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= ABSTRACT - Precision agriculture is gaining attention as it employs modern technologies and intelligence for automation
in agricultural practices. In the area of weed management, automation is advantageous to select the appropriate herbicide and manage
the amount used, which consequently reduced the cost and minimizes the environmental impact. Selective spraying using a sprayer
boom can be implemented using automatic detection of weed type. This paper presents a weed classification method based on a
modified line filter image analysis technique that can effectively detect the morphological differences, mainly directional shape
features, between two types of weeds. After the result for binary classification has been verified, a third dataset is introduced which
is mixed leaves which consists of an approximately balanced amount of broadleaves and narrow leaves. The weed images were pre-
processed using the adaptive histogram method and difference of Gaussian to improve the image contrast and delineate the edges
of the weed. The images were then processed using the proposed modified line filter feature extraction technique. The filter is based
on the evaluation of pixel response that corresponds to the pre-defined lines at different orientations from 0° to 360°. The pixel
strength of each line was compared to determine the overall response of the filter. The proposed method achieved around 97%
classification, superior compared to previously reported methods such as Gabor wavelet as well as a combination of Gabor and

Gradient Field Distribution (GFD).
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#1. INTRODUCTION

Weeds are undesired plants that compete against productive
crops for space, water, and soil nutrients, and can potentially
cause yield losses. Weed control is an important aspect of
farming and agriculture. Efficacious weed management has
many advantages which include safety and path clearance for
drivers and workers of the plantation, reduced natural resources
to undesired weeds as well as decreased the alternative hosts for
insect pests and diseases. [1]. Each year, farmers and plantation
companies spend a lot of money on weed management as failure
to adequately control weeds will affect the growth of crops and
lead to reduce in product quality. In current practice across
plantations, the methods used to manage the growth and spread
of weeds are either mechanical, chemical (herbicides), or a
combination of both. The most common practice in plantations

for weed management is the use of chemical herbicides [2].
However, the continued reliance on chemicals as a weed control
strategy can lead to adverse environmental impacts if not
managed carefully. Precision agriculture employs modern
information technologies for decision-making and operations in
the management of crop production.

Precision agriculture offers the assurance of enhanced
productivity, increased profitability, reduced production costs
with optimal use of resources, as well as enhanced sustainability
[3]. One of the approaches to precision agriculture is to integrate
multi-spectral and multimodal data acquisition devices within
the currently used tractor [4] or all-terrain vehicles (ATV) for
crop monitoring, field damage identification as well as
capturing the growth of weeds. Specific to weed management,
these data acquisition devices can be mounted on a sprayer
boom tractor or ATV to be used as an accurate classification
system of crops and weeds. The devices provide the decision-
making information for the sprayer boom to perform selective
herbicide spraying. A more cost-effective and sustainable
approach to weed management can be achieved by harnessing
an adequate and correct amount of chemicals based on the type
and density of weed at the specific site. However, these data
acquisition devices are still facing adaptation challenges to
obtain the desired accuracy and timeliness to deliver the
required information [5].

There are diverse species of weeds within certain plantations,
but for the purpose of chemical weed treatment, it is sufficient
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to distinguish between the two shapes of weeds, i.e. broad and
narrow leaves. [3]. By observing the two types of weeds, it is
evident that the robust and reliable technique for classification
is based on the directional shape property of the images. In the
past, methods that have been employed to extract the directional
shape feature are Gabor transform, gray level co-occurrence
matrix (GLCM), Gray level gradient co-occurrence matrix
(GGCM), local binary pattern (LBP) as well as Histogram of
Oriented Gradient (HOG). The Gabor filter is a special class of
bandpass filter whereby it can be customized to reveal a specific
frequency content in a particular direction within a localized
region of an image, and the remaining sub-information is
filtered out by tuning the filter's parameter such as frequency,
orientation, aspect ratio, and bandwidth. The work in [6] and [7]
applied this filter for weed classification in maize fields and
palm oil plantations, specifically. Most studies however
employed the Gabor filter in conjunction with other methods
such as the GLCM, GGCM, and LBP [8]. Chen et al. tested
these filters independently as well as fused them together to
observe the classification accuracy among all of them for the
classification between corn seedlings and weeds [9]. Specific to
this application a fusion between GGCM, LBP and HOG give
the best classification accuracy. Chaki & Bhattacharya
combined the Gabor filter with GLCM to discriminate between
31 classes of leaves and obtained an accuracy of 92.5% [10] and
Tang et. al. used an improved algorithm of LBP and GLCM to
classify fresh tea in the production line with an accuracy of
94.8% [11].

Although there have been various well-established techniques
to solve the weed classification problem, it is evident from the
literature that the best solution is by fusing multiple techniques.
There is no single technique that is best to suit the problem.
Many studies have relied on machine learning [12], [13] for the
purpose of weed detection or classification, but the machine
learning strategy still uses a series of image-processing
techniques [14] as part of its pre-processing stage, to extract the
shallow features of weeds and before sending the images to a
classifier for detection. Therefore, this study aims at developing
an improved image processing technique based on the
directional shape feature, in order to classify between two types
of weeds, namely broadleaves and narrow leaves. These
attributes were considered as they are the major distinguishing
feature between the two types of weeds. This proposed filter is
a modified line filter technique from the line filter proposed in
[15] [16]. The filter consists of pre-defined lines at different
orientations from 0 to 360°. The method presents in this study
considered and mapped all pixels within the window to the
nearest angled line, as opposed to the previous studies whereby
only pixels along the configured line within the window were
considered. The proposed method is more robust as it ensures
that every pixel that corresponds to the weed leaves is captured.
The pixel strength of each line was computed and compared to
determine the overall response of the filter. This study go a step
further and utilized the proposed method to classify three types
of datasets, by introducing a mixed leaves dataset. The mixed
leaves dataset consists of images that are approximately
balanced amounts of broadleaves and narrow leaves. The
remainder of the paper is organized as follows. Section Il
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describes the dataset used for this study, and Section IlI
describes the overall classification process, which includes the
pre-processing steps and the proposed image processing
method. Section IV discusses the classification results. Finally,
Section V concludes the paper.

2. DATASET

The colored digital images of weeds used in this study were
obtained from a palm oil plantation in Selangor, Malaysia, and
captured under natural lighting conditions on a sunny day. The
images were captured from approximately 1.5m height with a
camera viewing angle of 45°. This height and angle are chosen
based on the current height and design of the sprayer boom
tractor available in the palm oil plantation in Malaysia. The two
dominant weeds on the plantation are the broadleaf weeds, as
well as the narrow grass weeds. Figure 1 shows the sample
images used in this study. Three types of datasets were used
consisting of a total of 516 images which are 172 narrow leaves,
172 broadleaves, and 172 mixed weeds. A mixed weeds image
is defined as having approximately 50% broadleaves and
narrow leaves, or 40% broadleaves 60% narrow leaves, or 60%

Figure 1: Weed dataset from palm oil plantation (a) broadleaves
weed, (b) narrow weed and (c) mixed weeds

broadleaves 40% narrow leaves. All images captured were
resized to 120 x 160 pixels before being processed.

i 3. METHODOLOGY

3.1 Pre-Processing
The images were subjected to pre-processing stages to improve
image contrast, delineate the edges and enhance the features of
interest. The pre-processing steps employed aim to improve the
extraction of relevant features useful for proposed image
processing techniques.
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Figure 2: Block diagram and output of the image pre—processing steps.
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Figure 3: Example of filter window with N = 16 lines

The green channel of the images was first extracted by
removing the red and blue components since weeds in general
have a greater green intensity compared to red and blue. The
excess green (ExG) and modified excess green (MEXG) [17]
color indices were attempted, as these color indices were
usually employed when dealing with weeds and crop images.
However, it yielded an inferior result compared to just using the
green channel, because the output images if ExG were applied
do not clearly retain the feature of interest that differentiate
between the two types of weeds, which is the directional shape
feature. Next, the contrast of the images was enhanced using the
Contrast Limited Adaptive Histogram Equalization (CLAHE)
method, a technique based on histogram modifications. This
filter changes the distribution of gray scale value in the images
to derive an image with a histogram of a more uniform spread
for each block of the image. Afterward, the Difference of
Gaussians (DoG) was utilized to increase the visibility of edges
[18]. This step lessens the amount of data to be processed and
improves computation time since the redundant and less
relevant information was disregarded. The DoG filter is

obtained by subtracting two Gaussian kernels with different
standard deviations as in equation (1).

F(x,y) = DoG = f (x,y) 1
= (GU1 - GUZ) * f(x,y)

where G, is a Gaussian kernel with standard deviation o, and
a, > 0,. Proper selection of sigmas and convolution between
customized DoG filter and the input EXG image results in image
representation suitable for the technique proposed for this study.
Other edge detection filters such as Canny and Sobel edge
detectors were also tested to delineate the edges of the weed,
but outcomes were poorer compared to the DOG filter. The
leaf’s morphological shape feature is absent if these three filters
were to be applied, hence unsuitable to be utilized for this weed
classification algorithm. The images are then normalized, and a
mask is created for image thresholding to only process the pixel
value above the fixed threshold, remove the noise in the image,
and improve the speed of computation. The pre-processed
images at every step and the final input image fed into the
proposed filter are shown in figure 2.

3.2 Image Processing

Shape features can play an important role in image analysis for
weed classification. The method introduced in this study is built
upon the difference in the spatial feature of the two weed
categories, which are the elongated rectangularity of the narrow
leaves versus the circularity of a broadleaves weed.

Processing of the image starts by selecting a square window
within the pre-processed image. The lines at different
orientations from 0 to 360° all equally spaced and centered
around the center pixels of the window, are first determined and
placed within the window as in figure 3. In contrast to the line
filter used by Azzopardi et al. and Ricci et al [15], [16], whereby
only selected pixels that fall along the pre-determined lines
were considered for processing, in this proposed modified line
filter, all the pixels within the window will be processed.
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The previous studies were not robust as it only caters to strictly
straight edges. Weeds in nature are not strictly straight,
therefore, to ensure every pixel intensity is captured, all pixels
within the window are mapped to the nearest line (refer to fig.
3) and considered for processing. Intensity array, I(d,k), for
each pixel, d distance away of every line is obtained based on
the pixel values of all the pixels that have been mapped to the
corresponding line, as in equation (2),

1d, 1) =[11D I121).. I1(d1)]
1d,2) =[I(1,2) 122).. 1(d,2)]

2
1d, k) = [I(Lk) 12,k).. I(dk)]

where k is the number of lines 0,1, ..., N and d is the distance
from the center pixel of the window and I(d,k) is the
corresponding array intensity value of the line k with d
distance away from the center pixel.

As mentioned earlier, this technique is designed by taking into
consideration the different nature and shape of the type of
weeds. The overall array intensities for each line, p(k), are
calculated using equation (3).

The narrow leaves weed has a higher tendency to contain full
array intensity values along the lines, as well as its mirroring
line at the opposite angle, compared to the broadleaves weed.
Considering this fact, therefore, each line within the window
and its corresponding pair, which is the opposite line reflected
across a mirror line of the pair, is folded onto one another by
taking the array product of the pixel intensities between the two
lines as in equation (4).

da
po = | |10 ©
i=0
p) = | [p0-pk+ N/ @
k=1

It is adequate to only consider the first and second quadrant
since the 90° line and the 270° line, or the 45° line and the 225°
line will refer to the same weed inclination.

Each array output from equation (4) for each line is then
multiplied by the pixel value of the center pixel (r,c), as in
equation (5) and the maximum value among this product is used
as the pixel value of the center pixel of the window.

p(i,j) = max[I(r,c) - p(N)] (®)

The flowchart for the image processing procedure is shown in
figure 4.
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Figure 4: Flowchart of the image processing procedure using
modified line filter technique

3.3 Classification
Once all the pixels have been processed, the total pixel response
of the processed image is calculated as follows:

PGiJ) = iip(i,j) ©)

i=0 j=0

900 images consisting of 300 broadleaves weeds, 300 narrow
leaves weeds and 300 mixed leaves weeds were used as training
images to determine the appropriate classification threshold
based on the value of P(i, ). In the initial phase of this study,
the proposed technique was used to classify between
broadleaves and narrow leaves only, to tune the window size for
feature extraction steps. Multilayer perception neural network
(MLPNN) is used as classifier after the mixed leaves dataset
was introduced. The inputs to the classifier were the features
extracted from the proposed image processing technique and
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the output were the weed class i.e: broadleaves, narrow leaves
and mixed leaves. The input data were applied to the input
layers, propagates through the hidden layers and the output
layers. In this study, the network has 50 hidden layers. The
remaining images were subjected to classification after the
model has been trained.

The algorithm of the entire procedure starting from the pre-
processing stage to image processing and classification is
shown in Table 1.

“iTable 1: Algorithm of the proposed modified line filter

Algorithm 1

Input: RGB image
Extract the green channel
Pre-Processing: CLAHE and DOG
R x C < size of the image
r x ¢ € size of the kernel
fori,jinrange R

forjinrange C

Select window. Place N line on kernel (Fig. 3)
forminranger

10. for ninrange c
11. Map all pixels to the nearest line
12. end for
13. end for
14. for x inrange N
15. Pixel response for all lines Egn. 2
16. end for
17. Calculate array product Eqn. 3 & 4
18. Move to the next window
19.  endfor
20.end for
21. Calculate total pixel response Eqgn. 5
22. Classification

CEoNoOR~WNE

#4. RESULTS AND DISCUSSION

The weed classification in this study involves labeling the
weeds to either grasses or narrow leaves broadleaves or mixed
leaves categories. 516 images consisting of 172 narrow leaves,
172 broadleaves weeds and 172 mixed of narrow and
broadleaves were utilized to test the effectiveness of the
proposed image processing technique. 70% of each dataset was
used for training and the remaining 30% was used for testing
and validation, equally.
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Figure 5: Two-class classification result (a) Scatter plot of the
classification, (b) ROC Curve, (c) confusion matrix

During processing, the weed image is inputted into the system
and subjected to pre-processing stages. Once the contrast and
edges have been enhanced, the images were fed to the proposed
filter to extract the directional feature of the weeds, as explained
in Section 3. The classification is based on value from Equation
(5). As previously explained, for the purposed of tuning the
window size for the filter, the classification was carried out
between two class i.e., broadleaves and narrow leaves. As the
intended application of this technique is for the sprayer boom
system for the weed control system in a palm oil plantation,
appropriate window size needs to be determined first based on
the height of the mounted camera on the sprayer boom tractor.
The window size plays an important role to provide optimum
classification accuracy between the two types of weeds.

i Table 2: Effect of window size on the accuracy of
classification

. . Broadleaves Narrow leaves
Window Size
Accuracy Accuracy
7X7 83.7% 91.8%
11 x 11 90.6% 94.2%
19 x 19 97.7% 96.5%
21 x 21 96.5% 94.2%
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Four window sizes were tested whichare 7 x 7, 11 x 11, 19 X
19 and 21 x 21. The result is tabulated in Table 2. Poorer
performance was observed for window sizes that are too small
because the output of Equation (4) for some of the broadleaves
weed would be similar to narrow leaves resulting in
misclassification. The window size needs to be large enough to
just capture the elongation and rectangularity of the narrow
leaves when the lines are folded to one another according to
Equation (4) and isolating the narrow leaf feature.

% Table 3: Classification Accuracy and Comparison with
the previously reported method

Class Classification Gabor Gabor &
Accuracy Wavelet GFD
Broadleaves 97.7 % 87.7% 93%
Narrow leaves 96.5% 81.1% 92%

The 19x19 window for two-class classification result was also
compared to a previously reported method, which is the Gabor
Filter [20] and a combination of the Gabor filter and Gradient
Field Distribution (GFD) method based on the work by Ishak
et. al [3] as shown in Table 3. The accuracy of the proposed
algorithm is superior compared to previously reported methods.
The scatter plot of the pixel response and the receiving
operating characteristic (ROC) curve was also plotted as
illustrated in Figure 4. ROC is one of the widely used
performance indicators in binary classifiers and the closer a
ROC curve approaches the top-left corner at point (0,1), the
better the performance of the algorithm [15]. For the algorithm
proposed in this study, the curve almost approaches the (0,1)
point (refer to Figure 4(b)) which implies that the method
proposed in this study is reliable to classify between broadleaf
and narrow leaf. After the window size has been determined,
another dataset, which is mixed leaves was introduced. This test
is important because the weeds in the plantation can also be a
mixed between broad and narrow.

Introducing the mixed leaves dataset causes the classification
problem to be a multiclass classification. The same image
processing method was used as detailed out in Section 3.2 and
MLPNN was utilized as a classifier. The performance of the
multiclass classification was measured through the accuracy,
precision, recall and F1-score which can be obtained using
Equation (7) [19].

p Ty + Ty
ceuracy = ———
Precisi Tp
recision =
Tp + F,
Ty
Recall = 7
Ty + F, 0

Precision X Recall
F1 — score =2 X

Precision + Recall

Tp, Ty, P and N are performance parameters which are true
positive, true negative, total positive, and total negative,
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respectively. For binary or two-class classification, these values
are easy to calculate. However, for multiclass classification,
each of this parameter need to be calculate for each class. Using
broadleaves class as an example, T, indicates the number of
records when broadleaves are correctly detected, Ty indicates
the number of records when the other classes are detected
correctly, P is total positive which is T, + Fy and N is total
negative equivalent to Ty + Fp. Fy and F, are false positive
and false negative values for each class, respectively. The four
performance parameters were calculated for each class using the
values found within the confusion matrix in Figure 6.

Table 4: Accuracy, Precision, Recall and F1-score for the
multiclass classification

F1-
Class Accuracy Precision Recall score
Broadleaves 0.99 0.99 0.98 0.98
Narow 0.92 0.93 0.81 0.87
eaves
Mixed leaves 0.91 0.82 0.94 0.87

Based on the four performance indicators in Table 4, the
proposed technique is superior in predicting the broadleaves
category. This is reflected by the high values of all four
performance indicators for the broadleaves class. The dataset
used for this study is balanced where each class contain the
same number of images. Therefore, the accuracy value is a good
indicator to measure the overall performance of the data. The
overall performance for the classification is good based on the
accuracy value, and superior compared to the previously
reported methods. The accuracy drops slightly from 96% (Table
3) to 92% in predicting narrow leaves after the mixed dataset
was introduced for multiclass classification. Referring to Figure
6(b), there were numbers of mixed images that were incorrectly
classified as narrow and vice versa. One of the main reasons for
this misclassification is, the algorithm was designed to extract
the shape of the narrow weed leaves and the mixed dataset
contain the narrow leaves. The mixed leaves images that were
incorrectly misclassified as narrow leaves were those that
contained dominantly narrow leaves images as opposed to
broadleaves. The narrow leaves images that were misclassified
were images that contain sparse amounts of narrow leaves.
There is always a trade-off between precision and recall value
as can be seen for the narrow leaves and mixed leaves class. The
F1-scores were obtained which is the harmonic average
between the precision and recall. The F1-score for broadleaves,
narrow leaves and mixed leaves are 0.98, 0.87 and 0.87,
respectively. The ROC for this multiclass classification is
shown in figure 6(a). The ROC curve reflects the performance
indicator in table 4 where all three classes approached the top
left corner indication good classification performance, with the
broadleaves class curve is the closest to the top left corner
indication the highest classification performance among the
three classes.
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Figure 6: Multiclass classification result (a) ROC Curve and (b)
confusion matrix

:75.CONCLUSION

In this study, a method for extracting the directional shape
feature of weed has been proposed for the weed classification
task. A dataset obtained from a local palm oil plantation was
used to test the algorithm. The proposed technique was designed
based on a line filter method. This modified line filter technique
is aimed to be applied to a sprayer boom system, therefore,
tuning and testing of the window size used for the classification
were also performed. The result obtained demonstrates that the
proposed technique is highly reliable and can be used to classify
between broadleaves and narrow leaves weeds with an accuracy
of over 97% with the appropriate size of the window was used.
The performance of the classification slightly reduced after
mixed leaves dataset were introduced as a third class in the
classification but still highly reliable and superior compared to
previously reported methods. This algorithm can be
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implemented in an automated weed management system for
precision agriculture. Ongoing work is currently being carried
out to increase the number of images in the dataset so that
testing of the algorithm could be validated for various lighting
conditions and weed density. The algorithm also will be further
improved accordingly to increase the performance and
robustness of the technique.
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