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Abstract – This study examines the integration of artificial intelligence (AI) and the Internet of Things (IoT) in smart 
farming through a systematic literature review. This research focuses on the application of AI, the AIoT 
architecture, the datasets used, and the problems solved by this technology. The main problems faced are the 
complexity of technology integration and the limitations of infrastructure in implementation in the field. The 
purpose of the research is to provide a comprehensive understanding of the advancements and challenges of AIoT 
technology in the agricultural sector. The method used follows the guidance of Kitchenham (2007) by reviewing 
the latest relevant literature. The results show that AIoT has great potential in improving the efficiency and 
sustainability of the agricultural sector through efficient data management and data- driven decision-making. 
However, the success of the implementation of this technology is highly dependent on the availability of quality 
datasets and the adaptability of the technology at scale. This research provides practical recommendations for the 
development and application of AIoT in various smart agriculture scenarios in the future. 

 
Keywords: Artificial intelligence, IoT, smart farming, AIoT, systematic literature review, agricultural sustainability 

 
INTRODUCTION 

Agriculture is an important sector in supporting 

global food security. In recent decades, pressure on 

the sector has increased due to population growth, 

climate change, and limited natural resources. 

Artificial intelligence (AI)-based technologies and 

the Internet of Things (IoT) offer innovative 

solutions to address these challenges. Both enable 

data- driven agricultural management with high 

efficiency and better accuracy. According to a study 

by [1] the integration of AI in agricultural systems can 

increase crop yields by up to 30%. Meanwhile, IoT 

supports real-time data collection that can improve 

decision-making [2], [3] 

In the context of smart farming, the 

integration between AI and IoT (AIoT) is the main 

focus of research because of its potential in 

optimizing resource management and increasing 

productivity. AIoT enables the use of sensors to 

collect environmental data that can be processed by 

intelligent algorithms to provide data-driven 

recommendations. For example, CNNs have been 

used to detect plant diseases with up to 95% 

accuracy [4], [5]. In addition, the use of multi-layer 

architectures in AIoT, such as edge-fog-cloud, 

demonstrates the ability to efficiently manage data 

[6], [7]. 

Although a lot of research has been 

conducted, there is still a knowledge gap regarding 

how AIoT can be integrated holistically in smart 

agriculture systems. For example, many solutions 

have not taken into account the limitations of 

infrastructure in rural areas. In addition, challenges 

such as device interoperability and data security are 

also concerns that have not been fully answered [8]. 

This gap suggests that more research is needed to 
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explore the full potential of AIoT in the sector. 

This study aims to answer this gap by 

conducting a systematic literature review on the 

application of AIoT in smart farming. This 

approach follows the guidance from Kitchenham 

(2007) and Elbasi (2023) which ensures that 

research is carried out in a structured and 

comprehensive manner [8], [9]. By analyzing more 

than 60 scientific articles, this study evaluates the 

application of AI, the AIoT architecture, the 

datasets used, as well as the problems that can be 

solved by this technology [10], [11] 

This research makes an important contribution 

in answering the challenges of AIoT integration in 

smart farming. The findings show that AIoT is not 

only able to improve operational efficiency but also 

offers solutions to sustainability problems in the 

agricultural sector. Thus, this research not only 

provides academic insights but also supports the 

development of more modern and technology- 

based agricultural practices [12], [13]. 

 

METHODS 
This research was conducted using a 

systematic literature review (SLR) approach based 

on guidance from Kitchenham (2007) and a method 

developed by Ersin Elbasi (2023) [8], [9], [14]. This 

approach ensures a systematic and structured 

analysis, following key stages that include planning, 

execution, and reporting. The focus of this study is 

to explore the application of Artificial Intelligence 

of Things (AIoT) technology in the smart farming 

sector to answer research questions. We can see the 

flowchart of SLR method in Figure 1. 

 
Figure 1. Flowchart of SLR 

 

A. Define Research Questions 

To guide the research process, we used the 

PICOC (Population, Intervention, Comparison, 

Outcome, and Context) framework. The framework 

is designed to provide a clear structure in 

formulating a research approach. "Population" 

refers to research related to smart farming that 

utilizes AIoT technology, while "Intervention" 

focuses on the implementation of AI, IoT, or a 

combination of both. No specific comparisons were 

made in this framework, so the "Comparison" 

component was declared irrelevant for this study. 

The expected outcome or "Outcome" is an in-depth 

understanding of the application of AI and AIoT, 

including the challenges and solutions faced. 

Finally, "Context" narrows the scope of research on 

publications in the last five years (2018-2023) in the 

agricultural sector. Using this framework, we can 

ensure that the research has a focused focus and high 

relevance to the topic discussed. Table 1 is a 

breakdown of the PICOC framework used. 

This SLR process is designed to answer the 

following questions based on the previously 

formulated PICOC framework. The relationship 

between PICOC and this research question helps 

ensure that each RQ not only has a relevant focus but 

can also produce significant findings. For example, 

the "Population" related to smart farming is the 



 

basis for understanding how the application of AI 

(RQ1) and AIoT architecture (RQ2) is impacting 

the sector. Similarly, "Outcome" provides direction 

to RQ3 and RQ4 to identify the datasets and the key 

challenges addressed by these technologies. The 

motivation behind each RQ reflects the need to 

delve into the key aspects of smart farming, which 

can support sustainability and operational 

efficiency [15]. Table 2 is the details of the research 

questions designed. Architecture", "Datasets in 

Agriculture", and "AIoT Challenges in Smart 

Farming". Boolean operators ("AND", "OR") are 

implemented to ensure broad yet still relevant 

coverage of results. We can see the Summary of 

PICOC in Table 1. 

 
Table 1. Summary of PICOC 

PICOC Detail 
Population Research related to smart farming 

using AIoT technology 
Intervention Implementation of AI, IoT, or a 

combination of both technologies in 
smart farming 

Comparison No specific comparisons were made 
 

Understanding of the application of 

Architecture", "Datasets in Agriculture", and "AIoT 

Challenges in Smart Farming". Boolean operators 

("AND", "OR") are implemented to ensure broad yet 

still relevant coverage of results. This search protocol 

is limited to publications published in the last five 

years (2020-2024) to ensure relevance to the latest 

technology trends. Studies that did not speak English 

or did not provide full-text access were excluded from 

further analysis. 

 

B. Search Strategy 

Each article found through a literature 

search is systematically evaluated using strict 

inclusion and exclusion criteria to ensure the 

relevance and quality of the findings. The 

inclusion criteria include articles that explicitly 

discuss the implementation of AI or AIoT in the 

agricultural sector, analyze the design of AIoT 

solutions faced in smart farming. In contrast 

exclusion criteria include articles that are 

opinions only, irrelevant to the research topic, 

or do not include validiable experimental data 

[16]. 
Table 2. Detail of RQ 

RQ Detail Motivation Motivation 
RQ1 How is AI applied 

in smart farming? 
To 
understand 
the role of AI 
in optimizing 
agricultural 
efficiency 
and 
sustainability 

RQ2 How is the AIoT 
architecture applied in 
smart farming? 

To explore 
the technical 
design and 
relevant 
AIoT 
framework in 
smart 
farming. 

RQ3 What datasets are 
used in smart farming 
research? 

To identify 
datasets that 
support the 
development 
of AI/AIoT 
models in 
agriculture 

RQ4 What problems d oes 
AIoT solve in the 
context of smart 
farming? 

To find out 
the main 
challenges 
that can be 
solved with 
AIoT 
solutions. 

 
C. Study Selection  

This selection process is carried out in 

three successive stages to improve accuracy: 

first, screening by title to eliminate articles that 

are clearly inappropriate; second, abstract 

review to evaluate the summary of the content 

of the article; and third, full-text analysis to 

ensure that the article meets all inclusion 

criteria. Articles that pass this stage are then 

further analyzed to identify key data relevant to 

the research question. 

 

D. Quality Assessment 

The quality assessment stage is carried 



 

out to ensure that only articles with a strong 

methodology and high relevance are included 

in the final analysis. This process involves 

three main steps to improve the accuracy. The 

stages of the search strategy are carried out to 

identify relevant articles from various leading 

academic databases. The literature search 

strategy is carried out using reputable 

academic databases, such as IEEE Xplore, 

Scopus, and Web of Science. The keywords 

used include a combination of the following 

terms: "AI in Smart Farming", "AIoT 

efficiency of selection [15], [17].  

Figure 2 explains that the first step is an 

initial evaluation through filtering by title, 

where articles that are clearly irrelevant to the 

focus of the research are omitted. Of the 964 

initial articles obtained from databases such as 

MDPI, IEEE Explore, ScienceDirect, 

Springer, and Scopus, only 437 articles are 

eligible for the next stage.  

The second step is an abstract review, 

where a summary of the content of each article 

is analyzed to assess its suitability with the 

research question and inclusion criteria that 

have been set. This process further distills 

articles into 251 which are considered relevant 

for in-depth analysis. 

The final step is full-text analysis, which 

includes a comprehensive examination of the 

content of the article to ensure that all inclusion 

criteria are met. The criteria assessed include 

clarity of research objectives, methodological 

suitability, and relevance of the data presented. 

Of the 251 articles, 149 were further processed 

in the quality assessment stage, resulting in 67 

articles that were finally selected for in-depth 

analysis. 

This process not only ensures that the 

selected articles are of high relevance but also 

meet the quality standards necessary to support 

the overall research objectives [7]. With this 

approach, research can produce accurate and 

trustworthy findings. The process of assessing 

the quality of articles is carried out with a 

systematic approach to ensure that only studies 

with high relevance and a strong methodology 

are included in the final analysis. Each article is 

evaluated based on three main criteria, namely 

clarity of research objectives, suitability of 

methodology to research questions, and quality 

of data and analysis presented [16], [18]. 

 
Figure 2. Search and Quality Assesment 

 
E. Data Extraction 

The data extraction stage is carried out 

after a selection process and quality assessment 

to identify relevant information from the 

selected articles. This process is systematically 

designed to ensure that all extracted data 

supports the effort to answer Research 

Questions (RQs). A total of 67 articles that 

passed the quality assessment stage became the 

main source in this process. The extracted data 

includes key elements, such as AI application 

(RQ1): AI techniques, algorithms, or methods 

used in smart farming, AIoT Architecture 

(RQ2): Design and framework of applied AIoT 



 

technologies, Datasets (RQ3): Types, sizes, and 

sources of datasets used in the study, Problems 

Solved (RQ4): Specific challenges overcome 

by AIoT in the agricultural sector. 

 

F. Data Synthesis 

The results of the extracted data were 

thoroughly analyzed using thematic synthesis and 

data visualization approaches to identify key 

patterns and trends in the literature. Quantitative 

data, such as the distribution of publications per 

year, are studied using graphs to reveal temporal 

trends that show the development of research in 

the field of AI- and AIoT-based smart farming. 

This visualization helps in providing a clearer 

picture of the increase in academic interest and 

contribution over time [19]. 

Meanwhile, qualitative data is summarized 

based on the main themes related to the research 

question (RQ). For example, the AI techniques and 

algorithms used (RQ1) are analyzed to find 

common patterns in their implementation, while 

the AIoT architectural design  (RQ2)  is  

synthesized  to  evaluate dominant technical 

innovations and frameworks. The dataset used in 

the study (RQ3) was mapped to understand the 

resources that support the development of this 

technology. Finally, the challenges overcome by 

AIoT (RQ4) are analyzed to identify technological 

solutions to the problems faced in smart farming. 

Through this analysis, the research 

contributes to the development of a deeper 

understanding of how AI and AIoT technologies 

can be optimized to support efficiency, 

sustainability, and adaptability in the 

agricultural sector. The findings also provide 

relevant guidance for future research by 

describing innovation opportunities and areas 

that require further exploration. 
 

AI with CNN : [32], [33], [34], [35], [36], [37], [38], 

[39] 

IoT-based Fuzzy Logic : [16], [17], [18], [40], 
[41], [42], [43], [44], [45], [46], [47], [48], [49], 

[50], [51], [52], [53] 
Edge-Fog- Cloud Architecture : [54], [55], [56], 

[57], [58], [59], [60], [61], [62], [63], [64], [65], [66] 
Precision Farming : [67], [68], [69], [70], 
[71], [72], [73], [74], 

[75], [76] 
High- accuracy detection of plant diseases Optimal 

water management and irrigation Energy efficiency 

and data management Improving crop yields 

through a data-driven approach : [15], [77], [78], [79], 

[80], [81], [82] 

 

RESULTS AND DISCUSSION 
A. RQ1: How is AI applied in smart farming?  

The results of the study show that the 

application of AI technology in smart farming makes 

a significant contribution to the sustainability and 

efficiency of the agricultural sector as shown in table 

3. This technology not only allows for improved 

accuracy of crop yield prediction and plant disease 

detection, but also supports more economical and 

optimal management of resources.  

The analyzed article shows that AI-based 

algorithms, such as Machine Learning (ML), 

Convolutional Neural Networks (CNNs), and 

evolution-based techniques, play a crucial role in 

automating agricultural processes and providing data- 

driven insights [5], [6]. For example, the 

implementation of CNNs for plant disease detection 

using image analysis has achieved up to 95% 

accuracy, while regression-based algorithms have 

helped. reduce water use by up to 30%. This 

combination demonstrates the potential of AI 

technology in driving the transformation of traditional 

agriculture towards more precise and technology-

based practices. 

 



 

Table 3. AI applied in smart farming 

Category Function Reference  
ZigBee, WiFi, 
and LoRaWAN 
integration 

Digital Twin 
Integration 

 

[20], [21], 
[22], [23], 
[24], [25], 
[26], [27], 
[28], [29], 
[30], [31], 

Blockchain 
implementation 
for data 
authentication 
and supply 
chain 
monitoring 

IoT 
Communicati 
on Protocol 

 

[60], [62], 
[63], [64] 
[12], [13], 
[20], [21], 

 

CNN-BiLSTM-
based object 
detection for 
agricultural 
environmental 
classification 

Blockchain- 
IoT 
Framework 

 
 

[22], [23], 
[24], [25], 
[26], [27], 
[83], [85], 
[86], [87], [88] 

 

In Figure 3, IoT technology dominates with 

the largest proportion (30%), showing its significant 

role as the backbone in real-time resource 

management and communication of agricultural 

devices. IoT enables efficient environmental 

monitoring and data collection, thus supporting fast 

and accurate decision- making. Furthermore, AI-

based algorithms such as Machine Learning and 

Convolutional Neural Networks (CNNs) contribute 

25% in smart farming applications [83], [84]. The 

technology is widely used for crop disease detection 

and crop yield prediction, with the ability to provide 

deep data-driven insights. 

 

Figure 3. Proportion of Technologies Used 
 

As many as 20% of the applications analyzed 

utilize the Edge-Fog-Cloud architecture, which 

enables efficient data management with low latency. 

This approach is particularly relevant for scenarios 

that require real-time response, such as irrigation 

management or detection of environmental 

conditions. Fuzzy Logic, which accounts for 15% of 

the total application, is used to maximize water and 

energy use efficiency through an uncertain logic-

based management system [85], [86]. Finally, 

precision farming with a contribution of 10% shows 

great potential in utilizing Big Data and AI-based 

analytics to optimize the use of fertilizers, 

pesticides, and other resources, thereby supporting 

the sustainability of the agricultural sector. IoT with 

LoRaWAN Real-time monitoring and waste 

reduction : [20], [21], [22], [23], [24], [25], [26], 

[27], [28], [29], [30], [31]. 

B. RQ2: How is the AIoT architecture applied in 

smart farming? 

The results of the analysis show that the 

application of AIoT architecture in smart farming 

integrates various technologies to create a more 

adaptive, responsive, and efficient system in data 

management and real-time decision-making [29], [30]. 

Frequently used approaches include multi-layer 

architectures, which manage data at the edge, fog, and 

cloud levels, allowing for faster and localized data 

processing as shown in Table 4. 

Table 4. AIoT applied in smart farming 

Category Function Reference  
ZigBee, WiFi, 
and LoRaWAN 
integration 

Digital Twin 
Integration 
 

[60], [62], 
[63], [64] 

Blockchain 
implementation 
for data 
authentication 
and supply 
chain 
monitoring 

IoT 
Communicati 
on Protocol 
 

[12], [13], 
[20], [21], 
[22], [23], 
[24], [25], 
[26], [27], 
[83], [85], 
[86], [87], [88] 



 

CNN-BiLSTM-
based object 
detection for 
agricultural 
environmental 
classification 

Blockchain- 
IoT Framework 
 
 

[1], [2], [3], 
[4], [5], [6], 
[7], [8], [10], 
[11], [12], 
[13], [83], 
[84], [89], 
[90], [91] 
[31], [32], [33], 
[34],[35], [36], 
[37], [38], [39], 
[40], [92] 

AI-IoT Hybrid 
System 

Application 
of IoT-based 
digital twin to 
monitor pH, 
temperature, 
and humidity 
parameters 

[20], 
[21],[22], [23], 
[24], [26], 
[85], [86], [88] 

 

Digital twins provide a dynamic virtual 

representation of the agricultural environment, 

allowing for more accurate monitoring and prediction 

of agricultural conditions such as soil moisture, 

temperature, and nutrient levels. Communication 

protocols such as LoRaWAN, ZigBee, and MQTT play 

a crucial role in guaranteeing reliable and efficient 

connectivity between IoT devices [24], [25]. 

Additionally, blockchain-IoT strengthens data 

transparency and security, providing solutions for 

authentication of data collected in the agricultural 

sector. This combination of technologies is designed to 

address key challenges such as low latency, information 

security, and the need for distributed data management 

in the modern agricultural sector as we can see it in 

Figure 4. 

 

Figure 4. Architectural Proportions Used 

In Figure 4, Multi-layer Architecture has 

the highest frequency with 20 studies, demonstrating 

the dominance of this approach in supporting 

structured data management at the edge, fog, and cloud 

levels. This approach allows for faster and more 

efficient data processing, supporting real-time data-

driven decision-making [29]. The Digital Twin, with 

15 studies, plays a crucial role in modeling the farming 

environment virtually. This technology provides the 

ability to accurately monitor and predict conditions 

such as soil moisture, temperature, and nutrient levels. 
 

Table 5. Architecture smart farming 

Category Function Reference  
Multi-layer 
Architecture 
 

Simulation 
Data 
 

[14], [16], [17], 
[18], [48], [49], 
[50], [51], [52], 
[53], [54], [55], 
[56], [57], [58], 
[59] 

Data 
Blockchain- 
IoT 

Rust, Rice 
Leaf Disease 
Dataset 
Proteus 
Design Suite, 
ThingSpeak, 
Ganache 

[20], [21], [22], 
[23], [24], [25], 
[26], [85], [86], 
[87], [88], [89], 
[90], [91] 
 

ToN-IoT, 
Edge-IIoTset 
 

 [1], [2], [3], 
[4], 
[5], [6], [7], 
[8], 
[10], [11], 
[12], 
[13] 

 
 

IoT Communication Protocols, recorded in 

12 studies, highlight the role of protocols such as 

ZigBee, LoRaWAN, and MQTT in supporting 

efficient connectivity between IoT devices. 

Blockchain-IoT, used in 9 studies, provides a 

solution for data security and transparency, which 

is increasingly relevant to the needs of 

authentication and data security in modern 

agriculture. Meanwhile, Hybrid AI- IoT, with 

11 studies, shows the potential of integrating AI 

technology with IoT to support object detection, 

machine learning-based data analysis, and 

agricultural environmental classification [39], 

[40]. The combination of these various 

approaches forms a strong foundation for 



 

optimizing AIoT systems in the agricultural 

sector. 

 
C. RQ3: What datasets were used in the Smart 

Farming research? 

The results of the analysis show that research 

in smart farming uses various types of datasets, 

which reflects the diversity of technology and 

application needs in this sector. The dataset includes 

environmental sensor data, such as soil moisture, 

temperature, and air humidity, collected through IoT 

devices to support data-driven decisions [37], [38]. 

In addition, high-resolution satellite data and drone 

imagery play an important role in monitoring plant 

health and early detection of diseases at scale. Public 

datasets, such as FAOSTAT and plant disease 

datasets, are used for the training of more general and 

applicative analytical models. Other research also 

utilizes simulation data to test the effectiveness of 

IoT prototypes and smart agriculture network 

systems before implementation in the field. Details 

about the dataset are in Table 6. 

Table 6. Smart Farming Dataset Category 

Category Function Reference  
Environmental 
Sensor Data 
 
 

IoT sensors 
(soil moisture, 
temperature, 
air humidity) 
 

[16], [17], 
[18], 
[43], [44], 
[45], 
[46], [47], 
[48], 
[49], [50], 
[51], 
[52], [53], 
[54], 
[55], [56] 

Satellite Data 
and Drone 
Imagery 

MODIS 
satellite, 
UAV with 
multispectral 
and thermal 
imagery 
FAOSTAT, 
Wheat Leaf 

[16], [18], 
[46], 
[47], [48], 
[49], 
[50], [59], 
[60], 
[61], [62], 
[63], 
[64] 

Public Datasets 
 

 [26], [27], 
[28], [29], 
[30], [31], 32], 
[33], [34], [35], 
[92] 

 

On the other hand, blockchain-IoT- based 

datasets, such as ToN-IoT and Edge- IIoTset, make 

a unique contribution in ensuring data security, 

transparency, and reliability throughout the 

agricultural supply chain [46], [47]. This diversity 

shows that the datasets used not only serve as a 

source of information, but also as a foundation for 

technological innovations that support precision 

agriculture and sustainability, and we can see in 

Figure 5. 

 
Figure 5. Dataset used 

 

The diagram in Figure 5 provides an 

overview of the distribution of the use of various 

types of datasets in smart farming research. Based on 

this diagram, environmental sensor data occupies the 

largest portion with 17 studies, reflecting the 

importance of this data to support data-driven 

decisions in the field, such as irrigation management 

and soil condition monitoring. Satellite data and 

drone imagery, used in 13 studies, have a significant 

role at scale, including plant health monitoring and 

disease detection [45], [46]. Public datasets, such as 

FAOSTAT and the leaf disease dataset, were used in 

11 studies to train more general and applicative 

analytical models. 

Simulation data, with 14 studies, is often used 

for the validation of technology prototypes, such as 

IoT network simulations and smart farming systems, 

which provide reliability before implementation in the 

field. Finally, blockchain-IoT-based data, used in 12 

studies, focuses on securing data as well as ensuring 



 

transparency and integrity in agricultural IoT 

networks. 

 

C. RQ4: What problems does AIoT solve in the 

context of smart farming? 

The results of the analysis show that AIoT in 

the context of smart farming solves various problems 

that focus on resource efficiency, land management, 

and sustainability [53], [54]. Some of the main 

challenges that have been successfully overcome 

include irrigation optimization, early detection of 

plant diseases, improved data security, and reduction 

of energy consumption as presented in Table 6. These 

issues have a direct impact on the successful 

implementation of smart technologies in the agricultural 

sector. 

AIoT is also used to address the fragmentation of 

agricultural processes by providing real-time data-driven 

solutions. For example, AIoT enables more accurate 

prediction of crop yields based on historical data, 

automated nutrient management for hydroponics, and 

improved interoperability of IoT devices in complex 

networks[61]. By utilizing a combination of AI and IoT 

technologies, the system provides higher operational 

efficiency while reducing reliance on traditional methods. 

Use of standard protocols such as LoRaWAN and ZigBee 

for communication between devices successful 

implementation of smart technologies in the agricultural 

sector. We can see this problems in Table 6. 

 

Table 6. Problems with Smart Farming 

Key Issues AIoT Solutions Reference 
Environmental 
Sensor Data 

IoT sensors (soil 
moisture, 
temperature, air 
humidity) 

[1], [2], [3], [4], 
[5], [6], [7], [10] 

Irrigation 
Optimization 

IoT-based 
irrigation system 
with soil moisture 
sensor 

[8], [11], [12], 
[13], [83], [84] 
 

Plant Disease 
Detection 

Machine learning 
algorithms for 
plant image 
analysis 

[20], [84], [85], 
[86], [87], [88], 
[89], [90], [91] 
 

 

 

AIoT is also used to address the 

fragmentation of agricultural processes by providing 

real-time data-driven solutions. For example, AIoT 

enables more accurate prediction of crop yields 

based on historical data, automated nutrient 

management for hydroponics, and improved 

interoperability of IoT devices in complex 

networks[61]. By utilizing a combination of AI and 

IoT technologies, the system provides higher 

operational efficiency while reducing reliance on 

traditional methods. We can see in Figure 6. 

 
Figure 6. Problems faced 

 

Crop yield prediction has a frequency of 11, 

indicating the important role of AIoT in providing 

accurate insights into land productivity based on 

historical and environmental data [62]. Energy 

consumption and plant disease detection each 

recorded a frequency of 9, highlighting the need for 

better energy efficiency and early identification of 

diseases to prevent crop losses. Nutrient 

management in hydroponics with frequency 7 shows 

how AIoT supports sustainable agriculture through 

automated systems that optimize nutrient delivery. 

Meanwhile, irrigation optimization, with a 

frequency of 6, reflects the importance of more 

efficient water management to support resource 

sustainability [60], [61]. The interoperability of IoT 

devices, despite having a frequency of 5, remains a 

critical aspect in ensuring that various devices can 

work harmoniously in complex networks. We can 

see in Table 7. 

 



 

 

Table 7. Frequency of Irrigation optimation 

Key Issues AIoT Solutions Reference 
Data Security Blockchain-IoT 

for data 
authentication 
and protection 

[22], [23], [24], 
[25], [26], [27], 
[28], [29],[30], 
[31], [32], [92] 

Energy 
Consumption 

Neuro-fuzzy- 
based 

[[33], [34], [35], 
[36], 

 

ONCLUSION 
This study has explored the integration of 

Artificial Intelligence (AI) and Internet of 

Things (IoT) technology in the context of smart 

farming through the Systematic Literature 

Review (SLR) approach. Using research 

protocols adopted from Kitchenham (2007) and 

Elbasi (2023), this study succeeded in 

identifying four main aspects, namely the 

application of AI in smart farming, the AIoT 

architecture, the type of dataset used, and the 

problems solved by AIoT in this sector. 

The results of the study show that the 

application of AI in smart farming contributes 

significantly to the optimization of agricultural 

processes, ranging from crop yield prediction to 

early detection of plant diseases. Frequently 

implemented AIoT architectures include multi- 

layer approaches, digital twins, and 

communication protocols such as LoRaWAN, 

which enable efficient and real-time data 

management. The study also found that the 

datasets used vary, ranging from environmental 

sensor data, drone imagery, to blockchain- 

based datasets designed for data security and 

transparency. In addition, AIoT has proven to 

be able to address a variety of key challenges, 

such as energy efficiency, data security, IoT 

device interoperability, and more sustainable 

resource management. 

Although this research has provided 

comprehensive insights, there are several 

opportunities for further study. One of them is 

further exploration regarding the integration of 

AIoT technology with a cloud-edge 

computing- based approach to improve 

scalability and operational efficiency. In 

addition, future research can be focused on 

developing more representative public 

datasets to support the generalization of AI 

models in various agricultural scenarios. The 

data security aspect also requires more 

attention, especially with the increasing cyber 

threats in complex IoT networks. 

Overall, this study confirms that the 

integration of AI and IoT in smart farming has 

great potential to revolutionize the agricultural 

sector. With the continued development of 

technology and the need for sustainable 

solutions, AIoT can be a key driver in achieving 

agricultural efficiency and sustainability in the 

future. 
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