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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 

https://en.wikipedia.org/wiki/Lift_(force)
https://en.wikipedia.org/wiki/Thrust
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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 km2) and the minimum order area for 

new task collections is 100 km2 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, a threshold-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.  

 

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

learning Wang et al [80]. 

1.3 Thesis objective and 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.  

 

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 ROIs. 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.   

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/convolvulus-arvensis
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/cirsium-arvense
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2, How suitable and accurate are automatically selected important spectral features for 

the discrimination of troublesome weeds in a rice 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. 

 

 

 

 

 

 

 

 

 

 

 

 



24 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



25 

 

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. 

 

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. 

 

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 

Sensor Number of bands  Used in this thesis  Examples  Cost ($)  

RGB 3 wide bands (Red, 

Green, and Blue)  

Chapter 5, Chapter 6 

 

 

• Web camera  

• Nikon 

• Canon 

 

50-3000 

Multispectral  4-10 -  • Micasense, 

• PixelCam 

• Parrot Sequoia 

 

5000-

30000 

Hyperspectral  >10 bands Chapter 3 (snapshot, 25 

bands) 

Chapter 4 (line-scanning, 512 

bands) 

• Specim  

• Ximea 

• Headwall  

• Imec 

25000-

100000 
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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 5×5 mosaic array (Figure 2.3), and the spatial 

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

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

Acquisition mode  Snapshot mosaic  

Number of spectral bands 25 bands in 665-900 nm 

Bandwidth per band (FWHM) <15 nm, collimated  

Imager type CMOS imager, CMOSIS, CMV2000 

Image size 2.2 Mpixels 

Spatial resolution  403x216 per band 

Interface  GiGe Version and triggering  

Pixel pitch  5.5 um 

Bit depth  12 bit 

Optical input  (near) telecentric  

Dimensions  50x50x50 mm 

Weight  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. 

                                                 
1

( )( )
i

n
T

w i i

i x c

x x x x
= 

= − −                                                (2.2) 

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

                                                            
1

( )( )
n

T

b i i i

i

m x x x x
=

= − −                                                            (2.3)          
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where n is the number of classes, im  is the number of training samples for each class, ix 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: 

                                                                     
b w =                                                                         (2.4) 

The upper bounds of the ranks of 
b

 and w 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 to arg min ( , )k
k

d z x  , where kx  is the centroid of k-th class.  

    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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Figure 2.6. Geometrical representation of the SVM margin.  

The score of sample j can be expressed as: 

                                                              1 1 2 2 ...j j j d jdz w x w x w x b= + + +                                                 (2.5) 

In a compact format as 
T

j jz x w b= +                                                                                         

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

                                                 𝑚𝑖𝑛𝑤,𝜀𝑖 ,𝑏 = {
1

2
||𝑤||2 +  𝐶 ∑ 𝜀𝑖

𝑛
𝑖=1 }                                     (2.6) 

subject to                                  𝑦𝑖( 𝑥𝑖
𝑇𝑤 + 𝑏)  ≥ 1 − 𝜀𝑖       ∀𝑖 = 1, … . , 𝑛                            (2.7) 

                                                  𝜀𝑖 ≥ 0    ∀𝑖 = 1, … . , 𝑛                                                      (2.8) 

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

from data instances and 𝜀𝑖 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 
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smooth decision boundaries and classifying the training points correctly. The hyperparameters 

C, a kernel function, and gamma   (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  defines how far the influence of a single training example reaches, with 

low values meaning ´far´ and high values meaning ´close´. The gamma  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 (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: For i = 1 to m do: 

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). A common 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.   

 

 

Figure 2.7 Typical architecture of an artificial neural network.  
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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 g t f g t d f t g d     
 

− −
 = − = −                                   (2.9)                       

In the discrete case, an integral is replaced by a sum: 

                          ( )( ) ( ) ( ) ( ) ( )
m m

f g n f m g n m f n m g m
 

=− =−

 = − = −                                          (2.10) 

If discrete has support on  ,...,M M−  

                                                 ( )( ) ( ) ( )
M

m M

f g n f n m g m
=−

 = −                                          (2.11) 

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

m M n N

f g x y f x n y m g n m
=− =−

 = − −                                     (2.12) 
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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.  
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                                                                      (2.13)      

where p is the probability of class k given input, c is the number of classes, ko 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 selection and 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: S into fold S1, S2, …, Sk  

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

4:       For  each fold in S1, S2, …, 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 0 represents no agreement.  

                                                   Precision𝑖  =  
E𝑖𝑖

Σ𝑗E𝑗𝑖
                                                     (2.14) 

                                                  Recall𝑖 =  
E𝑖𝑖

Σ𝑗E𝑖𝑗
                                                          (2.15) 

                                                   F(𝑖)1 =  2 ∗
Precision𝑖 ∗Recall𝑖

Precision𝑖+Recall𝑖
                                      (2.16) 

                                                    𝐾 =  
𝑁 ∑ 𝐸𝑖𝑖  − ∑ (𝐺𝑖 𝐶𝑖)𝑛

𝑖=1
𝑛
𝑖=1

𝑁2 −∑ (𝐺𝑖𝐶𝑖)𝑛
𝑖=1

                                           (2.17) 

In a confusion matrix, where Eii represents diagonal elements of the i-th class, Σ𝑗 𝐸𝑗𝑖  represents 

the sum of i-th class predicted by a classification model. 𝛴𝑗 𝐸𝑖𝑗  represents the total of true values 

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

i, 𝐶𝑖 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 (IoU) (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 IoU exceeds the threshold, otherwise, it is considered to 

be false positive. Mean average precision (mAP) 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 IoU 

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

                                                        IoU =
𝑎𝑟𝑒𝑎𝐵𝑝 ∩𝑎𝑟𝑒𝑎𝐵𝑔𝑡

𝑎𝑟𝑒𝑎𝐵𝑝 ∪𝑎𝑟𝑒𝑎𝐵𝑔𝑡
                                                      (2.18)     

where 𝑎𝑟𝑒𝑎𝐵𝑝  is the area of the predicted bounding box, and 𝑎𝑟𝑒𝑎𝐵𝑔𝑡  is the area of the ground 

truth bounding box. 

                                                    AP = ∑ 𝑃(𝑘)∆𝑟𝑒𝑐𝑎𝑙𝑙(𝑘)𝑁
𝑘=1                                                 (2.19) 

                                                       mAP =
∑ 𝐴𝑃(𝑚)𝑀

𝑚=1

𝑀
                                                    (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 ∆𝑟𝑒𝑐𝑎𝑙𝑙(𝑘) is the change of the recall between 𝑘 and 𝑘-1 

images.  
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CHAPTER 3 

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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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, it is 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 snapshot 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.  
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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 21st 

March 2016. For the sowing date of C. arvensis, it was around 17th 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 18th, 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. ROIs 

[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 plant on 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 5×5 mosaic array, was used in our 

study and the spatial resolution of each spectral band image was 403 × 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 × 1.0 m × 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 w×36 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 5×5 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 3.1 The imaging setup of the experiment. 

 

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.  

                                                       𝑅𝐶𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑒𝑑 (𝜆) =  
𝑅𝑎𝑤 (𝜆)−𝐷𝐶

W(𝜆)−𝐷𝐶
  × 100%                                              (3.1) 

where RCalibrated and Raw are the calibrated reflectance and raw hyperspectral images 

respectively, 𝜆 is the wavelength of the camera, 𝑊(𝜆) 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. 

                                                     NDVI(𝛾1 , 𝛾2 ) =  
𝑁𝐼𝑅 (𝛾1 )−𝑉𝐵(𝛾2 )

𝑁𝐼𝑅 (𝛾1 )+𝑉𝐵(𝛾2 )
                                                                (3.2) 

                                                         RVI(𝛾1 , 𝛾2 ) =  
𝑁𝐼𝑅 (𝛾1 )

𝑉𝐵(𝛾2 )
                                                                             (3.3) 

where 𝛾1 represents one of the NIR bands (724 nm, 738 nm, 750 nm, 764 nm, 776 nm, 790 

nm, 802 nm, 814 nm) and 𝛾2 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). 

                                                    RVI𝑆𝑐𝑎𝑙𝑒𝑑 =  
𝑅𝑉𝐼−𝑅𝑉𝐼𝑀𝑖𝑛

𝑅𝑉𝐼𝑀𝑎𝑥 −𝑅𝑉𝐼𝑀𝑖𝑛
                                                                         (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 (β1, β2, …, βd) and corresponding eigenvalues (µ1, µ2, …, µd); 

(4) Sort and select top k eigenvectors to form a d × k dimensional matrix M; 

(5) Transform the samples into the new subspace by Equation 3.5; 

                                                          y = MT × α                                                          (3.5)    

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

sample (k × 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 F1 is 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.  

                                                       Precision𝑖  =  
E𝑖𝑖

Σ𝑗E𝑗𝑖
                                                 (3.6) 

                                                         Recall𝑖  =  
E𝑖𝑖

Σ𝑗E𝑖𝑗
                                                    (3.7) 

                                               F(𝑖)1 =  2 ∗
Precision𝑖∗Recall𝑖

Precision𝑖 +Recall𝑖
                                           (3.8) 

 

In the confusion matrix, where Eii represents diagonal elements of the i-th class, Σ𝑗 E𝑗𝑖  

represents the sum of i-th class predicted by the classification model. Σ𝑗E𝑖𝑗  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 2×2 contingency table [132]. Under 

the null hypothesis, the two models should have the same classification error rate. McNemar’s 

test is based on a χ2-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 χ2 with 1 degree of freedom [133]. 

                                                   Ψ =
(|𝑞01−𝑞10|−1)2

𝑞01+ 𝑞10
                                                          (3.9) 

where 𝑞01 is the number of samples misclassified by KNN but not by RF, 𝑞10 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 χ1,0.95
2  = 3.841 is less than 0.05. 



59 

 

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. 

       

(a)                                                                     (b)  

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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                        (a)                                                                      (b) 

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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                 (a)                                                                   (b) 

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.  

 

 

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 

[776,652], RVI [802,669], 

RVI [776,669], RVI [776,660], 

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

RVI [776,636], RVI [814,601], 

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

NDVI [776,644], NDVI [738,605], 

NDVI [776,601], NDVI [776,660],  

NDVI [802,627], NDVI [738,652], 

NDVI [724,677], NDVI [724,627], 

NDVI [802, 669], NDVI [724, 669] 

871 nm, 814 nm, 764 nm, 644 

nm, 636 nm, 601 nm, 669 nm, 

677 nm 

 

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 𝑞01  = 30, and 𝑞10 = 15. The value of statistic of Ψ 

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 (𝑞01  > 𝑞10). 

 

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

Hyper-parameters (i) Bands + PCA (ii) 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 (ii) 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 

 

R. obtusifolius 

Precision  0.589 ± 0.016 0.703 ± 0.019 0.682 ± 0.005 

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 

  

C. arvense 

Precision  0.617 ± 0.015 0.659 ± 0.013 0.620 ± 0.005 

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 

 

maize 

 

Precision  0.930 ± 0.006 0.940 ± 0.006 0.984 ± 0.007 

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 VIs 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 OpenCV 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 ROIs. 
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CHAPTER 4 

Automated spectral feature extraction from 

hyperspectral images for Oryza sativa f. spontanea 

and Echinochloa crus-galli discrimination from a rice 

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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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-galli and 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-2) 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℃ 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 672×512 (spatial × 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 

Illuminator, 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 × 0.9 m × 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. 

                               𝐼𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑒𝑑 =  
𝐼𝑟𝑎𝑤−𝐼𝑑

𝐼𝑤−𝐼𝑑
                                              (4.1)                    

where 𝐼𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑒𝑑 is the calibrated image, 𝐼𝑟𝑎𝑤  is the raw hyperspectral image, 𝐼𝑑  is the dark 

reference image obtained by covering the lens with a black lens cap, and 𝐼𝑤  is the white 

reference (Teflon white cuboid panel with 99% reflectance, 200 mm × 25 mm × 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). 

 

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 xd (t)  

                                              𝑥𝑑(𝑡) =  𝑑𝑋(𝑡) 𝑑𝑡⁄                                                           (4.2) 

(ii) take the discrete wavelet transform of the data xd (t) and obtain wavelet coefficients 

𝑊𝑗 ,𝑘at different dyadic scale j and displacement k with the following Equations: 

                                           𝑊𝑗 ,𝑘 =  ∫ 𝑥𝑑(𝑡) 𝜑𝑗.𝑘 (𝑡) 𝑑𝑡
+∞

−∞
                                              (4.3) 

                                           𝜑𝑗.𝑘 (𝑡) = 2𝑗 2⁄
𝜑(2𝑗 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 𝜑(𝑡). 

(iii) Reconstruct the denoised data 𝑥𝑑̂(𝑡) by taking the inverse transform of the obtained 

wavelet coefficients 𝑊𝑗 ,𝑘. 

                                      𝑥𝑑̂(𝑡) =  𝑐𝜑 ∑ ∑ 𝑊𝑗 ,𝑘
∞
𝑘= −∞

∞
𝑗=0 𝜑𝑗 .𝑘 (𝑡)                                       (4.5) 

where 𝑐𝜑 is normalization constant given by 

                                     𝑐𝜑 =  1 ∫
|𝜑̂(𝜔) |2

𝜔
 𝑑𝜔

∞

−∞
⁄ <  ∞                                                   (4.6) 

with 𝜑̂(𝜔)  as the Fourier transform of the wavelet function 𝜑(𝑡). 

(iiii) obtain denoised signal 𝑥(𝑡) by Equation 4.7. 
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                                           𝑥(𝑡) =  ∫ 𝑥𝑑̂(𝑡)𝑑𝑡                                                              (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. 

                                                                 Recognition rate𝑖 =  
E𝑖𝑖

Σ𝑗E𝑖𝑗
                                                        (4.8) 

In confusion matrix, E𝑖𝑖represents diagonal elements of the i-th class, while Σ𝑗 E𝑖𝑗  represents 

the total of true values of the i-th class. 

4.3 Results and 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 

SVM 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.  

 

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 

O. 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 



88 

 

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.  

 

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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CHAPTER 5 

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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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 m2. 

The naturally occurring weed species in the maize plot included C. sepium (approximately 6 

per m2), C. album (approximately 13 per m2) and Digitaria sanguinalis (L.) Scop (hairy 

crabgrass) (approximately 4 per m2) species. The seeds of maize (Messago) were 

automatically sown on July 7th, 2016. After two weeks on July 18th, 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.  

                       

                            (a)                                            (b)                                        (c) 

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 × 4000 pixels 

Lens type  Sony E 35 mm F 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 level 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.  

 



97 

 

 

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 I 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.   

                                                         ρ = x ∗ cos 𝜃 + 𝑦 ∗  sin 𝜃                                             (5.2) 

where ρ  is the perpendicular distance from the origin to the line, and 𝜃  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 (ρ, 𝜃) to be zero; 

(2) for every edge pixel with coordinates (xi, yi) and value I (xi, yi) >0;   

          (i) 𝜌𝑖𝑗 = 𝑥𝑖 ∗ 𝑐𝑜𝑠𝜃𝑗 +  𝑦𝑖 ∗ 𝑠𝑖𝑛𝜃𝑗  is calculated and its value is rounded to nearest integer, 

          (ii) update accumulator content A (𝜌𝑖𝑗 , 𝜃𝑗 ) = A (𝜌𝑖𝑗 , 𝜃𝑗 ) + I (xi, yi), 

(3) locate (𝜌∗ , 𝜃 ∗) = argmax(A (ρ, 𝜃)); 

The crop line positions are finally determined by the parameters of 𝜌∗, 𝜃∗, and the number of 

peak values (ρ ,𝜃) 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 σ. The key point of this step is to assign 

an appropriate σ for masking the maize plants in each row. This parameter can be determined 

by Equation 5.3. 
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                                                             σ =  
𝑊

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,  σ 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 objects 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 

(6, 7), GLCM Ang.2nd moment (8,9), 

GLCM Mean (10,11), GLCM Standard 

deviation (12,13), GLCM Correlation 

(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). 

 

16 All the texture features are 

calculated by GLCM (Gray-Level 

Co-occurrence Matrix) algorithm 

[143]. 

Geometry Area (20), Border length (21), Length (22), 

Ratio of length and width (23), Roundness 

(24), Radius of largest enclosed ellipse 

(25), Radius of smallest enclosing ellipse 

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

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

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

Asymmetry (34). 

15 Describe the shape and extent 

features. Those features are 

strongly related to segmentation 

results.  

 

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 

3 to 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 0 represents no 

agreement. The Kappa coefficient is computed as  

                                                     𝐾 =  
𝑁 ∑ 𝑚𝑖,𝑖  − ∑ (𝐺𝑖𝐶𝑖 )𝑛

𝑖=1
𝑛
𝑖=1

𝑁2 −∑ (𝐺𝑖 𝐶𝑖)𝑛
𝑖=1

                                                   (5.4) 

where n is the class number, 𝑚𝑖 ,𝑖 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), 𝐺𝑖  is the total 
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number of truth values belonging to class i, 𝐶𝑖 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 (100×100 pixels, 

representing 174 x 174 mm2 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 (R2) and the root mean 

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

                                                 WC =  
∑ 𝑤𝑒𝑒𝑑  𝑝𝑖𝑥𝑒𝑙 

𝑤𝑖𝑛𝑑𝑜𝑤  𝑠𝑖𝑧𝑒
 × 100%                                                            (5.5) 

                                                 𝑅2 =
[∑ (𝑥𝑖 −𝑥̅)(𝑦𝑖 −𝑦)𝑛

𝑖=1 ]2

∑ (𝑥𝑖 −𝑥̅)𝑛
𝑖=1

2
∑ (𝑦𝑖 −𝑦)𝑛

𝑖=1
2                                           (5.6) 

                                              RMSE =  √
1

𝑛
∑ (𝑦𝑖  − 𝑥𝑖)2𝑛

𝑖=1 × 100%                                     (5.7) 

where 𝑥𝑖 is the truth value of weed coverage i;  𝑥̅ is the average value of 𝑥𝑖;  𝑦𝑖   is the detected 

value of weed coverage i;  𝑦̅ is the average value of 𝑦𝑖  ; 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 mm2). 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. 

 

                                            (a)                                                 (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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                 (a)                                    (b)                               (c)                               (d) 

 

                  (e)                                 (f)                                  (g)                                    (h) 

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 0 

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. 
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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   

Soil  0 0 84 84 0 0   

Total  135 199 84      

* OE: omission error, CE: commission error, OA: overall 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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                                                (a)                                                 (b) 

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. 

    

                  (a)                               (b)                                (c)                                   (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 (R2 = 0.783, RMSE = 3.71%) or 

the OBIA (R2 = 0.815, RMSE = 3.42%). 

                                  

                                         (a)                                                                   (b)          

Figure 5.9  (a) 20 selected windows from the orthomosaicked image, (b) the GT of weed 

coverages in the windows. 

                               

(a)                                                                       (b)         

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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(a)                                                                   (b) 

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. 

                         

                                       (a)                                                                   (b) 

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. Hervás 

Martínez 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, 

quantifying 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 



115 

 

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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CHAPTER 6 

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 YOLOv3 and Tiny YOLO models. The developed model achieved a better 

trade-off between accuracy and speed. Specifically, the average precisions (APs@IOU0.5) 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 (0 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 0.5 to 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 15th 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 𝐿1, objectness confidence error for 𝐿2, and classification error for 𝐿3, in the loss 

function 𝐿𝑙𝑜𝑠𝑠 [223]:  

𝐿1 =  𝛼𝑐𝑜𝑜𝑟𝑑 ∑ ∑ 𝜔𝑖𝑗
𝑜𝑏𝑗[(𝑥𝑖 − 𝑥𝑖)

2 + (𝑦𝑖 − 𝑦𝑖)
2]

𝐵

𝑗=0

𝑆2

𝑖=0

+ 𝛼𝑐𝑜𝑜𝑟𝑑 ∑ ∑ 𝜔𝑖𝑗
𝑜𝑏𝑗[(√𝑊𝑖 − √𝑊̂

𝑖
)

2
+ (√ℎ𝑖 − √ℎ̂𝑖)

2]

𝐵

𝑗=0

𝑆2

𝑖=0

 

𝐿2 =  ∑ ∑ 𝜔𝑖𝑗
𝑜𝑏𝑗(𝐶𝑖 − 𝐶̂𝑖)

2 

𝐵

𝑗=0

𝑆2

𝑖=0

+ 𝛼𝑛𝑜𝑜𝑏𝑗 ∑ ∑ 𝜔𝑖𝑗
𝑛𝑜𝑜𝑏𝑗(𝐶𝑖 − 𝐶̂𝑖)

2

𝐵

𝑗=0

𝑆2

𝑖=0

 

𝐿3 =  ∑ 𝜔𝑖
𝑜𝑏𝑗 ∑ (𝑝𝑖(𝑐) − 𝑝̂𝑖(𝑐))2

𝑐∈𝑐𝑙𝑎𝑠𝑠𝑒𝑠

𝑆2

𝑖=0

 

𝐿𝑙𝑜𝑠𝑠 =  𝐿1 + 𝐿2 + 𝐿3 

where the weight constants 𝛼𝑐𝑜𝑜𝑟𝑑 , 𝛼𝑛𝑜𝑜𝑏𝑗  are 5 and 0.5, respectively. 𝛼𝑐𝑜𝑜𝑟𝑑 is ten times of 

𝛼𝑛𝑜𝑜𝑏𝑗  in order to focus more on detection. S is the number of the grid cell and B is the number 

of bounding box at each scale. 𝜔𝑖𝑗
𝑜𝑏𝑗

 denotes that the jth bounding box in the grid cell i is 

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

 

is the opposite of 𝜔𝑖𝑗
𝑜𝑏𝑗

. c is the classes. 𝜔𝑖
𝑜𝑏𝑗

is 1 when the particular class is predicted, 

otherwise the value is 0. 𝑥𝑖, 𝑦𝑖 , 𝑤𝑖  and ℎ𝑖 are the centroid coordinate, width and height of the 

corresponding responsible anchor box. 𝐶𝑖  is the confidence score of object 𝑝𝑖(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 (IoU, 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 IoU 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.  

                                                             IoU =
𝑎𝑟𝑒𝑎𝐵𝑝 ∩𝑎𝑟𝑒𝑎𝐵𝑔𝑡

𝑎𝑟𝑒𝑎𝐵𝑝 ∪𝑎𝑟𝑒𝑎𝐵𝑔𝑡
                                                      (6.2)                       

where 𝑎𝑟𝑒𝑎𝐵𝑝  is the area of the predicted bounding box, and 𝑎𝑟𝑒𝑎𝐵𝑔𝑡  is the area of ground 

truth bounding box. 

                                                         AP = ∑ 𝑃(𝑘)∆𝑟𝑒𝑐𝑎𝑙𝑙(𝑘)𝑁
𝑘=1                                                  (6.3) 
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                                                         mAP =
∑ 𝐴𝑃(𝑚)𝑀

𝑚=1

𝑀
                                                     (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 ∆𝑟𝑒𝑐𝑎𝑙𝑙(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 mAP50 obtained its highest value (0.839) in 26000 

iterations. After 26000 iterations, the mAP50 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 

(AP50) of C. sepium detection (0.761). Although the YOLOv3 obtained the highest mAP50 

(0.832) and the maximum AP50 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 6.4 Loss curve of the proposed detection network. 

 

Figure 6.5 mAP50 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) mAP50 C. sepium AP50 Sugar beet AP50 

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 
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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.  

 

 

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 mAP50 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 mAP50 C. sepium AP50 Sugar beet AP50 

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 (mAP50 = 0.829) with the own 

calculated anchor box sizes are slightly better than the results (mAP50 = 0.823) from the default 

anchor box sizes. 

Table 6.3 Detection results from different Anchor box size sets. 

Anchor box size  mAP50 C. sepium AP50 Sugar beet AP50 

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 artificial 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 mAP50 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 YOLOv3, it was concluded that the developed network achieved a better 

trade-off between speed and accuracy. Specifically, the average precisions (AP50) 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 Main results 

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, snapshot 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. 

                            

                                              (a)                                                (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 a line-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. 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/transformation-mathematics
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/classifier
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/geometry
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/asymmetry
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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 

(AP50) 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. 

 

https://en.wikipedia.org/wiki/Convolvulus_arvensis
https://en.wikipedia.org/wiki/Convolvulus_arvensis
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7.2 General discussion 

    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 snapshot 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 mAP50 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 Reflections on future directions 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, it is 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 (SVMs). 

    With the development of 5G (5th 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. 
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