified by a fitted linear
model with a coefficient of determination of 0.895 and a root mean square error of 0.026.
Besides, the importance of input features was evaluated, and it was found that the ratio of
vegetation length and width was the most significant feature for the classification model.
Overall, the proposed approach can yield a satisfactory weed map, and it is expected that the
obtained accurate and timely weed map from UAV imagery will be applicable to realize site-
specific weed management (SSWM) in early season crop fields for reducing herbicide use and

their associated application costs and negative impacts.
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Pizurica; Yong He; Jan G. Pieters, Fusion of pixel and object-based features for weed mapping
using unmanned aerial vehicle imagery. Internationaljournal of applied earth observation

and geoinformation, 2018, 67, 43-53.
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5.1 Introduction

Site-specific weed management (SSWM) refers to the spatially variable application of a
weed control strategy rather than spraying herbicides in the whole field [180] which enables to
minimize herbicide usage and thereby potentially reduces the adverse effects on environment
and ecosystem. However, one of the important and challenging components of SSWM is weed

recognition and field mapping for an appropriate early automatic weed control [40].

In most weed control approaches including SSWM, it is generally accepted to control weeds
at the early season of the crop [39]. However, for some plants, the reflectance characteristics
might be similar in their early growth stages [181], thus imposing additional difficulties to
discriminate between them. Moreover, weeds can grow in small patches in the early season,
which also adds challenges and requires high resolution imagery to detect them. Broadly, there
are three conventional platform options for automatic detection of weeds from crops and soil
background: aerial, satellite-based, and ground-based platforms. A ground-based vehicle is a
common platform to perform field studies in agriculture and both imaging and non-imaging
sensors could be developed and applied using this platform [144,182,183]. Furthermore, a
series of unmanned ground vehicles (UGVs) have been developed and have been tested for
online weed detection and control [56,60,118]. However, with this kind of platform, it is difficult
to provide a global view of fields and it requires a robust weed and crop discrimination model
as well as powerful hardware assistance. In terms of satellite platforms, previous works
[184,185] have studied the use of multi-spectral QuickBird satellite imagery with a spatial
resolution of 2.4 m for broad- and field-level weed mapping in winter wheat fields, but the
spatial resolution from this platform was insufficient to detect small weed patches in an early
season [181]. Concerning all the above factors, a high resolution imagery from an unmanned

airborne platform is highly demanded for seedling detection.

Recently, applications of remote sensing with UAVs have shown great promise in precision
agriculture as they can be equipped with various imaging sensors to collect high spatial,

spectral, and temporal resolution imagery [61,186]. The advantages of their low cost and high
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flexibility in flight scheduling make them popular for field studies. Concerning UAV-based
remote sensing, Object-based Image Analysis (OBIA) is a common methodology in classifying
objects. An OBIA first identifies spectrally and spatially homogenous objects according to its
segmentation results and then it combines spectral, textural and geometry information from
objects to boost classification results [187]. Previous studies [181,188-192] about OBIA in
precision agriculture investigated for instance crop classification and weed detection by using
UAV imagery. Despite recent efforts and progress made, additional work is still required in
improving weed map accuracy and robustness to overcome complex agricultural conditions.
When considering a real situation of weed detection in row crop fields, crop rows are
particularly useful for assisting inter-row weed detection by image analysis [193]. One of the
main advantages of this detection strategy is its relative robustness but it fails to detect intra-
row weeds. Comparatively, OBIA has the potential to detect weeds regardless of their
distribution, while it highly depends on effective extracted features and has the chance to
classify inter-row weeds incorrectly. To the best of our knowledge, no studies have attempted
to combine crop row detection based on pixel features and OBIA for weed mapping in UAV

imagery.

In this chapter, an early season maize field with multiple economically important weed
species was surveyed by the UAV equipped with a visual camera. We propose an approach
to combine conventional crop-row detection algorithms and OBIA for accurate and robust weed
mapping by fusing pixel and object-based features. The specific objectives of this research are
(1) to develop a pipeline for processing low-altitude, high-resolution aerial UAV imagery; (2) to
explore and determine the important features for discrimination of weed and maize plants; (3)
to demonstrate the feasibility of fusion pixel and object-based features for accurate weed
mapping in the early growth stage of maize. The proposed approach aims at weed detection

in the early maize growth stage, specifically, from Zadoks scale 12 to 14 [194].
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5.2 Materials and Methods
5.2.1 Site and field measurements

The study was conducted at the experimental fields (Figure 5.1) of the Institute for
Agricultural, Fisheries and Food Research (ILVO) in the agricultural region of Merelbeke, which
is located in East-Flanders Province, Belgium. The area of the maize plot was about 150 m?.
The naturally occurring weed species in the maize plot included C. sepium (approximately 6
per m?), C. album (approximately 13 per m?) and Digitaria sanguinalis (L.) Scop (hairy
crabgrass) (approximately 4 per m?) species. The seeds of maize (Messago) were
automatically sown on July 7", 2016. After two weeks on July 18", the maize emerged and
most of them had 2 unfolded leaves (Zadoks scale 12). No fertilization was applied before the
date of data collection. On that day which was cloudy with 14.8 km/h wind speed, a 12 coaxial
rotors UAV (Hydra-12 Onyxstar, Mikrokopter, Germany) shown in Figure 5.2, which was
equipped with a lightweight visual camera (Sony Alpha 6000, Sony, Japan), was used to collect
aerial imagery with 2.5 m/s flight speed at an altitude of 20 m above ground. The overlapping
rates of imagery in side and forward direction were both 80%. The flight pattern (Figure 5.1(c))
used 2 m distance of two points in length (15 points) direction and 3 m distance for width
direction (6 points). The specific parameters of the RGB camera and its settings are listed in

Table 5.1.
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Figure 5.1 Study area location. (a) the position of East-Flanders in Belgium, (b) the designed
area for study, imagery from 2017 Google Map data, (c) the waypoints of our study area.
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Figure 5.2 The OnyxStar UAV, model Hydra-12.

Table 5.1 Camera technical specifications and settings.

Make, Model Sony Alpha 6000

Resolution 6000 x 4000 pixels

Lens type Sony E 35mmF 1.8 OSS

Shutter time 1/2000 sec

ISO 320

GSD* 1.78 mm/pixel (at 20 m flight height)

*ground sampling distance, standing for the physical horizontal distance at ground lewvel a pixel represents.

5.2.2 Pixel-based crop row detection

The main two processes in our study were pixel-based row detection and OBIA. Each
module followed a series of different processing techniques. The flowchart of the methodology

is depicted in Figure 5.3.

96



Classification
image

. ? Y Multi-resolu.tion —p Object fea.ltures B Random
s segmentation extraction Forests
Aerial images Orthophoto
* 1

f=———
/ Image \ / \ 1 l
Intra-row

. Maize row
segmentation .
detection / Inter-row ™\
Vegetation weed binary weed binary
enhancement Canny edge image image
detection !
Greenness
identification = e
transform

Pre-processing

¥l_/

Binaryimage Accurate

weed map

Mask maize

Figure 5.3 Flowchart of the methodology.
5.2.2.1 Segmentation of vegetation and soil background

First, aerial images were imported in the Agisoft PhotoScan v1.2.3 (Agisoft LLC, St.
Peterburg, Russia) for mosaicking and orthorectifying. General steps for processing aerial
images in PhotoScan include photo alignment, dense cloud building, 3D mesh building, texture
building, digital elevation model building and orthomosaic photo generation. High accuracy and
4000 key points limited were set for photo alignment. The blending mode was set as mosaic
for generating an orthomosaic photo. The other parameters were set to the default values in
PhotoScan. The Excess green (ExG) vegetation index [195] was calculated via Equations 5.1.

_2G-B-R

ExG =
G+B+R

(5.1)

where R, G and B are the red, green, and blue channel pixel values, respectively.

After this, the threshold value | was calculated based on Otsu’s algorithm [196] to convert the
grayscale image to a binary image. Finally, the Canny algorithm [197] was applied to obtain a

binary edge image.
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5.2.2.2 Hough transform

Hough transform is one of the most common machine vision methods for crop row detection
[118]. The basic idea of the Hough transform algorithm is to map a set of disconnected points
from the image space to a transformed parameter space. The line formation of the Hough

transform procedure is based on Equation 5.2.
p=x%*cosf +yx* sinb (5.2)

where p is the perpendicular distance from the origin to the line, and 6 is the angle of
perpendicular projection from the origin to the line measured in degrees clockwise from the

positive x axis of the image space.

The algorithm is summarized in the following steps [198];

(1) initialize the Hough accumulator content A (p, 6) to be zero;

(2) for every edge pixel with coordinates (x;, y;) and value | (x;, yi) >0;
() pij = x; * cos; + y; * sinf; is calculated and its value is rounded to nearest integer,
(i) update accumulator content A (p;;, 8;) = A (p;;, 6;) + 1 (i, Yi),

(3) locate (p*,0™) = argmax(A (p, 6));

The crop line positions are finally determined by the parameters of p*, 8%, and the number of
peak values (p ,0) in the Hough accumulator space is the same as the number of crop rows in

the image. This procedure was implemented in Matlab R2016 (The Math Works, Natick, USA).
5.2.2.3 Masking the crop

After detecting the crop row lines in the orthomosaicked image, we masked a region
symmetrically situated along each row line with width o. The key point of this step is to assign
an appropriate o for masking the maize plants in each row. This parameter can be determined

by Equation 5.3.
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o= —
r

(5.3)
where W is the real maximum width of the maize plant from the tip of the leaf to the opposite
tip of the leaf, r is the resolution of the image, o is the extended width, and refers to the needed

extended pixel number in our case. In this way, we assured that the maize plants in each row

were fully masked, then the weeds outside of the masked area could be completely detected.

5.2.3 OBIA

The OBIA is based on segmentation, edge detection, feature extraction and classification
concepts which have been used in remote sensing for decades [187]. Nevertheless, it provides
a new and essential bridge between the spatial concepts applied in multiscale remote sensing
image analysis [199]. OBIA is to partition an image into different objects and regards the
segmented objects as basic processing units. Therefore, more available features such as
textures and object shapes can be derived from this procedure [190]. The OBIA classification
involves three main steps: image segmentation, feature generation and object classification.
Table 5.2 presents the specific information of spectral, textural and geometry features of
segmented obijects in the study. eCognition Developer 8 software (Trimble GeoSpatial, Munich,

Germany) was used for the implementation of object segmentation and feature generation.
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Table 5.2 Input features for the OBIA.

Feature type Feature name (feature index) Number Characteristics
Spectral Mean_R (1), Mean_G (2), Mean_B (3). 3 Basic statistics of object pixel
values in R, G, and B channels.
Textural GLCM Homogeneity (4, 5), GLCM Entropy 16 All the texture features are
(6, 7), GLCM Ang.2nd moment (8,9), calculated by GLCM (Gray-Level
GLCM Mean (10,11), GLCM Standard Co-occurrence Matrix) algorithm
deviation (12,13), GLCM Correlation [143].
(14,15), GLCM Dissimilarity (16,17), GLCM
Contrast (18,19). (the first index in every
texture feature represents 0-degree
direction and the second one represents
135-degree direction).
Geometry Area (20), Border length (21), Length (22), 15 Describe the shape and extent

Ratio of length and width (23), Roundness features. Those features are

(24), Radius of largest enclosed ellipse strongly related to segmentation
(25), Radius of smallest enclosing ellipse results.

(26), Elliptic fit (27), Rectangular fit (28),

Volume (29), Number of pixels (30), Shape

index (31), Border index (32), Width (33),

Asymmetry (34).

5.2.4 Random Forests

As previously discussed, the last main step of OBIA is using all the input features to build a
classifier. We chose Random Forests as our classification model. Random Forests [99] is an
ensemble learning technique for classification, regression and other tasks. It generates
multiple decision trees based on random bootstrapped samples of the training data. Each
decision tree is grown using a different raw data subset which contains about two-thirds of the
instances, and the nodes are split using the best split variables among randomly selected
subset of variables. The remaining data (out-of-bag) can be used to obtain a test classification
as well as to determine the importance of features. The error from out-of-bag is an unbiased
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estimate of generation error [99]. The prediction output is determined by a majority vote of the
ensemble of decision trees. The theoretical background of RF is shown in chapter 2. When
building RF, two hyperparameters, the number of trees (h) and the number of randomly
selected variables to split the nodes (k), should be given by users. They can be tuned
considering a nested 5-fold cross validation process [190] for minimizing the generalization of
prediction error. The range of h was from 200 to 400 with a step of 5. The range of k was from
3to 9. In respect of training data for building the classification model, we randomly selected
maize and soil objects as the training set. For weeds, we labeled the inter-row weed objects
as training data as they were already detected by Hough transform. The sklearn machine
learning library was used for developing RF, feature selection and hyperparameters tuning
with python programming language [200]. The computation in this study is based on a laptop

computer (4 x Intel Core i7-4510U CPU@2 GHz, 8GB RAM, 64-bit operating system).

5.2.5 Accuracy assessment

5.2.5.1 Evaluation of the classification model

Three classes were considered (soil, weed and maize). We used 5-fold cross validation to
evaluate the RF classifier. In many multi-classification applications, the confusion matrix is a
very effective tool to evaluate the classification model. It gives the full description of errors
made by the classifier. The specific metrics derived from the confusion matrix include overall
accuracy (OA), omission errors (OE) and commission errors (CE) of each class [201]. Besides,
we also used the Kappa coefficient [109] which measures the agreement between predicted
and truth values. A kappa value of 1 means full agreement, while the value of O represents no

agreement. The Kappa coefficient is computed as

NI, mii = Xi4(GiCi)
N? —ZL?L=1(G,: Ci)

K= (5.4)

where n is the class number, m; ; is the number of values belonging to the truth class i that

have also been classified as class i (diagonal values in the confusion matrix), G; is the total
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number of truth values belonging to class i, C; is the total number of predicted values belonging

to class i.
5.2.5.2 The accuracy of the weed map

For evaluating the accuracy of the final weed map, 20 windows (100x100 pixels,
representing 174 x 174 mm? on the ground) were randomly selected in the image before
performing the Hough transformation and the OBIA, and their weed coverages (WC) were also
calculated by Equation 5.5 based on pixel statistics. The minimal length of weed seedlings was
26.7 mm. This value was determined by the setting of the number of pixels to eliminate small
objects in pre-processing. After finishing fusion, the detected weed coverages (detected) in the
windows were compared and evaluated with the truth values of weed coverages. Their
correspondence was quantified by the coefficient of determination (R?) and the root mean

square error (RMSE) of the fitted linear model. The calculations (4.7 and 4.8) are as follows;

W = Zweedpixel 4600, (5.5)
window size
Y (-0 yi—9)]?
RZ — [ 1=1\A1 i 5.6
=0 S (vi-y) 6
RMSE = \/%Z’f:l(yi —x;)% X 100% (5.7)

where x; is the truth value of weed coverage i; x is the average value of x;; y; is the detected

value of weed coverage i; y is the average value of y; ; n is the number of selected windows.

5.3 Results
5.3.1 Orthomosaicked image and inter-row weed detection

In total, 90 aerial images were stitched and the result of the orthomosaicked image is shown
in Figure 5.4. It can be observed that both inter- and intra-row weeds emerged in our study
plot (red circled area). Then a series of image processing steps were conducted for inter-row
weed detection. Figure 5.5 displays the results of processing steps for inter-row weed detection.

The threshold value for obtaining the binary image (Figure 5.5(c)) was 0.106 which was
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automatically calculated by Otsu’s algorithm. Subsequently, the pre-processing including filling
holes and removing small noisy patches, was applied in the obtained binary image. In this step,
the parameter for removing small patches was set as 10 which means patch areas less than
10 pixels were eliminated. This step avoids the further processing of noisy small objects (area
around 32 mm?). Next, the pre-processed binary image was subjected to Canny edge detection
algorithm and Hough transform. In Hough transform, the minimum line length was set to 2000
for filtering the obtained line segments in hough lines function. Finally, we obtained the inter-
row weed binary image by masking the entire maize crop. Note that the user-defined
parameters mentioned above are variable, depending on real circumstances (e.g., the overall
area of single weeds). The extended width was calculated as 70 in our case. In Figure 5.5(h),
all white pixels represent weeds, and the produced result assumes that all vegetation between

crop rows is regarded as weeds.

() (b)

Figure 5.4 The orthomosaicked imagery. (a) the study area with naturally occurring weeds,

(b) view of the selected regions of interest.
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Figure 5.5 Partial view of image processing steps for inter-row weed detection. (a) raw RGB

image, (b) vegetation index of ExG, the dark pixel represents background and the light pixel
represents vegetation, (c) binarized image via Otsu’s algorithm, (d) pre-processed binary
image, (e) Canny binary edge image, (f) detecting maize row line by the Hough algorithm, (g)

masking maize crop, (h) inter-row weed binary image.
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5.3.2 OBIA

5.3.2.1 Feature importance evaluation

Multi-resolution segmentation was selected for object segmentation, and the parameters of
scale, shape and compactness weight for segmentation were set to be 50, 0.4 and 0.5,
respectively. There were 3667 generated objects in total. The number of three class training
objects in all generated objects were 198 (weed), 135 (maize) and 84 (soil), respectively. After
segmentation, the spectral, textural and geometry features (Table 5.2) were generated and
exported to a .csv format file by using eCognition software. Then we analyzed this dataset with
the sklearn library with the python programming language. The nested 5-fold cross validation
was done for tuning hyperparameters. The results show that the RF classifier achieved
maximum averaged accuracy (0.961) when h equaled 380 and k equaled 3. Subsequently, we
used 5-fold cross validation to evaluate the classifier with tuned hyperparameters. The overall
accuracy in each fold is listed in Table 5.3. The mean value and standard deviation of
accuracies were 0.950 and 0.021, respectively. It shows that the developed classifier was
robust and had a good generalization. Furthermore, the input features were also evaluated by
permuting their values and calculating their out-of-bag errors. Figure 5.6 provides the
importance score of each input feature. We can observe that the ratio of length and width
(0.087), asymmetry (0.076), length (0.074) and volume (0.047) were the most important four
features for classification. While the rectangular fit (0.003) contributed the least for
classification. Among all textural features, Gray-level co-occurance matrix (GLCM) mean in O

degree (0.043) ranked the first.

Table 5.3 The overall accuracy (OA) of each fold in 5-fold cross validation.

Fold Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

OA 0.976 0.917 0.964 0.952 0.939
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Figure 5.6 Distribution of the feature importance scores obtained from the Random Forests

evaluation (Feature index can be seen in Table 5.2.).

5.3.2.2 Classification model evaluation

Based on 5-fold cross validation, the confusion matrix was constructed (Table 5.4). It shows
that the OE values of maize, weed and soil were 0.104, 0.045 and 0, respectively. Specifically,
there were 9 out of 199 weed objects which were wrongly classified as maize plants. The 9
wrongly classified objects were mainly from the D. sanguinalis species located both in inter-
row and intra-row. In terms of CE, both weeds and maize had the same error value (0.069).
There was no error found in soil objects. Overall, our classifier performed well in the
classification of soil, weed and maize. Moreover, the high values of overall accuracy (0.945)
and Kappa coefficient (0.912) also indicate that most objects had been correctly classified by

the Random Forests classifier.

106



Table 5.4 The confusion matrix of classification by the random forest classifier

Truth
Prediction Maize Weed Soil Total OE CE OA Kappa
Maize 121 9 0 130 0.104 0.069 0.945 0.912
Weed 14 190 0 204 0.045 0.069
Sail 0 0 84 84 0 0
Total 135 199 84

* OE: omission error, CE: commission error, OA: owerall accuracy

5.3.3 Fusion of pixel and object-based features

After OBIA, we applied the RF classifier to classify all objects in the segmented image, and
the result can be seen in Figure 5.7. It shows that most intra-row weeds (broad-leaved weeds
in particular) could be detected by our classification model. However, a few inter-row weeds
have been classified as maize plants. This is possible because some weeds had very similar
shapes as well as color information as maize plants in the early season. The classification
model could not ensure every inter-row weed can be detected correctly. Therefore, the inter-
row weed mask was introduced in this section and was fused with the OBIA classification result
to obtain a more accurate weed map. First, the classification result was converted to a weed
binary image (Figure 5.8(a)), which is easily implemented by setting a threshold for red color.
Next, the ‘OR’ logical operation was carried out for fusion of the inter-row weed binary image

and OBIA binary weed image. In this way, some wrongly classified weeds could be corrected.

The detected inter- and intra-row weeds are shown in Figure 5.8(d).
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Figure 5.7 Intra-row weed classification result from the OBIA. (a) the classification results by

the RF, (b) large view from the marked yellow box area.

e

% ey £5 A
4 3 o s o X £ ZL's ”: z
v . IR D W iag A A AN
.' '/'3: 3 2 £ e v ‘.',',;‘,v .'.,’. v'.;', ; ST oy i
s
s

-—
T
4

ST =
'E:Vf B

(@) (b) () (d)

Figure 5.8 Procedure steps of fusion of intra- and inter-row weed. (a) the partial view of intra-
row weed binary image, (b) the partial view of inter-row weed binary image, (c) the partial view
of inter and intra-row weed fusion result, (d) the detected weeds marked with the red bounding

box.
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5.3.4 Accuracy of the weed map

The 20 randomly selected windows in the orthomosaicked image (Figure 5.9(a)) were
regarded as the sampling points for the evaluation of the generated weed map. Their weed
masks, used for calculating the ground truths (GT) of weed coverages, are provided in Figure
5.9(b). Based on the GT, the three methods, the Hough algorithm for inter-row weed detection,
the OBIA and the proposed method (Hough + OBIA), were compared for their performances.
Their predictions and relationships with the GT are displayed from Figure 5.10 to Figure 5.12,

respectively. It shows that our proposed method (Hough + OBIA) had a higher R-squared value

(0.895) and a lower RMSE (2.58%) than the Hough algorithm (R? = 0.783, RMSE = 3.71%) or

M W BN

the OBIA (R? = 0.815, RMSE = 3.42%).
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Figure 5.9 (a) 20 selected windows from the orthomosaicked image, (b) the GT of weed

coverages in the windows.
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Figure 5.10 (a) The Hough weed predictions for the 20 selected windows, (b) the relationship

between the Hough predictions and the GT of weed coverages.
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Figure 5.11 (a) The OBIA weed predictions for the 20 selected windows, (b) the relationship

between the OBIA predictions and the GT of weed coverages.
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Figure 5.12 (a) The weed predictions from the proposed method (the fusion of the Hough

features and OBIA) for the 20 selected windows, (b) the relationship between the values from

the proposed method and the GT of weed coverages.
5.4 Discussion

Hough transform is an effective and robust way for crop row detection based on global pixel
features. But this method is mainly applied in images from ground-based vehicles. To our
knowledge, few literature is available on using this approach in aerial orthophotoes. Hervas
Martinez et al [202] experimented with two different cameras and flight altitudes to collect UAV
imagery and obtained promising results in weed monitoring. When using Hough transform, a
good detected edge feature is a prerequisite for its effectiveness, and a denoise process is

advisable before applying this algorithm in some images with noises such as salt-and-pepper
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noise [203]. Alternatively, some other methods like vertical projection and linear scanning
algorithm for crop row detection have been discussed in [147]. With respect to masking maize
plants, the extended width is quantified by Equation 5.3. The inter-row weed detection results
are achieved better at the early growth stages of maize (normally in May in Belgium, Zadoks
scale: 12-14). In this case, the size of crop leaves is not too big and occlusion from different
crop rows can be avoided. Correspondingly, the applied extended width is narrow enough.
Therefore, there is a great possibility to detect inter-row weeds, even for grouped inter-row
weeds. Overall, the Hough transform is also feasible for inter-row weed detection in early

season orthomosaicked visual images.

Figure 5.4 shows that illumination was changed during the flight. Generally, our method is
not so much sensitive to changing illumination conditions. For inter-row weed, we used the
Hough algorithm to first detect crop row, which is based on global pixel statistics from canny
edge detection algorithm. The local changes have very few influences on crop row detection.
Thus, there is almost no affection on inter-row weed detection. For intra-row weed detection,
object-based image analysis with multiresolution algorithms was used for object-based feature
extraction. Basically, the objects are formed by comparing the neighbor pixels for each pixel in
the image. It might have few influences only for the objects formed in the border of two different

illumination areas.

Figure 5.6 shows that the geometry features, such as the ratio of length and width (0.087),
asymmetry (0.076), length (0.074) and volume (0.047), played a dominant role in the
classification of weeds in the early growth stage of maize field (Zadoks scale: 12). The studies
of [204,205] also presented the great importance of geometry features for weed classification
at early growth stages. Note that object segmentation results are highly sensitive to geometry
features. Hence, the settings concerning object segmentation should be explored for obtaining
optimal parameters. We suggest that shape weight can be tuned slightly higher than the default
value (0.1) for multi-resolution segmentation in eCognition software. Another consideration is

that geometry features vary with the growth stages [145]. In the early season, few occlusions
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exist in plants, and simplify the difficulty of object shape perception. The use of spectral
features such as ExG for vegetation detection is very satisfactory, which is consistent with the
observation of [144], but when it comes to discriminating weeds and maize in OBIA, the
spectral features fail to show great advantages, especially in plant species without so much
greenness differences. One possible reason is the lack of Near-infrared (NIR) bands to
construct more effective vegetation indices for the classification model. Therefore,
multispectral or hyperspectral imaging sensors are suggested to be installed on UAV platforms
which could exploit more effective spectral features in the application of precision farming
[206,207]. Further studies about feature selection methods and feature learning-based
approaches for classification are described in [208,209]. For the RF classification model, 5-
fold cross validation was used for evaluating the model. The advantage of this method is that
all samples are used for training and validation, and each sample is used for validation exactly
once. Therefore, it can test the stability and reliability of the classification model. Pena et al

[190] also used this method to evaluate classifiers in the classification of summer crops.

Intra-row weed detection is one of the current challenges of weed science [181]. In our
approach, one of the novelties of our study is that the training weed samples are all from inter-
row weeds which are automatically detected by Hough transform. This idea indicates that
automatic labeling weed samples could be realized as part of weeds have been detected
before performing OBIA, which could potentially alleviate the tedious work of manually labeling
weed samples for training data. The late sowing probably influences the plant growth speeds
or other weed seedlings presenting in the crop. But it would have little effect on the results.
The inter-row weeds were detected after crop row detection. Then we used some training
samples from inter-row weeds to classify intra-weeds. The crop row detection was not affected
by the late sowing. In order to ensure the weed detection accuracy, the early crop growth
stages (Zadoks scale 12 in this study) is critical to ensure less vegetation overlapping for better
morphological feature extraction. The obtained accurate weed map is the result of the fusion

of the inter-row weed map (pixel-based) from the Hough transform and the intra-row weed
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image (object-based) from OBIA. The benefit is that the incorrectly classified weeds located
between crop rows can be fully corrected by this fusion procedure, thus increasing the overall
accuracy of the map. The studies [141,181,191] provided other patterns or features selecting
methods for weed detection. Another advantage of our proposed approach is its ability to
detect small weed seedlings. In our final weed map, every detected weed is displayed with a
bounding box. The size of the boxes is based on the area of emerged weeds. For site-specific
spraying application, the larger area of weed bounding boxes means the more amount of
herbicide, and vice versa, if herbicide is only delivered insides the boxes. After image collection
with UAV, the time needed to generate a weed map should be within one day. It highly depends
on the computational power of the computer and the size of the imaged fields. This
georeferenced map could be imported to a tractor system for the purpose of spraying.
Furthermore, the obtained accurate weed map also has the potential to be used for providing
UGVs (unmanned ground vehicles) with an optimal path through the field for weed

management.

Our proposed approach in this chapter is to target the early growth stage of corn (Zadoks
scale: 12). Also, note that the experimental field in this study was poorly infected with weeds
(2 broadleaved weeds and one grass weed species) and the fraction of undetectable seedlings
was not determined because of lack of the ground truth in the field in this study. In practice, if
there are more weed species in fields, especially weed species with similar morphological
features as crop plants, the accuracy of intra-row weed detection with the proposed approach
could decrease. In later corn growth stages (Zadoks scale: 15 or 16), the intra-row weed is
difficult to be detected by UAV mapping because of heavy corn leaves overlapping and
spreading, but detection of inter-row weeds is still possible as long as the crop leaves are not
covering the whole gap of rows. Consequently, the map accuracy will decrease to some degree.
When the crop develops in very late stages (e.g., Zadoks scale: 18, 19, or more unfolded

leaves), it will be a very challenging task to map either inter-row or intra-row weeds in fields
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based on a UAV platform. And at the same time, the spray implementation becomes less

meaningful and effective in agricultural practices.

Considering the economics of UAV mapping, primarily, the UAV can be acquired in much
lower hardware cost compared to the traditional airborne mapping approach, for example, a
Robinson R22 helicopter with a high-capacity medium format color camera like Phase One XF
100 MP. However, some reasonable crash rate or usable time for UAV needs to be estimated
to get hourly amortization, and operation cost should not be ignored when calculating the cost
of the UAV flight hour. Matese et al [210] clarified that the UAV is likely to outweigh the other
platforms (satellite or airplane) for a small field (5 ha) data acquisition, while for larger fields
(50 ha), the UAV solution tends to be less economic. A further aspect that needs to be
considered is UAV practical productivity. Several factors like effective swath which concerns
optic choices, battery time and speed should be considered and optimized to pursue high

productivity of UAV applications in agriculture.

To put this study into perspective, the current approach based on low weed density and
diversity should also be tested in a more complex and larger field before it can be implemented
successfully in SSWM system. Besides, it will be interesting to explore deep learning methods
to obtain effective features automatically for weed and crop classification in outdoor scenarios
and comparing different sensors and platforms in the task of weed detection. Moreover,
guantifying some parameters like flight altitudes, optimal resolution and camera settings for

obtaining accurate weed maps is also worth to be explored in the future.

5.5 Conclusions

The study in this chapter, to our knowledge, the first one that analyzes the fusion of the pixel
and object-based features for accurate weed mapping from high resolution (1.78 mm/pixel)
UAV images. Based on pixel features, Hough transform was introduced for inter-row weed
detection. Simultaneously, the intra-row weed binary image was generated by combining

object-based image analysis (OBIA) and machine learning methods. The metrics of overall
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accuracy (0.945) and Kappa value (0.912) show that the Random Forests classifier had good
generalization ability by using 5-fold cross validation method for training. Moreover,
several geometry features like the ratio of length and width, and asymmetry were evaluated as
significant features for the classification of weeds and maize in the early season. Overall, this
study demonstrates a feasible way to obtain an accurate weed map by using high resolution
aerial visual images in the early growth stage of maize field (Zadoks scale: 12) naturally

infested by C. sepium, C. album and D. sanguinalis.
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CHAPTERG®G

Deep convolutional neural networks for image-based

Convolvulus sepium detection in sugar beet fields

The previous chapters all need to design hand-crafted features for modeling for weed
recognition and detection. This might fail to generalize over different fields and environments.
In this chapter, we present an approach that develops a deep convolutional neural network
(CNN) which can automatically learn hierarchical features for C. sepium detection in sugar
beet fields. We generated 2271 synthetic images, before combining these images with 402
field images to train the developed model. The resulting model is tested on 100 field images,
showing that the combination of synthetic and original field images to train the developed
model can improve the mean average precision (mAP) metric from 0.751 to 0.829 compared
to using collected field images alone. We also compare the performance of the developed
model with the YOLOvV3 and Tiny YOLO models. The developed model achieved a better
trade-off between accuracy and speed. Specifically, the average precisions (APs@I0OUO0.5) of
C. sepium and sugar beet were 0.761 and 0.897 respectively with 6.48 ms inference time per
image (800x1200) on a NVIDIA Titan X GPU environment. Because of high speed inference,
it is feasible to deploy the developed model on an embedded mobile system like the Jetson

TX (an embedded computing board from NVIDIA) for online weed detection and management.
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This chapter is adapted based on the manuscript submitted in the Plant Methods journal

Junfeng Gao, Andrew French, Michael Pound, Yong He, Tony Pridmore, Jan G. Pieters;

Deep convolutional neural networks for image-based Convolvulus sepium detection in sugar
beet fields. (Submitted in the Plant Methods journal, under review)
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6.1 Introduction

In modern agriculture, herbicides are widely used to control weeds in crop fields [11]. Weeds
are typically controlled by spraying chemicals uniformly across the whole field. However, the
spots of bare soil or crop plants are not necessary to be treated with chemicals for weed control.
This conventional approach could increase the cost of crops and cause negative effects on

environments [211], which might be a hindrance to sustainable agriculture development.

Image-based methods integrating machine learning algorithms are considered a promising
approach for crop/weed classification, detection and segmentation. Previous chapters utilized
features like shape, texture and color features with a random forest classifier for weed
classification. Others, such as Ahmad et al [212] developed a real-time selective herbicide
sprayer system to discriminate two weed species based on visual features and an AdaBoost
classifier. Spectral features from multispectral or hyperspectral images could also be exploited
for weed recognition in chapters 3 and 4. Although the works mentioned above show good
results on weed/crop segmentation, classification and detection, challenges such as plant
species variations, growth differences, foliage occlusions and interference from changing
outdoor conditions still need to be further overcome in order to develop a real-time and robust
model in agricultural fields. A real-time system provides a highly efficient way to manage weeds.
This is especially useful to integrate it with a robotic platform or a tractor platform for automated

weed management in fields.

Deep learning, a subset of machine learning, enables learning of hierarchical
representations and the discovery of potentially complex patterns from large data sets [107]. It
has shown impressive advancements on various problems in natural language processing and
computer vision, and the performance of deep convolutional neural networks (CNNs) on image
classification, segmentation and detection are of particular note. Deep learning in the
agriculture domain is also a promising technique with growing popularity. Kamilaris et al [213]
concluded that more than 40 studies have applied deep learning to various agricultural

problems like plant disease and pest recognition [76,84], crop planning [214] and plant stress
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phenotyping [215]. Pound et al [216] demonstrated that using deep learning can achieve state-
of-the-art results (>97% accuracy) for plant root and shoot identification and localization.
Polder et al [217] adapted a fully convolutional neural network (FCN) for potato virus Y
detection based on field hyperspectral images. Specifically, for crop/weed detection and
segmentation, Sa et al [218,68] developed WeedNet and WeedMap architectures to analyze
aerial images from an unmanned aerial vehicle (UAV) platform. Lottes et al [219,220] also did
relevant studies on weed/crop segmentation in field images (RGB+NIR) obtained from the
BoniRob, an autonomous field robot platform. All these studies have demonstrated the

effectiveness of deep learning, with very good results provided.

In practice, farmers usually plow fields before sowing to provide the best chance of
germination and growth for crop seeds. Moreover, parts of pre-emergent weeds are buried
under the ground and so killed through this procedure. However, C. sepium can emerge from
seeds and remaining rhizome segments left underground. This leads to different emergence
times of C. sepium, resulting in multiple growth stages from first leaves unfolded to stem
elongation being represented in a single field. The appearance of C. sepium at different growth
stages varies. In the early growth stages, some C. sepium plants might have similar color
features as sugar beet plants in their early growth stages. All these factors bring challenges to
the development of a robust system for C. sepium detection under field conditions. To the best
of our knowledge, no studies have attempted to detect them in a sugar beet field based on a

deep learning approach.

In this chapter, first we develop an image generation pipeline to generate synthetic images
for model training. We then design a deep neural network to detect C. sepium and sugar beet
based on field images. The major objectives of the present study are (i) to appraise the
feasibility of using a deep neural network for C. sepium detection in sugar beet fields, (ii) to
explore whether the use of synthetic images can improve the performance of the developed
model, (iii) to discuss the possibility of our model to be implemented on mobile platforms such

as a mobile agricultural robot for SSWM.
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6.2 Materials and methods

A digital single-lens reflex (DSLR) camera (Nikon D7200) was used to manually collect field
images from two sugar beet fields of West Flanders province in Belgium under different lighting
conditions (from morning to afternoon in sunny and cloudy weather). Most sugar beet plants
had 6 unfolded leaves, while the growth stages of C. sepium vary widely, from seedling to pre-
flowering. The distance between camera and soil surface was around 1 m which was not
strictly fixed in order to create more variations in the images. The resolution of raw images was
4000 x 6000 pixels. There were 652 images manually labeled with bounding boxes. Among
them, 100 images are randomly selected as a test dataset and 100 images were randomly
selected as a validation dataset. The remaining 452 images were used as a training dataset.
All the images were resized to 800 x 1200 pixels. In this way, the resized images did not change

their aspect ratio and were suitable for training based on our computation resources.
6.2.1 Synthetic image generation

Training a deep neural network with adequate performance generally requires a large
amount of data. This is labor-intensive and time-consuming to collect and label. To overcome
this problem, we generated synthetic images based on the training dataset from the formerly
collected field images. The process of synthetic training image generation is depicted in Figure
6.1. Seventy-seven images were selected as original source images. All these images
contained either a sugar beet (51) or a C. sepium object (26). Their excess green (ExG)

vegetation index [195] grayscale images were obtained using Equations 6.1.

_2G-B-R

ExG =
G+B+R

(6.1)

where R, G and B are the red, green and blue channel pixel values, respectively.
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Figure 6.1 The process of synthetic image generation.

Next, we converted the ExG grayscale images into binary mask images with Otsu’s algorithm
[196]. Afterwards, the object images and their masks were transformed using a set of randomly
chosen parameters. Rotation (from 0 to 360 degrees with a 15-degree step), zoom (from 0.5x
to 1.5x with 0.1 step), shift (from -100 to 100 pixels with a 15-pixel step both in the horizontal
and vertical directions) and flip (horizontal or vertical direction) operations were applied. The
base image and their corresponding masks were subjected to flip (horizontal or vertical
direction), limited rotation (O or 180 degree) and limited zoom (from 1x to 1.8x with 0.1 step)
operations to keep the soil background information. After the objects from the object images
were added to the base images, their brightness was adjusted using Gamma correction [221].
Gamma values varied from 0.5to 1.5 with 0.2 steps. In our study, we generated 2271 synthetic
images in total. They are comprised of 1326 (51x26) images with sugar beet and C. sepium
plants, 676 (26x26) images with C. sepium and C. sepium plants and 269 images with sugar
beet and sugar beet plants. These synthetic images will be only used for training deep neural
networks. The less images (269) with sugar beet and sugar beet plants were generated
compared to the other two type images (1326 and 676), because the balance of different object
numbers (sugar beet and C. sepium) is better to keep for the benefits of training deep neural

network after considering most field images only contain sugar beet plants in the training
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dataset. The examples of real field images and synthetic images are shown in Figure 6.2.
There is no occlusion in base images and object images. However, the synthetic images could
contain overlapped plants (see Figure 6.2 bottom right image) as the object (sugar beet or C.
sepium) was randomly placed in the base images in this pipeline, thus better representing the

real scenario of field conditions.

Figure 6.2 Examples of real and synthetic images (top row: real images, bottom row: synthetic

images).

6.2.2 Deep neural network architecture

The deep neural network architecture used in this study is depicted in Figure 6.3. It is similar
to the tiny YOLOV3 (You Only Look Once) framework, a lighter and faster version of YOLOv3
[222]. In our case, there were only two object classes. The sugar beet objects in the fields
generally had similar sizes in fields as they were sown at the same time. Thus, we reduced the
number of detection scales to two scales instead of three scales in YOLOv3. This change
speeded up inference time. Furthermore, we modified the route for feature concatenation and

added two more convolutional layers for better feature fusion. Before feeding the image data
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Figure 6.3 Deep neural network architecture.

into networks, all images were resized to 608 x 608 spatial resolution to fit the network
architecture. The network first comprised 5 convolution and max-pooling blocks. The number
of convolutional filters in each block, starting with 16 filters, was doubled compared to the
former block. The 5 max pooling layers resulted in a total down-sampling by a factor of 32. At
the end of convolution and max pooling block, the dimension of the feature map was 19 x19 x
256. A series of convolution operations were then carried out to obtain the final features (19 x
19 x 21), a 3-dimensional tensor encoding coordinate of the bounding box, object and class
predictions, for initial object detection. One of the most notable features of YOLOV3 is to detect
objects at different scales. In our network architecture, it detects objects at two different scales
with 19 x 19 and 38 x 38 grids, respectively. In the tail of the network, we took the feature map
from the previous 15™ layer as input for a convolutional layer with 128 filters and then
upsampled it by 2x. Subsequently, the upsampled features were concatenated with the earlier
feature map resulting from a convolutional layer in the last convolution and max pooling block.
Then two more convolutional layers were added to fuse this merged feature map, finally
obtaining a similar tensor (38 x 38 x 21) for detection at the second scale. In our network,
instead of using the default anchor box sizes, we calculated our own anchor box sizes based
on the clustering of object bounding box sizes from the labeled training dataset. K-means

clustering [223,224] approach was used to determine the 6 anchor box sizes for our detection
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at the two different scales, each scale with 3 anchor boxes. There are three parts, bounding
box error for L,, objectness confidence error for L,, and classification error for L, in the loss

function L, . [223]:

s g s? B
. ) —\2 -
Ll = Qcoord Z w?jbj [(xi - fi)z + (yi - 5/\1')2] + acoordzz w?jb] [(\/Wl - \/Wl) + (\/_l - \/Zi)z]
i=0 j=0 i=0 j=0

s?2 B s?2 B
bj A bj A
L,= Zzng(ci—ci)z + anoobjzzwg'oo (¢ - C)?
i=0 7=0 i=0 =0

SZ
Li= Y o Y 0O -pi©)
i=0

c€Eclasses
Lloss = Ll + L2 + L3

where the weight constants a;,rq » @noop; @re 5 and 0.5, respectively. a,orq is ten times of

anoop; 1N Order to focus more on detection. Sis the number of the grid cell and B is the number

of bounding box at each scale. wfjbj denotes that the j" bounding box in the grid cell i is

noobj

responsible for this prediction. The value is 1 if there is an object in cell and 0 otherwise. w;;

is the opposite of wfjbj. c is the classes. a)l.objis 1 when the particular class is predicted,
otherwise the value is 0. x;, y;, w; and h; are the centroid coordinate, width and height of the
corresponding responsible anchor box. C; is the confidence score of object p;(c) is the

classification loss. The parameters with hats are the corresponding estimated values.
6.2.3 Transfer learning

Transfer learning uses partial weights from a pre-trained model on a new problem to
overcome any potential overfitting due to the lack of sufficient training data. It has been
demonstrated that the first layer of deep neural networks extracts some generic features like
edge and color features [225] so that they are generally applicable to other computer vision
tasks. Therefore, weights from these layers are expected to be more valuable when optimizing

the algorithm than randomly initialized weights in the networks [226]. In our study, we used the
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weights from the pre-trained model (darknet53), trained on the ImageNet dataset, a public
dataset containing millions of natural images, to train the proposed, Tiny and YOLOv3 models.
The Adam optimizer [227] with the initial learning rate 0.02, then dropping this value by 0.1 at
every 20000 iterations, was chosen to minimize the loss function. The batch size was set to
64. We used the Tensorflow framework with Python 3.7 to develop the proposed network
architectures and algorithms. Data augmentation such as random scaling and cropping, and
randomly adjusting exposure and saturation was also used during the training process for

reducing the risk of overfitting.
6.2.4 Evaluation metrics

For object detection applications, mean average precision (mAP) is a standard metric for
evaluation of model performance. In our case, we calculated the average precision (AP) of
sugar beet and C. sepium classes separately, and then averaged over APs of these two
classes to calculate mAP value (Equation 6.4) to check the overall performance of a model.
Precision is a ratio of true object detections to the total number of objects that a model predicted.
Recall is a ratio of true object detections to the total number of objects in the dataset. In our
case, to be the true object detections, the area of the overlap, also called intersection over
union (loU, Equation 6.2) between the predicted bounding box and ground truth bounding box
should exceed 0.5. The AP, calculated by Equation 6.3, is precision averaged across all the
values of recall between 0 and 1, namely the area under the PR curve [110]. An approximation
of the area is calculated via Riemann summation. Note that both precision and recall metrics
vary with loU thresholds. In our case, we set the model threshold as 0.5 (at IOU = 0.5) and

then combined all the detections from all test images to draw a precision-recall (PR) curve.

_ areaBypNnareaBg; 6.2)

areaBpUareaBg;

where areaB,, is the area of the predicted bounding box, and areaB,, is the area of ground

truth bounding box.

AP = Y ¥_. P(k)Arecall (k) (6.3)
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M _LAP(m)
M

mAP = (6.4)

where N is the total number of images in the test dataset, M is the number of classes, P(k) is
the precision value at k images and Arecall (k) is the change of the recall between k and k-1

images.

6.3 Results

6.3.1 Model performance

The training loss curve of the proposed deep neural network is shown in Figure 6.4. As we
can see, the training loss dropped sharply at the beginning of the training stage, and then the
loss value slowly converged at around 0.18 after 22000 batch iterations (527 epochs). We
evaluated the performances of the developed model in the validation set at different batch
iterations (Figure 6.5). It is shown that the mAPso obtained its highest value (0.839) in 26000
iterations. After 26000 iterations, the mAPso started to slowly decrease as the model tends to
be overfitting in the validation dataset, though the training loss still drops a little. We used the
weights (26000 iterations) to evaluate the developed model in the test dataset. Following the
same procedure to other models, Table 6.1 sums up the performances of the other networks
in the test dataset. In general, the proposed network achieved the highest average precision
(APso) of C. sepium detection (0.761). Although the YOLOvV3 obtained the highest mAPsq
(0.832) and the maximum APso value of sugar beet (0.938), it did not show good capability in

C. sepium detection (0.726), which is the priority and most important consideration in SSWM.
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Figure 6.5 mAPso values of the developed model in the validation dataset at different batch

iterations.

Table 6.1 Detection performance of the different models in the test dataset.

Model Average inference time (ms) MAPsq C. sepium APso Sugar beet APso
YOLO v3 40.75 0.832 0.726 0.938
YOLOV3-Tiny 6.39 0.810 0.705 0.914
Proposed 6.48 0.829 0.761 0.897

In terms of averaged inference time, all the trained networks were tested on a Linux server

with an NVIDIA Titan X Pascal GPU (12G memory). The YOLOv3 model costed on average

128



40.75 ms to predict an 800 x 1200 image in test data. However, the tiny YOLOv3 and the
proposed network performed much faster, with detections in the same spatial resolution
images in 6.39 ms and 6.48 ms, respectively. This can be attributed to the use of a less deep
network architecture, thus the number of parameters needed to be tuned was far fewer than
the YOLOv3 network. Figure 6.6 displays the precision-recall curves of sugar beet and C.
sepium (bindweed) of the proposed network in the test dataset. The specific detection results

of these three networks in 5 typical field images are provided in Figure 6.7.

1.0

0.9

0.8

0.7

Precision

0.6

0.5

04 Sugar beet

— Bindweed
0.3
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 6.6 Precision-recall curves of sugar beet and C. sepium in the proposed network.
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Figure 6.7 Detection results comparison in the test dataset. (upper row) input images, (second
row) ground truth of the input images, (third row) detection results from the YOLOv3, (fourth
row) detection results from the tiny YOLOv3 and (lower row) detection results from the

proposed networks.
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6.3.2 Synthetic images

In this study, we generated 2241 images for training the models and some examples are
given in Figure 6.8. Table 6.2 displays the effect of adding synthetic images. It can be seen
that the overall mAPso metric increased from 0.751 to 0.829 with the added synthetic images.

The contributions come from the improvement of C. sepium detection increasing from 0.587

to 0.761.
Table 6.2 Detection results with the different training datasets.
Training data mAPsq C. sepium APsq Sugar beet APs5g
Original field images 0.751 0.587 0.915
Synthetic images 0.698 0.504 0.891
Original and synthetic images 0.829 0.761 0.897

Figure 6.8 Examples of the synthetic images.

6.3.3 Anchor box

The default anchor box sizes in the tiny YOLOv3 model were [10,14], [23,27], [51,34], [81,82],
[135,169] and [334,272]. We used k-means clustering to calculate the 6 anchor box sizes
based on our own training data set. The 6 anchor box sizes used for training are [14,20], [32,38],
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[56,40], [75,90], [185,168] and [364,222], respectively. The effect of anchor box for training is
given in Table 6.3. We can see that the detection results (mAPso = 0.829) with the own
calculated anchor box sizes are slightly better than the results (mAPso = 0.823) from the default
anchor box sizes.

Table 6.3 Detection results from different Anchor box size sets.

Anchor box size MAPs5q C. sepium APsp Sugar beet APs5q
Default 0.823 0.756 0.890
Own calculated 0.829 0.761 0.897

6.4 Discussion

Transfer learning with adaptive learning rates was used to train our neural network, leading
the training loss to sharply decrease at the beginning, before finally converging at a low loss
value. In terms of weight initialization, the experiment [226] has shown that initializing deep
learning models with pre-trained weights from ImageNet leads to better accuracy in many
cases. When training a deep neural network, data is a crucial component to reduce the risk of
overfitting. We generated more than 2000 synthetic images for training based on conventional
image processing techniques. Previous studies [75,77] have presented other approaches to
generate images for object detection and segmentation. Moreover, Generative Adversarial
Networks (GANs) [228], inspired by game theory, are also a promising deep learning based
approach to generate synthetic images for training neural networks [229]. Back to our approach
for synthetic images generation, several ways can be used for improving the quality of synthetic
images. For example, the selected base images and object images can be taken under the
same view and lighting conditions. This can assure that the added objects fit well in the
background of base images. Open source rendering software such as blender [230] could be

employed to further translate synthetic images to be more realistic [231].

Small object detections can be a very challenging problem, especially when using deep

neural networks with pooling layers, due to the loss of spatial resolution. Increasing the
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resolution of the input images is a direct way to alleviate that problem but it is usually
constrained by the network architecture used and computation resources available. The
proposed network detects objects at two different scales. The second scale is capable of
detecting small objects because the feature maps are upsampled and then concatenated with
the previous feature map, which contains fine-grained features for small object detections.
Besides, Ren et al [232] adapted Faster-RCNN for small object detection in remote sensing
images. We also discovered that the detection results were improved by generating synthetic

images based on conventional image processing techniques.

Under field conditions, most sugar beets generally present relatively homogeneous
appearances as their seeds were sown at the same time. However, C. sepium can present
significant differences in color, size, morphology and texture. Thus, the variations of C. sepium
plants, shown in Figure 6.9, are far more than sugar beet crop. This is likely why all the
networks in our study provided better sugar beet detection than C. sepium. For row crops like
sugar beet, maize and potato, inter-row weeds can be detected after crop line detection [62].
These detected inter-row weeds have the potential to be used as training samples for intra-
row weed detections. Kazmi et al [145] used conventional image processing algorithms and
explored hand-crafted features with traditional machine learning techniques for C. arvense
weed detection in sugar beet fields. Although good accuracy was achieved with only using
color information, the use of hand-crafted features makes it difficult to guarantee the
robustness of the developed model under changing environmental conditions and variations
in plant development. In contrast, deep learning methods can extract hierarchical features and
learn very complex functions with a large amount of data provided [107]. Suh et al [233]
discussed the classification of sugar beet and volunteer potato under field conditions using a
VGG-19 modified neural network. A classification accuracy of 98.7% (inference time less than
0.1s) was obtained, which exceeds previously reported accuracies by Nieuwenhuizen et al
[234] and Suh et al [235] with hand-crafted features and conventional machine learning

algorithms. However, the proposed approach [233] did not lead to the precise detection of
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volunteer potato in field images because it is a classification task without detecting individual
plants in crop fields. The approach used in this study is capable of detecting C. sepium plants
of various sizes. Compared to other studies [219,217,220] that used a hood or atrtificial lighting
for image acquisition, our study targets weed detection under unstructured environments. It is
difficult to directly compare the performance of the developed model as different datasets and
metrics are used in different studies. To the best of our knowledge, this study is the first to
detect C. sepium in sugar beet fields. Though a proper comparison is lacking, it seems fair to

claim that deep learning-based C. sepium detection can be made under field conditions.

Figure 6.9 C. sepium representations in the field.

The own-calculated anchor boxes do not show much improvement in mAPso metric
compared to the default bounding boxes which can be attributed to relatively small differences
between calculated and default anchor boxes and the fact that there were only 2 object classes
in our case. However, it is still highly recommended to use a k-mean clustering approach to
calculate prior anchor box sizes for the network. It would give networks the range of predicted
bounding boxes for most objects, leading to a more accurate bounding box prediction. In
practice, the choice of a network depends on a trade-off between accuracy and inference

speed. The proposed network achieves a good balance with speed and accuracy. The
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proposed network shows a sizeable advantage in inference speed at only 6.48 ms per image.
One of the reasons for this is the use of a shallower network architecture compared to the
Darknet-53 based YOLOv3 [222] and VGG based Single Shot MultiBox Detector (SSD)
architectures [236]. Another reason is the mechanism of employing anchor boxes, which does
not require a computationally expensive region proposal step when selecting potential object
candidates, as regional convolutional neural networks (R-CNN) [237] do. Although the test was
performed on a desktop computer with an NVIDIA Titan X GPU, it is still possible to be
implemented on real-time systems with a state-of-the-art mobile embedded device like NVIDIA

Jetson TX [238].

The DSLR Nikon camera provides high spatial resolution raw images (4000 x 6000) for field
data collection. In this study, the original images were resized twice to 608 x 608 pixels before
feeding into networks. In this aspect, it is not necessary to use a very high resolution and costly
imaging sensor when developing a vision-based site-specific spraying field robot with the
trained deep neural network model. An affordable webcam is probably suitable for this
prototype development as it also meets the resolution requirement and it is easy to use and
low-cost. In this work, the synthetic images contain two objects (weeds or crop), which is still
not complex enough compared to true field images, despite some overlapped plant images
generated. More challenging synthetic images thus need to be introduced for training the
networks in order to represent near-true harsh field conditions. Besides, we only investigated
the effect of 2271 synthetic images for training networks without consideration of other
numbers of synthetic images due to limited number of base and object images. It would be
helpful to compare results among other number of synthetic images (e.g. 3000, 4000, 5000)
to determine the optimal number of synthetic images for training networks. Barth et al [239]

discussed the effects of synthetic data size for model performances.

6.5 Conclusions

Chapter 6 evaluated the capability of a deep learning-based approach for C. sepium

detection in sugar beet fields. A pipeline to generate synthetic images was developed from
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collected field images, which saves a lot of time for image labelling in order to train a deep
neural network. There were 2271 synthetic images and 452 field images in total for training. A
deep neural network based on the tiny YOLO architecture was designed for C. sepium and
sugar beet detection. It is recommended that calculating anchor box sizes is based on an
application-specific dataset instead of using the default values when employing YOLO-based
neural networks. The added synthetic images in the training process improved the
performance of the developed network in C. sepium detection. Comparing to other state-of-
the-art work like YOLOvV3, it was concluded that the developed network achieved a better
trade-off between speed and accuracy. Specifically, the average precisions (APso) of C. sepium
and sugar beet were 0.761, 0.897, respectively with 6.48 ms inference time per image
(800x1200) on an NVIDIA Titian X GPU environment. The trained model could be deployed in
a mobile platform (e.g., unmanned aerial vehicles and autonomous field robots) for weed
detection and management. Finally, based on the speed and accuracy results from our network,
we believe that the advancement of new deep learning architecture and mobile computing
device, together with a large amount of field data will significantly contribute the development

of precision agriculture like site-specific weed management (SSWM) in the coming years.
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CHAPTER 7

General discussion and future perspectives

The general discussion of our main results and future perspectives about weed detection will
be presented in this chapter. We will also discuss two possible methods based on our studies
for site-specific weed management. One method is to first use a UAV equipped with an imaging
sensor for weed mapping, and then to generate a georeferenced weed prescription map, finally
import the map to other ground-based platforms for site-specific weed management. Another
method is to directly deploy the pre-trained weed detection model on a ground-based mobile

platform for real-time site-specific weed management.
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7.1 Mainresults

As it was described in chapter 1, the main objective of this project was to systematically
study and improve weed recognition and detection in different crops (maize, rice and sugar
beet) under different conditions (controlled laboratory environments and field conditions) with
different imaging sensors (RGB, snhapshot hyperspectral, and line-scanning hyperspectral
cameras). To realize the main objective, snapshot and line-scanning hyperspectral images for
weed recognition at a laboratory scale (chapter 3 for maize crop and chapter 4 for rice crop)
and visual RGB images for weed detection under field conditions (chapter 5 for maize crop,

chapter 6 for sugar beet) were studied.

7.1.1 Feasibility of using a 25 bands snapshot hyperspectral camera for weeds and

maize crop recognition in their early growth stages

In chapter 3, an exploratory experiment was carried out with the 25 bands snapshot
hyperspectral camera at laboratory scale. Based on manually selected regions of interest from
plant leaves as samples, a random forest machine learning model was developed. The results
show that the maize was recognized with a high precision (94%) and recall (100%). The
precision values for the three kinds of weeds, C. arvensis, R. obtusifolius and C. arvense, were
95.9%, 70.3%, and 65.9%, respectively. Overall, it was feasible to use this camera for weed
and crop recognition at a laboratory scale. We showed an effective methodology for feature
extraction and machine learning based on weeds and maize recognition. But we need to
emphasize that this experiment was carried out under controlled environments and the regions
of interest (ROIs) were manually selected on a small number of plants. It is difficult to
extrapolate the results to field conditions. A further experiment is required in order to carefully
check the possibility of the camera under field conditions, for example, installing this camera
on a ground vehicle under controlled lighting condition (inside the hood or shelter, see Figure
7.1) for weed detection. Also, image calibration and image pre-processing such as correcting

vignetting effects need to be improved before a field experiment can be conducted. Besides,
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an automated selection algorithm distinguishing between vegetation and background should

be developed in the future in order to remedy the bias of manually selected ROIs.

(b)

Figure 7.1 (a) prototype (first version) for field data collections developed by ILVO, using a

black cloth to block external light, (b) a robotic platform from Agrointelli company with a metal

shelter.

7.1.2 Spectral feature selection for the discrimination of troublesome weeds in a rice

crop with aline-scanning hyperspectral imaging system

In chapter 4, a feature extraction pipeline without manually selecting ROIs was developed.
This study presented an example of troublesome and invasive weed species recognition. O.
sativa f. spontanea, a conspecific weed of cultivated rice, is morphologically similar to rice,
which results in difficulties of discrimination in rice fields using conventional visual cameras.
The line-scanning visual and near-infrared hyperspectral imaging system (512 bands
distributed in the range of 380-1020 nm) was found to be appropriate to be used for difficult
weed differentiation. Feature selection was explored based on a successive projection
algorithm (SPA). The best model in this case was the linear kernel-based support vector
machine (SVM) with 6 spectral features (415 nm, 561 nm, 687 nm, 705 nm, 735 nm, 1007 nm)
selected by SPA. If relevant wavelengths are found, it is not necessary to use a hyperspectral
camera with high spectral resolution. Based on these significant wavelengths, a multispectral
camera could be developed. And then a portable device could be developed. Moreover,
compared to hyperspectral cameras, the use of multispectral imaging sensors in field-based

vehicles is more feasible to realize online monitoring. The proposed feature selection
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algorithms in this research can reveal relevant wavelengths from hundreds of bands for
classification tasks. This is one of the main added values in this study. The imbalance of
sample weights, namely 3-fold sample weights of O. sativa f. spontanea with respect to weights
for E. crus-galli and rice samples, boosted the performance of the SVM model. It was shown
that the weighted SVM model achieved 100%, 100 %, and 92% recognition rates for E. crus-
galli, O. sativa f. spontanea and rice, respectively. This probably contributes to build custom
design multispectral cameras for a specific application. Our study could provide an approach
for selecting significant wavelengths from hundreds of wavelengths for a classification task.
However, it remains to be fully tested on whether these important bands work under field
conditions. Moreover, the spectral curves are obtained under the structured environments, a

validation under field conditions is highly needed.

7.1.3 Drone platforms for weed mapping in maize fields

In chapter 5, a high spatial resolution RGB camera (Sony Alpha 6000, 24 megapixels) was
installed on a drone platform for weed mapping under field conditions. Hough transform was
introduced for inter-row weed detection. Simultaneously, the intra-row weed binary image was
generated by combining object-based image analysis (OBIA) and machine learning methods.
The metrics of overall accuracy (0.945) and Kappa value (0.912) showed that the Random
Forests classifier had good generalization ability by using 5-fold cross validation method for
training. Moreover, several geometry features like the ratio of length and width,
and asymmetry were evaluated as significant features for the classification of weeds and
maize in the early season. The proposed approach is capable of detecting small weed
seedlings. The minimal length of the detected weed seedlings was 26.7 mm. The advantage
of this method is, without knowing what weeds are in fields, the system can find inter-row
weeds by itself at least in a row based crop. Overall, this study demonstrated a feasible way
to obtain a weed map by using high resolution aerial visual images (ground sampling distance
=1.78 mm/pixel) in the early growth stage of maize field (Zadoks scale: 12) naturally infested

by C. sepium, C. album and D. sanguinalis.
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7.1.4 Performances and advantages of deep learning with RGB images for C. sepium

detection in sugar beet fields

A deep convolutional neural network adapted from the YOLO (You Only Look Once)
architecture was designed for C. sepium and sugar beet detection. There were 2723 images
(2271 synthetic images and 452 field images) for training the networks. The comparison results
based on 100 field images as a test dataset showed that the added synthetic images in the
training process improved the performance of the developed network in C. sepium detection.
It was concluded that the developed deep neural network achieved a better trade-off between
speed and accuracy, when compared to original YOLOv3. Specifically, the average precisions
(APso) for C. sepium and sugar beet were 0.761, 0.897, respectively with an averaged 6.48 ms
per image (800x1200) for detection on an NVIDIA Titian GPU (12G memory) environment. The
proposed approach provides an end to end solution for weed detection. It can extract
hierarchically features automatically without manually designing hand-crafted features
compared to conventional machine learning algorithms. The developed synthetic image

generation pipeline could reduce the time and labor for tedious manually labelling images.

Compared to other studies with deep learning, for example, Suh et al [233] developed a
deep neural network for sugar beet and volunteer potatoes classification with 98.7%
classification accuracy, but it failed to offer a precise detection of individual weeds. Our
proposed approach resulted in more accurate weed detection and has the ability to detect each
individual plant in sugar beet fields. The trained model has potential to be deployed in a mobile
platform (e.g., unmanned aerial vehicles and autonomous field robots) for online weed
detection and management. Finally, based on the speed and accuracy results from the
developed network, we think that the advancement of new deep learning architecture and edge
computing, together with a large amount of field data will significantly contribute to the
development of precision agriculture like site-specific weed management (SSWM) in the

coming years.
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7.2 Generaldiscussion

In chapters 3 and 4, we only explored effective spectral features for building models. One
reason is that the training samples were based on plant leaves or regions of interest (ROI)
rather than the whole plant. Furthermore, especially in chapter 4, the selected weed species
(O. sativa f. spontanea and E. crus-galli) had a very similar appearance with rice plants. Thus,
it would be very difficult to use morphological or color features alone to differentiate weeds

from the crop. In this case, spectral features play an important role in weed/crop recognition.

In chapter 3, we employed a novel snapshot near-infrared hyperspectral camera with 25
bands distributed between 600 nm and 1000 nm. Compared to a line-scanning visual and near-
infrared hyperspectral camera with 512 bands used in chapter 4, this camera is capable of
recording images with a very high frame rate (up to 340 hyperspectral cubes per second),
indicating that the snapshot camera could be used for real-time monitoring and applications.
The spatial resolution of the snapshot camera was 413 x 216 pixels, which is probably a barrier
to deploy this camera on a drone platform to monitor small weed seedlings in the early crop
growth stages. The main objective of this study was to get familiar with the images from this
snapshot hyperspectral camera and to explore the applicability of machine learning algorithms.
It shows that the Random Forests machine learning algorithm allows for weeds and maize
recognition in their early growth stages. The vegetation indices are suggested to construct
significant features for better classification results. Particularly, wavelengths near the red edge
appear could be constructed to be important features in this study. However, we carried out
the experiments in a structured environment. The extracted spectral features were obtained
based on manually selected regions of interest. It is still uncertain that the obtained results will
hold in field studies. We also suggest that the vignetting effects should be taken into account
in image preprocessing in order to obtain more accurate spectral responses. Besides, the dark
image used for reflectance calibration could be affected by temperature when the camera is
working for a long time [54]. In general, a 25-band shapshot hyperspectral camera could be

used for weeds and maize crop recognition in their early growth stages, as long as it is confined
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to structured environments and the use of manually selected regions of interest. It is highly

recommended to perform additional field experiments in order to fully exploit this camera.

Compared to the study in chapter 3, in chapter 4, we further optimized the feature extraction
pipeline without manually selecting ROIs. This study presented an example of troublesome
and invasive weed species recognition. O. sativa f. spontanea, a conspecific weed of cultivated
rice, is morphologically similar as rice, which results in difficulties of discrimination in rice fields
using conventional visual cameras. The line-scanning visual and near-infrared hyperspectral
imaging system could be very useful for difficult weed differentiation. It is necessary to do
feature engineering for using machine learning algorithms. The two chapters both employed
Random Forests (RF) classifiers. As described in chapter 2, RF is capable of evaluating the
variable importance, which is valuable to select the most important features. For hyperspectral
imaging applications, there could be hundreds of constructed spectral features while only a
few are significant features for building a predictive model. A feature selection procedure [240]
is suggested to be carried out. Our study could provide an approach for selecting significant
wavelengths from hundreds of wavelengths for a classification task. However, it remains to be

fully tested on whether these important bands work under field conditions.

Although hyperspectral imaging is a powerful technology for difficult cases, the system is
more expensive compared to other imaging sensors and requires complex specialized
hardware to operate. Moreover, the hyperspectral data is more difficult to process compared
to RGB images. In this respect, the hyperspectral imaging system (HSI) is less cost-effective
and practical to be used for site-specific weed management (SSWM) for farmers. However, in
some other agricultural applications such as early detection of Phytophthora infestans (late
blight disease) infection in potato plants [241], there are no obvious disease symptoms in
leaves at the beginning of infection time, leading to a recognition difficulty with a visual RGB
camera. The HSI is much more likely to provide valuable spectral responses when plants are

infected.
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In chapter 5, a drone-based platform was employed to collect aerial visual images in an
experimental maize field, as a step of our research in outside environments. An early growth
stage of row crops was the keys to ensure that the developed RF model worked well with an
overall accuracy of 0.945, and Kappa value of 0.912. It is useful to detect the crop row for inter-
row weed detection. Hough line detection algorithm is usually chosen for its simplicity and
effectiveness. Generally, image pre-processing such as erosion and dilation, removing small
holes, and skeleton should be done before using this algorithm for more accurate detection
results. The previous work done by Jones et al [193], only detected inter-row weeds. In our
study, both inter-row and intra-row weeds were detected under field conditions. Intra-row weed
detection, one of the current challenges of weed science, is based on object-based image
analysis (OBIA). Compared to the previous two research chapters, this study is more practical
to be used for weed mapping. The weed map could integrate georeferenced information. It is
therefore feasible to implement SSWM if the georeferenced weed map is imported to a tractor

based weed management system.

In the previous research chapters, a lot of feature engineering work had to be done, and
different machine learning algorithms were explored to select the best model with the most
significant features for modeling. However, these hand-crafted features might fail when applied
to different fields and environments. In chapter 5, deep learning for weed detection was
explored as it has shown impressive results in object detection in the computer vision
community [107]. The results show that with added synthetic images, the developed model
performed better with mAPso increasing from 0.897 to 0.915. Currently, one of the bottlenecks
of state-of-the-art deep learning approaches for weed detection is the requirement of large
manually annotated datasets. Synthetic images hold the promise to bootstrap CNNs for
successful learning in the training phase. Commercial modeling software such as plant factory,
blender and unity could be employed to generate virtual plants. Alternatively, using a deep
neural network to generate images is increasingly applied. In practice, the choice of a network

depends on a trade-off between accuracy and inference speed. The proposed network
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achieved a good balance with speed and accuracy. The proposed network showed a sizeable
advantage in inference speed at only 6.48 ms per image. One of the reasons for this is the use
of a shallower network architecture compared to the Darknet-53 based YOLOv3 [222] and
VGG based Single Shot MultiBox Detector (SSD) architectures [236]. Another reason is the
mechanism of employing anchor boxes, which does not require a computationally expensive
region proposal step when selecting potential object candidates, as regional convolutional
neural networks (R-CNN) [237] do. Although the test was performed on a desktop computer
with an NVIDIA Titan X GPU, it is still possible to be implemented on real-time systems with a

state-of-the-art mobile embedded device like NVIDIA Jetson TX [238].

The thesis followed the logic from lab exploration to field study. The methodology used in
the thesis was based on image processing and machine learning, but the specific image
processing approaches and classifiers were different over these chapters. This indicates that
it is necessary to select appropriate imaging sensors and algorithms based on real
circumstances, for example, for weeds and crops that are in the early growth stages without
too much overlapping and with apparent differences in shape, color and texture. A visual
camera with a linear classifier could probably be enough to solve the problem of weed
detection. Otherwise, effective hand-crafted features and using non-linear classifiers such as
RF and SVM should be explored to solve more complicated application scenarios. Deep
learning is a powerful technique if it is fed with a large amount of labeled training data to fit a
better decision curve to a complex problem. It is an end-to-end solution and largely simplifies
the work of fine-tuning effective features. Sometimes, manually searching a good feature
extractor is not easy and a laborious task since it requires considerable time, effort and domain
expertise. For example, in the case study of O. sativa f. spontanea, E. crus-galli and rice
recognition (Chapter 3), the morphological, color and texture features in these three species
were quite similar. This illustrates the difficulty of designing effective features for building a
good classifier only based on these three kinds of features. Another advantage of deep

learning is its generally good generalization [107]. In the study of C. sepium detection in sugar
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beet fields (Chapter 6), C. sepium presents a lot of variations in size, shape and growth stages,
which is quite challenging for conventional machine learning algorithms, while a deep learning-
based model could be robust to these variations with a large amount of annotation data
provided. Similarly, Suh et al [233] also found that using a deep learning-based algorithm with
transfer learning obtained better performance in volunteer potatoes and sugar beet
classification compared to their previous study on the use of hand-crafted features such as
speeded up robust features and crop row information with Bag-of-Visual-Words models [242].
In their study [233], they also indicated a detection system with deep convolutional neural
networks could be developed to detect each individual plant in a crop field. Our method
presented a deep learning-based detection system and was capable of detecting individual
plants. For some other tasks like early plant disease diagnosis [217], it might be difficult to
involve some domain experts to label the dataset. Thus, collecting a large amount of annotated
data is not an easy task. Overall, the benefits of deep learning are encouraging for its

application in smart and sustainable farming [213].

7.3 Reflectionson futuredirections for site-specific weed management (SSWM)

7.3.1 Imaging sensor selection

In this thesis, three kinds of imaging sensors were employed for weed and crop sensing.
RGB images were used for the research in chapters 5 and 6. Due to their higher spatial
resolutions, normally, color, texture and geometry features can be better designed and
extracted for weed detection. This probably works very well in cases where minimal
overlapping and visual differences in shape or texture exist between weed and crop plants.
Other than these cameras used in the thesis, it is probably useful to use 3D imaging sensors
such as RGB-D cameras to detect morphologically similar weeds based on weed/crop height
differences with additional depth information [243]. Both chapters 5 and 6 describe satisfactory
results on weed detection with RGB images under field conditions. In general, using a high
spatial resolution RGB camera could achieve good results if good hand-crafted features are

designed or with advanced machine learning algorithms. With respect to weed detection using
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spectral features, this is useful for multispectral or hyperspectral cameras for morphologically
similar weeds detection. In our thesis, we investigated both a snapshot NIR hyperspectral
camera (25 bands in the range of 600-900 nm) and a line-scanning VIS-NIR hyperspectral
camera (512 bands in the range of 380-1020 nm) for weeds and crop recognition. The results
showed that it is feasible to recognize weeds in the early growth stages of crops with the
developed methodology (spectral feature extraction and machine learning algorithms).
However, our experiments were carried out in the laboratory, and it is still not clear how it works
under field conditions. This remains to be fully tested. Special attention should be paid on
radiometric corrections such as dark currents, lens vignetting effects and compensation for
incident illumination for obtaining stable spectral features in varying agricultural environments
when using multispectral or hyperspectral cameras. Besides, the economical factor should be
considered to select an appropriate sensor. In this aspect, RGB cameras have huge

advantages over hyperspectral cameras.

There are many seedlings that are visually difficult to discriminate in field conditions. At the
moment, using a visual RGB camera or even expensive cameras like multispectral and
hyperspectral ones could not ensure to differentiate them completely in real infield situations.
Economically, developing a system with a multispectral or hyperspectral camera for SSWM
using a site-specific spraying field robot/vehicle, not just increases the price of the camera itself,
but also increases the whole system costs like for computation units, lighting units. Moreover,
processing multispectral and hyperspectral images generally needs more time than processing
visual images as they have more channels, resulting in high latency for real-time site-specific
spraying. This could cause the developed system working inefficiently. Generally, an RGB
camera is more affordable. And the spatial resolution of an RGB camera is higher compared
to a multispectral/hyperspectral one, which might compensate for the downsides of lacking rich
spectral information. Under some circumstances, high-resolution images work more reliably to
differentiate some weeds (different appearances with crop plants) in a crop field because

shape and texture features can be better extracted.
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7.3.2 Weed detection for SSWM

Based on our research, we think two possible ways could be developed for site-specific
weed management. One way is to first use a UAV equipped with an imaging sensor for weed
mapping (chapter 5 as an example of study), and then to generate a georeferenced weed
management map, and subsequently import the map to ground-based platforms for site-
specific weed management. This way could provide global information on weeds and crops for
end users. But the downside is the time gap between weed sensing with a UAV and the site-
specific treatments. Accurate weed mapping remains one of the challenges when using this
approach. Spectral discrimination and OBIA (object-based image analysis) for weed detection
are indicated to be two suitable approaches [244]. The fusion of pixel-based and OBIA-based
features for weed mapping was tested in chapter 5. The obtained results are encouraging.
However, spectral features for UAV-based weed mapping remains to be fully tested as our

relevant studies (chapter 3 and 4) in this thesis are confined to the laboratory scale.

Considering the economics of UAV mapping, primarily, the UAV can be acquired at much
lower hardware cost compared to traditional airborne mapping approaches. However, some
reasonable crash rate or usable time for UAV needs to be estimated to get hourly amortization,
and operation cost should not be ignored when calculating the cost of the UAV flight hour.
Matese et al [210] clarified that the UAV is likely to outweigh the other platforms like an airplane
for a small field (5 ha) data acquisition. While for larger fields (50 ha), the UAV solution tends
to be less economic. A further aspect that needs to be considered is UAV practical productivity.
Several factors like effective swath which concerns optic choices, battery time and speed

should be considered and optimized to pursue high productivity of UAV applications in SSWM.

Another way is to directly deploy the pre-trained weed detection model on a ground-based
mobile platform for real-time site-specific weed management. With the advanced machine
learning algorithms coupled with a large number of annotation dataset, pre-trained weed
detection model could be possibly developed with high accuracy and robustness, and low

latency. This way maybe the future of site-specific weed management. From a farmer’s
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perspective, simplicity, low cost and effectiveness are the keys for acceptance. Deep learning,
an example presented in chapter 6, provides an end to end solution for weed detection. Without
relying on any hand-crafted features, it can automatically extract features for a variety of tasks.
Our study in chapter 6 shows the effectiveness of C. sepium detection under field conditions
based on images from an affordable RGB camera and a deep learning algorithm. The more
advanced imaging sensors such as an RGB-D camera and a snapshot hyperspectral camera
could be used for solving the difficulty of young weed detection and complex weed scenes.

However, this remains to be fully studied both in effectiveness and economics.

In real situations, it is very difficult to detect all the weeds (no matter how small they are)
under field conditions. The way to achieve this goal may be to use advanced sensors (very
high spatial and spectral resolution cameras) to develop a robust detection model. This would
lead to the final products to be complex and high cost. From a farmer’s perspective, this is
probably not the appropriate product to be used in practice. Besides, itis still arguable whether
all the weeds (no matter how smaller and less competitive they are compared to crop plants)
need to be killed in crop fields [245], if the crop plants already gain big advantages over weed
seedlings. Maybe focusing on the detection of the weeds resulting in major problems for crop
growth could speed up the use of SSWM for farmers. A study on economics and real effects

of this method is recommended to be carried out in the future.

Although different types of imaging sensors and algorithms have their own advantages and
disadvantages, visual cameras combined with advanced deep machine learning algorithms,
especially deep convolutional neural networks, are most appropriate and popular for
developing a SSWM system at field level. With respect to imaging sensors, a visual camera is
relatively more affordable and has a higher spatial resolution compared to other types of
cameras. From the side of algorithms, a deep convolutional neural network, automatically
extracting features hierarchically instead of using hand-crafted features for modeling, has
proven its ability in computer vision for various tasks, such as image classification, object

detection, segmentation [107]. The pre-trained deep learning models could be fine-tuned again
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to improve their prediction performances with added new annotation image data. This is very
useful in real situations. E.g. for some new weed species in fields, collecting and labelling a lot
of images containing these weed species and then retraining the proposed neural network
models with these images are possible. In this way, the models could be improved gradually

and finally be used at the field level.

7.4 Future perspectives

One of the future goals in SSWM is to develop a site-specific spraying machine prototype
based on computer vision and machine learning techniques. The prototype will include a vision
system for sensing weeds, a deep learning-based decision system and a control system for a
spraying boom. It could real-time detect weeds and then spray herbicide directly on the weeds.
Besides, pixel-wise crop/weed segmentation is also worthwhile to be explored as it provides
more precise predictions on decision boundary compared to object detections with bounding
boxes. In terms of synthetic data, other ways like using GANs (generative adversarial networks)

will be explored as well in the future.

In the weed/crop detection research community, only few annotation datasets are available
to work with. In most cases, researchers need to develop their own datasets, which is quite
time-consuming and labor-intensive especially for supervised learning. Moreover, it is difficult
to compare results from one work to another, as each dataset can vary drastically in terms of
plant species, platforms and cameras for data collection and field conditions. Thus, it is
recommended to aggregate an open weed/crop detection annotation dataset for the whole
research community. In this way, different algorithms can be compared with the same metrics

based on the common dataset.

With the development of photoelectric components and embedded computation chips, the
multispectral imaging sensors could probably be developed at a low price and with a high
spatial resolution. In that case, they might become better sensors for weed sensing because

of the extra high spectral and spatial resolution provided, which could help to differentiate
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morphologically similar plant species. Deep learning is probably an appropriate way to
cooperate with imaging sensors for SSWM under field conditions because of its generally
better generalization ability over different fields compared to other conventional machine

leaning algorithms, such as support vector machines (SVMSs).

With the development of 5G (5" generation cellular network) technology, it might be
promising to employ this technology on real-time SSWM. Due to the low latency data
transformation in 5G, the data collected by sensors can be transferred to a cloud computing
center to be processed, and the results will be sent back to agents for making decisions. Thus,
there is no need to deploy a heavy computation computer or an embedded system in local

vehicles.

The autonomous field robots for SSWM may hold the key for the future farming. These
products are suggested to be easy to use, effective and low cost for farmers. In order to
promote the acceptance of SSWM for farmers, an insurance of using SSWM could be
introduced by a company or government in case a heavy yield loss is caused by the failure of
SSWM applications in fields. Farm labor is increasingly scarce in the world. This is especially

true in developed countries.

151



152



References

1. Kumbhar P&, Kumbhar BA, Patel DD, Professor A. Allelopathic effects of different weed

species on crop. J Pharm Sci Biosci Res J Pharm Sci Biosci Res. 2016;6:801-5.

2. Sutherland S. What makes a weed a weed: Life history traits of native and exotic plants in

the USA. Oecologia. 2004;141:24-39.

3. D.Schroeder, H.Mueller Schaerer CSAS. A European weed survey in 10 major crop

systems to identify targets for biological control. Weed Res. 1993;33:449-58.
4. Price C. Herbicide resistance in weeds and crops. Crop Prot. 1992;11:577.

5. Weeds [Internet]. 2007. Available from: https://www.agric.wa.gov.au/pests-weeds-

diseases/weeds

6. Bullock;, James, Dan Chapman, Steffi Schafer DR, Girardello M. Assessing and

controlling the spread and the effects of common ragweed in Europe. 2012.

7. Williams F, Eschen R, Harris A, Djeddour DH, Pratt C, Shaw RH, Varia S, Lamontagne-
Godwin J, Thomas S MS. The economic cost of invasive non-native species to England,
Scotland and Wales [Internet]. 2011. Available from:

http://www.nonnativespecies.org/download Document.cfm?id=487

8. Dwight Lingenfelter. Introduction to weed and herbicide [Internet]. 2007 [cited 2019 Jun
14]. Available from: http://extension.psu.edu/pests/weeds/control/introduction-to-weeds-and-

herbicides

9. review-of-weed-control-options-and-future-opportunities-for-uk-crops [Internet]. 2017 [cited
2019 Oct 27]. Available from: https://ahdb.org.uk/review-of-weed-control-options-and-future-

opportunities-for-uk-crops

10. Klonsky K. Current Cost and Return Studies [Internet]. 2015. Available from:

https://coststudies.ucdavis.edu/en/

153



11. Harker KN, O’Donovan JT. Recent weed control, weed management, and integrated
weed Management. Weed Technol [Internet]. 2013;27:1-11. Available from:

http://www.wssajournals.org/doi/abs/10.1614/WT-D-12-00109.1

12. Powles SB, Yu Q. Evolution in action: plants resistant to herbicides. Annu. Rev. Plant

Biol. 2010.

13. Colbach N, Kurstjens DAG, Munier-Jolain NM, Dalbiés A, Doré T. Assessing non-
chemical weeding strategies through mechanistic modelling of blackgrass (Alopecurus

myosuroides Huds.) dynamics. Eur J Agron. 2010;32:205-18.

14. Swanton CJ, Weise SF. Integrated Weed Management: The Rationale and Approach.

Weed Technol. 1991;5:657-63.

15. Bond W, Turner RJ, Grundy AC. A review of non-chemical weed management. HDRA
Org Organ Ryt Org Gard Coventry UK [Internet]. 2003;112:1-81. Available from:

http://www.gardenorganic.org.uk/organicweeds/downloads/updated_review.pdf

16. Muller-Schéarer H, Scheepens PC, Greaves MP. Biological control of weeds in European

crops: Recent achievements and future work. Weed Res. 2000;40:83-98.

17. Douglas D. Buhler. Challenges and opportunities for integrated weed management.

Weed Sci. 2002;50:273-80.

18. Chulze SN. Strategies to reduce mycotoxin levels in maize during storage: a review.
Food Addit Contam Part A [Internet]. Taylor & Francis; 2010;27:651—7. Available from:

http://dx.doi.org/10.1080/19440040903573032

19. Eurostat. Agricultural production-crops [Internet]. 2017 [cited 2019 Oct 27]. Available
from: https://ec.europa.eu/eurostat/statistics-explained/index.php/Agricultural_production_-

_crops

20. Schumacher M, Ohnmacht S, Rosenstein R, Gerhards R. How management factors

influence weed communities of cereals, their diversity and endangered weed species in

154



central Europe. Agric. 2018;8.

21. Fickett ND, Boerboom CM, Stoltenberg DE. Predicted Corn Yield Loss Due to Weed
Competition Prior to Postemergence Herbicide Application on Wisconsin Farms. Weed

Technol. 2013;27:54-62.

22. Meissle M, Mouron P, Musa T, Bigler F, Pons X, Vasileiadis VP, et al. Pests, pesticide
use and alternative options in European maize production: Current status and future

prospects. J Appl Entomol. 2010;134:357-75.

23. Boydston RA, Seymour MD. Volunteer Potato (Solanum tuberosum) Control with
Herbicides and Cultivation in Onion (Allium cepa). Weed Technol [Internet]. [Weed Science
Society of America, Allen Press]; 2002;16:620—6. Available from:

http://www.jstor.org/stable/3989531

24. Evert FK Van, Heijden GWAM Van Der, Lotz LAP, Polder G, Lamaker A, Jong A De, et
al. A Mobile Field Robot with Vision-Based Detection of Volunteer Potato Plants in a Corn

Crop. Weed Technol. 2006;20:853-61.

25. Gerhards R, Bezhin K, Santel HJ. Sugar beet yield loss predicted by relative weed cover,

weed biomass and weed density. Plant Prot Sci. 2017;53:118-25.

26. Jafari a., Mohtasebi SS, Jahromi HE, Omid M. Weed detection in sugar beet fields using
machine vision. Int J Agric Biol [Internet]. 2006;8:602-5. Available from:

http://www.fspublishers.org/ijab/past-issues/IJABVOL_8 NO_5/8.pdf

27. Rodenburg J, Demont M, Sow A, Dieng I. Bird, weed and interaction effects on yield of

irrigated lowland rice. Crop Prot. 2014;66:46-52.

28. Karim RSM, Man AB, Sahid IB. REVIEW PAPER: Weed problems and their
management in rice fields of Malaysia: An overview. Weed Biol Manag [Internet].
2004;4:177-86. Available from:

http://search.proquest.com/docview/297237202?accountid=28676

155



http://sfxeull.hosted.exlibrisgroup.com/sfxslub?url_ver=239.88-
2004&rft_val fmt=info:ofi/ffmt:kev:mtx:journal&genre=article&sid=ProQ:ProQ:pqdibs&atitle=R

EVIEW+PAPER:+Weed+problems+and+their+manag

29. Muthayya S, Sugimoto JD, Montgomery S, Maberly GF. An overview of global rice

production, supply, trade, and consumption. Ann N Y Acad Sci. 2014;1324:7-14.

30. Watanabe H. AM and ZI. Ecology of Major Weeds and Their Control in Direct Seeding

Rice Culture of Malaysia. MARDI/MADA/JIRCAS Collab Study. 1996;202.

31. Lu YC, Daughtry C, Hart G, Watkins B. The current state of precision farming. FOOD
Rev Int. 270 MADISON AVE, NEW YORK, NY 10016: MARCEL DEKKER INC;

1997;13:141-62.

32. Stone M, Raun W. Sensing Technology for Precision Crop Farming. Precis Agric Technol

Crop Farming. 2015. p. 21-54.

33. Paustian M, Theuvsen L. Adoption of precision agriculture technologies by German crop

farmers. Precis Agric. 2017;18:701-16.

34. Jensen HG, Jacobsen LB, Pedersen SM, Tavella E. Socioeconomic impact of
widespread adoption of precision farming and controlled traffic systems in Denmark. Precis

Agric. 2012;13:661-77.

35. Gutjahr C, Gerhards R. Decision rules for site-specific weed management. Precis Crop

Prot - Chall Use Heterog. 2010. p. 223-39.

36. Shaw DR. Remote sensing and site-specific weed management. Front Ecol Environ.

2005;3:526-32.

37. Marshall EJP. Field-scale estimates of grass weed populations in arable land. Weed Res
[Internet]. Wiley Online Library; 1988;28:191-8. Available from:

http://dx.doi.org/10.1111/j.1365-3180.1988.tb01606.x

156



38. Christensen S, Sogaard HT, Kudsk P, Norremark M, Lund I, Nadimi ES, et al. Site-
specific weed control technologies. Weed Res [Internet]. Blackwell Publishing Ltd; 2009
[cited 2017 Jun 14];49:233-41. Available from: http://doi.wiley.com/10.1111/j.1365-

3180.2009.00696.x

39. Lopez-Granados F. Weed detection for site-specific weed management: Mapping and

real-time approaches. Weed Res. 2011;51:1-11.

40. Shaner DL, Beckie HJ. The future for weed control and technology. Pest Manag Sci.

2014;70:1329-39.

41. Medlin CR, Shaw DR. Economic Comparison of Broadcast and Site-Specific Herbicide
Applications in Nontransgenic and Glyphosate-Tolerant Glycine max. Weed Sci [Internet].
Weed Science Society of America; 2000;48:653—61. Available from:

http://www.jstor.org/stable/4046412

42. Agritechnica 2019: CNH awarded with silver medal for XPOWER [Internet]. 2019 [cited
2020 Jan 9]. Available from: https://tractor.news/Agritechnica-2019-CNH-awarded-with-

silver-medal-for-XPOWER.p4509

43. rootWave [Internet]. [cited 2020 Jan 9]. Available from: http://rootwave.com/

44. robotti [Internet]. [cited 2019 Dec 9]. Available from: http://agrointelli.com/robotti-

diesel.html

45. Deepfield robot [Internet]. 2019 [cited 2019 Dec 9]. Available from: https://www.deepfield-

robotics.com/en/

46. Laursen MS, Jgrgensen RN, Midtiby HS, Jensen K, Christiansen MP, Giselsson TM, et
al. Dicotyledonweed quantification algorithm for selective herbicide application in maize

crops. Sensors (Switzerland). 2016;16:1848.

47. Lee WS, Alchanatis V, Yang C, Hirafuji M, Moshou D, Li C. Sensing technologies for

precision specialty crop production. Comput Electron Agric [Internet]. 2010 [cited 2015 Nov

157



22];74.2-33. Available from:

http://www.sciencedirect.com/science/article/pii/S0168169910001493

48. Peteinatos GG, Weis M, Andujar D, Rueda Ayala V, Gerhards R. Potential use of

ground-based sensor technologies for weed detection. Pest Manag Sci. 2014;70:190-9.

49. Torres-Sanchez J, Lopez-Granados F, De Castro Al, Pefia-Barragan JM. Configuration
and specifications of an Unmanned Aerial Vehicle (UAV) for early site specific weed
management. PLoS One [Internet]. 2013;8:e58210. Available from:

http://dx.plos.org/10.1371/journal.pone.0058210

50. Tellaeche A, Pajares G, Burgos-Artizzu XP, Ribeiro A. A computer vision approach for
weeds identification through Support Vector Machines. Appl Soft Comput [Internet].
2011;11:908-15. Available from:

http://linkinghub.elsevier.com/retrieve/pii/S1568494610000165

51. Romeo J, Guerrero J, Montalvo M, Emmi L, Guijarro M, Gonzalez-de-Santos P, et al.
Camera Sensor Arrangement for Crop/Weed Detection Accuracy in Agronomic Images.
Sensors [Internet]. 2013;13:4348-66. Available from: http://www.mdpi.com/1424-

8220/13/4/4348/

52.JinY, Yang X, QiuJ, LiJ, Gao T, Wu Q, et al. Remote sensing-based biomass
estimation and its spatio-temporal variations in temperate Grassland, Northern China.

Remote Sens. 2014:6:1496-513.

53. Meneses-Tovar CL. NDVI as indicator of degradation. Unasylva. 2011;62:39-46.

54. Aasen H, Burkart A, Bolten A, Bareth G. Generating 3D hyperspectral information with
lightweight UAV snapshot cameras for vegetation monitoring : From camera calibration to
quality assurance. ISPRS J Photogramm Remote Sens [Internet]. International Society for
Photogrammetry and Remote Sensing, Inc. (ISPRS); 2015;108:245-59. Available from:

http://dx.doi.org/10.1016/j.isprsjprs.2015.08.002

158



55. Wang N, Zhang N, Wei J, Stoll Q, Peterson DE. A real-time, embedded, weed-detection

system for use in wheat fields. Biosyst Eng. 2007;98:276—85.

56. Bak T, Jakobsen H. Agricultural Robotic Platform with Four Wheel Steering for Weed

Detection. Biosyst Eng. 2004;87:125-36.

57. Kassler M. Robaotics in agriculture. Comput Electron Agric. 2002;16:111-2.

58. Bochtis DD, Vougioukas SG. Minimising the non-working distance travelled by machines
operating in a headland field pattern. Biosyst Eng [Internet]. 2008;101:1-12. Available from:

http://www.sciencedirect.com/science/article/pii/S1537511008001888

59. Sggaard HT, Olsen HJ. Determination of crop rows by image analysis without

segmentation. Comput Electron Agric. 2003;38:141-58.

60. Bakker T, Asselt K, Bontsema J, Muller J, Straten G. Systematic design of an

autonomous platform for robotic weeding. J Terramechanics. 2010;47:63-73.

61. Rasmussen J, Nielsen J, Garcia-Ruiz F, Christensen S, Streibig JC. Potential uses of
small unmanned aircraft systems (UAS) in weed research. Weed Res [Internet].

2013;53:242-8. Available from: http://doi.wiley.com/10.1111/wre.12026

62. Gao J, Liao W, Nuyttens D, Lootens P, Vangeyte J, Pizurica A, et al. Fusion of pixel and
object-based features for weed mapping using unmanned aerial vehicle imagery. Int J Appl
Earth Obs Geoinf [Internet]. 2018;67:43-53. Available from:

http://linkinghub.elsevier.com/retrieve/pii/S0303243417303252

63. Huang YB, Thomson SJ, Hoffmann WC, Lan Y Bin, Fritz BK. Development and prospect
of unmanned aerial vehicle technologies for agricultural production management. Int J Agric
Biol Eng [Internet]. 2013;6:1-10. Available from:
http://www.scopus.com/inward/record.url?eid=2-s2.0-

84884468780&partnerlD=40&md5=3a874ea25e9800f897dedc0f4edSfeed

64. Sugiura R, Noguchi N, Ishii K. Remote-sensing Technology for Vegetation Monitoring

159



using an Unmanned Helicopter. Biosyst Eng [Internet]. 2005;90:369—79. Available from:

http://www.sciencedirect.com/science/article/pii/S1537511004002296

65. Gerard Sylvester. E-AGRICULTURE IN ACTION: DRONES FOR AGRICULTURE.

Bangkok; 2018.

66. Buying Satellite Imagery: Pricing Information for High Resolution Satellite Imagery
[Internet]. [cited 2019 Dec 11]. Available from: http://www.landinfo.com/satellite-imagery-

pricing.html

67. Dyrmann M, Karstoft H, Midtiby HS. Plant species classification using deep convolutional
neural network. Biosyst Eng [Internet]. Elsevier Ltd; 2016;151:72-80. Available from:

http://dx.doi.org/10.1016/j.biosystemseng.2016.08.024

68. Sa |, Popovi¢ M, Khanna R, Chen Z, Lottes P, Liebisch F, et al. WeedMap: A large-scale
semantic weed mapping framework using aerial multispectral imaging and deep neural

network for precision farming. Remote Sens. 2018;10.

69. Lee BK, Kam DH, Min BR, Hwa JH, Oh SB. A vision servo system for automated harvest

of sweet pepper in Korean greenhouse environment. Appl Sci. 2019;9.

70. Sun G, Jia X, Geng T. Plant Diseases Recognition Based on Image Processing

Technology. J Electr Comput Eng. 2018;2018.

71. Olsen PA, Natesan Ramamurthy K, Ribera J, Chen Y, Thompson AM, Luss R, et al.
Detecting and counting panicles in sorghum images. Proc - 2018 IEEE 5th Int Conf Data Sci

Adv Anal DSAA 2018. 2019. p. 400-9.

72. Patricio DI, Rieder R. Computer vision and artificial intelligence in precision agriculture

for grain crops: A systematic review. Comput Electron Agric. 2018;153:69-81.

73. Liakos KG, Busato P, Moshou D, Pearson S, Bochtis D. Machine learning in agriculture:

A review. Sensors. 2018;18:2674.

74. Chlingaryan A, Sukkarieh S, Whelan B. Machine learning approaches for crop yield

160



prediction and nitrogen status estimation in precision agriculture: A review. Comput. Electron.

Agric. 2018. p. 61-9.

75. Dyrmann M, Mortensen AK, Midtiby HS, Jargensen RN. Pixel-wise classification of
weeds and crops in images by using a Fully Convolutional neural network. Int Conf Agric Eng

[Internet]. 2016. p. 6 pages. Available from: http://conferences.au.dk/cigr-2016/full-papers/

76. Ferentinos KP. Deep learning models for plant disease detection and diagnosis. Comput

Electron Agric. 2018;145:311-8.

77. Rahnemoonfar M, Sheppard C. Deep count:; Fruit counting based on deep simulated

learning. Sensors (Switzerland). 2017;17.

78. Marsland S. Machine learning: An algorithmic perspective. Mach. Learn. An Algorithmic

Perspect. Second Ed. 2014.

79. Ng A, Russell S. Algorithms for inverse reinforcement learning. Proc Seventeenth Int
Conf Mach Learn [Internet]. 2000;0:663—70. Available from: http://www-

cs.stanford.edu/people/ang/papers/icml00-irl.pdf

80. Wang A, Zhang W, Wei X. A review on weed detection using ground-based machine

vision and image processing techniques. Comput Electron Agric. 2019;158:226-40.

81. Maes WH, Steppe K. Perspectives for Remote Sensing with Unmanned Aerial Vehicles

in Precision Agriculture. Trends Plant Sci. 2019;24:152-64.

82. Lowe A, Harrison N, French AP. Hyperspectral image analysis techniques for the
detection and classification of the early onset of plant disease and stress. Plant Methods.

2017;13.

83. Sakamoto T, Nakanishi C, Hase T. Software pixel interpolation for digital still cameras

suitable for a 32-bit MCU. IEEE Trans Consum Electron. 1998;44:1342-52.

84. Liu Z, Gao J, Yang G, Zhang H, He Y. Localization and Classification of Paddy Field

Pests using a Saliency Map and Deep Convolutional Neural Network. Sci Rep [Internet].

161



Nature Publishing Group; 2016;6:20410. Available from:

http://www.nature.com/articles/srep20410

85. Garcia-Santillan |, Peluffo-Ordofiez D, Caranqui V, Pusda M, Garrido F, Granda P.
Computer vision-based method for automatic detection of crop rows in potato fields. Adv

Intell Syst Comput. 2018. p. 355-66.

86. Su Q, Kondo N, Li M, Sun H, Al Riza DF, Habaragamuwa H. Potato quality grading

based on machine vision and 3D shape analysis. Comput Electron Agric. 2018;152:261-8.

87. Cburnett. A Bayer pattern on a sensor in isometric perspective [Internet]. 2019 [cited
2019 Dec 11]. Available from:

https://en.wikipedia.org/wiki/Bayer_filter#/media/File:Bayer_pattern_on_sensor.svg

88. Gao J, Li X, Zhu F, He Y. Application of hyperspectral imaging technology to discriminate
different geographical origins of Jatropha curcas L. seeds. Comput Electron Agric.

2013;99:186-93.

89. Gao JF, Zhang HL, Kong WW, He Y. Nondestructive discrimination of waxed apples

based on hyperspectral imaging technology. Spectrosc Spectr Anal. 2013;33:1922-6.

90. Hagen N, Kudenov MW. Review of snapshot spectral imaging technologies. Opt Eng.

2013;52:090901.

91. Park B, Lu R. Hyperspectral imaging technology in food and agriculture. Hyperspectral

Imaging Technol. Food Agric. 2015.

92. Altman NS. An introduction to kernel and nearest-neighbor nonparametric regression.

Am Stat. 1992;46:175-85.

93. Jain AK, Duin RPW, Mao J. Statistical pattern recognition: A review. IEEE Trans Pattern

Anal Mach Intell. 2000;

94. Nguyen B, Morell C, De Baets B. Large-scale distance metric learning for k-nearest

neighbors regression. Neurocomputing. 2016;214:805-14.

162



95. Hu LY, Huang MW, Ke SW, Tsai CF. The distance function effect on k-nearest neighbor

classification for medical datasets. Springerplus. 2016;5:1034.

96. Linear discrminant analysis [Internet]. 2019. Available from:

https://en.wikipedia.org/wiki/Linear_discriminant_analysis

97. Cavallaro G, Riedel M, Richerzhagen M, Benediktsson JA, Plaza A. On Understanding
Big Data Impacts in Remotely Sensed Image Classification Using Support Vector Machine

Methods. IEEE J Sel Top Appl Earth Obs Remote Sens. 2015;8:4634—46.

98. Cortes C, Vapnik V. Support-Vector Networks. Mach Learn. 1995;20:273-97.

99. Breiman L. Random forests. Mach Learn [Internet]. 2001;45:5-32. Available from: <Go to

ISI>://W0S:000170489900001

100. Quinlan JR. Induction of decision trees. Mach Learn. 1986;1:81-106.

101. Peters J, Baets B De, Verhoest NEC, Samson R, Degroeve S, Becker P De, et al.
Random forests as a tool for ecohydrological distribution modelling. Ecol Modell.

2007;207:304-18.

102. de Castro Al, Torres-Sanchez J, Pefia JM, Jiménez-Brenes FM, Csillik O, Lépez-
Granados F. An automatic random forest-OBIA algorithm for early weed mapping between

and within crop rows using UAV imagery. Remote Sens. 2018;10:285.

103. Lecun Y, Bottou L, Bengio Y, Ha P. LeNet. Proc IEEE. 1998. p. 1-46.

104. Rosenblatt F. The perceptron: A probabilistic model for information storage and

organization in the brain. Psychol Rev. 1958;65:386—408.

105. convolutional neural networks for visual recongnition.

106. Le Cun Y, Matan O, Boser B, Denker JS, Henderson D, Howard RE, et al. Handwritten

Zip code recognition with multilayer networks. Proc - Int Conf Pattern Recognit. 1990.

107. LeCun YA, Bengio Y, Hinton GE. Deep learning. Nature. 2015;521:436—44.

163



108. Sokolova M, Lapalme G. A systematic analysis of performance measures for

classification tasks. Inf Process Manag. 2009;45:427-37.

109. Cohen J. A Coefficient of Agreement for Nominal Scales. Educ Psychol Meas [Internet].
1960;20:37-46. Available from:

http://journals.sagepub.com/d0i/10.1177/001316446002000104

110. Everingham M, Van Gool L, Williams CKI, Winn J, Zisserman A. The pascal visual

object classes (VOC) challenge. Int J Comput Vis. 2010;88:303—-38.

111. Ostry V, Malif F, Pfohl-Leszkowicz A. Comparative data concerning aflatoxin contents in
bt maize and non-Bt isogenic maize in relation to human and animal health-a review. Acta

Vet Brno. 2015;84:47-53.

112. Food and agricultural data [Internet]. 2016 [cited 2016 Jun 17]. Available from:

http://www.fao.org/faostat/en/#home
113. Oerke EC. Crop losses to pests. J Agric Sci. 2006;144:31-43.

114. Dogan MN, Unay A, Boz O, Albay F. Determination of optimum weed control timing in

Maize ( Zea mays L .). Turkish J Agric For. 2004;28:349-54.

115. Oerke EC, Steiner U. Estimation of yield losses in maize cultivation:Yield losses and
crop protection-The growing situation for the economically most important crops. Ger

Phytomedical Soc Ser. 1996;6:63-79.

116. Macias FA, Castellano D, Molinillo JMG. Search for a standard phytotoxic bioassay for

allelochemicals. Selection of standard target species. J Agric Food Chem. 2000;48:2512-21.

117. Zhang ZP. Development of chemical weed control and integrated weed management in

China. Weed Biol. Manag. 2003. p. 197-203.

118. Slaughter DC, Giles DK, Downey D. Autonomous robotic weed control systems: A

review. Comput Electron Agric. 2008;61:63—78.

164



119. Thompson JF, Stafford J V., Miller PCH. Potential for automatic weed detection and

selective herbicide application. Crop Prot. 1991;10:254-9.

120. Gao J, Li X, Zhu F, He Y. Application of hyperspectral imaging technology to
discriminate different geographical origins of Jatropha curcas L. seeds. Comput Electron

Agric. 2013;99:186-93.

121. Thenkabail PS, Mariotto |, Gumma MK, Middleton EM, Landis DR, Huemmrich KF.
Selection of hyperspectral narrowbands (hnbs) and composition of hyperspectral twoband
vegetation indices (HVIS) for biophysical characterization and discrimination of crop types
using field reflectance and hyperion/EO-1 data. IEEE J Sel Top Appl Earth Obs Remote

Sens. 2013;6:427-39.

122. Okamoto H, Murata T, Kataoka T, Hata S-I. Plant classification for weed detection using
hyperspectral imaging with wavelet analysis: Research paper. Weed Biol Manag [Internet].
2007;7:31-7. Available from: https://www.scopus.com/inward/record.uri?eid=2-s2.0-
33847141943&d0i=10.1111%2Fj.1445-

6664.2006.00234.x&partnerID=40&md5=2cf8547alcd78c12c31f7f04e4a81208

123. Wendel A, Underwood J. Self-supervised weed detection in vegetable crops using

ground based hyperspectral imaging. 2016 IEEE Int Conf Robot Autom. 2016. p. 5128-35.

124. Ishida T, Kurihara J, Viray FA, Namuco SB, Paringit EC, Perez GJ, et al. A novel
approach for vegetation classification using UAV-based hyperspectral imaging. Comput

Electron Agric. 2018;144:80-5.

125. Garcia-Ruiz FJ, Wulfsohn D, Rasmussen J. Sugar beet (Beta vulgaris L.) and thistle
(Cirsium arvensis L.) discrimination based on field spectral data. Biosyst Eng [Internet].
Elsevier Ltd; 2015;139:1-15. Available from:

http://linkinghub.elsevier.com/retrieve/pii/S1537511015001270

126. Vifia A, Gitelson AA, Nguy-Robertson AL, Peng Y. Comparison of different vegetation

165



indices for the remote assessment of green leaf area index of crops. Remote Sens Environ.

2011;115:3468-78.

127. GU Wan-hua, MA Wei-chun, ZHOU Li-guo, TANG Lin HH. RS Estimation of
Chlorophyll-a Concentration Based on RVI Regionalization during Algae Blooming Period in

Dianshan Lake. Res Environ Sci. 2011;24:666—72.

128. Chamundeeswari V V, Singh D, Singh K. An Analysis of Texture Measures in PCA-

Based Unsupervised Classification of SAR Images. 2009;6:214-8.

129. Wold S, Esbensen K, Geladi P. Principal component analysis. Chemom Intell Lab Syst.

1987:2:37-52.

130. Hsu C, Chang C, Lin C. A Practical Guide to Support Vector Classification. BJU Int
[Internet]. 2008;101:1396—400. Available from:

http://www.csie.ntu.edu.tw/~cjlin/papers/guide/guide. pdf

131. Stehman S V. Selecting and interpreting measures of thematic classification accuracy.

Remote Sens Environ. 1997;62:77-89.

132. Everitt BS. The analysis of contingency tables. Monogr Stat Appl Probab. 1992;45:164.

133. Dietterich TG. Approximate Statistical Tests for Comparing Supervised Classi cation

Learning Algorithms. Neural Comput. 1998;10:1895-923.

134. Loosvelt L, Peters J, Skriver H, De Baets B, Verhoest NEC. Impact of reducing
polarimetric SAR input on the uncertainty of crop classifications based on the random forests

algorithm. IEEE Trans Geosci Remote Sens. 2012;50:4185-200.

135. Jurado-Exposito M, Lopez-Granados F, Atenciano S, Garcia-Torres L, Gonzalez-
Andujar JL. Discrimination of weed seedlings, wheat (Triticum aestivum) stubble and
sunflower (Helianthus annuus) by near-infrared reflectance spectroscopy (NIRS). Crop Prot.

2003;22:1177-80.

136. Smith AM, Blackshaw RE. Weed-crop discrimination using remote sensing: A detached

166



leaf experiment. Weed Technol [Internet]. 2003;17:811-20. Available from: <Go to

ISI>://000187430000025

137. Vrindts E, De Baerdemaeker J, Ramon H. Weed detection using canopy reflection.

Precis Agric. 2002. p. 63-80.

138. Pearson RL, Miller LD. Remote Mapping of Standing Crop Biomass for Estimation of
the Productivity of the Shortgrass Prairie. Remote Sens Environ VIII [Internet]. 1972;-1:1355.
Available from:
http://adsabs.harvard.edu/abs/1972rse..conf.1355P\npapers2://publication/uuid/4ABE1403-

D3C3-40B7-BOA7-6C2C1BFDAGE1

139. Pefiuelas J, Filella L. Visible and near-infrared reflectance techniques for diagnosing

plant physiological status. Trends Plant Sci. 1998;3:151-6.

140. Ray TW, Murray BC, Chehbouni A, Njoki E. The red edge in arid region vegetation:

340-10160 nm spectra. AVIRIS Airborne Geosci Work. 1993. p. 149-52.

141. Lopez-Granados F, Torres-Sanchez J, Serrano-Pérez A, de Castro Al, Mesas-
Carrascosa FJ, Pefia JM. Early season weed mapping in sunflower using UAV technology:
variability of herbicide treatment maps against weed thresholds. Precis Agric. 2016;17:183—

99.

142. Tardieu F. Plant response to environmental conditions: Assessing potential production,

water demand, and negative effects of water deficit. Front Physiol. 2013;4:1-11.

143. Haralick R, Shanmugan K, Dinstein I. Textural features for image classification. IEEE
Trans Syst Man Cybern [Internet]. 1973;3:610-21. Available from;

http://dceanalysis.bigr.nl/Haralick73-Textural features for image classification.pdf

144. Kazmi W, Garcia-Ruiz FJ, Nielsen J, Rasmussen J, Andersen HJ. Exploiting affine
invariant regions and leaf edge shapes for weed detection. Comput Electron Agric [Internet].

Elsevier B.V.; 2015:;118:290-9. Available from:

167



http://dx.doi.org/10.1016/j.compag.2015.08.023

145. Kazmi W, Garcia-Ruiz FJ, Nielsen J, Rasmussen J, Andersen HJ. Detecting creeping
thistle in sugar beet fields using vegetation indices. Comput Electron Agric [Internet]. Elsevier
B.V.; 2015;112:10-9. Available from:

http://linkinghub.elsevier.com/retrieve/pii/S0168169915000101

146. Jones G, Gée C, Truchetet F. Modelling agronomic images for weed detection and

comparison of crop/weed discrimination algorithm performance. Precis Agric. 2009;10:1-15.

147. Tang J-L, Chen X-Q, Miao R-H, Wang D. Weed detection using image processing
under different illumination for site-specific areas spraying. Comput Electron Agric [Internet].
Elsevier B.V.; 2016;122:103-11. Available from:

http://linkinghub.elsevier.com/retrieve/pii/S0168169915003981

148. Behmann J, Mahlein A-K, Rumpf T, Romer C, Plumer L. A review of advanced machine
learning methods for the detection of biotic stress in precision crop protection. Precis Agric.

2014;1-22.

149. Breiman L. Random forests. Mach Learn. 2001;45:5-32.

150. Pantazi XE, Moshou D, Bravo C. Active learning system for weed species recognition
based on hyperspectral sensing. Biosyst Eng [Internet]. Elsevier Ltd; 2016;1-10. Available

from: http://linkinghub.elsevier.com/retrieve/pii/S1537511016000143

151. Choi YS. Least squares one-class support vector machine. Pattern Recognit Lett.

2009;30:1236-40.

152. Zhang Y, Staab ES, Slaughter DC, Giles DK, Downey D. Automated weed control in
organic row crops using hyperspectral species identification and thermal micro-dosing. Crop

Prot. 2012;41:96-105.

153. Wendel A, Underwood J. lllumination compensation in ground based hyperspectral

imaging. ISPRS J Photogramm Remote Sens. 2017;129:162-78.

168



154. Yang B, Knyazikhin Y, Xie D, Zhao H, Zhang J, Wu Y. Influence of leaf specular
reflection on canopy radiative regime using an improved version of the stochastic radiative

transfer model. Remote Sens. 2018;10.

155. Chauhan BS, Johnson DE. Row spacing and weed control timing affect yield of aerobic

rice. F Crop Res. 2011;121:226-31.

156. Rao AN, Johnson DE, Sivaprasad B, Ladha JK, Mortimer AM. Weed Management in

Direct-Seeded Rice. Adv. Agron. 2007. p. 153-255.

157. Chauhan BS. Strategies to manage weedy rice in Asia. Crop Prot. 2013. p. 51-6.

158. Qiu J, Zhou Y, Mao L, Ye C, Wang W, Zhang J, et al. Genomic variation associated with
local adaptation of weedy rice during de-domestication. Nat Commun [Internet].

2017;8:15323. Available from: http://www.nature.com/doifinder/10.1038/ncomms15323

159. Smith RJJ. Weed Thresholds in Southern U.S. Rice, Oryza sativa. Weed Technol.

1988;2:232-41.

160. Eleftherohorinos IG, Dhima K V. Red Rice (Oryza sativa) Control in Rice (O. sativa) with
Preemergence and Postemergence Herbicides. Weed Technol [Internet]. Weed Science

Society of America; 2002;16:537—-40. Available from: http://www.jstor.org/stable/3989518

161. Tillett ND, Hague T, Grundy AC, Dedousis AP. Mechanical within-row weed control for

transplanted crops using computer vision. Biosyst Eng. 2008;99:171-8.

162. Zhang X, Liu F, He Y, Li X. Application of Hyperspectral Imaging and Chemometric
Calibrations for Variety Discrimination of Maize Seeds. Sensors [Internet]. 2012;12:17234—

46. Available from: http://www.mdpi.com/1424-8220/12/12/17234

163. Wu D, Wang S, Wang N, Nie P, He Y, Sun D-W, et al. Application of Time Series
Hyperspectral Imaging (TS-HSI) for Determining Water Distribution Within Beef and Spectral
Kinetic Analysis During Dehydration. Food Bioprocess Technol [Internet]. 2013;6:2943-58.

Available from: https://doi.org/10.1007/s11947-012-0928-0

169



164. Mirik M, Ansley RJ, Steddom K, Jones DC, Rush CM, Michels GJ, et al. Remote
distinction of a noxious weed (Musk Thistle: Carduus Nutans) using airborne hyperspectral

imagery and the support vector machine classifier. Remote Sens. 2013;5:612-30.

165. Goto A. Handbook on upland rice cultivation [Internet]. Available from:
https://www.jica.go.jp/project/english/sudan/001/materials/c8h0vmO0007vrgs5-

att/handbook_en_all.pdf

166. Shafri HZM, Yusof MRM. Trends and Issues in Noise Reduction for Hyperspectral

Vegetation Reflectance Spectra. Eur J Sci Res. 2009;29:404-10.

167. Roy M, Kumar VR, Kulkarni BD, Sanderson J, Rhodes M, Stappen M Vander. A simple
denoising algorithm using wavelet transform. Am Inst Chem Eng J [Internet]. 1999;45:2461—

6. Available from: http://arxiv.org/abs/nlin/0002028

168. Donoho DL, Johnstone IM. Adapting to unknown smoothness via wavelet shrinkage. J

Am Stat Assoc. 1995;90:1200-24.

169. Galvdo RKH, Aradjo MCU, Fragoso WD, Silva EC, José GE, Soares SFC, etal. A
variable elimination method to improve the parsimony of MLR models using the successive

projections algorithm. Chemom Intell Lab Syst. 2008;92:83-91.

170. Knipling EB. Physical and physiological basis for the reflectance of visible and near-

infrared radiation from vegetation. Remote Sens Environ. 1970;1:155-9.

171. Dauer J, Hulting A, Carlson D, Mankin L, Harden J, Mallory-Smith C. Gene flow from
single and stacked herbicide-resistant rice (Oryza sativa): modeling occurrence of multiple

herbicide-resistant weedy rice. Pest Manag Sci. 2018;74:348-55.

172. Pantone DJ, Baker JB. Weed-crop competition models and response-surface analysis

of red rice competition in cultivated rice: A review. Crop Sci. 1991;31:1105-10.

173. Vaughan LK, Ottis B V., Prazak-Havey AM, Bormans CA, Sneller C, Chandler JM, et al.

Is all red rice found in commercial rice really Oryza sativa. Weed Sci [Internet]. 2001;49:468—

170



76. Available from: http://wssa.allenpress.com/perlserv/?request=cite-

builder&#38;doi=10.1614/0043-1745(2001)049[0468:IARRF]2.0.CO;2

174. Nadir S, Xiong HB, Zhu Q, Zhang XL, Xu HY, Li J, et al. Weedy rice in sustainable rice

production. A review. Agron. Sustain. Dev. 2017.

175. Pefa-Barragan JM, Lopez-Granados F, Jurado-Exposito M, Garcia-Torres L. Mapping
Ridolfia segetum patches in sunflower crop using remote sensing. Weed Res. 2007;47:164—

72.

176. Stellacci AM, Castrignano A, Troccoli A, Basso B, Buttafuoco G. Selecting optimal
hyperspectral bands to discriminate nitrogen status in durum wheat: a comparison of

statistical approaches. Environ Monit Assess. 2016;188:1-15.

177. Awad MM, Alawar B, Jbeily R. A New Crop Spectral Signatures Database Interactive

Tool (CSSIT). Data. 2019;4:77.

178. Domingos P. A Few Useful Things to Know About Machine Learning. Commun ACM
[Internet]. New York, NY, USA: ACM; 2012;55:78-87. Available from:

http://doi.acm.org/10.1145/2347736.2347755

179. Kwon SL, Roy J. Smith J, Talbert RE. Comparative Growth and Development of Red
Rice (Oryza sativa) and Rice (O. sativa). Weed Sci [Internet]. Weed Science Society of

America; 1992;40:57-62. Available from: http://www.jstor.org/stable/4045153

180. Burgos-artizzu XP, Ribeiro A, Guijarro M, Pajares G. Real-time image processing for
crop / weed discrimination in maize fields. Comput Electron Agric [Internet]. 2011;75:337-46.

Available from: http://dx.doi.org/10.1016/j.compag.2010.12.011

181. Perez-Ortiz M, Pena JM, Gutierrez PA, Torres-Sanchez J, Hervas-Martinez C, Lopez-
Granados F. Selecting patterns and features for between- and within- crop-row weed
mapping using UAV-imagery. Expert Syst Appl [Internet]. 2016 [cited 2017 Jun 14];47:85-94.

Available from: http://linkinghub.elsevier.com/retrieve/pii/S0957417415007472

171



182. Shapira U, Herrmann |, Karnieli A, Bonfil DJ. Field spectroscopy for weed detection in
wheat and chickpea fields. Int J Remote Sens [Internet]. 2013;34:6094-108. Available from:

http://www.tandfonline.com/doi/abs/10.1080/01431161.2013.793860

183. Wang N, Zhang N, Peterson DE, Dowell FE. Design of an optical weed sensor using
plant spectral characteristics. Biol Qual Precis Agric Il [Internet]. 2000;4203:63—72. Available

from: http://link.aip.org/link/?PSI1/4203/63/1

184. De Castro Al, L6pez-Granados F, Jurado-Expésito M. Broad-scale cruciferous weed
patch classification in winter wheat using QuickBird imagery for in-season site-specific

control. Precis Agric. 2013;14:392—-413.

185. Castillejo-Gonzalez IL, Pefia-Barragan JM, Jurado-Expésito M, Mesas-Carrascosa FJ,
Lépez-Granados F. Evaluation of pixel- and object-based approaches for mapping wild oat
(Avena sterilis) weed patches in wheat fields using QuickBird imagery for site-specific

management. Eur J Agron. 2014;59:57-66.

186. Du M, Noguchi N. Monitoring of Wheat Growth Status and Mapping of Wheat Yield's
within-Field Spatial Variations Using Color Images Acquired from UAV-camera System.
Remote Sens [Internet]. 2017;9:289. Available from: http://www.mdpi.com/2072-

4292/9/3/289

187. Blaschke T. Object based image analysis for remote sensing. ISPRS J Photogramm

Remote Sens. 2010:65:2-16.

188. Borra-Serrano |, Pefia J, Torres-Sanchez J, Mesas-Carrascosa F, Lopez-Granados F.
Spatial Quality Evaluation of Resampled Unmanned Aerial Vehicle-Imagery for Weed
Mapping. Sensors [Internet]. 2015;15:19688—708. Available from:

http://www.mdpi.com/1424-8220/15/8/19688/

189. Pefa J, Torres-Sanchez J, Serrano-Pérez A, de Castro A, Lopez-Granados F.

Quantifying Efficacy and Limits of Unmanned Aerial Vehicle (UAV) Technology for Weed

172



Seedling Detection as Affected by Sensor Resolution. Sensors [Internet]. 2015;15:5609-26.

Available from: http://www.mdpi.com/1424-8220/15/3/5609/

190. Pefa J, Gutiérrez P, Hervas-Martinez C, Six J, Plant R, Lopez-Granados F. Object-
Based Image Classification of Summer Crops with Machine Learning Methods. Remote Sens

[Internet]. 2014;6:5019-41. Available from: http://www.mdpi.com/2072-4292/6/6/5019/htm

191. Pefa-Barragan JM, Lopez-Granados F, Jurado-Expésito M, Garcia-Torres L. Sunflower
yield related to multi-temporal aerial photography, land elevation and weed infestation. Precis

Agric. 2010;11:568-85.

192. Pefia JM, Torres-Sanchez J, de Castro Al, Kelly M, Lopez-Granados F. Weed Mapping
in Early-Season Maize Fields Using Object-Based Analysis of Unmanned Aerial Vehicle

(UAV) Images. PLoS One. 2013;8.

193. Jones G, Gée C, Truchetet F. Assessment of an inter-row weed infestation rate on

simulated agronomic images. Comput Electron Agric. 2009;67:43-50.

194. Zadoks JC, Chang TT, Konzak CF. A decimal code for the growth stages of cereals.

Weed Res. 1974;14:415-21.

195. Woebbecke DM, Meyer GE, Von Bargen K, Mortensen DA. Color indices for weed
identification under various sail, residue, and lighting conditions. Trans ASAE [Internet].

1995;38:259-69. Available from: http://cat.inist.fr/?aModele=afficheN&cpsidt=3503524

196. Otsu N. A Threshold Selection Method from Gray-Level Histograms. IEEE Trans Syst
Man Cybern [Internet]. 1979;9:62—6. Available from:

http://ieeexplore.ieee.org/document/4310076/

197. Canny J. A Computational Approach to Edge Detection. IEEE Trans Pattern Anal Mach

Intell. 1986;PAMI-8:679-98.

198. Lo R chin, Tsai WH. Gray-scale hough transform for thick line detection in gray-scale

images. Pattern Recognit. 1995;28:647—61.

173



199. Burnett C, Blaschke T. A multi-scale segmentation/object relationship modelling

methodology for landscape analysis. Ecol Modell. 2003;168:233—49.

200. Pedregosa F, Varoquaux G. Scikit-learn: Machine learning in Python. J Mach Learn Res

[Internet]. 2011;12:2825-30. Available from: http://dl.acm.org/citation.cfm?id=2078195

201. Congalton RG. A review of assessing the accuracy of classifications of remotely sensed

data. Remote Sens Environ. 1991;37:35-46.

202. Hervas Martinez C, Pérez Ortiz M, Pefia Barragan JM, Gutiérrez PA, Torres Sanchez J,
Lépez Granados F. A weed monitoring system using UAV-imagery and the Hough transform.
XV Congr la Soc Espafiola Malherbologia La Malherbologia y la Transf tecnolégica Sevilla
[Internet]. Junta de Andalucia. Consejeria de Agricultura, Pesca y Desarrollo Rural; 2015

[cited 2017 Sep 19]. p. 233-9. Available from: https://idus.us.es/xmlui/handle/11441/32525

203. Chan RH, Ho CW, Nikolova M. Salt-and-pepper noise removal by median-type noise
detectors and detail-preserving regularization. IEEE Trans Image Process. 2005;14:1479—

85.

204. Sggaard HT. Weed classification by active shape models. Biosyst Eng. 2005;91:271—

81.

205. Golzarian MR, Frick RA. Classification of images of wheat, ryegrass and brome grass
species at early growth stages using principal component analysis. Plant Methods [Internet].

2011;7:28. Available from: http://www.ncbi.nim.nih.gov/pubmed/21943349

206. Zaman-Allah M, Vergara O, Araus JL, Tarekegne A, Magorokosho C, Zarco-Tejada PJ,
et al. Unmanned aerial platform-based multi-spectral imaging for field phenotyping of maize.
Plant Methods [Internet]. 2015;11:35. Available from:

http://www.plantmethods.com/content/11/1/35

207. Roosjen PPJ, Suomalainen JM, Bartholomeus HM, Clevers JGPW. Hyperspectral

reflectance anisotropy measurements using a pushbroom spectrometer on an unmanned

174



aerial vehicle-results for barley, winter wheat, and potato. Remote Sens. 2016;8.

208. Ma L, Fu T, Blaschke T, Li M, Tiede D, Zhou Z, et al. Evaluation of Feature Selection
Methods for Object-Based Land Cover Mapping of Unmanned Aerial Vehicle Imagery Using
Random Forest and Support Vector Machine Classifiers. ISPRS Int J Geo-Information

[Internet]. 2017;6:51. Available from: http://www.mdpi.com/2220-9964/6/2/51

209. Hung C, Xu Z, Sukkarieh S. Feature learning based approach for weed classification
using high resolution aerial images from a digital camera mounted on a UAV. Remote Sens.

2014;6:12037-54.

210. Matese A, Toscano P, Di Gennaro SF, Genesio L, Vaccari FP, Primicerio J, et al.
Intercomparison of UAV, Aircraft and Satellite Remote Sensing Platforms for Precision
Viticulture. Remote Sens [Internet]. 2015;7:2971-90. Available from:

http://www.mdpi.com/2072-4292/7/3/2971

211. Brookes G. Weed control changes and genetically modified herbicide tolerant crops in

the USA 1996-2012. GM Crops Food. 2014;5:321-32.

212. Ahmad J, Muhammad K, Ahmad I, Ahmad W, Smith ML, Smith LN, et al. Visual
features based boosted classification of weeds for real-time selective herbicide sprayer

systems. Comput Ind. 2018;98:23-33.

213. Kamilaris A, Prenafeta-Boldu FX. Deep learning in agriculture: A survey. Comput

Electron Agric. 2018;147:70-90.

214. Sehgal G, Gupta B, Paneri K, Singh K, Sharma G, Shroff G. Crop Planning using
Stochastic Visual Optimization. CoRR [Internet]. 2017;abs/1710.0. Available from:

http://arxiv.org/abs/1710.09077

215. Ghosal S, Blystone D, Singh AK, Ganapathysubramanian B, Singh A, Sarkar S. An
explainable deep machine vision framework for plant stress phenotyping. Proc Natl Acad Sci

[Internet]. 2018;115:4613-8. Available from:

175



http://www.pnas.org/lookup/doi/10.1073/pnas.1716999115

216. Pound MP, Atkinson JA, Townsend AJ, Wilson MH, Griffiths M, Jackson AS, et al. Deep
machine learning provides state-of-the-art performance in image-based plant phenotyping.

Gigascience. 2017;6:1-10.

217. Polder G, Blok PM, de Villiers HAC, van der Wolf JM, Kamp J. Potato Virus Y Detection
in Seed Potatoes Using Deep Learning on Hyperspectral Images. Front Plant Sci.

2019;10:1-13.

218. Sa |, Chen Z, Popovi¢ M, Khanna R, Liebisch F, Nieto J, et al. weedNet: Dense
Semantic Weed Classification Using Multispectral Images and MAV for Smart Farming. IEEE

Robot Autom Lett. 2018;3:588-95.

219. Lottes P, Behley J, Milioto A, Stachniss C. Fully Convolutional Networks With
Sequential Information for Robust Crop and Weed Detection in Precision Farming. [EEE

Robot Autom Lett. 2018:3:2870-7.

220. Lottes P, Horferlin M, Sander S, Stachniss C. Effective Vision-based Classification for

Separating Sugar Beets and Weeds for Precision Farming. J F Robot. 2017;34:1160-78.

221. Farid H. Blind inverse gamma correction. IEEE Trans Image Process. 2001;10:1428—

33.

222. Redmon J, Farhadi A. YOLOv3: An Incremental Improvement. 2018; Available from:

http://arxiv.org/abs/1804.02767

223. Redmon J, Divvala S, Girshick R, Farhadi A. YOLO You Only Look Once: Unified, Real-
Time Object Detection. Proc Comput Vis Pattern Recognit. Las Vegas, NV, USA; 2016. p.

779-88.

224. MacQueen J. Some Methods for classification and Analysis of Multivariate

Observations. 5th Berkeley Symp Math Stat Probab 1967. 1967. p. 281-97.

225. Yosinski J, Clune J, Bengio Y, Lipson H. How Transferable Are Features in Deep

176



Neural Networks? Proc 27th Int Conf Neural Inf Process Syst - Vol 2 [Internet]. Cambridge,
MA, USA: MIT Press; 2014. p. 3320-8. Available from:

http://dl.acm.org/citation.cfm?id=2969033.2969197

226. Carranza-Rojas J, Goeau H, Bonnet P, Mata-Montero E, Joly A. Going deeper in the

automated identification of Herbarium specimens. BMC Evol Biol. 2017;17:181.

227. Kingma DP, Ba J. Adam: A Method for Stochastic Optimization. Int Conf Learn

Represent [Internet]. 2015. p. 1-15. Available from: http://arxiv.org/abs/1412.6980

228. Goodfellow |, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, et al.
Generative Adversarial Nets. In: Ghahramani Z, Welling M, Cortes C, Lawrence ND,
Weinberger KQ, editors. Adv Neural Inf Process Syst 27 [Internet]. Curran Associates, Inc.;
2014. p. 2672-80. Available from: http://papers.nips.cc/paper/5423-generative-adversarial-

nets.pdf

229. Frid-Adar M, Klang E, Amitai M, Goldberger J, Greenspan H. Synthetic data
augmentation using GAN for improved liver lesion classification. Proc - Int Symp Biomed

Imaging. 2018. p. 289-93.

230. Blender Foundation. Blender [Internet]. 2018. Available from: https://www.blender.org/

231. Barth R, Jsselmuiden J, Hemming J, Henten EJV. Data synthesis methods for
semantic segmentation in agriculture: A Capsicum annuum dataset. Comput Electron Agric.

2018;144:284-96.

232. Ren Y, Zhu C, Xiao S. Small Object Detection in Optical Remote Sensing Images via
Modified Faster R-CNN. Appl Sci [Internet]. 2018;8:813. Available from:

http://www.mdpi.com/2076-3417/8/5/813

233. Suh HK, Jsselmuiden J, Hofstee JW, van Henten EJ. Transfer learning for the
classification of sugar beet and volunteer potato under field conditions. Biosyst Eng.

2018;174:50-65.

177



234. Nieuwenhuizen AT, Hofstee JW, van Henten EJ. Performance evaluation of an
automated detection and control system for volunteer potatoes in sugar beet fields. Biosyst

Eng. 2010;107:46-53.

235. Suh HK, Hofstee JW, lJselmuiden J, Van Henten EJ. Discrimination between Volunteer
Potato and Sugar Beet with a Bag-of-Visual-Words Model. CIGR-AgEng 2016 Conf. 2016. p.

1-8.

236. Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu C-Y, et al. SSD: Single Shot
MultiBox Detector. In: Leibe B, Matas J, Sebe N, Welling M, editors. Proc Eur Conf Comput

Vision, Amsterdam. Cham: Springer International Publishing; 2016. p. 21-37.

237. Girshick R, Donahue J, Darrell T, Berkeley UC, Malik J. Rich feature hierarchies for
accurate object detection and semantic segmentation. Proc IEEE Comput Soc Conf Comput

Vis Pattern Recognit [Internet]. 2014;580-7. Available from: http://arxiv.org/abs/1311.2524

238. Rungsuptaweekoon K, Visoottiviseth V, Takano R. Evaluating the power efficiency of
deep learning inference on embedded GPU systems. Proceeding 2017 2nd Int Conf Inf

Technol INCIT 2017. 2018. p. 1-5.

239. Barth R, Jsselmuiden J, Hemming J, Van Henten EJ. Synthetic bootstrapping of
convolutional neural networks for semantic plant part segmentation. Comput Electron Agric.

2019;161:291-304.

240. Saeys Y, Inza |, Larrafiaga P. A review of feature selection techniques in bioinformatics.

Bioinformatics. 2007;23:2507-17.

241. Franceschini MHD, Bartholomeus H, van Apeldoorn DF, Suomalainen J, Kooistra L.
Feasibility of unmanned aerial vehicle optical imagery for early detection and severity

assessment of late blight in Potato. Remote Sens. 2019;11.

242. Suh HK, Hofstee JW, lJsselmuiden J, van Henten EJ. Sugar beet and volunteer potato

classification using Bag-of-Visual-Words model, Scale-Invariant Feature Transform, or

178



Speeded Up Robust Feature descriptors and crop row information. Biosyst Eng.

2018;166:210-26.

243. Andujar D, Dorado J, Fernandez-Quintanilla C, Ribeiro A. An approach to the use of

depth cameras for weed volume estimation. Sensors (Switzerland). 2016;16.

244. Maes WH, Steppe K. Perspectives for Remote Sensing with Unmanned Aerial Vehicles

in Precision Agriculture. Trends Plant Sci. 2019. p. 152—-64.

245. Navntoft S, Esbjerg P, @rum JE, Jensen A-M, Johnsen |, Petersen BS, et al. Effects of

Mechanical Weed Control in Spring Cereals-Flora, Fauna and Economy. 2007.

179



180



Acknowledgements

First of all, | would like to express my sincere gratitude to my promoters Prof. Jan G. Pieters
from UGent and Prof. Yong He from ZJU for their continuous support and contribution during
my PhD research. They gave me the freedom to explore the research area where | am
interested. For each publication, they provided insightful feedback and advices. Their
academic experience and immense knowledge always guide me at all stages of my doctoral

study.

Thank my colleagues in Biosystem Engineering Group and the former department. Marlies,
Dieter, Nannan, Qi, Xingyu, Mingshen, Zuoyi, Luis, Lut, Dongdong. Moreover, | have made
many friends in this beautiful city. Lidong, Xiaoyuan, Wenxin, Shusheng, Wenlei, Jing Li,
Linshan, Lijuan, Lipeng, Luoluo, Biao Han, Haidong, Luke, Holy, Sue, Guoliang, Gang Wang,
Xiaogang, Shaoguang, Qian, Yuting, Heng Fang, Sam Laux et al. You are the ones that make

my doctoral life rememberable.

Thank Prof. De Baets from UGent very much for coaching me in the fields of machine learning
and data analysis in my first PhD year, especially on Random Forest algorithm and cross
validation techniques. He is unauthored hero for my PhD. | would also like thank Prof. Van
Coillie from UGent. Because of her kind help, | could have chance to use the commercial
eCognition software for finalizing Chapter 4. Besides, thank Dr. Liao from UGent for giving me
tremendous help both in life and academia aspects, his broad knowledge and insightful

comments definitely contribute my studies.
I would also like to express my sincere gratitude to my former ILVO colleagues:

Dr. Koen Mertens, Dr. David Nuyttens, Dr. Peter Lootens, Dr. Simon Cool, Filip De Brouwer,
Irene Borra Serrano, Ruben Van De Vijver, Thomas Vanderstocken, and Shaojie Zhuang and
others. Thank you for the help of data collection, doing exploratory experiments, and image

analysis in my first PhD year.

181



| have two exchange studies in my PhD journey. One is at the computer vision laboratory,
Department of Computer Science in the University of Nottingham, UK. | would like to thank
Prof. Pridmore, Prof. French and Dr. Pound for hosting me at Nottingham. In this exchange
period, | learned a lot on designing deep neural network architectures, training networks,
generating synthetic images. Thank Feng, Siyang, Robail, John, KK, and other staff from this
lab for inspiring me a lot in doing deep learning for weed detection and segmentation. Another
exchange study happened in a legendary city in the Netherlands, Wageningen, well known for
the Wageningen University & Research and its agriculture and food science research
reputation. Firstly, thank Dr. Polder for introducing me to Prof. Kootstra after | participated the
plant phenotyping workshop at KU Leuven, Belgium. Then | have chance to work with Thijs, a
PhD student full of talents in precision crop farming. The time at Wageningen is short but rich.
Thank Yuexiang, Mengting, Linh, David, Angel, Francscio, Henry, Ide, Henk-Jan and other

staff in the lab. You guys absolutely enrich my PhD life. Stay Awesome!

| am very appreciative of the time and efforts that the jury members have dedicated to reading
and evaluating my doctoral thesis. Their thoughtful comments and constructive suggestions
have helped me improve this thesis significantly. | would also like to thank Special Research
Fund of Ghent University for this project. In addition, thank Alice Tai from the UNSW for

assisting me to design the cover of this PhD thesis book.

Last but not least, | would like to thank my family. Thank my parents and my old sister for their

life support.

182



Curriculum Vitae

PERSONALTA & CONTACT

Name: Junfeng GAO Place of Birth:  Henan, China

Nationality: Chinese E-mail:  jerevongao@gmail.com, junfeng.gao@ugent.be

EDUCATION & EXPERIENCE

2015.10-present  Ghent University, Belgium Applied biological Engineering PhD student
2019.05-2019.08  Wageningen University, Netherlands ~ Computer Vision and Ag-robotics Guest researcher
2018.07-2019.02  University of Nottingham, UK Computer Vision Lab, Computer Science Visiting scholar
2012.09-2015.06  Zhejiang University, China Agricultural Mechanization Engineering Master

2008.09-2012.06  Sichuan Agricultural University, China Agricultural Mechanization and Automation Bachelor

SCIENTIIFIC OUTPUTS DURING THE DOCTORAL RESEARCH

1) Gao, Junfeng; Liao, Wenzhi; Nuyttens, David; Lootens, Peter; Vangeyte, Jiirgen; Pizurica, Aleksandra; He, Yong; Pieters,
Jan G. Fusion of pixel and object-based features for weed mapping using unmanned aerial vehicle imagery. International

journal of applied earth observation and ge oinformation, 2018, 67, 43-53. (IF =4.846, Q1, peer-reviewed)

2) Yanchao Zhang*; Junfeng Gao*, Haiyan Cen, Yongliang Lu, Xiaoyue Yu, Yong He, Jan G. Pieters; Automated spectral
feature extraction from hyperspectral images to differentiate weedy rice and barnyard grass from a rice crop. Computers and

Electronics in Agriculture, 2019, 159, 42-49. (*co-first author, IF =3.171, Q1, peer-reviewed)

3) Junfeng Gao; David Nuyttens; Peter Lootens; Yong He; Jan G. Pieters. Recognising weeds in a maize crop using a
random forest machine-learning algorithm and near-infrared snapshot mosaic hyperspectral imagery. Biosystems

Engineering,2018, 170, 39-50. (IF =2.983, Ql, peer-reviewed)

4) Junfeng Gao, Andrew French, Michael Pound, Yong He, Tony Pridmore, Jan G. Pieters; Deep convolutional neural

networks for image-based field bindweed detection in sugar beet fields. (Submitted in Plant Methods journal, under review)

CONFERENCE

Junfeng Gao, Andrew French, Machel Pound, Yong He, Tony Pridmore, Jan G. Pieters; Deep learning-based approach for
Convolvulus arvensis detection in sugar beet fields. Site Specific Weed Management (SSWM) workshop, 2019, Odense,
Denmark. (Oral presentation, EWRS grants)

183


mailto:jerevongao@gmail.com
mailto:junfeng.gao@ugent.be

Junfeng Gao, Andrew French, Machel Pound, Tony Pridmore, Yong He, Jan G. Pieters; Synthetic image for weed and crop
semantic segmentation based on deep learning. 2019 ASABE annual Meeting, Boston, USA (Oral presentation, FWO
funded)

Junfeng Gao, Erik Alexandersson; Detecting potato late blight in the field. 2019 Nordic Plant Phenotyping Network (NPPN)
Annual Meeting, Bastad, Sweden. (Oral presentation together with Prof. Erik Alexandersson, NordPlant funded)

Junfeng Gao. Weed/crop segmentation and detection using deep convolutional neural networks, Computer vision lab

meeting, 2018, Nottingham, UK. (Oral presentation, CWO funded)
Junfeng Gao, David Nuyttens, Peter Lootens, Yong He, Jan G. Pieters; Weed and maize classification in early growth stages

based on near-infrared snapshot hyperspectral imagery. European Agricultural Engineering Conference, 2018, Wageningen,

Netherlands. (Poster presentation, FWO Funded)

COMMUNITY SERVICE

Member of American Society of Agriculture and Biological Engineers (ASABE)

Member of European Weed Research Society (EWRS)

Journal Reviewer: Remote sensing (IF=4.118), Sensors (IF=3.031), Computers and Electronics in Agriculture (IF=3.171),
Process (IF=1.963), China Communication (IF=1.514)

PROGRAMMING SKILL & Software

TensorFlow, Python, OpenCV, Matlab, HPC, Linux, Solidworks,

HONOUR

National Scholarship, EWRS Grants, FWO (Flanders Research Foundation) Travel Grant, Nvidia Grant (Jetson TX1),

Excellent graduate students, Outstanding undergraduate student in Sichuan Province.

184



