A lawn weed detection in winter season based on oolinformation
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Abstract of weeds are still green, yellow green, or becoetefor

some species. Due to this difference, color infdioma

In this work, we propose a lawn weed detection oteth ~ can be exploited to make the system more efficéemt
based on simple and fast color image processingHer simple.

case that color of weeds and lawns are clearlyectfit, Up to now, there are a few lawn weed detection meth
especially in winter. The proposed detection metliod ~ 0ds that employ color information. In [6], Kawametzal.
evaluated with two types of simulated automaticdivee developed a method for detecting ears of weedshwhic

systems, i.e., chemical and non-chemical (pulsér hig form in spring and have different color from law/b-
voltage discharge) based system. For chemical baked ~ Viously, this method cannot detect weeds which Irave
detection method can destroy weeds of more tha#89d.  €ars. In [8], Mashita et al. reported about develept of
with correct spray rate of 93.22% and herbicideuretion a method using difference of intensity of red band
rate of 93.72%. For non-chemical based, 70.21% of between weeds and lawns for detecting in wintewHo
weeds can be destroyed with 98.18% of sparking-accu €Ver, these works lack an obvious explanation athit

racy; only 3 times of false sparking. From the fessihe methods and experimental results. .
performances of the proposed method are better than  For agricultural applications, Woebbecke et alesw
those of conventional gray-scale based detectichods tigated the methods using color indices, e.g.,g-g, or

when detects weeds in winter dataset. We also peopo  29--b (excess green), modified hue, and greemcétio
method for deciding from an input image whether the coordinate for distinguishing weeds from various

color information based method should be emplogggd.  non-plant backgrounds, i.e., wet soil, dry soil.eahand
testing with four image datasets taken from fotfiedent corn residues [4]. They reported that excess gireebex
seasons, this method can completely discriminatéewi and modified hue accurately distinguished weedmfro
dataset from the others. Consequently, a hybrichotet the backgrounds but modified hue was computatignall
i.e., a combination between a gray-scale basedctlete intense. Because excess green index was deS|g_ned to
method and the color based method, can be realized. ~ discriminate green weeds from the backgroundsait c

not be employed for detecting weeds in lawn fielthéch
contain, as mentioned before, green, yellow-greer
1. Introduction red weeds.
In this work, we propose a simple and fast colaelola
Due to environmental pollutions and economics con- method for detecting lawn weeds when the coloredas

cerns, reduction of using herbicide for controllingeds and lawns are clearly different, especially in wintVe
in agriculture fields, lawn fields, or golf course pre- also propose a method for selecting images of sitoa-
ferred. Presently, an automatic weed control coraatic tion for which the color based method should beiagp
weeding system that employs image processing tech- This makes a hybrid detection method, i.e., a coatimn
niques becomes an alternative solution for corntrll between a gray-scale based method and the coledbas

weeds. Such a system uses a camera to capturéntawn  method, can be realized. The hybrid method carcsele
age and processes the captured image for detettiing  tively employ the appropriate method for detectivegds
area of weeds. Then the system controls a nozstersy depend on an input image. If color of weeds andain

for selective spraying (sometimes called spot spgy the image are different, it selects the color basethod
i.e., it sprays herbicide only on the area of deteveeds. Whlqh IS more accurate and faster to detect weBtfs.
This leads to significant reduction of herbicideags. erwise, it selects the gray-scale based method.

Moreover, an automatic non-chemical weeding system,
e.g., using an electric spark discharge for dest .
Wged& a|sgo becomes appﬁcame g ®Y 2 Color Based Weed Detection Method
For weed detection in agriculture fields, coloroinf
mation is often used as a feature for discrimimpfifants . ) ] )
(crop and weed) from backgrounds because of the dif According to our observation of lawn weed images in

ference in the color of plants and backgrounds [Z, 13]. winter, the colors of weeds may be green, yelloaegy
However, most lawn weeds detection methods extracts Or red while the color of lawns may be yellow, browr
features from gray-scale or edge images, and ausidg gray, and is quite brighter than that of weeds. dwer,
any color information [3, 9-12], because the cotdr lawn areas contain some dark areas that are cayged
weeds and lawns are similar, especially in spsngymer, ~ shadow of grass blades. Depend on these obseraed ch
and autumn. On the contrary, in winter, colors @fe acteristics, we set the following rules for disdnating

types of lawns become yellow, brown, or gray whikor the area of weeds from lawns:



Figure 1.
method.

Weed detection result of the proposed

Figure 2. Example of images from each datasets.
Top-left: dataset 1, top-right: dataset2, bottofti-le
dataset 3, and bottom-right dataset 4.

1) The color of weeds should be green or yellow
green or red, i.e., the difference between valdes o
green band and red band has to satisfy one of the
next inequalities.

G(x,y) R(x,y) Th (1)
R(xy) G(xy) Th (2)
From the above inequalitie€3(X, y) is the in-
tensity value of green band, arlag(, y) is that

of red band.

The intensity of weed areas should be more ¢han
threshold valueTh,,, , and should be less than a
threshold valueTh, ., -

Thdark AVg(X, y) Thoright ! (3)
R(X, G(x, B(X,
Avg(x, y) (xy) (3 y) B%Y)
where R(X,y) ,G(X,y), and B(X,y) are the
intensity value of red, green, and blue bands, re-
spectively. In this work, we seth, =5, Th =
35, Thyay = 50, and Th, ;.. =130.

2)

After selecting the areas satisfied the above yslesll
area deletion and closing operations are applieddeo
moving noise areas. The example results of weed
detection are shown in Fig. 1.

3. Winter Lawn Image Discrimination

In order to design the automatic weeding systenchvhi
can automatically select the appropriate methodémh
season, a calendar program may be integrated teythe
tem. Consequently, the system uses the appropriate
method programmed in the calendar. This way seems
possible if the system operates in the middle aftevi
However, a problem may be occurred when the system
operates in the beginning or the end of winter beedhe
color of lawns may not completely change. In fact,
changing of season of each year may not occueaine
period, and is different depending on zone. Theeestee
cannot accurately predict the date that the epfilawn
area change from green into yellow or change biamk f
yellow to green. For example, let’s set the calenda-
gram so that the system chooses the color basdtbchet
from 1 December to *1 March. What happens if the
system operates off December and the color of lawn has
not changed to yellow yet? The answer is that yistesn
falsely detects lawn areas as weeds areas andscalse
of errors. The same result will occurred if the teys
operates on®iMarch and the color of lawn has changed
back to green already.

One may say that the system does not need such cal-
endar program but appropriate method should betsele
by a user. However, in the case that color of ldaes not
change uniformly, i.e., colors of some areas héemnged
to yellow while those of the other areas are gtidlen, has
the user to consider one by one image and decide fo
which method should be applied for? That is hardngy.
Otherwise, the user has to select the gray-scadedba
method and use it for the entire area to make thatea
great number of errors will not occur but this me#mat
the system cannot efficiently operate. Therefdre,dys-
tem needs an adaptive detection to give the besitre
Moreover, this method makes the system move n&ady
full automatic system that does not need any datiby
the user.

The winter image discrimination method is described
as follow:

1) Segment for green area from an input image and

convert it into a binary imadei (X, y) by using the
next equation. Zero-pixels are expected as green

pixels.
0O ,ifG(xy) R(XY) 15(5)

bi(x,
(x.) ,otherwise

Divide the binary image into small blocks. Here,
block size is 80 x 80 pixels.

Count the number of zero-pixels in each blo€k. |
the number of zero-pixels is less than a threshold
value Th,, that block is called non-green block. In
this work, we set the thresholih equal 1% of
block area.

Count the number of non-green blocks in therenti
image. If the number of non-green blocks is greater
than a threshold valud h,, the image is consid-
ered as winter lawn image.

2)

3)

4)

The above discrimination method directly analyses
RGB color image without any transformation to aeoth
color model, e.g., HSV model. Although analysighe
other color models is also possible, this methddssand



simple. This is an important point that we havedosider
because the discrimination method has to be dofweebe
doing weed detection for every image. If the diwinia-
tion method is computationally intense, the weeding
system will spend a lot of time for weeding.

Moreover, one may say that more simple method is

from each datasets is shown in Fig.2.

In this experiment, we calculate the number of mini
mum and maximum of non-green blocks. The result was
shown in Table 3.

Table 3. Number of non-green blocks

counting non-green pixels instead of counting noseg
blocks. However, such method will suffer from theesof

green weeds because it does not consider any Ispatia

information while the latter one considers. Letipgose a

winter image containing the large green weeds and a

other image containing no weeds but was taken béfar

Dataset| Minimum number off Maximum number of
non-green blocks non-green blocks
1 0 9
2 0 2
3 28 48
4 0 25

color of lawn will completely change to yellow. the
first image, green pixels locate in the compactaare
However, in the second image, green-pixels, i.easg
blade areas which have not yet changed to yellpreasl

in the entire image. If we assume that there azestime
numbers of green pixels in the two images. Counting
non-green pixels cannot distinguish the differeatéhe
two images while our proposed method can do.

4.3. Computational time

We evaluate computational times of each detection
methods and the winter image discrimination method.
The evaluation was done on Pentium IV 1.6 GHz. PC.
Table 4 shows the comparison of their computational
times.

Table 4. Computational time

4. Experimental Results and Discussions

4.1. Performance of simulated weeding systems

The proposed color information based weed detectio

Method Computational time (seq.)
BC/BC NR 0.206 / 0.268

MO 0.412

UA 0.405

Color 0.068

Winter image discrimination 0.010

method, denoted by Color, is compared with three of
gray-scale based method, i.e., Bayesian clasdiised
method (BC) [12], morphology operations based netho
(MO) [11], and gray-scale uniformity analysis based
method (UA) [9]. The dataset used in the experimént
the dataset 3 used in [12]. This dataset was c¢etlein
winter (4" January 2006) when the color of lawns com-
pletely changed into yellow. Images were taken from
top-view with about 39 cm distance from cameraaten.
Image size is 640 x 480 pixels, covering a lawa atsout
274x 205 mm. The dataset contains 30 images; five i
ages were used as training set for BC method and 25
images were used as test set. Performance evalsiatio
were done by using two-type of simulated automatic
weeding systems. The first is chemical based weedin
system. The second is non-chemical based weedsig sy
tem which using pulse high voltage discharge for
destroying weeds [1, 2]. The simulation conditiamsl
parameters of three gray-scale method were the aaine
[12]. For the proposed method, structuring elenant
closing operation is square of size 5 x 5 whilelbar@a
deletion threshold is set to 10 and 110 for chehdca
non-chemical based system, respectively. Note fbat,
non-chemical based system, the BC method needisa no
removal step, i.e., closing and small area deletipera-
tions, so it is denoted by BC NR. The results ofidation
were shown in Tables 1 and 2.

4.2. Winter dataset discrimination result

For this experiment, we used the winter dataset irse
the previous experiments and three non-winter dtgas
i.e., dataset 1, 2, and 4, used in [12]. The dathseas
taken on 18 June 2005 (summer), the dataset 2 Bn 4
October 2005 (autumn), the dataset 3 8n\May 2006
(spring). Each dataset contains 30 images, wasntake
under the same conditions as the dataset 3. Stothle
number of images we tested is 120. Example of image

4.4. Discussions

From Table 1, i.e., chemical based system, the pro-
posed color based method leads the other methods in
weed destruction (# of killed weeds and killed weste).

It could destroy 43 weeds from total 47 weeds, im@ss
only 4 weeds, with good accuracy (# of correct ypda
blocks and correct spray rate). With the good traffle
between these two points, the proposed method ean b
considered as the most appropriate method forctss.
Although the UA and MO methods gave slightly beiter
accuracy and herbicide reduction rate, it can mwh-c
pared with the proposed method in weed destruction
performance.

From Table 2, i.e., non-chemical based system, the
proposed method also leads the others in weedudéestr
performance, 70.21% of killed weed rate. For tlase;
the major factor has to be considered is the nurober
false spark and false spark rate because falskisgam
lawn means the lawn receives damage and becomes
withered. From this point, the BC, UA, and proposed
methods could accurately apply spark dischargesémls,
i.e., numbers of false sparks were 2-4 times afgk fa
spark rates were less than 6%. For this case rdpoged
method can also be considered as the best metteotbdu
its good trade-off between weed destruction andracy
performances.

From Table 3, we can see that the images in tlasdat
3 (winter dataset) contain a lot of non-green béodkhat
means lawn color already changed into yellow. Am8dg
images in the dataset 3, the minimum number of
non-green blocks is 28 while those of the othenskts
were 0. In contrast, maximum numbers of non-green
blocks of the other datasets were less than themmain
number of non-green blocks of the dataset 3. Olslypif
we choose the threshold valliB,equal 25, 26 or 27, all



images in the dataset 3 (winter dataset) can b@letety
discriminated from the other datasets.

From Table 4, computational times of winter dataset

discrimination method is only 0.01 seconds. Thisiber
is very short and does not affect the computatitned of
detection method so much. Therefore the results fut

experiments show the feasibility of using the prgmb
color based weed detection and winter lawn image di
crimination methods to construct a hybrid system
between color and gray-scale based methods which
automatically employs the appropriate detectionhoet

[4] D.M. Woebbecke, G.E. Meyer, K. VonBargen, andAD

Mortensen, "Color indices for weed identificatiomder
various soil, residue, and lighting conditions"afis. ASAE,
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[5] J. Hemming and T. Rath, "Computer-vision basezed

identification under field conditions using conteal light-

depend on an input image.

5. Conclusion

In this work, we proposed the color information dxhs
method for detecting weeds in winter which the cab
weeds and lawns are clearly different. The perfowcea
of simulated weeding systems of the proposed method
were better than those of the other gray-scale dbase
methods. Moreover, we also proposed the method for
discriminating winter images from the images ofesth
seasons. The method gave the completely accursitt re
of discrimination. By using both of proposed methdtie

ing", J. Agric. Eng. Res., vol.78(3), pp.233-24602.

[6] K. Kawamura, T. Mashita, Y. Miwa, and A. ItadD&velop-
ing of weeding robot (2): Development of weed digtec
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pp.443-444, 1993 (in Japanese).

[7] L.F. Tian and D.C. Slaughter, "Environmentadgaptive
segmentation algorithm for outdoor image segmeoriati
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[8] T. Mashita, A. Ito, and Y. Miwa, "Developing efeeding
robot (1): Manufacture of weed discrimination systen
golf course", Proc. of JSPE, pp.997-998, 1992 fipad
nese).
[9] U. Ahmad, N. Kondo, M. Monta, S. Arima, and Kohri,
"Weed detection in lawn field based on gray-scaléoum-
ity", J. of the Japanese Society of Environmentaht@l in
Biology, vol.36(4), pp.227-237, 1998.

hybrid automatic weeding system which automatically [10] U. Ahmad, N. Kondo, S. Arima, M. Monta, and Kohri,
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Table 1. Performance of simulated chemical bassstiimg system
Method Dataset 3 (total number of weeds = 47, number eWsocks = 1346)
# of killed | Killed weed | # of sprayed| # of correct| # of false Correct False spray| Herbicide
weeds rate blocks sprayed sprayed spray rate rate reduction
blocks blocks rate
BC 38 80.85% 1231 1006 225 81.72% 18.28% 92.3
MO 30 63.83% 993 931 62 93.76% 6.24% 93.79
UA 17 36.17% 532 507 25 95.30% 4.70% 96.67
Color 43 91.48% 1004 936 68 93.22% 6.77% 93.72
Table 2. Performance of simulated non-chemicatdageeding system
Method Dataset 3 (total number of weeds = 47)
# of killed Killed weed # of spark # of correct # of false Correct spark| False spark
weeds rate sparks sparks rate rate
BC NR 26 55.32% 98 94 4 95.92% 4.08%
MO 30 63.83% 97 84 13 86.60% 13.409
UA 15 31.91% 37 35 2 94.59% 5.41%
Color 33 70.21% 165 162 3 98.18% 1.81%




