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Abstract: Problem statement: Uniformly herbicide rate is used as a conventigmacttice in Thailand
for controlling weeds in sugarcane fields. Sinceedge usually grow in certain areas with non-
uniformly distribution, uniform herbicide rate apgich is not suitable and non-sustainable agrialltur
technique both in terms of economic an environmeaspect. To address these issues, Variable
Herbicide Rate (VHR) was introduced. The VHR congsosf two main components, which are weed
monitoring and real-time spraying.pproach: This study investigated with a development of st fa
and robust weed monitoring system for VHR usingroletween-row of sugarcane fields. The
proposed method was designed to work under natlunalination condition. The near-ground images
were captured using a typical web camera withowt assistant light diffuser. The proposed weed
monitoring is a machine vision based approach. Nlba Green Subtraction (NGS) technique was
proposed for soil background segmentatiBesults. The proposed technique exploited variations
among three triplets, which are red, green and bhaer bright and dull lighting condition to acheev
better background segmentation results. The nokgpagnd pixels were then classified into weeds and
non-weeds using the Offset Excessive Green (OEGjnigue.Conclusion: From our experimental
results, the proposed method is robust under ittation variations such as in sunny and after rgidiay
conditions. Weeds under different lighting condiicare reliably detects. The approach is lesstaansi
to chosen threshold value comparing to the OEGnigok. The proposed method is very effective
especially in spare weeds condition. It is fastable for using in real-time application.

Key words: Machine vision, greenness, threshold level, gresmnénder shadows, variable rate
applicator

INTRODUCTION In this study, a real-time algorithm of spatialede
detection is developed. Our approach is a sens®da
Sugarcanes play an important role in export cropsising machine vision system. Field weed images are
business, especially in the Northeast of Thail&idgh  captured using web camera. A fast color-based
and Abeygoodwardana, 1982). In order to achievl higsegmentation is developed under restriction oftiezd
sugarcane productions, effective weed control syste processing. Our proposed system is different from
essential. Conventionally, herbicides are appliedorevious existing method in that it requires no
uniformly in fields. However, weeds often occur in assistant devices during acquiring field images. An
patches and are spread non-uniformly (Shaw, 2005kxample is Zhanget al. (2002) included additional
Hence, uniformly applied herbicides in fields ireses light-blocking screen in his system to handle effeuf
farmer’s production cost and is prone to groundewat natural light source over inspection area. To segme
contamination. As regards to mentioned economic an@eeds, Slaughtest al. (2008) exploited a conventional
environment aspect, spatial weed information andhresholding technique on green chromatic inforomati
precision herbicide applicator offers high potentaa  of the images. Mayest al. (2004) analyzed greenness
farmer to fine-tune rate of herbicides. over an input image using Fuzzy excess red andsexce
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green technique. His technique can be used toifglass
various types of plants. However, we focus on datgc
weeds in sugarcane field for real-time applicatibm.
sugarcane fields, all vegetations in its betweemn-aoe
considered as weeds. Thus, a simpler techniquéean
used. In our work, the Offset Excessive Green (OEG)
(Naeemet al., 2007) is utilized. The OEG technique is
fast and simple. However, it requires parametemtun
when image acquisition conditions are changed. The
Non-green subtraction technique is proposed in this§
work to improve system accuracy and minimizing
effects of chosen OEG threshold value. g

MATERIALSAND METHODS

Raw material: The study reported here solely uses | . :
color information techniques to detect weeds in (c) (d)
sugarcane fields. Practically, sugarcanes are griown

rows with spacing of 150 cm. in Thailand. All Fig.1: () A high density weed image (b) its

vegetations grow between these sugarcane rows are corresponding result of the OEG (c) a low
considered as weeds. Weed images were taken by density weed image (d) its corresponding result
“Logitech quick cam notebook pro” with Carl Zeiss of the OEG

lens (Baker, 1991). The captured images are 240x320
pixel resolution. The acquisitions are done in two
sessions: sunny and after raining condition. Th
software interface is developed using visual C+he T
interface includes captured image and its corredipgn
weed detected image.

The proposed weed detection algorithm aims t(%:

rom experimental results, the OEG works nicely in
igh density weed images such as Fig. 1a and b.
However, in the sparse, low density weed image, the
OEG has an over-segmentation problem. Soil
ckground is segmented as weeds in several areas.

separate weeds from the image background, which ar is over-segmgn_tation_ problem leads to _excessive
mainly soil components. Since weeds in sugarcandS29es of herbicide, rising cost of operations and
fields are green and have irregular shape, sepgrati pollution problem. Reduc_lng these falsely clasdifie
weeds from background can be achieved using a-colo reas can bs done using h|gh_(|a|r thresho_ld x?"ﬁe-
based segmentation approach. This approach is fa owever, under-segmentation will occur in hig
This makes it suitable for real-time VRH applicatio ensity weed images. Therefore, appropriate thtdsho
value for field application must be search befoneha

Offset Excessive Green (OEG): The OEG is a simple

color-based segmentation approach for segmentinlon-Green Subtraction (NGS): The Non-Green
green weeds from the background. The approackubtraction (NGS) is introduced in this study imler
calculates offset excessive green value of eachl pix to address the over-segmentation problem of the OEG

from its RGB value using following equation: From our observations, color of most falsely segexn
pixels is clustered closer to color of soil compune
OEG = (G-R)+(G-B) (1) than color of green weeds. Therefore, color

segmentation based on chromatic information ofssoil
where, R, G and B are pixel intensity in its recgegn ~ Will include the falsely classified pixels withirhe
and blue channel, respectively. segmentation result.

To detect weeds, the OEG of every pixel is To classify weeds in an input image, background of
computed. Then, an appropriate threshold value ithe image is firstly segmented using the NGS. Then,
applied to segregate weeds from the backgrounar&ev non-background pixels are re-classified as weeds or
threshold values are experimented in our reseakch. backgrounds using the OEG. This is to prevent wisong
threshold value of 20 gives the best segmentatioglassifying non-green objects as weeds. Hierartifiica
output. Figure 1 present segmentation outpufiltering image this way improves segmentation
obtained from the OEG with threshold valu€0f accuracy.
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proposed NGSxOEG method
Fig.2: (@) A high density weed image (b) its
corresponding result of the proposed method (cyable 1: System performance of the OEG and thegsegb method

a low density weed image (d) its corresponding WithN‘ggogsEg‘;f;’)ho'd values )
X (1) 0,
result of the proposed method Threshold
. : . . Value FAR  FRR CR FAR FRR CR
The NGS is computed using following equation: 55 0894 1567 9750 2692 0611 9471
25 0.869  1.684 97.44  1.660 1163  96.83
NGS = M-(|M-R|+|M-B[+|M+G]) (2) 28 0.822  1.855 97.35 1.242 1566  97.13
29 0.799  1.933 97.31 1.127 1705  97.16
Where: 30 0.774  2.029 97.26  1.032 1.855  97.14
R, G and B = Red, blue and green intensity levelrof 25 0.598 2658 9686 0.662 2619 9685
image
M = An average value of the R, G and B The system accuracy is measured in terms of False
values Accept Rate (FAR), False Reject (FRR) rate andeabrr

) ) ) ) ) segmentation rate. False Accept Rate (FAR) isia odit
~ This equation is derived based on histogram ofgisely accepted backgrounds as weeds and a total
input images, in which deviations of the threel&® mper of classified pixels. False Reject Rate (FRR
(red, green and blue) from its average value ofdsee 5 raiip of falsely rejected weeds as background and

and background are significantly discriminating. total number of classified pixels. Correct segmtmita
~ To compensate effects of illumination changes,te is a ratio of falsely classified pixels andosal
highlights and shadows, an adaptive thresholding i, ;mper of classified pixels.

used for the NGS segmentation. The threshold vakied Since, the OEG requires a threshold value for
adjusted based on difference value between chromatsegmenting weeds. Our first experiment is to search
intensity and its average value. The thresholifoted o1 the optimum threshold value. Table 1 indicates

as follows: system performance of the OEG and our purposed
method. Figure 3 shows its error distribution graph

NGSth = 9*|M-G|-0.8*|M-B|-0.8*|M-R| 3)

Figure 2 shows example results of our proposed DISCUSSION

weed detection method. It is clearly seen that the

misclassified regions in Fig. 2d are removed. From our experiments, threshold value of 29 yields
the best overall correct segmentation rate. Thesaro

RESULTS threshold value affect the obtained FAR and FRRe Th

two values run in opposite direction; increasingRFR
We evaluated our proposed method by comparinglecreasing FAR and vice versa. From the obtained
the obtained image with its corresponding grounthtr graph, it is clearly seen that our purposed systel@ss
image. The ground-truth images are manually segrdent  sensitive to changes of the chosen threshold value.
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Fig. 4: Zoomed images (left) an original imageft)g

Table 2: Our proposed overall system performance

Correct
Algorithm FAR (%) FRR (%) Rate (%)
NGSxOEG-20 0.894 1.567 97.50
OEG-20 2.692 0.611 94.71

System performance of the OEG and the proposed
method are equivalent for high distributed weed
images. However, in the low distributed weed images (c) (d)
the proposed method is outperformed the OEG ingerm_. _ - .
of FAR and correct segmentation rate. Especialig, t Fig. 5: (8) An °F'9'”a' Image. (b, ¢ gnd . d) It.s
FAR is reduced from 2.692-0.894%, as shown in corre_spondmg herb_mde maps, which Intensity
Table 2. Additionally, our proposed method has less level |r]1 _e?ch thoE:rI:]|nd_|catesf\;vr:aeg|del?sny 'n4ig
over-segmentation problem with the after raining g;eGa od'nlgigs' € St'.zef of the blocks are ’
images comparing to the result obtained using th€ O an - Tespectively

Therefore, the proposed method is more effective in  oOur future researches are generating herbicides map
handling large range of soil intensity. _ for precision spraying and real-time field testffédent
Our major errors occur nearby boundary pixels ofresolutions of herbicide map will be investigatesing
weeds. These boundary pixels are hardly classifVeth  yariaple rate herbicide applicators. An optimal rfitg
when doing it manually as shown in Fig. 4. Humaesey herbicide usage will be studied. Figure 4 shows an
can distinguish weeds from the background betteresi example of possible resolutions used in our future
both color and shape information is used. The shapgssearches. An image will be divided into sevetathks
analysis is excluded from our proposed method due t(esolutions). For each block, density of weeds is
limitations of computational resources of embeddedtomputed based on an amount of detected weeds.
device and real-time processing requirement. Different densities are indicated with differentagr
CONCLUSION values as shown in Fig. 5.
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