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Abstract: In row spot spraying technology has been in the constant development as a means to reduce the 
application of herbicide. This will enable higher efficiency in chemical usage and reduce impact on 
environment. A vision system was developed for a spot spraying mechanism on an autonomous ground 
vehicle to autonomously detect and eliminate weeds using selective herbicide. Currently, only six species 
are being trained and tested for recognition. However the classifier is required to be fine tune and the tested 
features selected for classifier training. In this research, an autonomous fine tuning and feature selection 
using Genetic Algorithm (GA) was proposed and tested with the assumption that the weeds are young and 
non-occluded. The results show a feasible means to distinguished the weeds using the selected features 
(which are a combination of fractal, shape features and HU moment invariants, average color pixel values 
and elliptical fourier. The results show 100% recognition rates for all 6 species being tested. 
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INTRODUCTION

In recent years, there exist a growing number of 
researchers in the area of weed recognition with the 
objective of more precise application of chemicals to 
the crops thereby making the use of chemicals
(pesticides, herbicides and fertilizer) more efficient.
The constraint in such researchers has always been in 
the accuracy of recognition and speed of recognition 
(processing time). This research is aimed at recognition 
of weedlings in Malaysia that are assumed to be
separated  and  non-occluded. According to Woebekke 
et al., 1995 in [1] weeds are highly separable from the 
window period between 1 week to 4 weeks for most 
weed species. Assuming that the crop rows are well 
maintained and that the crops and weeds grow at 
similar rate, most weeds can be distinguished using 
shape analysis. However, further analysis reveals that 
certain species have similar shapes at the initial
cotyledon leaf emergence stage. Hence, shape analysis 
alone will not be able to distinguish between the
species. The on current research work is being applied 
to improve the recognition of the most invasive species 
of weeds at the critical phases of weed development 
which is the early stages of post emergence. At this 
stage, most weed species are non-occluded and the 
shapes  are  clearly  defined.  However,  the  weeds at 

this stage has variance in their shapes. Hence, a
combination of varying shape features could be a
feasible solution to increase recognition rates. Figure 1 
shows the experimental setup for autonomous weed 
detection on an autonomous ground vehicle in an 
indoor lab condition. The objective of this paper is to 
demonstrate and evaluate an optimisation algorithm
using genetic algorithm to select features and fine tune 
a SVM classifier to autonomo usly identify and spray 
selective  herbicides  to  the  specified  weeds. Selective 
herbicides works by eliminating targeted weed species 
and does not destroy other crops or weed species. 

Fig. 1: Image acquisition setup for a controlled
lamination system
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The concept of autonomous weed detection and 
spraying is currently being examined using maize
together with other weed species. The preliminary
studies and observation shows that the maize plant has 
larger leaves and taller shoots as compared with the
weeds in the surrounding soil patch which can be easily 
identified by considering the pixel size of the maize 
crop or ultrasonic sensor to detect height of the crop. A 
species recognition will enable recognition of the
individual species of the weeds and application of the 
specific herbicide autonomously.

LITERATURE REVIEW

Most researchers in this area of research mainly 
applied one of these three methods for weed
recognition: spectral reflectance imaging, plant
morphology and textural analysis (Slaughter et al.
2008) [3]. Hyperspectral imaging using infrared (a form 
of spectral reflectance) can reveal the morphological 
difference in weeds allowing precise recognition and 
application in selective spot spraying of herbicide.
While the hyperspectral system yielded good results 
(not necessarily better than the latter), the option of 
using regular cameras would lower the development 
cost. Weeds can harshly reduce the productivity of 
crops and increase production time. Hence, early weed 
detection and classification is a promising technology 
in which the application can be made into different 
sectors of agriculture. There is no specific features of 
weeds as the weeds definitions are clearly found on an 
economic and agricultural basis not on plant
morphology basis [7]. Hence discriminating between 
crop and weed is difficult using image processing and 
extracted images because any vegetation can be a weed 
according to the crops being cultivated. Furthermore 
crops and weeds may have the same morphology thus 
making selective herbicide application a complex task.

A species based recognition is beneficial to
determine the distribution of the weed species.
However, considerable amount of work have focused 
on discriminating between these two different weed 
species (broad and narrow leaf weeds). Some research 
in detecting weeds involved binarization of weeds to 
extract certain features-area, density, complexity and 
elongation of leaves as demonstrated by (Kianni and 
Jafari, 2012) in [2] by applying shape features to
discriminate between corn and weed using neural
network the samples for training consist of corn plant 
and 4 species of common weeds. Other researchers 
resort to texture analysis with Fast fourier transform, 
Gabor wavelet [8] and Co-occurrence matrix [10] for 
feature extraction on the texture of the weeds. On 
classification  engine,   various  classifiers  are  used 
based  on the features such as Artificial Neural Network 

(ANN) in [2, 12], SVM (Support vector machines) in 
[9, 13]. Countless classifiers were applied in weed 
recognition using visible light spectrum shape and
texture analysis in which a comparison between the 
different classifiers for weed recognition were
performed and analysed by Burks et al., 2005 in [5]. 
Neural network offers the ability to perform multi class 
classification which  is  a  distinct  advantage  over 
margin based algorithm such as Support Vector
Machine and Linear discriminant analysis which are
binary. However, by reducing Neural network
classifiers to binary neural network classifiers, a higher 
average recognition rates can be obtained as shown by 
(Kraipeerappun and Amornsamakul, 2012) in [6] (a
non-weed related recognition research)

Anami et al., 2011 proposed a hybrid colour and 
shape analysis to discriminate between healthy and
disease affected crops in [11]. From Ahmed et al.,
2012, in [9] nine features were extracted out of 14
features increasing recognition rate from 95.9% to
97.3%. Our initial efforts in [14] to classify weeds were 
towards recognizing individual species with direct
application of co-occurrence matrix which yielded
higher recognition as compared to using haralick
features. Yang et al., 2005 in [12], proposed a more 
simplistic approach were an 80 by 80 pixel of the image 
with crops/weeds were fed as inputs to a back
propagation neural network. The input image where
pre-processed grayscale images from RGB images. A 
total of four types of vegetation were used as training 
samples (three weeds type and corn crop).The result 
shows a relatively high rate of recognition. The author 
highlights the long processing time and limitation of 
hardware indicating that this method was not suitable 
for real time application. The highest recognition rate 
are 100% for corn, 92% for Abutilon theophrasti, about 
62% for Chenopodium album and 80% for Cyperus
esculentus. Solahudin et al., 2010 in [15] applied fuzzy 
clustering to segregate the weeds from soil. In this 
study the relation between three main color components 
(red, green and blue) of the images and color feature 
extraction (hue, saturation and intensity) were used to 
define weeds density. Wu and Wen, 2009 in [16]
proposed a SVM (Support Vector Machine) to
distinguish between weed and corn. A classification 
rate from 92.31 to 100% was achieved. Fractal
dimensions are parameters that can be applied in both 
2-dimensional and 3-dimensional shape (Sarkar and
Chaudhuri, 1992) in [18] showing that fractal
dimensions is a feasible feature for consideration in 
weed recognition of non-occluded leaves. On
optimisation algorithms, Huang and Chieh, 2006
proposed  a  chromosome  designs  in  which  SVM
can be simultaneously fine tune and feature selection 
performed in [19].
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METHODOLOGY

The specimens were collected from a maize farm
Keningau, Sabah (N 050 20.741’, E 1160 09.484). The 
six speciesof weeds in the farm were sampled and 
transplanted in a container for image acquisition. The 
samples of the weeds are shown in Fig. 2.

Segmentation: A total of 80 images were acquired for 
each class of weeds (60 for training procedures and 20 
for external testing). Each image contains only the
weeds which are required to be identified. The original 
image size is 1024 x 768 x 3, an RGB format image is 
converted into intensity image using excessive green 
index as proposed by Meyer et al., 2008. The advantage
of using such index is to eliminate the ground image 
and reduce it to ‘0’ value. The output after processing is 
an image with green color values in intensity format 
(0,1) range. The mathematical definition of Excessive 
green index is shown in equation (1).
(Ex-G) Index as proposed Meyer et al., 1998 in [1]

                              Ex-G = 2G-R-B (1)

where R,G,B are normalized pixel value of red, green 
and blue pixels where 

,

and r,g,b are the non normalized values of RGB pixels
The excessive green intensity image is binarized as 

shown in equation 3. Figure 1 shows the original image. 
Figure  5 (b) shows  the  resulting  intensity  image after 

             (a)                          (b)                        (c) 

                (d)                     (e)                       (f)

Fig. 2: Weed species for classification, (a) Asytasia 
intrusa (b) Agerantum Conyzoides L. (c)
Hedyodis verticillata (d) Phyllanthus Urinaria
(e) Mikania Micrantha (f) Axonopus
compressus

excessive green index processing. Figure 5 (c) shows 
the resulting binarized images. Figure 6 shows the
binarized images of several weed species. The binarized 
images were later subjected to erosion and dilation 
process to eliminate the uneven edges of the profile due 
to imperfect segmentation.

(2)

Feature extraction: A total of 60 features were
considered for the recognition of the specified weed 
which are the fractal dimensions, rotation and scale 
invariant shapes. Each feature were extracted from the 
eroded and dilated binary images from the segmented 
images. These  features will be explained from section 
C to G.

Common scale, rotation and translation invariant
shape features: A total of eight shape features were 
proposed for the classification as shown from eqn. 16 to 
eqn. 21. The shape features were acquired by binarizing 
the images from the excessive green filtered images 
using threshold methods.

            Elongation = (3)

                       Solidity = (4)

          Eccentricity = (5)

            Extend = (6)

                  Compactness = (7)

               Squareness = (8)

       Convexity = (9)

          Eccentricity = (10)

          Circularity = (11)

where boundary box is the smallest rectangle that
contains the binarized image, filled area is the amount 
of pixels in the binarized image,convex area is the
polygon containing the binarized image. equivalent
diameter is the diameter of the smallest circle
containing the binarized image.
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Fractal dimensions: Fractal dimensions are parameters 
that can be applied in both 2-dimensional and 3-
dimensional shape (Sarkar and Chaudhuri, 1992).
Various works have feature the application of fractal 
dimensions for weed/ crop classification (Sollahhudin 
et al., 2010), (wu et al., 2009). A known way of
calculating fractal dimensions is using the box counting 
methods. Where N is denoted as the number as size δ
squares required to fill the specified shape, d, fractal 
dimensions is as defined in eqn 12. 

(12)

HU’s moment invariants: Moment invariants were
proposed by HU /(1962) by deriving a set of invariants 
using algebraic invarinants. Given a two dimensional 
image of size M X M with grey function f(x,y) is shown 
in eqn (13).

(13)

where p, q = 0,1,2,3………

From eqn 1, the moments translated by an amount 
(a,b) is as shown in eqn (14).

(14)

The central moment m’
pq can be computed from 

eqn 14 by substituting the a = -  and b = 

(15)

where
 and 

Normalization of the central moments, ηbq can be 
achieved by dividing with m′γ00
where

The seven invariants to scale, position  and
orientation, M1, M2, M3, M4, M5, M6, M7 are as 
shown in in eqn 16 as explained in [20]

(16)

Elliptical  fourier  descriptor: Elliptical fourier was proposed by Kuhl and Giardana in 1981 in [21] which 
function  as  a  descriptor  for  closed  bounded  shapes. Differential  chain  codes  were  applied  to the close 
boundary  before  applying  elliptical  fourier  descriptor  to  the  close  bounded  shape  of  the  weeds. The chain 
code  is  a  sequence  of  vector  of unit lengths representing the closed boundary of the binary image shape. The X 
and  Y  projection  of  the  closed  bounded image can be expressed in terms of the fourier expansion of the chain 
code in eqn 17 and 18. 

,

where xN and yN is the projection of the closed contour in the x and y axis, t is the step required to transverse 1 pixel 
along the closed contour. T is the basic period of the chain code and N is the total number of EF harmonics required 
to generate an accurate approximation of the boundary. 

(19)

For each harmonic, An, Bn, Cn, Dn are the nth set of harmonic co efficients.
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Table 2: Description of the chromosome design

Chromosome no. Type Bit length Description of representation

1 Binary 16 Shape (8bits) features/fractal (1 bit)/ Hu moments (7 bit)
2 Binary 15 Elliptical fourier descriptors (40bits)
3 Binary 15
4 Binary 10
5 Binary 4 Average pixel values for R, G, B and H (4 bits)
6 Integer n/a Alpha value
7 Integer n/a C value 

where: k =the total number of steps around the outline

n = The harmonic number 
∆x = The displacement along the x axis between point 

p and p+1
∆t = The length of the step between p and p+1
tp = Accumulated length of step segments at point p
T = Sum of legths of all steps around outline

RGB and HSI mean values: Average Hue, R, G, B 
pixel values were calculated from the pre-processed
images. The average values are calculated by
considering only the ‘set’ pixels in the binarized
images.

Support vector machine: Support vector machine
(SVM) classification classifies by constructing a
hyperplane / hyperplanes in high dimensional spaces of 
data. The SVM classifier finds a marginal line that 
defines the space between the two classes which is 
known as margin. The points on the margin are known 
as support vectors. A best hyper plane is the hyper 
plane that represents the largest separation between the 
2 classes of data. A larger margin space would enable 
higher classification rate. However, this would
compromise on the misclassification of points. A trade 
off on this can be achieved by fine tuning the C, 
parameter. SVM can be fine tune by setting the soft 
hand over coefficient, C and the alpha value (for Radial 
basis function only). Another value that can be fine tune 
is the alpha value,a which only applies if RBF kernel is 
used in the SVM

Genetic algorithm and chromosome design: Genetic 
algorithms are loosely based on the evolutionary
process of nature in selecting the fittest genes from the 
gene pool and consequently changing the species
features. This ‘Darwanian’ concept is utilized by
encoding chromosomes as seven chromosome to
represent the features, alpha value of RBF kernel and 
the soft handover coefficient of the SVM, C.). To 
obtain  optimal  recognition  in  each succesive cross 
over, a chromosome is mutated by randomly combining
the binary variable of two parent chromosome. The
chromosome  description  is  shown  in  Table 2. The 
SVM is trained with 360 features rows (60 rows from 
each  species) and tested with 120 feature rows (20 
from each species).

The random selection of features and values are 
repeated until the average values change of the
population fitness is less than 0.5 %. GA algorithm
randomly  select  and  unselect  the features by turning 
the bits ‘on’ and ‘off’ on the binary chromosome. The 
first 16 bits represents the shape features/fractal
dimensions/Hu moments. The 2nd, 3rd and 4th

chromosome represents the elliptical fourier (40 bits). 
The 5th chromosome represents the pixel average
values of R, G, B and hue value. The 6th and 7th

chromosome values are integers value of the alpha 
value and c (soft handoverconstant). The fitness
function  is  the  recognition  rates  of  the  testing  sets 
of  the  weeds (20 image feature rows of individual 
weed species, 120 images features rows. 

RESULTS

The GA optimised SVM to recognise the
individual weed species is has enabled an individual 
weed classification with 100% classification by
selection of the features for training and the tuning of 
the soft handover value-C and the alpha value RBF 
kernel applied on the SVM. The result of the
optimization and feature selection is shown in Table 2 
(Appendix). Table 2 shows the feature selection and 
fine tune values for the highest recognition rates for 
testing  sets. It  is  noteworthy  that GA does not always
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Table 4: Comparison of the with other proposed system with current works
Author Description of methods Recognition rates
Ahmed et al., 2012Recognition of several species of weeds using solidity Average-97.3%

/elongatedness/mean value of ‘r’,’b’standard deviation of Range between 87.4% to 100% for each species
‘r’ and ‘r’ and ‘b’ recognition.

Xien et al, 2010 Weed corn discrimination using SVDD on shape features- 95.59%
image complexity ratio/elongation and wavelet based feature

Wu and wen, 2009 Recognition between crop and corn. Wavelet features, fractal dimensions 94.28 %
Proposed system Recognition using combination 100 % recognition rates for 6 species of weeds.

Appendix 1

Table 2: The selected feature and values

Shape Fractal Moment Elliptical Elliptical
Recognition features dimensions invariants fourier (a) fourier (b)

Species rates (8 features) (1 feature) (7 features) (10 features) (10 features)

Weed #1-Asytasia intrusa 100% 1,3,6,8 1 2,3,4,5 2,10 2,5,9,10
Weed # 2-Phyllanthus Urinaria 100% 3,6,7,8 1 1,4,7 3,9,10 4,5,8,10
Weed #3 Hedyodis verticillata 100% 1,5,7,8 1 2,5,7, 7,8 3,4,5,7,8,10
Weed #4 Mikania Micrantha 100% 1,4 x 1,2,3,4,5,7 1,3,4,5,6 3,4,6
Weed #5-Axonopus compressus 100% 2,4,5,6 1 1,4,5,6,7, 4,10 3,5,6,8
Weed #6Agerantum Conyzoides L. 100% 2,4,5,6,7,8 x 3,4,5,7 1,8,9 3,5,6,8,9

Elliptical Elliptical
fourier (c) fourier (d) Colour

Species (10 features) (10 features) (4 features) Alpha C
Weed #1-Asytasia intrusa 2,3,4,5,6,8 1,4,5,6,7,9 1,2,4 8.638 5.088
Weed # 2-Phyllanthus Urinaria 1,6,7,10 1,6,10 3,4 9.782 7.502
Weed #3 Hedyodis verticillata 3,4,5 1,2,3,4,5,6,7,9,10 1,2,4 9.366 1.929
Weed #4 Mikania Micrantha 9 5,6,9 1,2,4 9.621 0.357
Weed #5-Axonopus compressus 3,4,5,7,8 4,7 1,3 9.372 0.772
Weed #6Agerantum Conyzoides L. 3,5,6,8,9 2,3,5,8 1,2,4 9.921 7.753

Fig. 3: Autonomous robot applying the recognition 
algorithm

give the ‘global best’ answer as they tend to converge 
on the ‘local best’ configuration. Hence, the GA was 
run for several times until the best result was achieved 
which was a 100% recognition rates. Table 4 shows the 
comparison with other existing work using similar
shape and colour features. It is noteworthy that, there is 
not standard template for sample image provided as 
weed species varies geographically. Hence, the training 

and testing images are not standardize as the species 
varies in different works.

CONCLUSION AND FUTURE WORKS

The optimal results shows that the GA fine tuning 
of classifier is feasible and will be applied to include 
other species of weeds. The current processing time is 
approximately 3-4 seconds with most of the processing 
time applied to segmentation of the vegetation from the 
soil. The current image size of 1024 x 768 x 3 is suited 
to detect the weed image at the early stage of post
emergence stage. Future works will gradually decrease 
the image processing size without degrading the
recognition rates. 

The algorithm is currently being applied to
autonomous  robots  on  indoor  environment  as 
depicted in Fig. 3 before progressing to outdoor
environment.  However,   more   work   need   to   be
done on the navigation and localization sensing before 
progressing to outdoor testing. 
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