
 

Abstract—This research work seeks to optimise classifiers to 

identify several types of weeds namely mixed Monocotyledon 

weeds , Agerantum Conyzoides (AGECO), Borreris Repens 

(BOIRE) and Brassica Juncea (BRSJU) for an selective automatic 

robotic sprayer. Tuning the parameters and selecting the feature for 

SVM requires extensive analysis on the features if performed 

manually. An alternative to tuning the SVM is by using Genetic 

Algorithm which enables simultaneous feature selection /weightage 

and hyper parameter selection. In this research work, two 

configurations were used which are the selected feature 

configuration which uses a selected subset of feature for 

classification and weighted features configuration which uses all 

the features with weights on the features. Both GA optimised 

configuration types were compared to a grid search followed by 

backward sequential selection optimisation. Test results showed 

that the weighted feature configuration outperformed the other 

configurations. The generated configurations showed almost 

similar performance for both GA optimised configurations which 

outperformed the sequential search/grid search optimised 

configuration. 

 

Keywords—SVM (Support Vector Machines), Genetic 

Algorithm Optimisation. 

I. INTRODUCTION 

HE concept of weed recognition is an integral element 

that could enable autonomous weeding. The concept of 

weed recognition can be achieved using various, methods 

suited to varying density of weeds. The autonomous weeding 

concepts are generally divided into selective and non-

selective weeding. The selective weeding involves 

elimination of vegetation without discriminating among the 

classes of weeds or between crops/weeds. Selective weeding 

are more complex and involves discriminating among 

weed/crops and or between weed species. Discriminating 

among the individual species of weeds is highly complex 

recognition algorithm as plants change morphologically 

throughout the maturity stage. Another apparent challenge in 

species based weed/recognition is that it is highly complex 

as compared to group recognition such as close group 
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species might appear to look almost similar and therefore 

complicating the recognition. 

1.  Most research work have focused on discriminating between 

monocotyledon /dicotyledon weeds. This is because the 

selective herbicides work by selectively eliminating either if 

the classes of weeds.  However, there exist several 

researchers that attempted species based recognition [14], 

the results showed that is possible. 

2.  One of the major concerns and challenges remains to be 

selecting the features and fine tuning the classifiers. Various 

classifiers have been reported to be used for weed 

classification which includes SVDD, SVM, ANN, KNN, 

Classification tree and etc. SVM were most often ensemble 

to function as multiclass classifiers since SVM are generally 

binary classifiers which functions to separate target from 

outlier class. SVM are also known to be difficult to optimise 

as the features and hyper parameters need to be 

simultaneously selected to produce optimised classification. 

Hence, evolutionary algorithm is a good candidate to 

simultaneously optimise the SVM. In this research, a 

sequential selection/grid search will be compared with 

Genetic algorithm optimised configurations.  

 In this research, SVM classifiers were ensemble to 

classify between 3 weed Groups which are monocotyledon, 

Agerantum Conyzoides (AGECO) and Borreris Repens 

(BOIRE) and 1 crop type Brassica Juncea (BRSJU). The 

AGECO and BOIRE species were divided into 2 variant 

groups while the BRSJU were divided into 3 variant groups 

due to their morphological features of the weeds/crops. The 

mixed monocotyledon weeds are combined into a single 

variant group.   As the weeds and crops are known to change 

their morphological features, these weeds/crops were 

sampled at an early stage of post emergence as it is known 

that at later stages, the weeds/crops will appear to have more 

variance and subsequently complicate recognition. 

Furthermore, at a more advance stage of development both 

crops/weeds would have a high possibility of overlapping.  

II. RELATED WORKS 

Various on-going research work have proposed using 
textural and shape analysis. Most research work have 
focused on distinguishing between Crop and weed [1][2] and 
distinguishing Monocotyledon–Dicotyledon weeds [3][4]. 
Currently several researchers have provided a fairly accurate 
recognition to recognize between the classes of weeds. 
However, unlike recognition of hand writing, signature  or 
pedestrians images which are able to  rely on available 
common data base,  the recognition of weeds is different in 
every research work depends on the  location of the research 
and the available weeds in   crop field. 
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 The areas of applications of weed recognition may 
differ in the types of weeds to be distinguished, 
maturity/density of weeds and the image acquisition device 
setup. For mature weeds patches, texture analysis as shown 
in [1][2][3] were  often used to distinguish between weed 
categories. For recognition of weeds in early stages of post 
emergence, shape analysis were more often applied for 
recognition. The shape analysis such as regional shape 
features [4][5], image moments and fractal dimensions [6] 
were used in various research work. Neural networks and 
SVM (Support Vector Machines) were among other 
classifier types used to distinguish between the classes of 
weeds such in [2] [3]. 

 Various features have been tested to recognize between 
individual species and classes of weeds. Among features 
tested were fractal dimensions, image moments, Elliptical 
Fourier descriptors and various region based shape 
descriptors. In our previous research [7] all the features were 
combined to recognize the individual weed species. The 
SVM were trained and optimized using Genetic Algorithm 
to select the features and to fine tune the soft hand over 
constant, C and RBF kernel parameters. In order to apply 
such huge numbers of features, an optimal feature selection 
was required. Conventional methods of fine tuning SVM 
parameters are normally not performed simultaneously with 
feature selection. Hence, a heuristic method of 
simultaneously fine tuning and feature selection was 
proposed using evolutionary algorithm (more specifically, 
using Genetic Algorithm) to ensure optimum fine tuning of 
the SVM. 

III. MATH 

3 types of weeds and 1 type of crops were studied in our 

classification application. The weeds studied are extracted 

approximately 1-4 weeks old post emergence. The target  

weeds are monocotyleon weeds (MONO), Agerantum 

Conyzoides (AGECO) and Borreris Repens (BOIRE). The 

monocotyledon were not separated into individual species 

due to difficulty in recognition and collectively labelled as 

MONO.  A total of 640 vector sets are used as training, 80 

as validation sets and 80 as testing sets. The vector sets 

consist of 68 column of feature vectors 
Various features were used for the recognition of 

specified weed which were the rotation/scale invariant 
shapes, fractal dimensions, HU‟s  moments, elliptical 
Fourier coefficients (1-10

th
 coefficient) and skeleton 

statistics (mean, variance, skewness), distance to centroid 
and colour features were considered for weed overall shape 
and leaf shape analysis. Table I shows the features vectors 
arranged for selection and training of SVM. As shown in 
Fig. 1, a total of 68 features for overall weeds shape and 62 
features for leaf shape. 

A total of nine region based 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. 
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       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. 
 

Fractal dimensions are parameters that can be applied in 
both 2-dimensional and 3-dimensional shape .Various works 
have feature the application of fractal dimensions for weed 
classification in [11]. A known way of calculating fractal 
dimensions is using the box counting methods. Where N is 
denoted as the number as size  squares required to fill the 
specified shape, d, fractal dimensions is as defined in 
Equation 11.  

                                                         (11) 

The HU s moments invariants, and Elliptical Fourier 
coefficients were explained in [11] and respectively and 
were included in the feature vector for training. The three 
skeleton statistics are mean distance between the skeleton 
line and boundary, variance of distance and skewness of the 
skeleton statistics. Similar skeleton based statistic features 
were applied in [12] producing potential results. 

The centroid to boundary features as indicate in the 
Table I where the boundary to centroid features. The 2 
features in this category are the mean values from boundary 
to centroid and the max value. The colour features are the 
mean values of the normalized R,Y,B and saturation value of 
pixels within the binarized images. As shown in the Table I, 
this features are only used in the overall weed shape analysis 
and not the segmented leaf analysis.  

Support vector machine (SVM) classification applied for 

this classification classifies by constructing a hyper plane / 

hyper planes 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. 
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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 sigma value, 

which only applies if RBF kernel is used in the SVM 

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, and value 

of RBF kernel, and the soft handover coefficient of the 

SVM, C.). To obtain optimal recognition in each successive 

cross over, a chromosome is mutated by randomly 

combining the binary variable of two parent chromosome. 

The cross over function applied was the intermediate 

cross over function where the child chromosome was 

determine by using a ratio as expressed and demonstrated in 

Equation 12. The ratio of 0.5 was applied as it was found to 

be the best to balance between „exploration‟ and 

„exploitation‟. This was determined by using a single set of 

vectors and optimized using variation ratio of 1.0 to 0.1. 

Rand is a random number generated which gives the value 

[0,1]. 
Childchromosome = parent1+rand  ratio*(parent 2-parent1) 

(12) 

The mutation function used was the „adaptive feasible‟ 
function which randomly generates direction (increase 
/decrease chromosome value) with respect to successful 
/unsuccessful generation. The population specified is 100 
individuals and the elite crossover is 3. Elite cross over 
refers to the best individuals crossing over to the next 
generation. The stopping criteria is set in which if there is no 
improvement of  0.01 over 20 generations the optimizations 
stops and excepts the best configuration in the current 
generation.  

The fitness function as expressed in Equation 13 was 
applied in the GA optimization, where WA is the weightage 
factor between achieving low RMSE in validation vector 
sets and reducing the feature numbers.  

 

 

(13) 

For feature selection configuration, GA algorithm 
randomly select and unselect the features by turning the bits 
„on‟ and „off‟ on the binary chromosome. For feature subset 
configuration, 88 vector segments were used to represent the 
feature subsets and hyper parameter. The first 68 Segments 
represent the feature subset and the subsequent 20 vector 
segments represents the SVM parameters. 

 For weighted feature configurations, 70 precision 
numbers were used to represent the feature weights and the 
hyper parameter values (68 segments to represent the 
weights and 2 subsequent segments to represent the SVM 
hyper parameter by multiplying with 100.    

 For Grid search followed by backward sequential 

search, the full feature subset (all 68 features) were used to 

select the hyper parameter. The hyper parameter pairs that 

yields the highest recognition on the validation vector sets 

will be further used as hyper parameter for backward 

sequential selection. 

 These configurations were further tested with 80 feature 

vectors and the output RMSE used as performance test for 

the configurations. The probabilistic output were acquired 

using sigmoid curve fitting proposed by Platt,1999 in [15]. 

The error RMSE of the SVM output were acquired by 

comparing with the actual results of 1for true and 0 for false 

sets. 

  
IV. RESULTS AND COMPARISONS 

The comparison between the GA optimized SVM 

configurations are shown in appendix 1. As shown, the 

fitness function uses three weightage coefficients (WA=1.00, 

0.8 and 0.5). 

As shown in appendix 1, there was no significant 

difference between the RMSE of the test vector sets between 

the feature subset configuration and weighted feature 

configuration. However, a significant improvement was 

observed when all the GA optimized configurations were 

compared over the grid search/backward sequential search 

optimization generated configurations as shown in appendix 

1. The RMSE was significantly lower with GA optimization 

with all the WA values except for one classifier which is the 

SVM classifier for the Monocotyledon classifier.  

V. CONCLUSION 

This research work seeks to investigate the design and 

comparison of several optimization SVM configuration 

particularly GA optimization and present the representation 

in the chromosome designs. The SVM classifiers were first 

optimized using wrapper feature selection method which is 

sequential search. Subsequently, the same training sets were 

used for optimization using GA in which two configuration 

were explored which is the feature selection configuration 

and the weighted feature configuration. The first method 

uses GA chromosome to select the features while the second 

method uses GA to adjust the weights to respective features. 

 All the configurations performance were  tested using 

standardized vector sets of 80 observations in which 40 

belongs to the target class and 40 belongs to the outlier 

classifier. The results show that the weighted feature SVM 

configurations optimized by GA configuration outperformed 

the sequential feature selection SVM configurations. 

 There were also no clear indication that there was any 

performance difference in the test performance by varying 

the WA except for feature reduction in the feature subsets. 

 The optimised configurations are currently continually 

refined and various GA optimizations are currently being 

tested. Optimized configurations are currently tested on 

robotic sprayer as shown in Figure 1.  

  
Fig. 1 Robotic sprayer currently being tested as robotic sprayer 

system on track herbicide. 
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Despite various optimizations performed with the reported 

configurations and other configurations/classifiers, Real time 

capture and analysis showed that there was still confusion 

between certain classes with close shapes. Continuous 

improvements are being carried out to solve this issue by 

either combine these close groups or involve more features.  
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Appendix 1: Performance Comparison of the Various Optimized Configurations 
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