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Abstract: Weed detection play an important role in variables spraying in precision agriculture. This paper presents a new

SVM (support vector machine) method using decision binary tree to discriminate crop and weeds in visible/near infrared

image. Vegetation is segment from soil according to spectral feature in near-infrared band based on threshold method. The

multi-spectral reflectance features of vegetation canopy are combined with texture features and shape features. Then multi-

class detection is achieved based on decision binary tree established by maximum voting mechanism. It was tested by dis-

criminate maize seedling and its associated weeds. The validation tests indicated that SVM using decision binary tree could

improve classification accuracy significantly, and meet real-time requirements of agricultural applications greatly. The pro-

posed method has produced results superior to other approaches.
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Introduction

Nowadays, there is a clear tendency to reducing
the use of chemicals in agriculture. One possible meth-
od of achieving this is to minimize the volume of herbi-

cides by using site-specific spraying. Currently, ma-
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chine vision technologies offer the possibility of image-
based weed classification, and thereby open up the po-
tentials for automated weed control '’

Image-based weed classification has attracted
much research attention. Multi-spectral features have

been adopted by many researchers recently. Alchanatis
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et al. used the multi-spectral image to identify weeds
in cotton fields and achieved an accuracy of about 85%
2l Borregaard T et al. utilized the features of multi-
spectra, ranging from 660 to 1060nm, to detect weeds
(fat hen, black bindweed and fools parsley) from
crops ( sugar beet or potato) achieving 90% correct
classification *'. Gerhards et al. proposed a real-time
approach to detect small weed seedlings presented in
various crops using three digital bi-spectral cameras
with near-infrared and visible channels®’. Slaughter
et al. employed visible light and NIR reflectance spectra
to distinguish tomatoes from nightshade ( solanum nig-
rum) weeds and reported a classification rate of 100%
). Koger et al. adopted the wavelet decomposition to
analyze hyper-spectral signal and achieved 83% accu-
racy of weed classification in soybean field *'.
Multi-spectral analysis shows distinctive advanta-
ges over spatial-domain methods in simplicity and

781 Most ex-

hence can be implemented in real-time
isting multi-spectral methods focus on the separation of
green vegetations from soil background and the classifi-
cation of two kinds of vegetations. Research has not yet
been made to classify intra-class and inter-class weed
species.

We proposed a new SVM ( support vector ma-
chine) using decision binary tree in this paper to dis-
criminate multiclass in visible/near-infrared image.
Vegetation canopy multi-spectral reflectance features
are combined with texture features and shape features
for classification. The perfect features are selected as
input vectors of SVM classifier. The proposed method
was tested by classifying maize seedlings and its associ-
ated weeds in visible/near-infrared image. The pro-
posed method has produced results superior to other ap-
proaches, and could improve classification accuracy
greatly and meet real-time requirements of agricultural

applications.
1 Materials and methods

1.1 Image acquisition and segmentation

Camera MS3100 Duncan Camera (3CCD Camera)
was fixed in a cantilever beam shooting frame and was
about 75¢m above the ground. Optical axis of camera

is perpendicular to the ground in order to avoid geometric

©

Fig. 1 Sample image of thistle (a) green light image (b) red
light image (¢)near infrared image
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distortion of captured images and obtain complete
shape features of whole plant canopy.

Images used in this study were taken in the exper-
imental field of Northwest A&F University in late
March and the first 10 days of April when the maize
seedling had obvious features in the stage of 3 ~5 leaves.
Its associated weeds in this area are monocotyledon
weeds such as goose grass, and dicotyledon weeds such
as purslane. The experimental data included 120 maize
seedling samples and 120 weeds samples for each
class. Each sample was captured at different location.
Fig. 1 shows a sample image of thistle.

Study of Vrindts Els shows that spectral curves of
different plants have the same shape "*’. The reflec-
tance spectral curves of maize and soil show significant
difference at near infrared band. Vegetation can be
seperated from soil background easily based on the
difference, and the near infrared image is converted
into a binary image. However, due to the influence of
plant diseases and insects, small black holes may
appear on vegetation leaves in the binary image. More-
over, stone, waste and residues in soil may also
misclassify soil as vegetation. In order to correct these
inappropriate segmentations, morphological dilation
and erosion are implemented as a post-processing
procedure to refine the obtained binary image. The

segmentation results of Fig. 1 are shown in Fig. 2.
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Fig.2 Segmentation results of thistle (a) binary images (b)
binary image after post-processing
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1.2 Monocotyledon/dicotyledon classification

There are great reflectivity difference between
monocotyledons ( maize, goose grass and setaria) and
dicotyledons ( thistle and purslane) at near infrared
band (780 ~ 1350nm ). Therefore, we can discrimi-
nate monocotyledon and dicotyledon using vegetation
canopy spectral features combined with the first invari-
ant central moments.
1.2.1 Canopy spectral features extraction

Since the great difference exists in vegetation can-
opy reflectivity between monocotyledons and dicotyle-
dons at near infrared band, we can detect it using gray
mean of vegetation canopy pixel points in near infrared
image and red light image. Gray mean of IR is calcu-

lated using equation 1

Mir =1W2f(xJ’) s (1)

where, u; is the gray mean of vegetation canopy pixel
points in near infrared IR image, N is the number of
vegetation canopy pixel points, and f(x,y) is the gray
value of point(x,y).

As red light image R and near infrared image IR
were acquired in the same shooting, their pixels are
one to one correspondent. Then we obtained the fused
image IR/R from IR image and R image, gray mean of
IR/R is defined as follows:

Mirr = IWme/HOC,y) ’ (2)

where f;x (x,y) is the gray value of coordinate point
Mirr 10 IR/R fused image, N is the gray mean of IR/R
image, N is the number of pixel points in fused image
IR/R. Fig.3 shows the IR mean, IR/R mean of mono-
cotyledon/dicotyledon.

1.2.2 The first invariant central moments extrac-
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In order to improve classification rate, vegetation
canopy spectral features and the first invariant central
moments are combined to avoid the influence from illu-
mination and other factors. The mean of central mo-

ments is calculated using equation 3 ;
w= [ G- =D ey, (3)

where x =M, /M, , y =M,,/M,, are the coordinates of
the centroid. Central moments after area standardiza-
tion show translation and scale invariance, and it can

be defined as follows .

(1+j+2)/2.

First invariant central moments are defined as the

My = Wi/ Moo, Where y =

sum of second-order central moments 7, and 7,, after

. . [ 11 ]
area normalization

. Fig. 4 shows the first invariant
central moments of monocotyledon /dicotyledon. IR
mean, IR/R mean and first invariant central moments
are selected as input vectors of SVM.

1.3 Maize seedling/weeds classification

As reflectivity difference is not obvious in intra-
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monocotyledon class or intra- dicotyledon class, we
need to take other methods to classify intra-class spe-
cies. Shape features and texture features were used to
fulfill this task.
1.3.1 Intra-monocotyledon classification

Shape feature parameters of maize seedling and its
associated weeds were compared and analyzed. It was
found that their data was intersectional in ratio of width
to length, circularity, invariant central moments,
roundness and elongation. Also there is obvious differ-
ence in their thickness among 3 ~5 leaves maize seed-
ling, goose grass and setaria. Therefore, thickness was
selected to classify maize seedling, goose grass and se-
taria, and as input into a vector of SVM. Thickness of
monocotyledon is shown in Fig. 5.

Goose grass and setaria have similar shape fea-
tures and color. Therefore, we extracted texture fea-
tures base on IR image to classify goose grass and se-

taria. Standard deviation and smoothness based on his-

togram are taken as input vectors of SVM. Standard

and setaria

Ko AFFimAfRER (a)brifiZE (b) il

deviation and smoothness of goose grass and setaria are
shown in Fig. 6.
1.3.2 Intra-dicotyledon weed classification

Thistle and purslane show significant difference in
dimensionless roundness and ratio of width to length,
which show RST (rotation scaling translation) invari-
ance. Therefore, roundness and ratio of width to length
are taken as input vectors of SVM. Roundness and rati-
o of width to length of 20 thistle and purslane samples
are shown in Fig. 7.
1.4 SVM multi-class classification using binary
decision tree
1.4.1 Classification based on SVM

Currently, multi-class support vector machine is
structured mainly based on traditional two-class support
vector machines. But it still have some deficiencies
such as training or establishing classification model,
large number of support vector machines need training,
the training time shows nonlinear growth with node in-

[13,14]

creasing . In this paper, we adopted the decision

binary tree classification model as it shows flexibility
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for different applications.

In this paper, decision node of decision binary
tree using approximate optimum method divided multi-
class samples into two groups. The maximum voting
mechanism is applied to each classifier so that objects
are distributed in the most probable class. Class obtai-
ning most votes is the final result. This algorithm is al-
so Baysian optimal. Decision binary tree is shown in
Fig. 8.

1.4.2 Classification based on BP neural network

Back Propagation Neural Network ( BPNN) pro-

dicotyledon

Fig.8 Decision binary tree
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vides a general framework for representing nonlinear
functional mapping according to a given relation be-
tween several input and output variables, where the
form of the mapping is governed by the weights. Before
the design of this neural network , different construction
and parameter values were compared. Construction,
training functions, target error and other parameters of
this neural network are determined by testing and com-

[15,16]

parison time after time , as shown in Tablel.

Table 1  Parameters setting of BP neural network

x1 BPHZNEZNSHIEE

Parameters Parameters neural network
Network layer number 3
Hidden layer number 1
Neuronal number of every layer 8§-14 -5
Training function Tranlm
Weight adjust principle Trangdm

Function type of every layer Tansig, pureline
Learning rate 0.01

Target error 0.02

1.4.3 One versus rest Method (OVR)

O-v-r method is also used in this classification
task for comparison. First, k sub-classifiers of SVM
are constructed. Next, the i" sample belonging to the
i" class as positive class is marked when the i" sub-
classifier of SVM is constructed, while other classes are
also marked as negative when they do not belong to the

i" class. Finally, all classes were trained using the

same SVM based on o-v-r method.
2 Results and discussion

We validated the proposed method based on
LibSVM component and achieved classification using
VC + +. Automatic optimize parameters C and scale
parameter ¢ that influence classifier greatly are ob-
tained based on interactive test. Optimal parameter
values are determined towards the highest classification
rate and the least training samples.

60 samples of each class were randomly selected
as training samples, and the remaining 60 are taken as
test samples. Parameter corresponding to the highest
classification rate of the test samples is [ o, C] =
[0.4,512] in the experimentation. Table 2 shows the

results of SVM multiclass classification based on decision
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Table 2 Discriminated results by the proposed SVM method
®2 {EASVM FHiE#ITHANGE R

Artificial classification M-seedling Setaria Purslane G-grass Thistle Classification rate (% )  Classification time( ms)
M-seedling 58 0 0 1 1 96.7 41.2
Setaria 1 55 0 3 1 91.6 42.7
Purslane 0 0 54 1 5 90 39.2
Goose grass 3 0 48 2 83.3 43.4
Thistle 1 5 2 52 86.7 40.1
Table 3 Discriminated results by BP neural network
*3 (EF BP MEMEFEHITHANNER
Artificial classification M-seedling Setaria Purslane G-grass Thistle  Classification rate (% )  Classification time( ms)
M-seedling 56 1 0 2 1 93.3 42.2
Setaria 2 52 1 4 1 86.7 43.8
Purslane 1 0 53 1 5 88.3 39.4
Goose grass 2 6 0 51 1 85.0 46.7
Thistle 1 5 3 49 81.6 40.5
Table 4 Discriminated results by o-v-r method
x4 ERo-vr HEFETHANNER
Artificial classification M-seedling Setaria Purslane G-grass  Thistle Classification rate (% )  Classification time( ms)
M-seedling 54 2 1 3 1 90.0 43.4
Setaria 4 47 1 7 1 78.4 46.7
Purslane 1 57 1 1 95.3 39.8
Goose grass 2 5 0 52 1 86.7 48.3
Thistle 1 2 5 2 51 85.0 41.9

binary tree. The average correct classification rate was
89.7% and the highest correct classification rate a-
chieved was 96. 7% , and the longest classification
time was 49. 2ms. The validation tests indicated that
processing speed was improved under certain correct
classification rate condition. With the same experimen-
tal data, classification results of maize-seedling and
weeds using o-v-r based classification and BP neural
network are shown in Tables 3 and 4.

To show the superiority of the proposed method,
we used chi-squared test for goodness-of-fit that com-
pares the distribution of the observed counts and the
null hypothesis counts based on the same error rate.
The comparison of the classifiers using chi-squared test

statistic is shown in Table 5.

Table 5 Comparison of the classifiers with the proposed
methods using chi-squared test statistic

x5 RAFAREMOSBERMGEITLER

Type BPNN OVR

M-seedling 3.287 4.607

Setaria 89.071 73.064
Thistle 106. 18 49.45

It shows that the proposed method is superior that
we can reject the null hypothesis based on the values of
chi-squared test since it is far greater than 3. 841459.

Objects misclassification is mainly due to some
weeds grow earlier than maize and misclassified as
maize seedling because of their broad leaves. In addi-
tion, the mistake is accumulated by deformation and
occlusion of crimp leaves of maize seedling or weeds.

Algorithm parameters should be estimated accu-
rately using prior knowledge to improve the classifica-
tion rate. A general underestimation appears in this al-
gorithm, mainly due to several reasons. For example,
there is a lack of periodicity in vegetation geometry,
weeds are embedded into maize seedling, and weeds

present variability.
3 Conclusions

In this paper, a new SVM method based on binary
tree to detect intra-class and inter-class types of mono-
cotyledon/dicotyledon is proposed. Threshold method
is applied to segmentation in near-infrared band firstly.

Then, multi-spectral reflectance features of vegetation
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canopy are combined with texture features and shape
features for classification. The perfect features are se-
lected as input vectors of SVM classifier. Finally, mul-
ticlass classification is achieved based on binary deci-
sion tree established by maximum voting mechanism.
The average correct classification rate of 89. 7% has
been achieved and the highest correct classification was
96. 7% . The longest and average classification time
was 43.4ms and 41. 32ms respectively. The validation
tests indicated that the multiclass classification model
based on decision tree could greatly improve classifica-
tion accuracy and reduce training time to meet real-
time requirements of requirements of agricultural appli-
cations. The proposed method has produced results su-
perior to other approaches.

The proposed method is applied to static images.
However, in real applications, dynamic images should
be shot by walking agricultural robot. These images
may be blurred by moving. Therefore, future efforts
will be devoted to the investigation of the influence of
dynamic image using this algorithm and how to mini-
mize the effect. Furthermore, further work is needed to
combine this algorithm with vegetation competition

models to assess the misclassification rate objectively.

REFERENCES

[ 1] Stafford J V. The role of technology in the emergence and
current status of precision agriculture[ C]. In; Srinivasan A
(ed), Handbook of Precision Agriculture, Food Products
Press, New York,2006,19—56.

[2]Alchanatis V, Ridel L, Hetzroni A, et al. Weed classifica-
tion in multi-spectral images of cotton fields[ J]. Computers
and electronics in agriculture 2005 ,47(3) :243—260.

[ 3 ] Borregaard T, Nielsen H, Norgaard L, et al. Crop weed
classification by line imaging spectroscopy [ J]. Journal of

Agricultural Engineering Research ,2000,75(4) :389—400.

[4]Gerhards R, Oebel H. Practical experiences with a system
for site specific weed control in arable crops using real-time
image analysis and GPS-controlled patch spraying [ J ].
Weed Res. ,2006,46(3) :185—193.

[5] Slaughter D C, Lanini W T, Giles D K. Discriminating
weeds from processing tomato using visible and near-infrared
spectroscopy[ J]. Transactions of the ASAE ,2004,47(6) ;
1907—1911.

[6]Koger C H, Bruce L M, Shaw D R, et al. Wavelet analysis
of Hyper-spectral reflectance data for detecting pitted morn-
ing glory ( Ipomoea lacunosa) in soybean ( Glycine max)
[J]. Remote sensing of Environment,2003,86 (1) :108—
119.

[7]Vrindts E, de Baerdemaeker J, Ramon H. Weed classifica-
tion using canopy reflectance [ J |. Precision Agriculture,
2002,3(1) :63—S80.

[8]Goel P K, Prasher S O, Patel R M, et al. Use of airborne
multi-spectral imagery for weed detect ion in field crops
[J]. Transactions of the ASAE ,2002,45(2) :443—449.

[9] Vrindts E. Automatic recognition of weeds with optical tech-
niques as basis for site-specific spraying[ D]. Unpublished
Ph. D. thesis. Leuven, Belgium: Katholieke Universiteit,

2000.

[ 10 ] Boyce J, Hassack W. Moment invariants for pattern recog-
nition [ J ]. Pattern Recognition Letters, 1983,1 (5-6):
451—456.

[11]Jin L, Tianxu Z. Fast algorithm for generation of moment
invariants[ J]. Pattern Recognition,2004,37 (8) :1745—
1756.

[12] Gonzalez R C, Woods R E. Digital image processing ( Eng-
lish version, 2nd Edition) [ M]. Peking:Publishing House
of Electronics Industry, 2004.

[13 ] Crammer K, Singer Y. On the learn ability and design of
output codes for multi-class problems[ C]. In: Proceedings
of the thirteenth annual conference on computation learning
theory. San Francisco, Morgan Kaufmann,2000,35—46.

[14]Hsu C W, Lin C J. A comparison of methods for multi-
class support vector machines[ J]. IEEE Transactions on
Neural Networks,2002,13(2) .415—425.

[15]Zhu Q M. A back propagation algorithm to estimate the pa-
rameters of non-linear dynamic rational models [ J]. Ap-
plied Mathematical Modeling ,2003,27(3) :169—187.

[16 ]Tang W M. The study of the optimal structure of BP neural
network [ J |. Systems Engineering Theory and Practice,
2005,25(10) :95—100.



