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Abstract

Smart farming is a novel concept that makes agriculture more productive by employing up-to-
date information technologies. The most recent developments in automation and artificial
intelligence empower farmers better to monitor all procedures and exert accurate treatments
determined by machines with great precision. Farmers, experts and data scientists keep on
dealing with techniques that allow for optimizing the human labor required in farming.
Machine Learning (ML) and Deep Learning (DL) networks that do not need human
intervention while performing automatic feature extraction have a significant advantage over
previous algorithms. ML and DL allow performing continuous decision-making based on data
analysis. Nowadays these techniques have been applied in many applications of smart
agriculture such as land cover identification, crop disease detection, weeds removal, and pest
recognition. The focus of this study is to review the potential of using ML and DL techniques
in agricultural applications and focus on how they are used for smart agriculture.
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1. Introduction farming. Land cover identification, disease management

and weed management are a few examples of the

Agriculture ensures food security for the country
that’s why it is the backbone of the country. It plays a vital
role in the external trade of most of the country. In most
parts of the world, approximately 75% of people rely on
agriculture as a livelihood. Due to the boom in
population, farmers are looking for efficient ways to
increase crop production with less expense and efficient
utilization of available resources. This contributes new
implementation of digital technologies in the agriculture
field to help the farmers to make better decisions and
increase yields. Nowadays artificial intelligence
techniques are utilized to overcome various problems
and challenges in agriculture fields (Dhayabarani et al.
2018). Therefore, many researchers have focused on
intelligent systems that monitor and control agricultural
parameters by increasing productivity and efficiency.
Intelligent systems collect data for measurements and
get accurate results that can take the appropriate action.
The most common subsets of artificial intelligence,
Machine Learning (ML) and Deep Learning (DL), have a
considerable potential to handle numerous challenges in
the establishment of knowledge-based farming systems
(Benos et al. 2021). A vast range of ML and DL
applications are also existing in smart agriculture and

application of these techniques in this field. This study
aims at shedding light on ML and DL applications in
agriculture by reviewing the recent scholarly literature.
it is expected that the present study will constitute a
lucrative guide towards enhancing awareness of the
potential benefits of wusing artificial intelligence
techniques in agriculture and contributing to more
structured research on this issue.

2. General Considerations on Machine Learning
and Deep Learning

Artificial intelligence (AI) includes several tools and
algorithms to computationally imitate human
intelligence. Al might use various algorithms derived
from the subfields of ML or DL to push forward the
computerization of human experts’ tasks.

Overall, ML aims at generating informed evaluations
by detecting relationships in information employing
numerical algorithms, with these procedures presenting
the advantage of being able to computerize the method
of hypothesis construction. ML algorithms have
integrated and, in some instances, modified the
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conventional statistical methodologies (Lynch and Liston
2018).

DL is a subfield of ML enthused by the configuration
of the brain relying on the so-called artificial neural
networks (ANNs). Basically, it structures algorithms into
layers in order to create ANNSs, able to learn and take an
intelligent decision on their own (Deng and Yu 2014).

3. Machine Learning and Deep
Applications in Smart Agriculture

Learning

ML and DL could be considered as novel ways for
machines to simulate human learning activities, gain new
knowledge, continually improve performance, and
achieve unique maturity. In the past few years, these
techniques have been very successful in algorithms,
theories, and applications, combined with other
agricultural techniques to minimize crop costs and
maximize yield. ML and DL applications on agricultural
farms can be widely used in areas such as land cover
identification, disease detection, crop detection, weed
detection, soil conditions, crop quality, weather
forecasting, etc. The most prominent areas are reviewed
in more detail below.

3.1.Land Cover Identification

Land cover and crop type maps have emerged as an
area where ML and DL could be used efficiently. Several
studies used these techniques for land productivity
assessment and land cover classification. Kussul et al.
(2019) presented a workflow for developing sustainable
goals indicators assessment using high-resolution
satellite data. Persello et al. (2019) combined a full CNN
with globalization and grouping to detect field
boundaries. Zhou et al. (2019) presented a DL-based
classifier that learns time-series features of crops and
classifies parcels of land. Using these parcels, a final
classification map was produced. Zhao et al (2019)
proposed a method for rice mapping which combined a
decision tree method and a CNN model.

3.2.Diseases Management

In agriculture, it is critical to monitor the condition of
the products and to control the spread of diseases. ML
and DL techniques can be used to identify and manage
diseases in agricultural fields. ML methods further
stimulate appropriate pesticides to protect crops from
these infections and reduce labor. Such a system assists
producers by obtaining statistics and planning fertilizers,
pesticides, and irrigation accordingly. For instance, by
accurately identifying the disease and providing accurate
pesticide application and irrigation schemes, grape
visibility and volume have been increased and extreme
pesticide use reduced (Adedoja et al. 2019). Fuentes et al.
(2017) introduced a DL-based detector for recognizing
diseases and pests in tomato plants. Kerkech et al. (2018)
proposed DL approaches for vine disease detection using
vegetation indices and colorimetric spaces, applied to
images collected by UAV. A low shot learning method for
disease identification in tea leaves was proposed by Hu
et al. (2019). Coulibaly et al. (2019) suggested an

approach for the identification of mildew disease in pearl
millet, which is using transfer learning with feature
extraction. An artificial intelligence-based approach for
detecting grapevine yellows symptoms was proposed by
Cruz et al. (2019). Picon et al. (2019) proposed a deep
convolutional neural network-based approach for crop
disease classification on wheat images.

3.3.Weed Management

Ever since humans first attempted the cultivation of
plants, they have had to fight the invasion by weeds into
areas chosen for crops. Weed recognition is one of those
essential that requires digitization and automation.
Therefore, data-driven and image processing-based
techniques need to be developed. In recent years, various
studies have been carried out for the automation of the
process of identification and classification of weeds. Tang
et al. (2017) proposed a new approach that combined
CNN and K-means feature learning for weed
identification and control. The application of DL and K-
means pre-training resulted in an accuracy of
identification of 92.89%. Santos Ferreira et al. (2017)
used CNN to perform weed detection in soybean crop
images and classify them as grass and broadleaf weeds.
Moshia and Newete (2019) proposed a DL neural
network, for the automatic identification of weeds from
the main crop using row-guided robots. Bah et al. (2018)
proposed a learning method using CNN for weed
detection from images collected by UAV that
automatically performed unsupervised training dataset
collection. Kounalakis et al. (2019) combined a classifier
for weed recognition with transfer learning techniques
for DL-based feature extraction. Partel et al. (2019)
developed a smart sprayer using machine vision and
artificial intelligence. This smart sprayer distinguishes
target weeds from crops and precisely sprays the
targeted weed. Subeesh et al. (2022) investigated the
feasibility of DL-based techniques in weed identification
from RGB images of bell pepper fields.

3.4.Pest Recognition

Pest attack is one of the significant problems in the
agriculture sector that results in the degradation of crop
quality. These destructive insects, known as agricultural
pests, need to be correctly identified and treated
according to their species to minimize the damage they
cause. Recently, many developments have been made in
the agriculture sector, using ML and DL techniques to
detect and classify insects under stored grain conditions.
Cheng et al. (2017) performed pest identification via
deep residual learning in a complex background. Ding
and Taylor (2016) proposed an automatic detection
pipeline based on DL for identifying and counting pests
in images taken inside field traps. Shen et al. (2016)
exerted a deep neural network for the detection and
identification of stored-grain insects. Partel et al. (2019)
used artificial intelligence to develop an automated
vision-based system that can be utilized for monitoring
pests, such as the Asian citrus psyllid. Li et al. (2019)
proposed an effective data augmentation strategy for
CNN-based pest recognition and localization in the field.
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Kasinathan et al. (2021) presented the insect pest
detection algorithm that consists of foreground
extraction and contour identification to detect the insects
in a highly complex background. They used different
shape features for insect classification by applying ANN,
SVM, KNN, NB, and CNN models.

4. Conclusion

Due to the population growth in the world, there is a
great demand for agricultural products. That's why it is
necessary to increase the production in agriculture.
Nowadays the latest technologies such as ML and DL are
used to increase agriculture production, reduce
production costs and increase income. Applying ML
algorithms to data generated from various inputs from
farms can make the system smarter and provide
definitive information and make predictions.

The focus of the present study is to identify where ML
and DL techniques have been used for improving various
agricultural practices. Applications of these techniques in
the most prominent areas of agriculture are reviewed in
this study. It is anticipated that the present review
motivates more researchers to focus on Al topics, related
to data analysis, image analysis and computer vision,
applying it for classification or prediction in smarter
farming.
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