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ABSTRACT Agriculture is one of the most influential sectors for human existence given the fact that all human beings depend on
food for survival. Hence there is continuous research for efficiency and effectiveness improvements in agricultural activities to
yield a quality harvest with increased volumes. Rapid advancements in technologies have paved the way for smart agriculture to
improve the agricultural process. Thus, many smart artifacts have been introduced to the agriculture field including autonomous
robots. As a result, the agricultural aspects such as soil management, seeding, harvesting and plant disease management have been
focused highly with the aim of upheaving each of these agricultural sectors. Since none of these systems are integrated with
cognitive capabilities, they cannot operate in an optimal manner by taking rational decisions as humans on contemporary issues
related to agriculture. Hence, these systems are less efficient and adaptive and become vulnerable in difficult conditions. Therefore,
integration of cognition is vital to agricultural artifacts including robots and is a research challenge. A critical literature review has
been carried out in this research to identify the existing limitations and challenges in smart agriculture and it was extensively
discussed how cognition can be integrated in this regard. A hybrid cognitive architecture has been identified as a mechanism for
integrating cognition into agricultural artifacts. Finally, the paper discusses several possible real-world applications with few case

studies and provides insights for integrating cognition into agricultural artifacts.
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I. Introduction

Cognitive computing is a widely discussed and researched
topic in Artificial Intelligence (AI) which is inspired from
human cognition [1]. Cognitive computing is considered as the
ability of computers to imitate the complex human thought
process [2]. The term cognition comes from the notion of
human cognition where human cognition is defined as the
capacity of people to employ their five senses, vision, sound,
smell, taste, and touch and respond appropriately. Moreover,
the ability of human beings for self-reliance, figuring things out
for independent, adaptive, and anticipatory actions are referred
to as cognition [3]. According to Britannica, ‘Cognition
includes all conscious and unconscious processes by which
knowledge is accumulated, such as perceiving, recognizing,
conceiving, and reasoning’ [4]. Currently, the advancements in
Artificial Intelligence have enhanced the aspects of embedding
cognition into systems. Although there exist advanced tools,
technologies, and theories in the field of computer science and
artificial intelligence, there is a gap in embedding cognition
into these artifacts [5].

The process of embedding human level cognition into hardware
or software systems to obtain human level capabilities is
referred to as artificial cognition. Cognitive neuroscience, and
development psychology etc. are the fields that contribute to

the field of artificial cognitive systems. Nevertheless,
embedding human level cognition into systems artificially is a
painstaking process since human cognition is also not yet fully
understandable and there are currently no known techniques
that can fully embed cognition into systems [6]. Furthermore,
human level thinking is not achievable yet via a system
although human knowledge can be embedded to a greater
extent. Hence it is evident that human cognitive tasks are not
fully achievable up to now and extensive research is being
carried out [7] [8] at present as this would be one of the greatest
achievements in Al, if achieved. Furthermore, psychological
science and Al fields mutually benefit each other as the studies
related to these two fields invent and uncover new theories [9].
Artificial cognition has headed its way towards many industries
and agriculture is one such prominent domain that is being
investigated.

As all living creatures completely depend on food for survival,
improving the agricultural sector is one of the utmost priorities
in the world. In the past, all agricultural activities were done
with manual systems based on the experiences of farmers.
Throughout human history, significant advances have been
made to boost agricultural productivity with fewer resources
and labor demands. With the rapid improvements in the
technology some of these manual systems were automated and
Al has been integrated [10] to boost the productivity and
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efficiency, in selected narrow segments in agriculture. In
addition, for some countries agriculture is one of the main
revenues generating sectors thus pushing the boundaries to
adopt more and smarter agricultural systems to achieve
excellence.

Some of the automated systems/robots employed in the
agriculture sector can operate autonomously in pre-defined
contexts. Yet none of these are integrated with cognitive
abilities to achieve human level expertise [11]. Among the
various Al and cognitive aspects that are being examined for
integration in smart agriculture cognitive ergonomics is one
such. Improved work efficiency, reduced human error, and
strengthening the knowledge available in how humans process
information are some significant aspects of cognitive
ergonomics that relates to smart agriculture [11].

With the identified importance of integrating cognitive aspects
to smart agricultural artifacts, this research is aimed to provide
a critical analysis on how the agricultural aspects have been
influenced with the concept of smart agriculture, the challenges
faced in adopting smart agriculture, and methods of integrating
artificial cognitive systems in smart agriculture.

To achieve this, a systematic literature review was conducted
based on the following three research questions.

RQI: How has the agriculture field been affected by the
concept of smart agriculture?

RQ2: What are the challenges faced by the smart agricultural
paradigm?

RQ3: How artificial cognitive systems can be integrated into
smart agriculture for further enhancements?

The rest of the paper is structured as follows. Section 2
describes the methodology of the research while section 3
briefly discusses different aspects in agriculture that utilize
smart techniques. The section 4 discusses the challenges to the
concept of smart agriculture while section 5 includes few
scenarios where cognition can be embedded artificially to smart
agricultural systems. Final section discusses the overall
approach taken in the paper and concludes with research
findings.

II. Methodology

To identify the existing landscape of smart agriculture a
thorough literature review was conducted. In doing so the
objectives of this research have been formulated as research
questions and were stated in the Introduction section.

This work applied a Systematic Literature Review (SLR) in
answering the formulated research questions. Searching for
literature was done using multiple databases such as
IEEEXplore, Google Scholar, Science Direct and Web of

Science. The keywords used in searching for literature in the
above databases are “Smart Agriculture”, “Artificial cognition"
AND “Agriculture”, “Cognition" AND “Agriculture”,
“Artificial cognition" AND “Smart agriculture”, “Smart
Agriculture” AND “Challenges", “Artificial Cognition” AND
“Agriculture” AND “Challenges”. The resulted literature was
further filtered based on the inclusion criteria of research being
published after 2015, ensuring latest research work. For further
filtering, literature that relates to the research questions of this
research, title, abstracts and keywords of the publications were
screened. The above stated systematic approach resulted in 47
publications that identified as most suitable publications for the
literature review to be conducted in this research.

Then as the next step, 3 Quality Assessment Criteria (QAC)
were considered to evaluate the quality of the selected 47
publications. The QAC were scored from the range of 0 to 1.

QACI: Has the study employed the established standards in
conducting the research?

QAC2: Has the study performed a literature review pertaining
to contemporary research and taken insights from them?

QAC3: Has the work been published in a refereed international
journal or in an international conference?

The above 3 QAC were fulfilled with the maximum total score
of 3 by all the 47 publications and therefore, can be proved as
suitable for the literature review work conducted in this
research.

Then, the data from those 47 publications were extracted and
interpreted in the rest of the sections of the paper. Finally, few
case studies were considered and some recommendations were
given for future research work.

III. Related work

This section comprehensively discusses the landscape of
smart systems in soil management, seeding, harvesting, and in
plant diseases.

A.  Soil Management

Soil is the crucial ingredient of agricultural operations since
most agricultural crops are grown in soil hence agriculture and
soil are inseparable. Nevertheless, due to the growth in world's
population and increased urbanization and industrialization the
agricultural land areas are shrinking [12]. Crop production
needs to be improved and soil resources need to be conserved
with a thorough understanding of diverse soil types and
conditions. Therefore, soil testing is critical in modern
agriculture to optimize productivity and protect the
environment from overuse of fertilizers [13]. A six wheeled soil
sampling mobile robot has been developed, to increase the
efficiency and productivity in agriculture [13].
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The information of soil fertilization has also been a concern of
many researchers in the field of smart agriculture. An Internet
of Things (IoT) sensor integrated smart system has been
developed in [14] for collecting information on soil and use of
fertilizer in agricultural fields. A four-wheeled agricultural
robot has been implemented to collect information about soil
and crop in open fields in [15]. This robot utilizes a touch
screen for the generation of control commands and the mobility
of the robot is achieved using six motors. Nevertheless, the
researchers have not specifically stated a procedure for the
collection of soil or crop information.

Augmented Reality (AR) concept too has been integrated into
soil sampling for efficiency and effectiveness. Wearable AR
technology has been used to direct users to identify soil
sampling spots for data collection [16]. This research employs
an algorithm to automatically decide the locations for soil
sample collection based on a soil map built from drone
photography after ploughing. This is a major step in the field
of smart agriculture where the AR concept is being utilized for
the traditional farming process. Soil salinity also has adverse
effects on the degradation of soil that inhibits the sustainable
development of the irrigated farmlands. The research work in
[17] utilizes satellite remote sensing along with soil sampling
for predicting the salinity of soil with the use of machine
learning techniques. Further the research in [17] can identify
the desired salinity level of soil based on the vegetation that
suits best for the crops.

Soil monitoring systems need to be capable of responding
quickly to adverse circumstances, such as extreme weather or
chronic drought, based on soil conditions. An autonomous soil
monitoring robot has been implemented in [18] that collects
data on soil moisture and temperature at specified points in the
field. Nevertheless, the autonomous robot is not able to act on
collected information of soil, whereas the collected data from
the field must be forwarded to the farm manager for
investigation. The research work in [19] concerns controlling
the soil condition using the ESP-NOW protocol that works in
real time to monitor the humidity of soil as well as the
temperature and humidity of the air. This autonomous robot can
both monitor the soil condition and act accordingly to water the
crops. The protocol utilized in this autonomous robot allows
the operation without connecting to Wi-Fi. The autonomous
robot developed in [20] can move to any specific location
within the field and water the plants without any human
intervention, according to a specified schedule to retain the
moisture of the soil in the field. RoSS, is a robot that can
penetrate the soil to send a sensor probe to detect the moisture
level of soil [21]. It is a low-cost robot that analyses the soil
health based on the collected samples and sends the data to a
cloud for storage thus eliminating the human dependency in
soil sampling. Further works of this research includes
integration of a GPS, camera, and a LIDAR unit.

The standard approaches to generating agricultural suggestions
such as seed spreading, watering, fertilizing, etc. can be
enhanced by sensors. For example, complex laboratory
experiments of soil testing can be overcome by integrating [oT

sensors to monitor soil conditions. Thus, more efficient
equipment can be developed using sensors for strategic on-farm
testing [22]. The use of an EM38 sensor that employs
electromagnetic induction in characterizing the soil samples
has been widely used in research related to agriculture. The
research in [23] provides further insights into the applicability
of the EM38 sensor in agricultural fields due to its ability in
evaluating soil parameters and identifying the locations for soil
sampling. According to the research [23], the EM38 sensor can
be used to assess the soil salinity, water level, soil types along
with boundaries, nutrients, N-turnover etc. that assures the
widespread usage of this sensor in agricultural fields.
Therefore, it is clearly evident that this type of sensor is much
valuable in the agricultural field to have a broader view on the
soil being concerned.

Autonomous fertilizing is another aspect considered in the field
of smart agriculture. The robot developed in the research work
in [24] can fertilize the soil autonomously and this system is
more efficient and effective because it can be used in gardens,
agricultural, and horticultural fields as well. The robot named
‘Agrobot Lala’ is one of the latest developments in smart
agriculture [25]. This robot can perform real time soil sampling
and can analyse the amount of nitrate in the soil. Satellite
images along with machine learning algorithms are used in this
research for partitioning the target agricultural fields into
representative regions where the robot is capable of
automatically sampling soil at the relevant regions. Therefore,
it reduces the number of samples collected and optimizes the
location of the soil samples that makes this research unique.

B. Seeding

Seed spreading is also an integral part of crop management
where the farmer engagement is extensive if the agricultural
area is large. The primary goal of automating the seeding
process is to make it more efficient and precise than traditional
seed sowing methods. Therefore, many researchers have
worked on seed spreading robots that upheaves the smart
agriculture concept. A seed spreading robot has been designed
to perform seeding on a predefined fixed distance in the
agricultural field [26]. Authors have indicated embedding
intelligence to pick weeds as future work.

An Agribot has been designed for the seeding process with the
use of precision agriculture concept where each crop is treated
independently [27]. Furthermore, the researchers have utilized
the concept of optimal depth and distance in the seeding task.
This Agribot can navigate easily in more compact areas using
IR sensors, which is an advantage over the existing agricultural
robots. Nevertheless, one of the main constraints of this
agricultural robot is the limited coverage area that it can
navigate due to its reliance on a DC battery. As further work,
the researchers have stated the requirement of integrating
weeding and spraying activities to make the robot usable in
multiple scenarios. The work carried out in [28] addresses the
limitations in existing seeding robots and highlights some of
the constraints that exist in real agricultural fields. This seeding
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agricultural robot incorporates a seed selector in the seeding
process with multiple other features such as keeping track of
the lanes, automatically following the path, and establishing
wireless communication with the owner in an emergency etc.
In addition, the robot is designed with DC components and is
battery operated. As future work researchers have indicated the
use of solar panels where there are electricity issues.

A four-wheel robot has been developed in [29] which can carry
out the seeding process in similar intervals based on the
parameters given. Some of the inputs are length and breadth of
the agricultural land where the seeding is to be performed, and
the seed spacing intervals. This robot has been able to increase
the number of seeding locations and to reduce the seed wastage.
As further works, it is being indicated the possibility of
integrating IOT based equipment and sophisticated
components for wheels and sensors to ensure the operation of
the robot in harsh environmental conditions, and to integrate
other agricultural tasks to the same robot.

In the recent past much focus has been paid to developing robot
communities that work towards a common goal. Mobile
Agricultural Robot Swarms (MARS) is the paradigm of smart
agriculture that explores the possibility of using multiple robots
that perform individual tasks delegated and coordinated by a
central robot system that are working towards achieving a
single goal [30]. These robot swarms use minimum sensor
technology to obtain a lower cost and efficiency in terms of
energy consumption that provides reliability and scalability.
For the seeding process, a MARS system has been used in [30],
which is a novel step towards smart agriculture.

The Agribot [31] makes use of both the sensor and vision
technologies in the seeding process for achieving the
navigation and localization tasks. The robot’s position is
identified by a Global Positioning System (GPS) with an on-
board vision mechanism. In addition, this robot consists of a
suspension mechanism to prevent the robot from toppling
while navigating in agricultural fields that makes this research
stand out from other research work. According to the authors,
this suspension system can handle bumps up to 3cm. Moreover,
the researchers propose to use the swarm technology to reduce
the sowing time.

C. Harvesting

Crop production is confronted with enormous difficulties
mainly due to reasons such as diseases, low yield, damage from
animals and natural disasters etc. Therefore, to ensure the
security of food and ecosystem, future crops must be developed
for sustainable agriculture by boosting net production while
minimizing negative environmental impacts. In the research
[32] drones were used for distinguishing between different
techniques used for ploughing in fields with the use of an RGB-
D sensor. Generally, image acquisition, analysis and reasoning
in smart agriculture is a tedious, time-consuming work in large
agricultural farms. Therefore, use of new sensors has been
indicated as further work in [32] to achieve high resolution.

Identification of crop rows is also an essential task for almost
all the activities in the agricultural sector. Both the tasks of crop
row identification and navigation between the crop rows have
been achieved successfully with the use of a clustering
algorithm in the mobile robot [33].

Crop harvesting robots are also gaining much attention in mass
scale agriculture. With the use of NI RoboRIO controller, a
harvesting robot has been implemented targeting small and
medium sized low hanging crops [34]. Since the fields are not
even, image acquisition without the background is a challenge.
The robot developed in [35] for image acquisition can be
configured remotely and provide scalable solutions to
minimize the challenges encountered in using traditional image
gathering techniques with the use of cloud computing and
wireless network technology. Harvey [36] is a robotic harvester
that aims on harvesting sweet pepper, based on vision
algorithms. The results demonstrate that better grasping
techniques lead to significantly better harvesting.

The development of an agricultural humanoid robot based on
natural human harvesting behavior has been the goal of the
research in [37]. The humanoid robot utilizes a vision-based
approach with two RGB-D sensors fixed in the head and the
hand. The humanoid robot consists of grippers to achieve the
natural human grasping in harvesting and the system has been
deployed successfully in tomato agricultural fields. A robot
integrated with a sac with constant air pressure for grasping the
fruit is deployed in tomato harvesting and shows much higher
success rate and can prevent the fruit being damaged [38]. A
rotational plucking gripper has been utilized in the research
[39] to efficiently pluck tomato that makes the gripper rotate
using an infinity rotational joint. An apple harvesting robot
implemented by the researchers in [40] can perform real-time
apple detection and picking up the apples with a success rate of
0.8.

In the recent past it has been researched to use the same
harvesting robot in multiple cultivation fields, mainly due to
economic reasons. A novel low-cost gripper [41] has been
developed using a 3D sensor for harvesting fruits and
vegetables. The gripper can detect the cutting point of the fruit
or the vegetable without affecting the flesh that makes this a
viable approach in agricultural fields.

Integrating smart agriculture into paddy cultivation is a
challenge as there is no shape or a fixed position for the paddy
harvest (Vee Karala) to capture an image in a simple manner.
Rice harvesting has been the concern of the study [42] and it
has developed an automated procedure to account for each step
in the harvesting process. This includes steps such as
loading/unloading and restarting the robot to harvest the rest
after a small break where the robot has the capability to
cooperate with the farmers in the harvesting process. Therefore,
it is apparent that the process of harvesting rice involves a
complex process that must be focused on many angles.
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Other than wide agricultural lands, the concern has also shifted
towards small agricultural areas where the environment is
cluttered and unstructured. A robot [43] has been developed to
harvest strawberries in a polytunnel that includes some
complex processes due to the environmental constraints. This
robot can successfully pick strawberries from clusters of
strawberries which makes this research stand out from other
strawberry picking systems. The algorithm named ‘obstacle-
separation path planning’ has been introduced in this research
where the robot uses a gripper to push away any exterior
obstacles to reach the goal to be picked up. In another research
a robot [44] has been developed for harvesting strawberries in
a greenhouse where it was stated that the average picking time
of a strawberry is about only 4 seconds. This fully autonomous
robot can detect ripe fruits, pick them up and place the fruits in
a box without any damage. According to the researchers, this
is a cost-effective complete solution for the scarcity of
expensive human pickers.

In addition to the vegetables and fruits to be harvested, some
researchers have focused on the greenhouse horticultural
domain as well. A mobile robot has been designed in [45] to
support harvesting flowers inside a greenhouse. The developed
robot can follow a person by 3D mapping and assist in
harvesting flowers and has been tested in a real greenhouse.

D. Plant Diseases

Plant diseases pose a serious threat to the agricultural process.
As a result, it is critical for farmers to adequately deal with
diseases and monitor them using prompt prevention methods.
Crop diseases have been generally divided into two categories:
abiotic (also known as non-infectious) and biotic (also known
as infectious) [46]. Plant production and the minimization of
both qualitative and quantitative losses in crop productivity
depend on the early and effective diagnosis and identification
of plant diseases. Optical techniques have proven effective
results in plant disease detection in early stages. Among the
optical techniques that are being used, RGB imaging,
thermography, 3D scanning, etc. are more prominent [47].
Nevertheless, according to study [48], detecting plant diseases
continues to be a challenging issue for both biotic and abiotic
categories. This study also brings out the fact that although
there are many successful attempts in detecting plant diseases,
most of them require a controlled environment for the
acquisition of data to prevent false positives. In addition, the
advancements in mechatronics and robotic systems for plant
disease management should be driven by the challenge that
diagnostic specificity poses for microorganism control.

A plant health monitoring system with an 83% accuracy level
was implemented in [49] for early detection of plant health
based on images of the crop. This system enables early
detection of malnutrition conditions and classifies the plants as
healthy or unhealthy and the system can sprinkle pesticides
accordingly. A robot operated with a mobile phone has been
developed by the researchers in [50] for the purpose of spraying
pesticides. This system comprises three units, namely, input,
spray and control processing, and output. Nevertheless, this

system is not fully autonomous since the farmer needs to
manually operate the robot functions, movements, spraying,
and stop spraying functions with the use of the mobile
interface. The autonomous robot that has been implemented by
[51] is capable of autonomously spraying pesticides and is
based on image processing for detecting plant disease. The
work done in [52] is much like the previous work, however the
concern was only towards leaf disease detection.

The leaf disease detecting robot developed in [53] is voice
controllable and can alert the user with the measures that can
be taken to address the identified disease. Another approach
taken by researchers in preventing plant diseases is removing
the unwanted part of the plant once the disease is detected. The
research work [54] focuses on the automatic detection of the
plant diseases and can cut the stem where the leaves are
affected and has reported an accuracy level of 79%. Deep
learning techniques have been applied for building models to
detect plant diseases in [55].

Furthermore, the concern on plant disease detection has also
directed towards handling multiple issues of a single plant
giving an all-in-one solution. The research [56] attempts to
address the issue of automated identification and classification
of diseases in the rice plant using machine learning and image
processing approaches. Nevertheless, it has been indicated in
the study that with the passage of time, plant diseases get more
severe and to understand the parameters that affect the
detection of plant diseases at a maturity level needs more in-
depth research. Durmus et.al, 2017 have integrated the ability
of tomato plant leaf disease detection to a robot which already
had the capability of navigating, controlling, and collecting
data [57]. The authors have utilized two deep learning
architectures namely, AlexNet and SqueezeNet in PlantVillage
dataset of tomato leaf images. As further work, it was indicated
to improve the system to extract leaves from complex
backgrounds.

All the above discussed methods and technologies in smart
agriculture have mainly focused on automating a very specific
task. Yet, none of those methods and techniques are capable
enough of embedding general cognition into any of these
systems. For example, none of the robots/systems described
earlier can adapt to changing situations such as in the absence
of a particular nutrient substituting it with a local similar
nutrient. In addition, none of the agricultural robots at existing
present can perform all the agricultural tasks on their own
without any human intervention.

IV. Challenges to smart agriculture

This section discusses the challenges and limitations in smart
agriculture in a more concise manner. The developments in
Artificial Intelligence and related fields have enabled farmers
to adopt autonomous farming technology and make use of
predictions based on past and current conditions. All these
strategies make use of numerous hardware components that
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require connectivity and electricity to operate. The challenges
to the concept of smart agriculture have been the focus of many
researchers [58], [59]. Figure 1 illustrates the challenges
identified, to smart agriculture based on the literature reviewed
in this research.

Hardware, Networking and
Signal Communication

Reliability

Power Consumption

Vet

Challenges

Awareness and

Wireless Sensors and Knowledge

IoT

Business Security Data Security

Figure 1. Challenges to Smart Agriculture

When the extent of the farming area is large, continuous
operation of these robots only with battery power is a challenge
due to high power consumption. Therefore, it is essential to
either reduce the power usage or to improve the battery life for
continuous, uninterrupted usage by these machines. Hence
there are some ongoing research works that investigate the
possibility of integrating solar power and wireless sensors to
increase the lifetime. Nevertheless, there are some challenges
such as exposure to solar energy, efficiency of the solar panel
conversion etc. With the expansion of the cultivation fields the
scalability of existing systems is a major concern without re-
engineering the whole process.

Autonomous systems in smart agriculture tend to face
numerous hardware related difficulties when in operation due
tough climatic conditions such as exposure to bad weather,
traversing uneven terrain, deliberate attacks, and harm from
animals, etc. Still there are no fully integrated systems that can
mitigate all these limitations.

Additionally, these autonomous systems face various
networking related issues especially in connecting [oT devices
dispersed in agricultural fields including device malfunctions
as well. The quality and reliability of real time data transmitted
by the IoT devices become questionable due to these network
related issues. The infrastructure in autonomous systems in
agricultural fields are highly complex and, in rural areas, in
most countries, the network communications are very slow or
not present at all. This hampers the continuous real time data
streaming and accessing essential knowledge for farming.

Nevertheless, it is understood that most of the farmers are
lacking the essential knowledge to operate in the wake of smart
agriculture. Hence there needs to be carefully designed
knowledge dissemination events to equip the farmers and
update their knowledge. Data security and maintaining

integrity of specific business processes are also crucial while
implementing such systems.

Furthermore, none of the present smart agricultural systems are
integrated with cognition where these systems can evaluate the
current internal and external conditions and reason out, adapt
to changing situations and take informed decisions over
anticipated situations. Adaption of proper cognitive
architectures in smart agriculture is yet a research challenge. In
addition to the above limitations the knowledge gap in
identifying and modelling of human level cognition is a
challenging task that limits embedding of cognition into these
smart agricultural systems. Other than the challenges identified
with the literature review conducted, authors would like to add
cultural aspects also to the list of challenges to the smart
agricultural paradigm. Still farmers in some rural areas in some
parts of the world are using traditional approaches combined
with non-scientific belief systems for farming and some are
very reluctant to embrace the change. This has posed a barrier
to the usage of smart agricultural systems in day to day
agricultural activities.

V. Integrating artificial cognition into smart
agriculture

A. Real —world scenarios

The real-world examples given next, discusses how cognition
can be integrated in smart agriculture. None of the soil sample
collecting robots can decide whether the designated place is the
most suitable place for collecting the sample. For example, if
the designated place is trampled and damaged by wild animals,
then that soil could be contaminated with animal waste. By
integrating cognition through common sense knowledge and
the ability of context-based reasoning mechanisms these
systems will be able to avoid such places that will enable
avoiding making erroneous decisions. When sprinkling water
if the system can identify the weather condition and decides
whether watering is required or not is a step forward in smart
agriculture. Additionally, if the system noted that the plants or
crops do not look healthy and if the system can decide the next
set of steps such as watering or watering with added nutrients
will yield better harvest. The process of autonomous fertilizing
can also be uplifted if the soil fertility can be predicted and
fertilized accordingly. Another agricultural process that can be
embedded with cognition is the cultivation phase where the
robot can be made to identify the relevant places in the
agricultural field to cultivate or a particular plant type in the
seeding process. Spraying pesticides can be stated as an
agricultural activity where farmers tend to be more careful, and
therefore, the full control has not been given to the agricultural
robots yet.

In Sri Lankan context, tea, rubber, and coconut are the
plantations that are widely of concern. Deploying smart
agricultural systems integrated with artificial cognition will
elevate these agricultural sectors into the next level that could
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bring much needed foreign exchange. All these three sectors
are facing a severe scarcity in finding capable human labor.

Developing autonomous cognitive systems for tea leaves
plucking will be an extreme research challenge because of
ground conditions and the difficulty of identifying the rightly
matured tea leaves for plucking. Any autonomous cognitive
system developed for the tea agricultural sector will not be only
aresearch achievement but will be a sustainable support for the
industry. Rubber agricultural sector is faced with a dearth of
skilled workers for rubber tapping. Autonomous cognitive
rubber tapping machines are a requirement of the hour which
is not fulfilled yet. The autonomous rubber tapping machines
should be capable of identifying the suitable rubber trees and
their height for tapping. Navigating among the trees and
identification of weather conditions and acting accordingly are
two aspects that need to be considered. Coconut agricultural
sector too is another area hardly hit due to scarcity of skilled
workers. Autonomous cognitive coconut plucking machines
will be an ideal solution to the problem, which is not yet
realized. The ability of the machine to identify the matured
coconut for plucking, monitoring the healthiness of the tree top
and identification and treating for any insects or diseases that
might be at the top of the tree are few cognitive aspects that
need to be considered.

Irrespective  of the agricultural sector any autonomous
cognitive machine deployed in the agricultural fields needs to
be able to assess the environmental conditions, healthiness of
the plants and requirement of fertilizer and nutrients and take
decisions accordingly.

B.  Cognitive Architectures in Smart Agriculture

Artificial cognitive systems are embedded with the ability of
learning, reasoning, and anticipation as fundamental
capabilities. Thus, these capabilities can be harnessed into
smart agriculture for developing cognitively able autonomous
systems. Furthermore, farmers will be able to deploy
autonomous farming technology and make better predictions of
the future, based on current and past conditions, reducing crop
diseases and pest invasions, by harnessing the power of
Artificial Intelligence.

Identifying the correct architecture to integrate cognition is a
much-researched area at present. Cognitivist architecture and
Emergent architecture are two possible architectures that can
be used for developing cognitive systems for smart agriculture.
A cognitivist architecture supports embedding of static
knowledge to the system where the system/robot will work
according to the predefined knowledge. Emergent architecture
concerns on learning by experience with the interactions with
the environment. The system learns and builds its own
knowledge repository. Thus, it is proposed here to use a hybrid
cognitive architecture that combines cognitivist and emergent
architectures in building autonomous cognitive systems for
smart agriculture.

The hybrid architecture will be a good approach for smart
agriculture as it allows the leverage to utilize the inherent and
integrated knowledge while accounting for emerging
situations. Thus, the system will be able to utilize the explicit
knowledge provided to the system and will be able to adjust
according to the inputs taken from the environment. This
approach facilitates integrating the basic knowledge of farmers
as well as the knowledge that is being gathered by them through
experience.

VI. Discussion and conclusion

Through this research, it was identified that the concept of
smart agriculture is strongly based on automating the routine
steps of agriculture to enhance efficiency and effectiveness.
Integration of AI and IoT have further improved and
accelerated the adaptation. Yet it was noted that no cognitive
abilities are integrated to any of these systems to a significant
extent. This was clear based on the literature review done with
respect to soil management, seeding, harvesting, and plant
diseases. Therefore, it can be stated that although there are
partially/fully automated systems in the smart agricultural
paradigm, cognitively able systems are scarcely noted in the
agricultural process. In addition, embedding cognition
completely into a system is a very complex process because
there is a knowledge gap in fully understanding how the human
cognition process works. Additionally, techniques and tools are
also not yet fully known and readily available. In addition, there
exists a wide range of challenges to the concept of smart
agriculture where the authors have broadly discussed those
challenges previously. Furthermore, to achieve the right level
of cognition, it is required to integrate the proper cognitive
architecture into systems that are deployed in smart agriculture.
Hence, a hybrid architecture is proposed which is a
combination of the cognitivist and emergent architectures. Yet
this poses a great challenge since complete knowledge on how
human cognition gained and works is not completely
understood at present. Nevertheless, the authors highly urge the
need of concerning actual requirements when developing fully
autonomous cognitive systems since identifying the real need
of farmers will drive the implemented system to a success.
Moreover, the research gap in how humans process information
with the use of their conscious mental processes and the
knowledge in embedding cognition artificially to systems is a
research challenge at present. Nevertheless, research in both
cognitive computing and smart agriculture will further enhance
the cognitive facet of smart agriculture in future.
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