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Abstract 
 
Weed detection in paddy fields using robotic vision is still a challenging task. The main reason for this being lack of dataset. In this re-
search work, the creation of paddy crop and weeds image dataset has been described. The images were acquired using a digital camera 
under natu-ral lighting conditions. For every image in the dataset, its annotated image was created using manual annotation. Annotation 

was carried out after plant segmentation from the soil background. Dataset consists of 300 images. In addition, classification of paddy 
crop and two types of weeds namely, sedges and grass-type weeds has been done using only color features. Usually, crop and weed dis-
crimination is done using texture, shape and color features. However, using all three features may result in a computationally intensive 
system. Color features are extracted using a novel approach based on Speeded-up Robust Features (SURF). Random Forest, K-Nearest 
Neighbors (K-NN) and Least Squares Support Vector Machine (LSSVM) classifiers have been used for the classification of the paddy 
crop and two types of weeds. An accuracy around 86% was obtained by all the classifiers. This indicates color features can be relied 
upon in discrimination between paddy crop and sedges and grass-type weeds. 
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1. Introduction 

Lately, there is a big difference in the way the agronomists and 
farmers can gather and analyze data because of the advances in the 
technology. Automated livestock management, precision weed 

control and measurement of phenotypic characteristics of the 
plants and crops all allow us in attaining good yield and profit 
with less input. The main concept behind these systems is Com-
puter Vision (CV). Computer Vision is defined as the process of 
analyzing images and videos automatically to obtain meaningful 
inference or measurements without human intervention. This is 
one of the latest technologies that are being used in precision agri-
culture. Precision Agriculture is defined as ‘art and science of 

enhancing crop production using latest technology’ [1]. Since 
many years, technology being used in agriculture such as mechan-
ical harvester, various sensor networks to know about the current 
environmental condition and to predict environmental changes 
that may happen in near future. One of the reasons for using com-
puter vision in agriculture is to eliminate the extensive use of 
chemical herbicides and to favor the development of 
environmentally friendly and non-chemical methodologies. In a 
few decades, it is predicted that most of the manual farming 

chores will be replaced by robotic farming, which will be based on 
the computer vision techniques to do the things like preparing the 
land for cultivation, weed control, monitoring and harvesting [2].  
Weeds are unwanted plants growing amongst crops. Weeds com-
pete with the crops for nutrients, water and sunlight thus can cause 
low yield. India is second largest in the farm output but the yield 
is very low and one of the main reasons for this is due to weeds 
[3]. Weed management is very poor India especially in coastal 

Karnataka state region of India because of non-availability of 

labors. In addition, weeds are mainly controlled in India by chem-
ical or mechanical weeder. Overuse use chemical herbicide leads 
to contamination of groundwater. Many farmers in India lack the 

knowledge of site-specific treatment. That is, for a particular weed, 
suitable herbicide in right amount has to be used otherwise, it 
leads herbicide-resistant weeds. Both mechanical and chemical 
ways of controlling weeds take into account the general condition 
of the field without considering the spatial or temporal changes 
that can occur at minute-level. Therefore, this is the best time to 
harness the power of computer vision technology for precision 
weed management. Use of technology for weed management not 

only reduces labor problem but also gives way for chemical-free 
farming and helping in increasing the yield and reducing loss. 
India is most populous country next to China. Therefore, India has 
to use technology in agriculture to increase food production and 
hence meet growing food demand. According to [4], in future 
many of tasks in agriculture will be automated using computer 
vision or robotic vision technology. Common agricultural tasks 
like land preparation, sowing, weeding… etc. will be carried out 

by agricultural robots operating under computer vision technology. 
Even weed detection and removal will be automated with the help 
of computer vision as shown in fig. 1. These field robots have 
camera sensors, which will take images of the field, and images 
will be processed using advanced image processing techniques, 
which will help robots to take the appropriate action such as weed 
removal if detected. Also by flying drone on the field, images of 
the field can be captured. These images can be processed using 
advanced image processing techniques or computer vision tech-

niques, which will help in identifying the weeds, so that specific 
type of treatment can be given in controlling or eradicating the 
weeds.  
 

http://creativecommons.org/licenses/by/3.0/
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Fig. 1: Showing Future of the Agriculture. Weed Robots Removing Weeds 

[4]. 

 
Robotic Vision approaches to detect or to classify crop and weeds, 
which can be called as robotic weeding usually use shape, color 
and texture feature to discriminate crop and weeds. Many research 

works have been carried out which are based on these features to 
discriminate between crop and weeds. In [5], carrot crop, and 
weed image dataset have been created and using sliding window 
approach for feature extraction, crop and weed is discriminated 
using Random forest classifier. In [6], color features, size-
dependent object descriptors, size independent shape features, and 
moment features have been used to discriminate between crop and 
weeds. In [7], corn crop and weeds were discriminated using a 

model built with normalized difference vegetation index (NDVI), 
shape index like area, length and texture index like entropy. In [8], 
to discriminate between crop and weed, shape, color and texture 
features are combined to form a common feature space. In [9], a 
classification algorithm was developed for Cabbage and Carrot 
crops and weeds. Eight morphological and color features are com-
bined to create a joint feature space and for each object. Then 
feature selection is used to determine which the features suitable 

for discriminating weeds and crops are. The fuzzy logic based 
membership function is used for classification. In [10], texture 
features based on curvelet transform and Tamura texture feature 
were used in discriminating crop and weeds. In [11], the weed and 
crop were discriminated using texture feature extracted using color 
co-occurrence method. In [12], a review is made of the crop and 
weed segmentation. The paper very well gives the information 
about various techniques that have been used in segmenting weed 

and crops in the previously published works that have been carried 
out. In [13], Gabor filter was used get the texture features to dis-
criminate between wheat crop and weeds like Bidens and Lolium. 
Here only Gabor filter was used get the texture information and 
accuracy obtained was in the range of 80’s and 70’s. In addition, 
false alarm rate was also quite high. In [14], the texture features 
like contrast, energy etc. and 11 shape features was extracted in 
order to classify individual weed leaves. In [15], texture features 
were extracted using gray-level co-occurrence matrix for leaf 

recognition for weed identification. Individual weed leaves of 
different types were taken and their features were extracted for 
weed identification. Weed-crop discrimination is nothing but dif-
ferentiating two different types of plants. In [16], the images ac-
quired using Unmanned Arial Vehicle (UAV) are analyzed for 
weed types, crop spatial distribution, and weed-crop ratio. Using 
visual features and geometrical features are extracted from the 
vegetation segmentation from the background. Random Forest 

classifier was used to classify the vegetation into crop and weed. 
The dataset consisted of sugar beet plants and the commonly 
available weeds on the fields of Germany and Switzerland. In [17], 
plants are differentiated using shape, color and texture features 
based on contrast, regularity, energy etc. In many studies, a 
combination of features based on shape, color, and texture has 
been done. In [18], many features like region-based features, con-
tour-based features, and skeletal-based features are used for the 

identification of weed species for precision agriculture for site-
specific treatment. [19] reviews the various approaches used for 
the automation of weed detection for site-specific treatment. Pro-
vides a good insight what has been done and what can be explored 

in the automation of weed detection using sensor technology and 
image-based methods.  
Using shape features is not recommended by [20], because of the 
various reasons. First being leaves may overlap, secondly, leaves 
may move because of wind resulting in unclear boundaries. In 
addition to this, leaf structure/shape may vary significantly at dif-
ferent stages. This leads to having a large database of images cap-
tured at every stage of the crop. Moreover, some weeds exactly 

have the same shape as the crop. These factors also negatively 
affect texture analysis. Also, texture analysis is a time-consuming 
approach. Therefore, in these situations, color approaches place a 
few constraints when compared to shape and texture features. In 
literature, only a few research works have been carried out which 
concentrates on only color features for crop and weed discrimina-
tion. In [21], weed and crop discrimination are done using the 
color feature. HIS based Color co-occurrence matrix(CCM) is 

used to extract Entropy(E), Inertia quadrature (IQ), Inverse differ-
ence moment or local homogeneity (IDM) and Angular second 
moment (ASM). The accuracy of 78% is achieved with the 
Artificial neural network (ANN). In [22], classification of weed 
species has been done using HSI based CCM and discriminant 
analysis is used to discriminate between six types of weed species. 
In [23], discrimination between crop and weeds has been done 
using a blob coloring analysis based on region-based segmentation. 

According to [24], color features significantly improves classifica-
tion accuracy. In this study discrimination between cabbage crop 
and weeds and carrot, the crop is done using morphological and 
color features. In [25], using four types of relative color indices of 
RGB gray levels, weeds were detected.  

1.1. Objectives of the study 

The main objectives of this study were as follows: 

1) To create digital image dataset of paddy crop and weeds. 
2) To extract color features of paddy crop and weeds using a 

novel approach based on SURF points. 
3) To use classification techniques to classify crop and weeds 

and analyze their performance. 

2. Materials and methods 

2.1. Data collection 

2.1.1. Image acquisition 

 A digital camera (Canon Powers hot SD3500 IS) was used to 
acquire images from paddy fields around Manipal, Karnataka 
State, India. Images were acquired under natural variable lighting 
conditions with the camera fixed at different heights. The pictures 
were shot randomly from different locations during July 2016 to 
August 2016 and July 2017 to August 2017. The weeds and crop 

of varying canopy size were selected for acquisition so as to in-
crease the difficulty of identification. The images were stored in 
RGB color space with a resolution of 3456 X 2592 in JPG format. 
The MATLAB R2017a was used to process the images. While 
working with MATLAB images were resized to 1296 X 966. The 
Dataset consists of 300 images. To the best knowledge of the au-
thors, this is the first Paddy crop and Weed image dataset.  
 

(A) 
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Fig. 2: A) and B) Showing Paddy Fields Images. 

 

The images acquired from the field presented a variety of chal-
lenges due to the complex background. Since the paddy fields 
require standing water problems such as reflections, shadows of 
plants and other objects near the fields result. In this research work, 
background subtraction is done using YCbCr color space as 
shown in the fig. 3. 
 

 
Fig. 3: Showing Steps Involved in Soil Background Subtraction. 

 
(A) 

 
 

(B) 

 
Fig. 4: A) & B) Showing before and after Soil Background Removal Re-

spectively. 

2.1.2. Crop and weed annotations 

 After green extraction, the images were annotated using GNU 

image manipulation software (GIMP) [26]. The plants which after 
the green extraction which resulted in too thin plant objects were 
labeled with black color in order to make it background. Also, the 

plants which heavily occluded or has heavy overlap and that can-
not be identified as crop or weed are left out from the annotations. 
The crop was labeled with green color polygons and weeds are 
labeled with two colors other than green color. The most common 
types of weeds in paddy fields are grass-type weed and sedges 
weed. These weeds have their own unique characteristics. Grass-
type weeds are represented by red color and all sedges by light 
blue color. The dataset contains the original images, images after 

background removal in JPG format and annotated images in JPG 
format and annotated images in GIMP image format. The dataset 
creation mainly for the purpose of segmenting crops and weeds 
and identification of weeds. Therefore, dataset consists of a 
variety of images ranging from instances of simple images to im-
ages with overlapping, containing both types of weeds. Also, it 
consists of crop and weeds with varying canopy size. This particu-
lar dataset throws many challenges since it is captured under natu-

ral variable conditions and different types of plants growing close 
together. Also, it gives us much information about crops and 
weeds. The individual plant information like leaf count, growth 
stage and other information that may be useful to agronomists can 
be obtained.  
 

(A) 

 
 

(B) 

 
 

(C) 

 
 

(D) 

 
Fig. 5: A) and C) Shows Original Images, B), and D) Its Annotated Image 

after Green Plant Segmentation. 
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2.2. Methodology 

2.2.1. Color feature extraction 

The images with only one type of plant are obtained by using col-
or-based segmentation from the annotated images as shown in the 
fig.6. This segmentation step helps in extraction of relevant fea-
tures by focusing on the only one type of plant (that is crop, grass 
or sedges).  
 

 
Fig. 6: Showing Steps Involved in the Extraction of Only One Type of 

Plant from Annotated Image. 

 
(A) 

 
 

(B) 

 

 
(C) 

 
Fig. 7: A) B) and C) Shows Original Image, Its Annotated Image and an 

Image Containing Only One Type of Plant (Sedges) Respectively. 

 
After obtaining an image with only one type of plant, the 
connected component algorithm [27] is used to get the connected 

components. Speeded-up Robust Feature (SURF) [28] is an inter-
est point detector. Based on the approximation of Hessian matrix 
determinant, interest points are detected. Then, a window is creat-
ed around each point and is divided into 16 sub-regions and 4 
Haar wavelets responses are calculated from each sub-region us-
ing the integral images. This results in SURF descriptors in a vec-
tor. SURF points are detected on each connected components. 
From the preceding, step SURF points are obtained. Each SURF 

point is taken and a window of 65X65 is created with the point as 
center according to the equation 1. 
 

𝑆(𝑝) = {𝑊(𝑠, 𝑡) ∈ 𝑀2/ 𝑠 ∈ (𝑥 −
𝑁

2
, 𝑥 +

𝑁

2
)  𝑎𝑛𝑑 𝑡 ∈ (𝑦 −

𝑁

2
, 𝑦 +

𝑁

2
)}                                                                                                (1) 

 
Where (x, y) are coordinates of a SURF point p and (s, t) are the 
coordinates of the neighborhood pixels of pixel p, N=64. 
 This window is converted into YCbCr color space. The reason for 
converting the window to YCbCr color space is that it is robust to 
illumination variations since the luminance or Y component is 
separated from two Chroma components Cb and Cr. Features like 

mean, minimum value, maximum value, standard deviation, 
skewness, and kurtosis are extracted from Cb and Cr component. 
These features are used to train the classifiers. Connected compo-
nents less than 5000 pixels are not considered. The idea is to get 
details of a 65X65 region assuming that it may contain a small 
young plant or part of the plant. The color of a young plant varies 
when compared to the color of grown-up plant of the same type. 
This novel approach is summarized in the following pseudocode.  

Pseudocode for Color Feature Extraction  
Input: Read an image I consisting of only one type of plant 
Find connected components in the inputted image I 
For each connected component of size greater than 5000 pixels 
Find SURF points on it 
For each SURF point  
Create a window W of size 65X65 with the SURF point as the 
center 

Convert W to YCbCr color space 
Compute Statistical features like mean, maximum, minimum, 
standard deviation, skewness and Kurtosis of Cb component and 
Cr component 
Store these values in Feature Vector F(v) 
End For 
End For 
Output: F (v) 

2.2.2. Classification 

Classification can be defined as a process of assigning classes to 
the given information. The tasks like identifying a given object in 
the image, classifying a given object in an image etc. involve a 
thorough understanding of perceived information. Using this un-
derstanding, presented information is assigned a class. A classifier 
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is a computer agent which performs this type of classification. 
These classifiers are divided into two broad categories namely 
supervised and unsupervised. Supervised techniques learn with the 
help of training data. That is, they will have some prior knowledge. 
But unsupervised techniques are not based on prior knowledge. In 
this research work, K-NN, Random Forest, and LS-SVM classifier 
are used to check whether the result is consistent with all the clas-
sifiers.  

2.2.3. K-NN classifier 

 The K-NN classifier is a supervised classifier, which is very sim-
ple and has been used by the data scientists from 1950’s to per-
form pattern classification. K-NN classifier predicts the class of an 
object by finding the nearest neighbor. The closest neighbor is 
found by using distance measures such as Euclidean distance, 
which is most popular and frequently used.  
Let (Ai, Ci) where i=1, 2, 3, 4, n data points. Ai denotes feature 

values and Ci denotes the class to which each Ai belongs. Let us 
assume Ci ϵ {1, 2, 3... C} for values of i. Now, consider a point A 
whose class is not known. To find out its class using K-NN classi-
fier, the steps are given as follows 

1) Let d (A, Ai) where i=1, 2, 3,…, n. ‘d’ denotes the distance 
between the points A and Ai. As a distance measure Euclid-
ean, Minkowski, Spearman and many others can be used. In 
this study, Minkowski distance has been used as a distance 

measure. Consider a vector x (x1, x2,…,xn) of length n and 
another vector y (y1 ,y2,…, yn) having length n, then the 
Minkowski distance between vector xs and yt is given by  

 

𝑀𝑖𝑛𝑘𝑜𝑤𝑠𝑘𝑖𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑑 = √∑ |𝑥𝑠𝑗 + 𝑦𝑡𝑗|
𝑝𝑛

𝑗=1

𝑝

                           (2) 

 
2) The distance d is then sorted according to the ascending or-

der 
3) Assign a positive integer to K and pick the first K-distances 

obtained in step 2.  
4) Find those K-points from the K-distances and determine 

their class.  
5) The majority measure will be used to assign the class to A.  

Choosing the value of K is a most important part. Too small value 
of K will result in overfitting problem and too large value for K 
would result in increased cost of computation. So, normally K will 
be equal to n1/2. Cross-Validation can be used to optimize the re-
sult. The value of K is varied and one, which gives good accuracy, 
can be considered as optimal.  

2.2.4. Random forest classifier 

The tree-based supervised learning algorithm is considered to be 

one of the best as it provides high accuracy and maps the non-
linear relationships effectively. Random Forest [29] is most popu-
lar method among data scientists as it can perform both classifica-
tion and regression. It also performs well in handling outliers, 
filling missing values and other essential issues in data analytics. 
It comes under ensemble learning model wherein a group of weak 
learners comes together to form a strong model. In Random Forest 
multiple trees are built. If the classification of objects is based on 
features, multiple trees are built. Each tree gives a classification. 

The forest goes with the majority vote. The following points 
summarize the steps involved in Random Forest classifier as fol-
lows 

1) First randomly m features are chosen from M features 
where m<M. 

2) Using these m features build a node b which will be a root 
node using the best feature among m features. This is called 
as best split approach. 

3) Make node b to have child nodes by using same best split 
approach.  

4) Repeat the steps from one to three until ‘p’ numbers of 
nodes have been reached. 

5) Repeat the steps from 1 to 4 until ‘n’ trees have been built.  
6) Test Features are now taken and rules of each tree are ap-

plied to predict the class. 
7) Final prediction is done by considering the majority vote in 

the forest. 

2.2.5. LSSVM 

SVM was improved to provide a solution to multi-class classifica-
tion problem. Given a training set of N points {xk, yk} where k=1, 

2, 3… N, xk ∈ℝn is the k-th input data point and yk ∈{-1, +1} the 

corresponding class label, then LSSVM [30] takes the form  
 

                                                  (3) 

 
Where αk are called support values and b is a constant and are the 
solution to the linear system in contrast with standard SVM which 
is a quadratic. K is positive definite kernel and can be linear SVM 
given by  
 

𝐾(𝑥, 𝑥𝑘) = 𝑥𝑘
𝑇  𝑥                                                                           (4) 

 
It can be polynomial SVM of degree d given by 
 

𝐾(𝑥, 𝑥𝑘 ) = (𝑥𝑘 
𝑇 𝑥 + 𝑐) 𝑑                                                              (5) 

 
It can be an RBF (Radial Basis Function) and is given by  
 

                                                  (6) 

3. Evaluation method 

The evaluation of K-NN and Random Forest classifiers in classi-
fying the weeds is done quantitatively using Confusion Matrix. 
The confusion matrix [31], gives us a summary of the prediction 
done on a classification problem. The number of correct and not 
correct predictions are presented with a count value and separated 

by each class in the confusion matrix. This is shown in table num-
ber 3. This essentially tells us how the classification model is con-
fused while making the predictions.  
 

Table 1: Confusion Matrix 

Actual class Predicted class 

  Positive  Negative 

Positive  True Positive(TP) False Negative(FN) 

Negative False Positive(FP) True Negative(TN) 

 
Table 1 shows confusion matrix for binary classification problem 
or when we have two-class classification problem. If the classifier 
outcome is the positive and actual case is also positive, then we 
have a true positive. If classifier outcome is the negative but actual 

case is positive, then we have a false negative. If classifier out-
come is the negative and actual case is also negative, then we have 
a true negative. If the classifier outcome is positive but the actual 
case is negative, then we have a false positive. The table 2. shows 
evaluation parameters for the confusion matrix for a binary classi-
fication problem.  
 
Table 2: Shows Evaluation Parameters for Confusion Matrix as Based on 

the Table No. 1 

Evaluation 

Parameter 
Formula Describes  

Accuracy (TP+TN)/TP+TN+FP+FN 
The ability of the classifier 

to correctly label the class 

Recall or 

Sensitivity 
TP/(TP+FN) 

Compares positives with 

ones that should have been 

positives. 

Precision  TP/(TP+FP) 

Gives us how many of the 

positively predicted were 

indeed positives 

Specificity  TN/(FP+TN) 
How effective a classifier in 

identifying the negatives 
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F1-score 
(2*TP) / (2*TP) + FP + FN 

 

Relates the real positives 

with those given by classifi-

er 

 

Table 3: Shows Confusion Matrix for Multi-Class Classification Problem 

Actual Class Predicted Class 

 Paddy Weed1(Grass)  Weed2(Sedges) 

Paddy Count1 Count2 Count3 

Weed1(Grass) Count1 Count2  Count3  

Weed2(Sedges) Count1 Count2 Count3 

 
In the table 3., which shows the multi-class confusion matrix, the 

diagonal element gives you the true positives of respective classes. 
Here we have three-class confusion matrix. According to [32], to 
evaluate the performance of the classifier in multi-class classifica-
tion case, for each separate class Ci, the TPi, TNi, FPi, FNi, 
Accuracyi, Recalli, and Specificityi can be calculated from the 
counts, counti from each class Ci. The performance of the classifi-
er is calculated two ways one using macro-averaging and another 
micro-averaging. In case of macro-averaging, an evaluation pa-

rameter is the average of the same parameter but in case of the 
micro-averaging cumulative sum of counts to get the cumulative 
values of TP, TN, FP, and FN are obtained and then evaluation 
parameters are calculated. In this study, macro-averaging is used 
since this will make all classes treated equally whereas micro-
averaging helps bigger classes. The calculation of evaluation pa-
rameters for multi-class classification is as shown in table 4. 
 
Table 4: Showing Evaluation Parameters for Multi-Class Classification 

Problem. L Is Number of Classes 

Evaluation 

Parameter 
Formula Describes 

Accuracy 
∑

𝑇𝑃𝑖 +𝑇𝑁𝑖
𝑇𝑃𝑖+𝑇𝑁𝑖+𝐹𝑃𝑖+𝐹𝑁𝑖

𝑙
𝑖

𝑙
  

Average per class effec-

tiveness of the classifier 

Recall o 
∑

𝑇𝑃𝑖
(𝑇𝑃𝑖+𝐹𝑁𝑖)

𝑙
𝑖

𝑙
  

An average per-class 

effectiveness of a classifi-

er to identify class labels 

Precision 
∑

𝑇𝑃𝑖
(𝑇𝑃𝑖+𝐹𝑃𝑖)

𝑙
𝑖

𝑙
  

An average per-class 

agreement of the data 

class labels with those of a 

classifiers 

Error Rate 
∑

𝐹𝑃𝑖+𝐹𝑁𝑖
(𝐹𝑁𝑖+𝑇𝑁𝑖+𝐹𝑃𝑖+𝑇𝑃𝑖)

𝑙
𝑖

𝑙
  

Average per-class classifi-

cation error 

F1-score 
∑ 2∗𝑇𝑃𝑖/(2∗𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖)𝑙

𝑖

𝑙
  

 

Relates the real positives 

with those given by classi-

fier based on per-class 

average 

4. Results and discussions 

The extracted features were used to train K-NN, Random Forest, 
and LSSVM classifiers. All the classifiers were trained with the 
same data. The classifiers are trained to identify one species of 

plant among other plants and it does not matter if it is crop or 
weed. Once trained, images can be processed and test features can 
be extracted and given to classifiers for classification. The fig. 8. 
is showing the result obtained by K-NN classifiers, fig. 9. is show-
ing the result obtained by Random Forest classifier, fig. 10. is 
showing the result obtained by LSSVM classifier Results obtained 
by the three classifiers are very similar. This consistent result 
shows that color features are enough to discriminate and classify 

paddy crop and sedges and grass-type weeds. Weeds in paddy 
fields can be broadly categorized as grass-type weed sedges and 
broad-leaved weed. However, if more than two types of weeds are 
found, then the proposed method is not enough for the discrimina-
tion of the crop and weeds. In this scenario, some more features 
are required for the discrimination. It is very uncommon to find 
more than two species of above said weeds together in the same 
field. If there are more than two types of weed, then it would be 

better to use multi-classifier system wherein each classifier may 
be trained with different features.  

 
Fig. 8: Shows The Result Obtained by the K-NN Classifier. 

 

 
Fig. 9: Shows The Result Obtained by the Random Forest Classifier. 

 

 
Fig. 10: Shows the Result Obtained by the LSSVM Classifier. 

 
Even though it is difficult to compare the result of this study with 
other published work in the literature because each research work 
has been carried out for different crop under different field condi-
tions, different lab conditions and boundary conditions, this re-
search work showed that color features can be an important pa-

rameter in classification crop and weed. Color features can be 
considered in cases where crop and weed have similar shape fea-
tures. Here, in this study, paddy crop and grass-type weed and 
sedges have similar shape features but slightly vary in color. In 
addition, the color feature extraction is based on YCbCr color 
space and thus makes robust to illumination variation. Therefore, 
taking color as discrimination criterion helped in classifying paddy 
crop and sedges and grass-type weed with very good accuracy. 

5. Comparative analysis 

There are no publicly available datasets for paddy crop and weeds. 
Therefore, dataset prepared by [5] is used for the comparative 
analysis of the proposed method. This dataset consists of carrot 
crop and weed. The result of using the proposed method on this 

dataset is as shown in the following fig. no. 11. Using the pro-
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posed method, carrot crop and weed is discriminated with higher 
accuracy of 91% when compared accuracy obtained in [5].  

 
Fig. 11: Shows the Result of Carrot Crop and Weed Classification. 

 

This shows that proposed method of extracting color features in-
deed gives a good result. This is due to the extracting of features 
around SURF point. This helps us getting enough information 
needed for discrimination of plant types. However, if there are 
more than two types weeds are found, then this method is not 
sufficient for the discrimination of the crop and weeds. In this 
scenario, some more features need to be extracted for the discrim-
ination crop and weed.  

6. Conclusion 

In this research work, the creation of paddy crop and weed image 
dataset is explained for robotic vision applications in agriculture. 
Paddy crop and weeds such as sedges and grass-type weeds are 
classified using only color features. An accuracy of 86% is ob-

tained. Compared to other published research work, the paddy 
crop and weed classification system presented in this research 
work is simple and is based on only color features which are ro-
bust to illumination variation, still achieving very good accuracy. 
Three classifiers were trained with the color features. The perfor-
mance of the classifiers was evaluated based on confusion matrix. 
All the classifiers gave over 86% accuracy. This indicates that 
color feature is an important feature and is enough to discriminate 
paddy crop and sedges and grass type weed. Also, this system is 

not computationally intensive. As a part of future work, the novel 
approach of color feature extraction is used for other crop and 
weed discrimination and analyze the results. In addition, multi-
classifier system will be built to classify the three broad categories 
of the weed found in paddy field, namely grass-type weed, sedges 
and broad-leaved weed.  
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