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Abstract: Weeds are regarded as farmers' natural enemy. In order to avoid excessive pesticide residues, the
destruction of ecological environment, and to guarantee the quality and safety of agricultural products,
it is urgent to develop highly-efficient weed management methods. Amongst, weed discrimination is the key
part. There have been a lot of researches on weed detection/discrimination using spectral measurement on plant
leaf/canopy. However, as reported so far the spectral ranges from the researches were not consistent and
no research was reported to determine more efficient wavelength range for weed classification. Some
researchers adopted visible spectrum, some adopted near-infrared spectrum, the others adopted both visible and
near-infrared spectrum. The purpose of this study was to compare the classifications of the spectral reflectance
in range of 350 ~ 760 nm and in 350 ~ 2500 nm for crop/weed discrimination. Through spectral analysis
of these data respectively using three kinds of modeling methods of Support Vector Machines (SVMs),
Artificial Neural Network (ANN), and Decision Tree (DT), the results showed that the three classifiers could
differentiate crop and weeds better in 350 ~ 760 nm wavelength range than in 350 ~ 2500 nm. Therefore, the
visible wavelength range could be good enough to meet the requirement for crop/weed spectral discrimination,
which might reduce the cost of weed detect sensors. Copyright © 2014 IFSA Publishing, S. L.
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1. Introduction

According to the research report from the United
Nations Food and Agriculture Organization (FAO)
in August 2009, weeds should be regarded
as farmers' No. 1 natural enemy. The report said that
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according to a leading environmental research
organization, Land Care of New Zealand, weeds
cause about $ 95 billion every year in the lost food
production at global level, compared with $ 85
billion for pathogens, $ 46 billion for insects and
$ 2.4 billion for vertebrates (excluding humans).
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Of the $ 95 billion, $ 70 billion are estimated to be
lost in developing countries [1]. In China, the crop
yield losses annually caused by weeds sum up
to about 10 % of the gross grain output [2]. Facing
the severity of the crop loses caused by weeds,
it is urgent for us to seek highly efficient methods
for effective weed control. The chemical weeding
method commonly adopted at present has provoked a
lot of problems, such as excessive pesticide residues,
growing number of pesticide-resistant weeds,
destruction of the ecological environment, and
quality and safety of agricultural products [3].
Therefore, people have gradually realized that it is
critical to have a method which could not only
control the growth of weeds, but also decrease the
use of herbicides, and hence prevent from excessive
herbicide application.

There are many techniques which could be used
for weed detection, such as, photoelectric, ultrasonic
[4, 5], microwave [6, 7], and image processing [8, 9]
detection techniques. The microwave technique is
not subject to the effects of heat, noise, humidity,
airflow and dust, and 1is suitable for harsh
environments because of its anti-jamming ability.
However, this technique is still not suitable for
agriculture due to the restriction of the complexity of
communication and control techniques and being less
cost-effective. The image processing technique can
detect the target’s profile and determine the coverage
and amount of spraying, but most usage of this
technique is still at the laboratory stage and seldom
applied in real-time detection in fields because of its
poor stability, large amount of data processing,
relatively slow response, and the higher costs. In
comparison with other detection techniques, spectral
technology has been widely used in real-time
detection system because of its fast response,
availability for non-contact detection, strong anti-
interference, high reliability, low cost, simple and
small configuration, and low power consumption [10,
11]. The method of discriminating crop and weeds
using spectral features could be realized for real-time
detection. Therefore, it is necessary to conduct more
studies on spectral detection and classification of
weeds and crops.

Brown et al. [12] measured the reflectance
of a number of weeds in the spectral range
of 400 ~ 900 nm in cotton fields. In order
to differentiate cotton and weeds, four characteristic
wavelengths, 440, 530, 650 and 730 nm, were
determined. Vrindts et al. [13] measured reflectance
of potato, sugar beet, maize and various weeds and
soil in the range of 200 ~ 2000 nm. Analysis results
showed that two wavelengths, 1715 and 1925 nm,
could be used for classifying sugar beet, weeds and
soil, three wavelengths, 645, 695 and 1085 nm for
corn and weeds, and three other wavelengths, 515,
765 and 1935 nm for potatoes, weeds and soil.
Borregaard et al [14] measured the reflectance of
potatoes, beet, and several weeds within the
waveband range of 670 ~ 1070 nm using an imaging
spectrometer. Through analysis using the selected

characteristic wavelengths, the recognition rate
of potato and weeds was 94 % and that of sugar beet
and weeds was 87 %. Jurado-Exposito et al. [15]
studied the method of distinguishing seven kinds
of broadleaf weeds, sunflower and wheat seedlings,
and found that 750 ~ 950 nm near-infrared spectrum
could be used to distinguish. Prasad et al [16] studied
how to select the optimal wavebands within the
spectral range of 400 ~ 2500 nm in order to correctly
classify plants (shrubs, weeds) and crops (maize).
Through modeling and analyzing, the results showed
that the prediction accuracy can reach 90 %. Mao
Wenhua et al. [17] measured the spectral reflectance
of wheat, goosefoots, shepherd's purse, and other
several weeds within the spectral waveband range
of 700 ~ 1100 nm. The results of discriminant
analysis showed that the correct classification rate
was 97 % when the characteristic wavelengths were
used to establish the discrimination model. Zhu et al
[18] classified three weeds (goose grass,
Alternanthera philoxeroides, Amaranthus ascendens)
and soybean seedlings using the spectral reflectance
within 325 ~ 1075 nm wavebands. The results
showed that it is feasible to utilize the visible / near-
infrared spectral information to identify soybean
seedlings and the three kinds of accompanied weeds.
Deng et al [19] collected the spectral reflectance
of plant canopy of corn, crabgrass, and barnyard
grass in spectral range of 350 ~ 2500 nm in fields.
After modeling the measured data, the results showed
that the correct identification rate was 80 %. Chen et
al [20] measured the spectral reflectance of rice,
cotton, barnyard grass, and Cephalanoplos in the
laboratory using a spectrometer with the spectral
range of 350 ~ 2500 nm. By modeling using the
extracted characteristic wavelengths, the analysis
results showed that monocotyledons, like rice and
barnyard grass, can be accurately classified using 5
characteristic wavelengths, 375, 465, 585, 705, and
1035 nm. The correct classification rate was 100 %.
Liu et al [21] acquired the hyperspectral data of
carrot seedlings and several wild weeds, like goose
grass, humifuse euphorbia herb, and Portulaca
oleracea L., in the spectral range of 380 ~ 760 nm
using a ground imaging spectroscopy system. The
analysis results showed that the classification rate
was up to 91 % when all the weeds were viewed as a
whole class and was 85% when each weed was
separately viewed as a class. Zu et al [22] acquired
the canopy spectral reflectance of two kinds of
cabbages and five kinds of weeds (barnyard grass,
setaria, crabgrass, goosegrass, and pigweed) within
350 ~ 2500 nm wavelength band using a
spectrometer. After data preprocessing and
classification modeling, the analysis results indicated
that 100 % correct classification rate could be
achieved.

From the studies above, it could be seen that (1)
due to the difference of measuring instruments,
measuring environmental conditions, measurement
range, and the target of study, the characteristic
wavelengths selected were completely different. As a
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result, it will be difficult to develop a standard and
generic system for weed recognition and
classification. (2) The spectral ranges determined and
used in the previous researches were not consistent,
which might be because the existing measuring
instruments they used in the studies were different.
Some researchers adopted visible spectrum, some
adopted near-infrared spectrum, the others adopted
both visible and near-infrared spectrum. Meanwhile,
with the development of spectroscopy technology,
it is widely considered that the wider the spectral
wavelength range is, the more information and the
higher correct classification rate we could acquire.
However, the wider the wavelength range is, the
more expensive the measuring instrument will
be. Further, there has been no exact evidence
showing that we could obtain higher correct
classification rate of crop and weeds from the wider
spectral  reflectance.  Therefore, this  study
is to compare the effect of different measuring
wavebands for classification of crops and weeds. The
specific research objective is to compare the correct
classification rates separately obtained from the
reflectance data of 350 ~ 760 nm visible wavelength
range and the data of 350 ~ 2500 nm visible and
near-infrared (VNIR) wavelength range, respectively
using the classifiers of Support Vector Machines
(SVMs), Artificial Neural Network (ANN), and
Decision Tree (DT).

2. Materials and Methods

2.1. Experimental Equipment

The spectral data of the plants were measured
using a handheld FieldSpec 3 spectroradiometer
(ASD, Boulder, Colorado, USA) in the field.
The measuring range of the spectroradiometer
is 350 ~ 2500 nm, within which the spectral
resolution is 3 nm in the range of 350 ~ 1000 nm and
10 nm in the range of 1000 ~ 2500 nm. The sampling
interval is 1nm, that is, to obtain a measured datum
every Inm. The measuring procedure was arranged
as to measure the reflection energy of the white
reference board (Is), and then to measure the
reflection energy of the plant (Ir). With the known
reflectivity (Rr) of the reference board, the spectral
reflectivity (Rs) of the measured object can
be calculated as follow:

Rs=(Is/Ir)x Rr (1)

2.2. Data Acquisition

Corn and weeds (Dchinochloa crasgalli, and
Echinochloa crusgalli) were selected as research
objects which were measured for spectral analysis
in this study. The spectral data were respectively
obtained at the growth periods of three weeks and six

28

weeks after the emergence of corn and weeds
seedlings. The measurements in fields were
conducted during sunny days between 11:00 am
to 14:00 pm and all the data were collected in the
experimental fields of China Agricultural University
on May, 24" and June, 21%, 2008.

2.3. Observation and Sampling
of Spectral Data

In order to reduce the random error from the
measurement, each plant measurement was repeated
5 times successively to produce an average value.
A typical measured spectrum curve of the plants
for the study and its spectral reflectivity curve are
separately shown in Fig. 1. There are many burrs
observed on the reflectivity curve of Fig. 1 (b) after
1800 nm which should be caused by noise. The same
effect of noise also indicates between 1300 and
1400 nm. As a result, the wavelength range was
selected as 350 ~ 1300 nm and 1400 ~ 1800 nm
for data classification modeling. Because the
sampling interval is 1 nm, the sampling dimensional
number of each spectral curve is 1352.
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Fig. 1. Measured spectral curve and corresponding
reflectance curve.

In order to verify if there is any difference
between  the correct  classification  rates
when modeling using the spectral reflectance based
on visible and VNIR spectrum, the measured spectral
data were arranged into two wavelength ranges,
namely 350 ~ 760 nm and 350 ~ 2500 nm, for the
reason that visible light wavelength normally refers
to as the range of 350 ~ 760 nm and near-infrared
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(NIR) wavelength range is 760 ~ 2500 nm. For the
model in the 350 ~ 760 nm wavelength range, the
sampling dimensional number of each spectral curve
is 410, and for the model in 350 ~ 2500 nm, the
sampling dimensional number of each spectral curve
is 1352.

2.4. Measured Data

The sample data contained 48 corn samples
(category 1), 33 Echinochloa crusgalli samples
(category 2), and 33 Dchinochloa crasgalli samples
(category 3), respectively. From the sample data,
32 corn samples, 22 Echinochloa crusgalli samples,
and 22 Dchinochloa crasgalli samples were used
for classification model training. While, 16 corn
samples, 11 Echinochloa crusgalli samples and 11
Dchinochloa  crasgalli  samples were used
for classification model testing sample. Therefore,
the total number of the sample data is 76 and 38
for model training and testing, respectively.

2.5. Modeling Computing
2.5.1. SVMs Classifier

In machine learning, SVMs are supervised
learning models with associated learning algorithms
that analyze data and recognize patterns, used
for classification and regression analysis. The basic
SVM takes a set of input data and predicts, for each
given input, which of two possible classes forms the
output, making it a non-probabilistic binary linear
classifier. Given a set of training examples, each
marked as belonging to one of two categories,
an SVM training algorithm builds a model that
assigns new examples into one category or the other.
An SVM model is a representation of the examples
as points in space, mapped so that the examples
of the separate categories are divided by a clear gap
that is as wide as possible. New examples are then
mapped into that same space and predicted to belong
to a category based on which side of the gap they fall
on. In addition to performing linear classification,
SVMs can efficiently perform a non-linear
classification using what is called the kernel trick,
implicitly mapping their inputs into high-dimensional
feature spaces [23].

More formally, suppose that the linearly
divisible sample set is (xj, yi) and the regimentation
tab is i = 1,..., n; y = {+1,-1}. This classification
is to find the optimal hyper-plane w'x+b=0, so that
the sample set can be correctly and absolutely
separated and the distance of the nearest two
classification points in the hyper-plane is the
maximum as shown in Fig. 2.

Normalizing the hyper-plane equation and
making the classification interval to be 2/Iwl,
we can find that if we want to maximize the interval,

we will minimize Iwl?, meanwhile, for all the
subscript i that can make y; = 1, there exists
w'x; + b > 1, for all subscript i that can make y; = -1,
there exists w'x' + b < -1. Therefore, if you want
to search for the optimal hyper-plane classification,
you must solve the following equation:

minw|’ /2, )
sty [<wx>tb|>1,=1,2, ...,n

(3 One class

® Two class

@ Support vector
@ Support vector

L O
. Optimal hyperplane
w-x+b=0
L]
Margin=2/||w||

Fig. 2. Schematic of optimal hyperplane.

This equation can be solved by evaluating the
saddle point of the Lagrange Function. Generally, we
should solve the following duality formula according
to Lagrangian duality theory:

n

n 1 n
max 3 a; —EZZW’_/W/ <XX; > (3
i1 PR

s. L. Zal.yl. =0,a4,20,i=L--,n
i=1
If you can get the optimal solution a”, you can
also get the following formula that constructs the
hyper-plane:

W= iyia:Xi
=]

>

b*:yi_zyiai*(Xin)’ 4

i=1

where X; and X; are the support vector (SV) of the
two classification, and the points are the few sample
points that are closest to the hyper-plane whose a;
is non-zero [24].

The classification results may vary when different
kernel functions are used to model the same data
samples. The combination of the 3" order
polynomial kernel function in a SVM and one-on-
one multi-classification could be used to build the
three-category model to classify corn, Dchinochloa
crasgalli, and  Echinochloa  crusgalli  [19].
Specifically, one-on-one multi-classification is a
voting method by which the category that got the
most votes should be determined as the correct

29



Sensors & Transducers, Vol. 26, Special Issue, March 2014, pp. 26-34

category. Taking the case of SVM classifier as an
example, the data JX;; which is one of the measured
spectral samples (where, ‘i’ is the category number,
5> is the sequence number in each category)
in Table 1 can be classified using three SVM
bi-classification models. Then all the 38 testing
sample will be tested using the three bi-classification
models and result in 3 groups of bi-classifying results
(shown as the example in Table 4 and Table 5,
Column (2), (3), and (4)). After voting for the
bi-classifying results (Column (2), (3), and (4)) using
the one-on-one multi-classification method, the
category that has the most votes should be the
category of X;;.

The SVM classification model was programmed
using the MATLAB functions built in MATLAB

version 7 (MathWorks, Natick, Massachusetts, USA).

The MATLAB functions used are:
SVMstruct=svmtrain (train, group)
Class=svmclassify (SVMstruct, test)

The resulting SVM classification model is
outputted in the variable ‘SVMstruct’. The
‘svmtrain’ function calibrates the SVM classification
model. The model is then used to classify the test
sample data using another function ‘svmclassify’.
“Train’ stores the training sample data and ‘group’ is
the output of the training sample data. In the
MATLAB program, the category is coded as 1, 5,
and 10 for category 1, category 2 and category 3,
respectively. The structures of the bi-classification
models of category 1 and category 2, category 2 and
category 3, and category 1 and category 3 are
separately configured.

The training data format is shown in Table 1.

Table 1. Data format of the training samples for three
SVM bi-classifications.

Bi-classification | Bi-classification | Bi-classification
for for for
category 1 and 2|category 2 and 3| category 1 and 3
(Column 1) (Column 2) (Column 3)

Input Input Input

Output Output Output

(i) | P | O | O
X 1 X1 5 X 1
Xi2 1 X2 5 Xi2 1
X132 1 X222 5 X132 1
X1 5 Xz,1 10 X1 10
X2 5 X32 10 X32 10
X222 5 X322 10 X322 10

For the model of 350 ~ 2500 nm, the training
samples were a 1352x54 matrix for bi-classification
of category 1 and 2 (See the Column 1 in Table 1), a
1352x44 matrix for bi-classification of category 2
and 3 (See the Column 2 in Table 1), and a 1352x54
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matrix for bi-classification of category 1 and 3
(See the Column 3 in Table 1), respectively.
The testing samples were a 1352x27 matrix
for category 1 and 2, a 1352x11 matrix for category
2 and 3, and a 1352x27 matrix for category 1 and 3,
respectively. Similarly, for the model
of 350 ~ 760 nm, the training samples were a 410x54
matrix for bi-classification of category 1 and 2
(See the Column 1 in Table 1), a 410x44 matrix
for bi-classification of category 2 and 3 (See the
Column 2 in Table 1), and a 410x54 matrix
for bi-classification of category 1 and 3 (See the
Column 3 in Table 1), respectively. The testing
samples were a 410x27 matrix for category 1 and 2,
a 410x11 matrix for category 2 and 3, and a 410%x27
matrix for category 1 and 3, respectively.

2.5.2. RBF-NN Classifier

RBF-NN (Radial Basis Function — Neural
Network) uses a RBF as the transfer function
for each node in the network’s hidden layer, where
the RBF is typically defined as a Gaussian function.
It allows the input vectors expand into a high
dimensional space and the connection weights
is linear to the network output, which adopts a linear
optimization algorithm. It also has the capability
of approximating to any nonlinear mapping, which
can greatly improve the problem of local
minimum [25]. Fewer weights need to be adjusted at
the input layer to avoid the tedious calculation, local
minimum, slow convergence, and other shortcomings
in the backpropagation (BP) algorithm for multilayer
perceptron (MLP) so that RBF-NN has a fast
learning process. Therefore, RBF-NN has better
ability compared with BP-MLP in respects
of approximating capability, classification capability,
and learning speed [26]. The structure diagram of a
single-output RBF-NN was shown in Fig. 3. From
the principle of ANN, it is straightforward to expand
it to the case of multiple-input and multiple-output
modeling system.

Fig. 3. Structure diagram of RBF-NN.

In the study, three vectors, (1 0 0), (0 1 0), and
(0 0 1), were respectively assigned to corn,
Dchinochloa crasgalli, and Echinochloa crusgalli
to represent the standard output for the multiple-input
and multiple-output RBF-NN classifier, as shown in
Table 2. The RBF-NN model was also programmed
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using the MATLAB function in the toolbox of neural
networks, shown as follows.

net = newrbe (train, group, spread)

In the function, ‘train’ and ‘group’ are defined the
same as the functions for SVM. Herein,
for modeling using the data of 350 ~ 2500 nm, ‘train’
is a 1352x76 matrix, which means a total of
76 samples and 1352 data for each sample; ‘group’ is
a 3x76 matrix. For modeling using the data of
350 ~ 760 nm, ‘train’ is a 410x76 matrix, which
means a total of 76 samples and 410 data for each
sample; ‘group’ is a 3x76 matrix. ‘spread’, the
extension parameter of the RBF, whose default value
is 1.0, was chosen as 1.5 because of the higher
correct classification rate. The test sample data were
classified using the function as follows so as to verify
the identification ability of the established model.

Y = sim (net, test)

where ‘test * is a 1352x38 matrix for modeling
the data of 350 ~ 2500 nm and a 410%38 matrix
for modeling the data of 350 ~ 760 nm.

Table 2. Data format of the training samples for ANN.

Data format of the
testing samples

Data format of the
training samples

Input Input

Output Output
(X,) P @) ®
X1,1 1100 71,1 1100

Xi2 110]0 Zi2 11010

X132 1101]0 Z1,16 1101]0
X1 0110 22,1 0|10
X2 0110 V4% 0|10

X2 |01 ]0]| Zou 0[1]0
X31 0|01 73,1 01011
X2 001 732 0(0]1

X2 |00 |1 73,11 0(0]1

2.5.3. DT Classifier

DT is a kind of algorithm with a tree structure
which consists of a root node, a series of internal
nodes and branches and several leaf nodes (terminal
nodes). Each internal node has only one parent node
and two or more child nodes. The connections
between a parent node and its child nodes form as the
branches. Each internal node represents the property
needed to be tested in a decision-making process.
Each branch represents one of the test results so that
different attribute values form different branches;
meanwhile, each leaf node represents a category,
namely the classification result. Therefore, the
highest level of the tree known as the root node is the
beginning of the decision tree [27]. The simple
diagram for a binary decision tree classifier is shown
in Fig. 4, from which the basic components for a DT,
root node, node, branch, and leaf nodes are present.

<:I Foot node

<::I Internal nodes
- <::I Branches

Leaf nodes

b E {Terminal nodes)

Fig. 4. Structure diagram of a DT.

DT algorithm is a visual representation
of knowledge and data mining method, which
converts the complex decision-making process into
rules or judgments easy to be understood and
expressed. DT has many advantages that other
algorithms don’t have [28]. For example, training
speed is fast; non-linear mapping is available even
if there is no assumption of the form of data
distribution; the process is not a black-box, which
can form the classifying rules easy to be understood,
and have the ability to complete the built-in feature
selection. However, this algorithm needs a larger
sample size to achieve a better classification result.

For the study, the category codes, 1, 5, and 10,
were allotted to corn, Dchinochloa crasgalli, and
Echinochloa crusgalli, respectively, as the standard
output of DT classifier, as shown in Table 3.

Table 3. Data format of the training samples for DT.

Data format of the | Data format of the
training samples testing samples
Input (Xij) | Output | Input (Zij) | Output
Xi,1 1 VAR 1
Xip2 1 Zip 1
X132 1 Z1,16 1

X2,1 5 72,1

X2 5 V4% 5
X222 5 7211 5
X3, 10 73,1 10
X3 10 732 10
X322 10 7311 10

The model was programmed using MATLAB
functions, shown as follows:

treestruct=classregtree (train, group, 'splitmin’, 1)

result=eval (treestruct, test)

Where, ‘treestruct’ is the trained DT model,;
‘classregtree’ is the function used to train the sample
and set up the DT classification model; ‘eval’
represents the function in which the test sample ‘test’
can be calculated and classified using the established
DT model in order to test the classification ability
of the model. The data format of ‘train’, ‘group’, and
‘test’ is the same as mentioned in Section 2.5.2.
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3. Results and Discussion

The results of SVM, DT and RBF-NN classifiers
for classifying corn, Dchinochloa crasgalli, and
Echinochloa crusgalli using the spectral data
of 350 ~ 2500 nm and 350 ~ 760 nm wavelength
ranges are shown in Table 4 and Table 5.

For both tables, Column (2), (3), and (4)
respectively show the bi-classification results
of category 1&2, category 2 & 3, and category 1 & 3
for SVM classification. The Column (5) displays the
results of voting to Column (2), (3), and (4) by using
the method of one-on-one multi-classification voting.
Through comparing the voting results to the real
value (Column (1)), the true judgment of SVM
classifier for classifying the testing sample were
acquired and shown in Column (6). While, Column
(7) exhibits the tri-classification results of the DT

classifier for classifying the testing sample. In the
same way, through comparing the tri-classification
results DT classifier to the real value (Column (1)),
the true judgment of the DT classifier for classifying
the testing sample were made and shown in Column
(8). Similarly, the tri-classification results of the
RBF-NN classifier are shown in Column (9).
Through comparing the classification results to the
standard vectors (the real value for each sample)
(Column (10)), the true judgment of RBF-NN
classifier for classifying the testing sample were
achieved and displayed in Column (11). For all the
judgments in Table 4 and 5, “1” represents “True
value”, and “0” is “false”. From the true judgment
results of SVM, DT and RBF-NN classifiers
in Column (6), (8), and (11), the correct classification
rates of the three classifiers are shown at the bottom
line in Tables 4 and 5.

Table 4. Classification results of SVM, DT, and ANN using spectral data of 350 ~ 2500 nm
(Category 1-corn, Category 2-Dchinochloa crasgalli, and Category 3-Echinochloa crusgalli).

SVM Classification DT Classification ANN Classification

NO Real Cate Cate Cate . True True True

Value gory gory gory Voting Judg Results Judgmen Normalized results Judg

M &2 | 283 | 183 re(?)‘hs ment %) t ©) Rejll 5’;‘1“" ment

@ 3 ) (©) (®) an
1 1 1 10 1 1 1 3.2222 0 0.1748 -1 1 1 0] 0 0
2 1 1 10 1 1 1 1 1 0.2197 1 -1 1 0 0 0
3 1 1 5 1 1 1 1 1 1 -0.437 -1 1 0|0 1
4 1 1 5 1 1 1 1 1 1 -1 -0.7514 | 1 0|0 1
5 1 1 10 1 1 1 1 1 0.1925 1 -1 1 0|0 0
6 1 5 5 10 5 0 4.6667 0 -0.3984 1 -1 1 0|0 0
7 1 5 5 1 5 0 8.3333 0 -1 1 -0.3511 1 0|0 0
8 1 5 5 1 5 0 7.625 0 0.0857 -1 1 1 0|0 0
9 1 5 5 1 5 1 1 1 1 -1 -0.5564 | 1 0|0 1
10 1 1 5 1 1 1 1 1 0.0692 1 -1 1 0] 0 0
11 1 1 5 1 1 1 1 1 -0.3678 1 -1 1 0] 0 0
12 1 1 5 1 1 1 1 1 -0.4813 1 -1 1 0 0 0
13 1 1 5 1 1 1 4.6667 0 -1 1 -0.5761 1 0] 0 0
14 1 1 5 1 1 1 1 1 1 -1 -0.137 1 0|0 1
15 1 1 5 1 1 1 1 1 1 0.3601 -1 1 0|0 1
16 1 1 5 1 1 1 1 1 -1 1 -0.3002 | 1 0|0 0
17 5 5 5 10 5 1 3.2222 0 -1 1 -0.9872 | 0 1 0 1
18 5 5 5 1 5 1 1 0 -0.6839 1 -1 0 1 0 1
19 5 5 5 10 5 1 5 1 -1 1 -0.76 0 1 0 1
20 5 5 5 10 5 1 3.2222 1 -1 1 -0.7632 | 0 1 0 1
21 5 5 5 10 5 1 8.3333 0 -1 1 -0.7512 | 0 1 0 1
22 5 1 10 1 1 0 4.6667 1 1 -1 0.7744 0 1 0 0
23 5 5 5 1 5 1 5 1 -1 1 -0.7849 | 0 1 0 1
24 5 5 5 1 5 1 5 1 -0.3256 1 -1 0 1 0 1
25 5 5 5 1 5 1 4.6667 1 -1 1 -0.9202 | 0 1 0 1
26 5 1 5 1 1 0 1 0 0.4539 1 -1 0 1 0 1
27 5 1 5 1 1 0 1 0 1 -1 0.8684 0 1 0 0
28 10 5 10 10 10 1 10 1 -1 1 -06399 | 0 | O 1 0
29 10 1 10 10 10 1 1 0 -0.77 -1 1 0|0 1 1
30 10 1 10 1 1 0 1 0 -1 1 -0.6625 | 0 | O 1 0
31 10 5 10 10 10 1 3.2222 0 -0.7205 -1 1 0|0 1 1
32 10 5 10 10 10 1 10 1 -1 0.68 1 0|0 1 1
33 10 5 10 10 10 1 7.625 1 -1 1 0.5079 0|0 1 0
34 10 5 10 10 10 1 10 1 -1 1 -0.0761 | 0 | O 1 0
35 10 5 10 10 10 1 1 0 1 -1 -04489 | 0 | O 1 0
36 10 5 10 10 10 1 10 1 0.0498 -1 1 0|0 1 1
37 10 5 10 10 10 1 10 1 0.2217 -1 1 0|0 1 1
38 10 5 10 10 10 1 10 1 -0.3837 -1 1 0|0 1 1

31/38
Correct classification rate =(;.:1 =%)46/§§ 6 =02502/z§
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Table 5. Classification results of SVM, DT, and ANN using spectral data of 350 ~ 760 nm
(Category 1-corn, Category 2-Dchinochloa crasgalli, and Category 3-Echinochloa crusgalli).

SVM Classification DT Classification ANN Classification
e Cat. | Cat. | Cat | Vot True T T
NO. | Value at. at. at. otin rue . rue
(1) 1&2 2&3 1&3 result§ Jrliligni_ Re(s;;lts Judgement NOMO]](Z;)d results Real value | Judgement
2) 3) (€] (%) ) @) (10 an
1 1 1 10 10 10 0 10 0 0.1997 1 -1 1 10 |0 0
2 1 1 10 1 1 1 1 1 0.5307 1 -1 1 10 |O 0
3 1 1 5 1 1 1 1 1 1 -1 0.6053 1 0 [0 1
4 1 1 5 1 1 1 1 1 1 -1 -0.0809 |1 [0 [0 1
5 1 1 10 1 1 1 1 1 1 -1 -0.7964 |1 [0 [0 1
6 1 5 5 1 5 0 5 0 0.3741 1 -1 1 10 |0 0
7 1 1 5 1 1 1 1 0 1 -1 -0.3289 |1 [0 [0 1
8 1 1 5 1 1 1 10 0 -0.31 1 -1 1 0 [0 0
9 1 1 5 1 1 1 1 1 1 0.0704 -1 1 10 |0 1
10 1 1 5 1 1 1 1 1 1 -0.1581 -1 1 10 |O 1
11 1 1 5 1 1 1 1 1 1 -1 -04111 |1 [0 [0 1
12 1 1 5 1 1 1 3 1 1 -0.7395 -1 1 10 |0 1
13 1 1 5 1 1 1 1 0 1 -0.0969 -1 1 0 [0 1
14 1 1 5 1 1 1 1 1 1 -1 -0.2748 |1 [0 [0 1
15 1 1 5 1 1 1 1.5714 1 1 -1 -0.3264 |1 [0 [0 1
16 1 1 5 1 1 1 7.2857 1 1 -1 -0.6822 |1 0 [0 1
17 5 5 5 1 5 1 3.5 0 -0.9227 1 -1 0]11]0 1
18 5 5 5 1 5 1 1 0 -1 -0.5029 1 01110 0
19 5 5 5 1 5 1 3.5 1 -0.8445 1 -1 0]11]0 1
20 5 1 5 10 0 3.5 1 -1 1 0824 |0 |1 |0 1
21 5 5 5 10 5 1 5 0 -0.9752 1 -1 01110 1
22 5 1 10 1 1 0 1 1 0.0164 1 -1 0 1 0 1
23 5 5 5 1 5 1 5 1 -0.7423 1 -1 0]11]0 1
24 5 5 5 10 5 1 5 1 -0.2528 1 -1 01110 1
25 5 5 5 1 5 1 5 1 -0.6211 1 -1 0110 1
26 5 1 5 1 1 0 1.5714 0 0.6062 -1 1 01110 0
27 5 1 10 1 1 0 1 0 0.3987 -1 1 01110 0
28 10 1 10 10 10 1 10 1 -1 0.6507 1 010 |1 1
29 10 1 10 10 10 1 3 0 -0.325 -1 1 010 |1 1
30 10 1 10 10 10 1 10 0 0.463 1 -1 010 |1 0
31 10 5 10 10 10 1 10 0 -0.7862 -1 1 010 |1 1
32 10 5 10 10 10 1 10 1 -0.9069 -1 1 010 |1 1
33 10 5 10 10 10 1 10 1 -1 -0.3425 1 010 |1 1
34 10 5 10 10 10 1 1 1 -0.2053 -1 1 010 |1 1
35 10 5 10 10 10 1 3.5 0 -0.2881 -1 1 0 [0 |1 1
36 10 5 10 10 10 1 1 1 -0.5917 -1 1 010 |1 1
37 10 5 10 10 10 1 10 1 -0.8809 -1 1 010 |1 1
38 10 5 10 10 10 1 10 1 -1 -0.7013 1 0 [0 |1 1
Correct classification rate _ %]zéig 1 =%)66/§§0 =30‘;§g(]

It is shown that the correct classification rates
of SVM, DT, and ANN classifiers are 0.8158,
0.6316, and 0.5263, respectively, in the
350 ~ 2500 nm spectral range, and 0.8421, 0.6840,
and 0.7890, respectively, in the 350 ~ 760 nm
spectral wavelength range. Obviously, the overall
correct classification rates obtained from the data
of 350 ~ 760 nm wavelength range are even higher
than those obtained from the data of 350 ~ 2500 nm.
The results indicated that the narrower wavelength
range in the visible spectrum is even more
informative than the wider wavelength range in the
visible and NIR spectrums, which could lead to the
consideration of wusing visible spectra instead
of VNIR spectra for weed detection. This would
reduce the cost of optical sensors for weed
management significantly.

4. Conclusions

The correct classification rates of three
classifiers obtained from the data of 350 ~ 760 nm

wavelength range are higher than those obtained
from the data of 350 ~ 2500 nm. Therefore, it could
be unnecessary to take the entire VNIR spectral
wavelength band as the spectral range for crop-weed
discrimination. Instead, the visible light spectral
range could be enough to meet the requirement
of crop-weed spectral discrimination. This could
result in reduced cost of weed detecting optical
Sensors.
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