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In agricultural regions, the procedure of weed removal is crucial. Weed
removal in the classic way, takes longer and requires greater physical effort.
The idea is to eliminate weeds from agricultural fields automatically. The
proposed study uses a deep learning algorithm to detect weeds growing
between crops. Deep learning method also known as deep learning is used to
analyse the main properties of agricultural photographs. Weeds and crops
have been identified using the dataset. Convolutional neural network (CNN)
uses a completely attached surface with rectified linear units (RELU) to
differentiate weed and crop. It extracts features of crop using deep learning.
The CNN uses features of proceeded image to extract region of interest (ROI).
A deep learning network features are used to identify crop. In total of 1280
images are used for testing the system, and 10 images are used to find the
confidence score.
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1. INTRODUCTION

The need of food in world is increasing day by day. There is shortage of water, land, labors for the
farming. There is need to improve agriculture outcome of the farmers. The appropriate herbicides are to
required to remove weed and increase production of crop. Crop and weed need to be differentiated to remove
weed from crop with less efforts. To remove weed from crop with less efforts its correct identification is must.
Herbicides should not affect on the crop at farm. Convolutional neural network (CNN) is a technique used to
identify weed correctly. The images are captured using camera and with the help of deep learning techniques
weeds are detected. After detecting the weeds it is remove from the crop using herbicides [1]-[7].

The methods proposed in the literature for detection of weeds are either specific to a particular crop,
or the algorithms stated are not as efficient as in the proposed work [7]-[15]. The use of drones, robots is also
included in few of the papers in the literature [16]-[24]. The use of robots and drones increases the cost
overhead of the project. The proposed system is affordable and efficient as compared to the existing systems
proposed in the literature. The factors like more cost, less efficient algorithms, to remain specific for a particular
crop is the motivation behind the proposed system. The proposed system uses CNN algorithm to identify weed
from crop. The features of weed are recognized using deep learning techniques. The main features of the weed
images are identified using deep learning. The subsequent sections of this paper describes literature survey,
methodology followed by result analysis [25]-[31].

Yu et al. [1] stated herbicide utility can notably reduce herbicide statistics and weed manage fee in
turf weed. Spot showering relies upon on device imaginative and prescient-primarily based totally identifiers
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for unbiased weed manage. This work uses totally relies on correct identification of weed. Osorio et al. [2]
stated weed management is one of the important component; understanding area of concern dealing with weed
images. This paper describes strategies for weed evaluation in mild of profound studying photo dealing visible
tests with the aid of using professionals. Tiwari et al. [3] stated weeds gift within side the harvests cause a
decrease in crop creation. The weeds soak up supplements to be used for crop. So, a way needs to be find to
detect the weed and herbicide to be showered to remove from crop.

Umamaheswari et al. [4] stated people’s organization is taught approximately, the financial problems
of insecticides used for weed. There is a continuously growing hobby for meals to be met with the aid of using
agribusiness makers. To reduce the ecological problems and deal with meals security, 10T is primarily based
totally on accuracy in farming. Accuracy in agriculture reduces capital expenditure and increase quality of
product and it use. Badhan et al. [5] proposed a actual weed detection framework based on Al. A sound absed
gadget and 3-D harvest creation is used.

A motion based technique is used to create 3-D factor. The Al based version for cucumber and Onion
crop is prepared with the help of suitable dataset. Sarvini et al. [6]-described weed identification is very
essential for crops, weed is dangerous for crops. The ordinary techniques of weed identification are very time
consuming and ineffective. The tradition technique of weed detection requires lot of efforts. The Al based
techniques are more suitable and accurate for the weed detection.

Jin et al. [7] proposed any other approach in a contrary method, a detailed studying and photo coping
with innovation. In a clear way an organized CNet version changed into applied to differentiate greens and
draw bouncing packing containers round them. Thereafter, the leftover inexperienced articles are losing out of
leaping packing containers that have been taken into consideration as weeds. The version spotlights on spotting
simply the greens and therefore, attempts now are no longer to address one-of-a-kind weed species.

Asad and Bais [8] described increasing use of in farming to increase production, in different weather
conditions and the environment. To avoid detrimental effects accuracy in agriculture process is required. The
evaluation made using advanced PC imaginative and prescient strategies like profound studying calls for big
marked agribusiness information. Liu and Bruch [9] described weed area frameworks are big solutions for one
of the cutting-edge rural problems that unmechanized weeds manipulate. Weed vicinity moreover offers a
technique for reducing or taking away herbicide use, assuaging agrarian ecological and wellness sway, and in
addition growing maintainability. Le et al. [10] described a FT_BRC photo dataset (disbursed on line with
three thousand plus weed images) is changed into an accrued through a digital brought on a compact streetcar
below common-sense discipline situations from an enterprise. The results of weed are damaging for crop so
weed detection is required.

As a summary of the existing work it is observed that, in the literature either several deep
convolutional neural networks are used, or there is use of drone technology, 10T based architecture, use of
color images, use of machine learning algorithms, weed detection in only soybean crop, manual labeling of
pixels or autonomous weed control using robots. All the techniques suggested in the literature are limited, with
an increased cost overhead or are not efficient. The complete efficient and automated solution for weed
detection is not provided by any of the authors. The summary of the literature survey is given in Table 1 in
Appendix.

Weed is harmful to crop as it sucks the required nutrition from the land. The visual based identification
is a basic method of manual crop detection. The manual process needs more labor and time as well. The more
use of herbicides is dangerous for environment, health and crop. The solution is to use image processing and
deep learning techniques to detect weed correctly from crop. The proposed system describes a method of weed
identification and classification.

2. METHOD
2.1. Image acquisition

The proposed methodology is developed using a dataset of weed images. The methods extracts weed
using the tasks followed by images capture, edge identification, and image type identification. Weed images
are captured using high quality camera. The images are compared with images stored in the dataset. New
images are contentiously added in the dataset. The accuracy of the proposed system increases as the number
of records in the dataset are more.

2.2. Image pre-processing

Image processing module performs some basic processes to get required picture for processing. To
obtain accurate and clear image, the algorithm performs various operations like gray scale, conversion,
sharpening, filtering, edging, smoothing and image segmentation. The quality of image is improved in pre-
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processing phase by improving image features and reducing noise. The black and white photos are of different
shades of gray. The value of each pixel is measured of the gray scale image.

The quality of image in the form of sharpness, smoothness is improved using various tasks in the
image pre-processing. The images are made more sharp with the help of filters. Noise is minimized of the
image with the help of smoothing. Multiple algorithms are used to enhance quality and sharpness of the image
in the task of image pre-processing. The image pre-processing is the very important, required and fundamental
step in the image identification.

2.3. Image segmentation

There are set of operations included in the image recognition. The image recognition have a diversified
set of applications including number plate recognition, and CCTV surveillance. In the process of image
segmentation the actual image is translated into binary valued image using maximum valued method. The
digital image is characterized into several parts depending on the values of the each image component. The
pixels with similar values are clubbed. The values are used to identify different portion of image. In short image
characterization process is usd to extract key features of the object for future analysis.

2.4. Feature extraction

The system does further operations on the separated picture in this module. The module deals with
feature extraction to extract overall information of the weed image. The image processing, machine learning
help to classify weed images. The important features of the weed images are extracted and used for
classification based on the range of values. The main point in the image classification is to identify most
dynamic features for classification of images. The feature extraction is a key in the image processing to handle
the image for various operations like dimension reduction.

2.5. CNN algorithm

The weed detection is done using CNN algorithm. The layers of CNN like input, processing and
output does the work of weed image identification. The image denitrification further leads to image
classification. The massive developments in ultimating the distance among human and machine capabilities is
achieved using the techniques of machine learning and artificial intelligence. The CNN results are amazing in
the area of image processing and classification. The area of machine imaginative and prescient is certainly
considered one among numerous such disciplines.

The aim of this area is to allow machines to look and understand the sector within side the identical
manner that people do, and to apply that understanding for a number of responsibilities inclusive of image
recognition. The image feature extraction, creation of value vector, clarification training testing etc are the
major components comes with CNN algorithm. The image captured using high quality camera is a input for
CNN, the weights are assigned to the various factors of the image with the help of extracted features and images
are distinguished depending on the feature vector values.

2.6. Classification

In the classification section deep learning algorithm is used for actual classification on the basis of its
features. The weed identification is based on the characteristics of weed i.e. set of values. The values decides
the type of weed. The feature vector is used to identify weed using CNN algorithm. The phases of CNN like
training, testing are used for actual classification of weed. The classification and identification of weed is the
end result of this work. Figure 1 shows the block diagram of proposed system.

As shown in the Figurel the image is captured using camera, the image is pre-processed, features are
extracted and classification is done. The classification leads to the identification of image. The training of the
image is again performed using three phases. Input image, image pre-processing, feature extraction are three
stages used in the training phase. The pre-processing phase makes the image more clear all the borders are
pixel values are extracted in this phase. The values identified in the pre-processing phase are used for training
of the module.

The feature extraction phase mainly used for identification of key features of the of the images. On
the basis of key features the training and testing of the images is enriched. The training phase stores data of all
such weed images for the further identification of weed images. The more data records in the dataset increases
accuracy of the training set. The training set is used as a input for the classification of weed images. The
proposed module gives a accurate platform for weed detection as shown in the Figurel. The end result of this
module is identification of weed.

Weed detection by using image processing (Vijaykumar Bidve)
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Figure 1. Block diagram of system

3. RESULTS AND DISCUSSION

This section discusses the results obtained from proposed system. The Figure 2 gives the System user
interface of working module of weed detection software system. The Figure 2 is divided in six components.
The details of each component is described in subsequent paragraphs. Figure 2(a), shows the home page of the
system weed detection system. In the proposed system, the CNN algorithm is used for weed detection. In
Figure 2(b), registration page of the weed detection is shown. For this registration, the user can enter the
username, password, and password confirmation to register in the system. In Figure 2(c), the login page of the
weed detection system is shown. For logging in to the system, the user will have to enter the username, and
password. In Figure 2(d), the page of upload image for the detection of weed is shown. In this page, the user
can choose the input image for detection of a weed in that image. In Figure 2(e), the result of weed detection
is shown. By using the CNN classifier, the system can detect the weed accurately given in this Figure 2(e).
This system predicts the result by using the CNN classifier. The weed is not detected in the given image. The
system takes the image as an input and by using the CNN classifier algorithm, it detects whether the given
image is a weed or not. The system refers the dataset to identify the weed. In Figure 2(e), it shows that the
resulting image is not a weed. In Figure 2(f), the result of weed detection is shown. By using the CNN classifier,
the system is able to accurately detect the weed in the figure. This system predicts the result by using the CNN
classifier. The Figure 2(f), shows that the weed is detected.

As shown in Figure 3, total of 1,280 images are used for testing the system, and the system was able
to detect a weed in 1,260 of those images successfully. It means the accuracy of this system is more than 98%.
The number in a green coloured box shows the number of correctly identified weed images. Where a faint red
coloured box, shows the number of not identified images. Figure 4 shows the performance of proposed system.
Figure 4(a), gives comparison of accuracy of existing system and proposed system. The existing systems uses
weed detection techniques based on image processing only without the use of the CNN algorithm. The
proposed system has better accuracy as compared to the existing system. The confusion matrix Class1, Class2
training modules are shown in the Figure 3. In Classl, the input photos are 909, and the system achieved an
accuracy of 98.46 % and precision of 0.99 % while training the classifier with the supplied input database.
Because the 909-classifier failed to classify 8 photos as an output form of a class1, recall is reduced to 0.99 %,
and F1 score is also reduced to 0.99%. In Class2, the input photos are 391, and the system achieved an accuracy
of 98.46 % and precision of 0.97 % while training the classifier as a train with the given input database. As a
result of the 391-classifier failing to detect 12 photos as an output form of a Class 2, recall has been reduced to
0.98 %, and F1 score has been reduced to 0.97 %. It can be concluded that our system's performance is better
with 98.46% after looking at the above performance parameters.

The Figure 4(b), shows performance of the system based on the parameters accuracy, precision, recall,
and Flscore. The Figure 4(a), shows that the overall performance of the system is 97% or above for both the
classes. Figure 4(b) referees Classl and Class 2 images mentioned in the Figure 3. The accuracy, precision,
recall and F1 score measurements are calculated by the system of Class 1 and Class 2 respectively s shown in
the Figure 4(b). Table 2 gives confidence of each of the images. The score shows the accuracy of weed detection
of the system for a particular image.

In Figure 5, the confidence score of the images is shown with the help of a graph. The graph of
confidence score against images is plotted for ten images. These ten random images were taken for testing,
which were not used for training and this system was successful in identifying the weed from those images.
The results show the ability of the system to capture low level features to improve the ability to detect small
objects. Hence, the average confidence score of the system is more than 98%.
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Table 2. Confidence score of weed images

Weed images Confidence score

Image 1 98.67
Image 2 99.46
Image 3 97.54
Image 4 99.28
Image 5 94.49
Image 6 97.54
Image 7 99.67
Image 8 96.24
Image 9 98.15
Image 10 97.48
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CONCLUSION

To improve production of farmers the weed removal plays vital role. There is a need to distinguish
weed and crop. The proposed work uses CNN to extract key features of weed images. The image processing
and feature extraction using CNN is a base of the proposed work for identification of weed. Deep learning
approach is used to process captured image, assign the values to key attributes as per its features extracted. On
the basis of various valued attributes of image the weed images are distinguished and identified. The proposed
system uses CNN based approach for image characterization so the accuracy of the the system is more. The
future work of includes automation in the process of weed removal from the crop.

APPENDIX
Table 1. Summary of literature survey
sg Paper title Author Publication Remark
Weed detection in perennial ryegrass . -
1. with deep learning convolutional Yuetal. 2019 CNN Fechnlques are used in the paper for
detection of a certain type of weed.
neural network
A deep learning approach for weed . Three methods based on deep learning are
2. detection in lettuce crops using Osorio et al. 2020 L
. suggested for weed identification.
multispectral
An experimental set up for utilizing L .
3. convolutional neural network in Tiwari et al. 2019 In association with CNN drone technology and
. deep learning us used.
automated weed detection
4. Weed dgtectlon n farn_1 Crops using Umamaheswari 2018 10T systems are used for agriculture work
parallel image processing etal.
Real-time weed detection using A motion based technique is used to create 3-D
5 machine learning and stereo-vision Badhan et al. 2021 factor.
6. Perfor_mance comparison of weed Sarvini et al. 2019 Al based techniques are for the weed detection.
detection algorithms
L A weed identification from soyabin crop is done
7. W?Ed detection in soybean crops Ferreira et al. 2017 using CNN. The images of soyabin crop is used
using convnets
as a base.
Wee_d detec_tlon_ in canola f_le_lds_usmg The technique of pixel labeling with human help
maximum likelihood classification . . Lo . - L
8. . Asad and Bais 2019 is used in this work. This process is carried in
and deep convolutional neural
two parts.
network
The work means to reduce use of herbicides by
9 Wee(_i de,t’ectlor‘] for selegtlve spraying: Liu and Bruch 2020 |deqt|fy|ng the Wee(_j acc_u_rately. The health,
a review” published online environment , sustainability parameters are also
considered.
. Photo dataset is changed into an accrued
Detecting weeds from crops under through a digital brought on a compact streetcar
10.  complex field environments based on Leetal. 2021 9 g g P

faster RCNN

below common-sense discipline situations from
an enterprise.
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