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Abstract—Weeds are very annoying for farmers and also
not very good for the crops. Its existence might damage the
growth of the crops. Therefore, weed control is very
important for farmers. Farmers need to ensure their
agricultural fields are free from weeds for at least once a
week, whether they need to spray weed herbicides to their
plantation or remove it using tools or manually. The aim of
this research is to build an automated weed control system.
The system consists of motors, Raspberry pi and a camera
which we use to capture the image of the crops and weeds.
An automated image classification system has been
designed to differentiate between weeds and crops. For the
image classification method, we employ the convolutional
neural network algorithm to process the image of the
object. Deep learning is used to analyze the relevant
features from the agricultural images. The dataset is
trained for the classification of weed and crop. Therefore,
by the use of technology, farmers can reduce the amount of
workload and workforce they need to monitor their
plantation. In addition, this technology also can improve
the quality of the crops.
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l. INTRODUCTION

Agriculture is the backbone of Indian economy and village
people depend on farming. The profit of plants and vegetables
depends on the yield production. One way to get more profit is
to remove the weed from the crop. Weeds are an all too
common occurrence in lawns and gardens. While some may
be deemed useful or attractive, most types of weeds are
considered a nuisance. Weeds if not checked may compete
with other plantation crops for nutrients, space, water, soil,
and restrict their growth. Weeds play host to plant pathogens
which infect and degrade the quality of plantations. The
conventional method of eliminating weed is to spray
herbicides or by manual plucking. The manual weed removal
method is a tedious task as it needs huge labour work. Usage
of herbicides has an adverse effect on the health of living
beings and the surrounding environment. Hence, there is a
need to automate the process of weed identification and
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removal [1]. Thus we propose an approach that aims at
designing a system to classify crop and weed. For the weed
detection algorithm, the convolutional neural network is
suitable for this project because CNN is most commonly
applied to analyze visual images.

This paper focuses on detecting the weeds in the crop using
convolutional neural network and image processing. Image
acquisition is accomplished by the Camera attached to
Raspberry pi based Machine learning module. Convolutional
Neural Network is used for weed detection using image
processing. CNN model is first trained by giving sample
images of weed. This CNN model is now deployed onto
raspberry pi. Images from camera is sent to raspberry pi at
regular intervals. Each captured image is passed onto Trained
CNN model for identification of weeds. If it is weed, the area
is marked in the original image as weed. In this manner, the
weeds are cut using the cutter used in the module.

The rest of the paper is organized as follows. Proposed
convolutional neural network algorithms are explained in
section Il. Experimental results are presented in section IlI.
Concluding remarks are given in section V.

Il.  PROPOSED ALGORITHM

A.  Proposed System —

The proposed system generates the input image by capturing
the image by the Rpi camera module. The input image is
further processed by image processing to create an image of
the area of interest (plants and weeds)[2]. The region of
interest is cropped and iteratively input into a pre-trained CNN
model to distinguish and classify crops and weeds. The model
classifies the input into two categories, namely plants and
weeds. The centers of all classified weeds are calculated based
on the original reference input image. Later coordinates of the
original image are assigned to the original coordinates in the
field. Then the cutting machine moves to the appropriate
coordinates and removes weeds, and the whole operation
repeats the process.
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Fig. 1. High level design of proposed system ( The image is acquired
using image processing approach[C].)

B. Collection of Data Set of weed images—

Successful maize cultivation depends heavily on effective
weed control. Weed control during the first six to eight weeks
after planting is critical as the weeds compete heavily with the
crop for nutrients and water during this time. Annual yield
losses occur as a result of weed infestations in cultivated
crops. Crop vyield losses that are attributable to weeds vary
with type of weed, type of crop, and the environmental
conditions involved. In general, the power loss can fluctuate
between 10 and 100% depending on the extent of the weed
control practiced. Zero yield losses from weeds are seldom
experienced. Yield losses occur as a result of weeds affecting
plant growth and development. This explains why effective
weed control is essential. The prerequisite is the correct
identification of the weeds.

The dataset collected contains 224 sample images of crop
and weed seedlings. The images are grouped into 12 classes.
These classes represent common plant species in agriculture.
Each class contains RGB images that show plants at different
growth stages. The images are in various sizes and are in PNG
format.

C. Image Processing Approach—

1) Data Preparation: The image is given to the contrast
enhancement that is to multiply each pixel value by 0.9 factor.
After that, Gaussian noise is added to the image. Then, noise
is removed using a Gaussian filter. Applied the excess green
method to extract the green part of an image using equation 1.
With the help of the green part, the soil and plants are
recognized. Then it is converted into a binary image using
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otsu's thresholding. It tries to find a threshold value ‘t’ that
minimizes the weighted within-class variance[4].

Y=2G-R-B
Where R, G, B represent the color of an image.
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Where, weights WO (t) and W1 (t) are probabilities of the two
classes separated by a threshold t, 62 0(t) and o2 1(t) are
variances of these two classes, and L represents the number of
bins in histogram.
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Fig. 2. Pre-processed image

2) Feature Extraction: The shape characters are different
for different kinds of crops. Based on the shape features the
weed is differentiated from the crop[6]. Here to extract the
features, area, perimeter, Eccentricity are calculated. The area
is considered for finding the number of white pixels in a
binary image. With the help of counter features, the bounding
box is drawn to find perimeter, eccentricity. Here the
monocotyledon weed is similar to some of the crops.
Eccentricity is determined using equation 4.

Eccentricity = V (1 — (b/a)* 2) (4)
Where ‘a’ is major axis length and where ‘b’ is minor axis
length.

D. Training Convolutional Neural Network—

The convolutional neural network is the one way to do image
recognition, image classification, and detection. Four main
layers are used for classification [7][8][9]. In CNN, the trained
images and test images are given as input to the convolutional
layer. Here, the image features are extracted with the help of
the kernel matrix. The different filters are used to find edge
detection, blurring of image. Each pixel of an image is
multiplied by the filter matrix with the given stride number.
The stride is used for a number of shifts over the input matrix.
Then a ReLU function is used to introduce the Non-Linearity
of an image. It used to convert the negative value to zero for
reducing the over fitting problem. After that, a pooling layer is
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used to reduce the dimensionality of the matrix. Here, max-
pooling is used to take the largest element in the matrix to
rectify the feature map. Finally, a fully connected layer with
some activation function like sigmoid and softmax is used, to
give some probability value for an image. Based on that
probability the classification is done. In this work, the CNN is
used with a convolutional layer with ReLU function to extract
the features from an image. Max pooling is used to reduce the
size of the matrix to avoid an over-fitting problem. Finally, the
fully connected layer is used to multiply the input matrix to
the sigmoid function for the classification [5][10].
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Fig. 3. Classification model

E. Architecture of the proposed system —

Once the CNN network is trained it has to be deployed on
Raspberry pi. Training the CNN network on raspberry pi takes
a huge time since RAM is very less. Hence CNN network is
trained on laptop and then the file which contains weights of
the neural network is deployed on raspberry pi. CNN network
classifies each segment crop. If it’s a weed the segment is
marked in the original image as weed then the cutter moves to
the corresponding coordinate and defoliates the weed and the
whole operation iterates for the whole farm [3].

Weed and crop classification is used for the identification of
weed and helps to automate the weed removal process.

The system works with the uniform land, Non overlapping and
vertical alignment condition of weed and crop.
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Fig. 4. Block Diagram of the system

IIl.  EXPERIMENT AND RESULT

Python programming language is used for implementation
of this work. The experiment is run on Python 3.6 IDLE with
the help of OpenCV, Keras and Tensorflow packages. Keras
and Tensorflow is an important package to create a neural
network and help develop this framework in deep learning. The
proposed system uses CNN for identifying weeds. We have
used 12 varieties of weeds which contain 224 sample images
for training CNN network and it produced an average accuracy
of 98%.
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Fig. 5. The image of detected Black-grass weed
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Fig. 6. The image of Detected Fat Hen weed

The proposed scheme is tested using the system. From the
simulation of the experiment results, we can draw to the
conclusion that this method gives 98% accuracy.

Table 1 — Experiment Result

SI. | Images tested with the system Accuracy
?O. Black-grass (weed) 100%

2 Charlock (weed) 99%

3 Cleavers (weed) 98.9%

4 Common Chickweed (weed) 99.8%

5 Fat Hen (weed) 100%

6 Loose-Silky-bent (weed) 99%

7 Scentless Mayweed (weed) 99.9%

8 Shepherds-Purse (weed) 98.8%

9 Small-flowered-Cranesbill (weed) | 100%

Table 1 shows the obtained results for the proposed system.

IV. CONCLUSION

Weed control and detection has become one of the most
interesting domains. Preventing the use of chemicals as well
as saving money are some reasons of this trend. The proposed
system, automated Weed detection using CNN and Image
processing uses a Convolutional Neural network for detecting
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weeds. The classification of weed and crop is used to detect
the weed and remove it by using an automated cutter to
improve the productivity of the crop. CNN is used to extract
the more relevant features of an image. The future work is to
develop an automatic process.
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