
Artificial Intelligence for Maximizing Agricultural Input Use Efficiency:
Exploring Nutrient, Water and Weed Management Strategies

Sumit Sow1,#, Shivani Ranjan1,#,*, Mahmoud F. Seleiman2,3, Hiba M. Alkharabsheh4,*, Mukesh Kumar1,
Navnit Kumar1, Smruti Ranjan Padhan5, Dhirendra Kumar Roy1, Dibyajyoti Nath6, Harun Gitari7 and
Daniel O. Wasonga8

1Department of Agronomy, Dr. Rajendra Prasad Central Agricultural University, Pusa, Samastipur, Bihar, 848125, India
2Department of Plant Production, College of Food and Agriculture Sciences, King Saud University, Riyadh, 11451, Saudi Arabia
3Department of Crop Sciences, Faculty of Agriculture, Menoufia University, Shibin El-Kom, 32514, Egypt
4Department of Water Resources and Environmental Management, Faculty of Agricultural Technology, Al Balqa Applied
University, Salt, 19117, Jordan
5Division of Agronomy, ICAR-Indian Agricultural Research Institute, Pusa Campus, New Delhi, 110012, India
6Department of Soil Science, Dr. Rajendra Prasad Central Agricultural University, Pusa, Samastipur, Bihar, 848125, India
7Department of Agricultural Science and Technology, School of Agriculture and Environmental Sciences, Kenyatta University,
Nairobi, 43844, Kenya
8Department of Crop Sciences, University of Illinois Urbana-Champaign, Urbana, IL 61801, USA
*Corresponding Authors: Shivani Ranjan. Email: ranjanshivani54@gmail.com; Hiba M. Alkharabsheh. Email: drhibakh@bau.edu.jo
#These authors contributed equally to this work and share the first authorship

Received: 27 March 2024 Accepted: 30 May 2024 Published: 30 July 2024

ABSTRACT

Agriculture plays a crucial role in the economy, and there is an increasing global emphasis on automating agri-
cultural processes. With the tremendous increase in population, the demand for food and employment has also
increased significantly. Agricultural methods traditionally used to meet these requirements are no longer ade-
quate, requiring solutions to issues such as excessive herbicide use and the use of chemical fertilizers. Integration
of technologies such as the Internet of Things, wireless communication, machine learning, artificial intelligence
(AI), and deep learning shows promise in addressing these challenges. However, there is a lack of comprehensive
documentation on the application and potential of AI in improving agricultural input efficiency. To address this
gap, a desk research approach was used by utilizing peer-reviewed electronic databases like PubMed, Scopus, Goo-
gle Scholar, Web of Science, and Science Direct for relevant articles. Out of 327 initially identified articles,
180 were deemed pertinent, focusing primarily on AI’s potential in enhancing yield through better management
of nutrients, water, and weeds. Taking into account research findings worldwide, we found that AI technologies
could assist farmers by providing recommendations on the optimal nutrients to enhance soil quality and deter-
mine the best time for irrigation or herbicide application. The present status of AI-driven automation in agricul-
ture holds significant promise for optimizing agricultural input utilization and reducing resource waste,
particularly in the context of three pillars of crop management, i.e., nutrient, irrigation, and weed management.
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1 Introduction

As the world population grows, food production must increase to meet the ever-increasing needs of the
growing population, which is estimated to reach 9.7 billion by 2050 [1]. Frequent irrigation as well as
excessive resource consumption for crop production, are contributing factors to climate change and
resource depletion [2]. In addition to increasing food production through the effective use of planning,
decision-making, and management practices, digital urban farming can also help to reduce production
losses through the increased resilience of farms and the reduction of their vulnerability to climate change
[3]. Moreover, the agriculture sector is facing challenges in achieving optimal production due to labour
shortages and the seasonal nature of the agriculture sector. Other reasons can be the movement of people
from rural to urban for sustainable life balance and education and high wages provided by non-
agricultural industries as compared to the agricultural sector. Climate change is a threat to agricultural
production [4]. The worldwide agricultural environment is currently facing vagaries of climate such as
drought, frequent heat waves, changes in rainfall patterns, floods, and attacks of insect pests [5]. As the
growth and productivity of crops have decreased, irrigation and rainfall availability have reduced, and
rainfall patterns have become increasingly erratic and intense over the last few decades [6]. After the
green revolution, there was a tremendous increase in crop production, but there remains a significant
challenge to preserve this increase and improve food and nutritional security in this era of climate
change [7].

As a result of varying climate patterns, yield reductions in different crops varied between different
regions [8]. Rising temperatures and erratic rainfall have negatively impacted crop growth and
development [9]. The decline in soil fertility leads to a reduction in crop productivity. Continued use of
fertilizers for increasing agricultural production has exacerbated soil degradation [10–13]. The major
reasons behind the rapid soil fertility depletion may be listed as inadequate and non-judicious fertilizer
use, complete removal of crop residues, continuous mono-cropping systems, adverse climate and soil
types, lack of proper site specific cropping systems and accelerated soil erosion [14–16]. Therefore, to
deal with these challenges, there is a need to harness the potential artificial intelligence (AI) technologies
in agriculture. To fulfill the rising food demand, the agricultural industry needs to increase global food
production by 70%. This has led to a tremendous responsibility on the agriculture sector to enhance crop
production and increase yield per hectare. In many countries where expanding cropland is practically
impossible, the adoption of agriculture automation has become essential and urgent. Agricultural
automation can be defined as autonomous navigation by robotic devices without human intervention,
providing precise information to help perform agricultural operations [17].

AI is the fundamental concept behind the development of technologies that mimic human brain
functions [18]. This field of computer science uses algorithms for machine learning (ML) and deep
learning (DL) to analyze data and replicate human intelligence [18]. Various learning algorithms assist
farmers in identifying nutrient deficiencies, weed infestations, and water stress conditions, thereby
enabling efficient nutrient management, irrigation practices, and weed control. These advancements in AI
technologies have led to a new era of crop management. Convolutional neural network (CNN) and
artificial neural network (ANN) are the most well-established deep learning techniques that are used to
analyze the data [19,20]. These aid farmers in identifying nutrient and water stress conditions, facilitating
improved nutrient and irrigation management.

DL models, particularly deep convolutional neural networks (DCNNs), have shown promising results in
the diagnosis of plant nutrient status. These models leverage multiple processing layers to analyze and
process data, particularly RGB images [21]. The DCNN has been demonstrated to be effective for
performing a variety of tasks, including segmenting biological materials, recognizing plants, predicting
leaf water content, and detecting disease in plants [22]. Moreover, AI has been increasingly utilized in
various fields, including drought assessment and monitoring. Machine learning algorithms can be trained
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to identify drought stress [23]. This information helps in the early detection and monitoring of drought
conditions [24]. An et al. [25] concluded that the ResNet50 CNN model with color images achieved
maximum accuracy in identification of drought stress conditions in maize, yielding higher accuracy than
grayscale images. Waheed et al. [26] observed that ANN outperformed other DL models such as CNN,
MobileNetV2, and the visual geometry group (VGG16) in effectively differentiating between nutrient-
deficient and healthy ginger plants. Butte et al. [27] concluded that the Retina-UNet-Ag model yielded
the highest values of the Dice score coefficient (DOC) and Intersection over Union (IoU) for water stress
identification in potatoes using aerial images.

Recognition of weeds still faces several challenges due to irregular growth patterns, significant
occlusion, and difficulties in early detection [28]. To tackle this issue, a smart sprayer was created by
leveraging machine vision and AI techniques [29,30]. This innovative system enables the identification
of target weeds and precise spraying in specific locations as needed [31]. The development of hybrid
models combining deep learning and traditional image processing is anticipated to improve weed
recognition. However, the high cost of AI technologies currently poses a barrier to widespread
commercialization [32].

The adoption of AI-based weed management technologies holds promise in addressing various
challenges faced by the agricultural sector, such as the shift towards organic farming, labour shortages,
food security, climate change, and issues related to excessive use of fertilizers, herbicides, and irrigation
water. Through the integration of big data, AI concepts, and Internet of Things (IoT) devices in smart
farming, real-time information on agricultural conditions can be provided, enabling farmers to make
effective decisions [33]. Nevertheless, the adoption of complex technologies and the lack of experience
with emerging technologies remain significant challenges in implementing AI-assisted agriculture.
However, the application of AI in agriculture can greatly assist farmers in various aspects, technologies,
and applications, offering the potential to accomplish more with fewer resources. Therefore, it is essential
to focus on these areas and collect relevant local data to ensure that AI systems are well-suited to specific
conditions [34].

Although the benefits and the potential of AI to accelerate input use efficiency and ensure farming
sustainability are anticipated within the agricultural space systematic data-driven analysis and
comprehensive documentation on automation in agriculture, have yet to take place [35]. The purpose of
this study is to make a systematic review of the studies and research in agriculture that employ the recent
AI technologies to solve several relevant problems in agronomic crop management, specifically for the
three major pillars, i.e., nutrient, water, and weed management. Therefore, this study aims to address this
gap through the following objectives:

1. Evaluate the potential application of AI to increase input use efficiency in agriculture.

2. Explore the use of AI in nutrient, water, and weed management for enhancing crop yield.

The outline of this paper proceeds with the research methodology, which follows the desk research
approach with the selected criteria and data collected; Section 1 deals with the introduction of artificial
intelligence for maximizing agricultural input efficiency. The approach utilized in the writing of this
review study is explained in Section 2. Section 3 presents the revolution in agriculture; Section 4 presents
the concept of AI technologies in agriculture; Section 5 presents the results and discussion; Section 6
shows limitations; Section 7 presents prospects. Finally, Section 8 shows conclusions.

2 Methodology

2.1 Review Principles
This review paper aims to explore recent studies on the application of AI techniques in agriculture,

addressing specific questions through a two-fold approach (Fig. 1). Firstly, it provides a comprehensive
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overview of key AI concepts in agriculture and discusses a sustainable perspective for optimizing input use
efficiency. Second, it carries out a desk research to provide a comprehensive literature analysis, focusing on
the state of AI-driven automation in agriculture, encompassing nutrient stress, weed control, and irrigation.
The review utilizes secondary documents to analyze the limitations and potential of AI for achieving
sustainability in the context of agronomic management practices. The issue overview, literature sourcing,
synthesis and discussion of the findings, and technique used in previous research are the three iterative
phases of the desk study [3,36].

2.2 Literature Search Strategy
We used reliable online resources like PubMed, Scopus, Google Scholar, Web of Science, and Science

Direct to do a thorough internet search in order to conduct the literature survey. Other sources, such as the
Food and Agriculture Organization of the United Nations (FAO) are also used for this study. The search
employed specific key terms, including “artificial intelligence”, “concept of machine learning”, “deep
learning in agriculture”, “nutrient stress detection using AI”, “irrigation management strategies using AI
in different crops”, “weed identification using AI”, “weed control through AI”, “challenges of AI” and
“prospects”. The articles included in this review were mainly selected based on the significance of their
titles and abstracts of the research topic.

2.3 Inclusion and Exclusion Criteria
The inclusion criteria for this study were research that particularly studied advances in the use of AI to

improve resource usage efficiency through real-time insights into fertiliser, water, and weed management.
Papers that did not include AI applications in agriculture in their abstract, introduction, or conclusion
were rejected at the eligibility stage. On the other hand, the exclusion criteria included articles that
addressed topics other than the main three pillars of crop management such as nutrient, irrigation, and
weed management and were written in any other language, contained incomplete or irrelevant data,
irrelevant and duplicate articles or for which full-text access was unavailable.

2.4 Strengths and Limitations
We conducted a comprehensive literature search to identify studies that elucidate the potential of AI to

increase agricultural input use efficiency by optimizing agricultural practices and minimizing resource
wastage through sensors, drones, and satellite imagery, AI algorithms. This review included
180 relevant papers from the 327 articles that were initially collected. To address the existing
knowledge gap in this subject, we collected studies ranging from 1999 to 2024, including both recent
and historical data.

Figure 1: Methodology of literature review using desk study approach
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3 Revolution in Agriculture: Towards Smart Farming

Historically, agriculture was primarily focused on food production for human and animal survival,
known as the traditional agriculture era 1.0 [37]. During this period, manual labour and simple tools like
sickles and shovels were used, resulting in low productivity. The introduction of steam engines in the
19th century marked the agricultural era 2.0, characterized by the adoption of machinery and the use of
chemicals. Agriculture 2.0 significantly increased farm efficiency and productivity but also led to harmful
consequences such as chemical pollution, excessive power consumption, and environmental degradation
[33,38]. In the 20th century, rapid advances in computation and electronics marked the beginning of the
agricultural era 3.0 [39]. This era saw the utilization of robotic techniques, programmed machinery, and
other technologies that improved agricultural efficiency. The problems from the previous era were
addressed through precise irrigation, site-specific nutrient application, and efficient weed management
technologies [40].

Agriculture is currently undergoing a revolutionary phase with the introduction of cutting-edge
technology [41,42] (Fig. 2). Examples of these technologies include the Internet of Things, big data
analytics, artificial intelligence, cloud computing, and remote sensing. This combination of new
advancements is revolutionizing the agriculture industry (Fig. 2). These advancements have greatly
enhanced agricultural activities by leveraging sensor and network platforms to optimize production
efficiency, reduce water and energy usage, and minimize environmental degradation [43]. Based on
epsilon-based measures and Tobit truncated regression models, Abbas et al. [44] investigated issues of
economic and environmental inefficiencies impacting sunflower producers in Pakistan. According to the
study, out of 240 sunflower growers, 69.9% were economically inefficient, whereas 56.3% were
environmentally inefficient. Whereas, smart farming, facilitated by the integration of automation and
sensor technology, has brought about a revolution in agricultural practices, including harvesting and crop
yields, resulting in increased efficiency. The application of IoT, GPS, sensors, robots, drones, precision
farming equipment, and data analytics has changed traditional agricultural operations [45]. This
integration empowers farmers to address their specific requirements and discover suitable solutions. These
innovations have improved decision-making accuracy and timeliness, leading to increased crop
productivity. Smart farming plays a crucial role in addressing diverse challenges in crop production by
monitoring soil characteristics, climate factors, soil moisture levels, and more [46]. This monitoring
improves crop management practices to maintain optimum production while minimizing the excessive
usage of fertilizers and herbicides [47]. It represents the advancement of precision agriculture through the
adoption of modernization and the implementation of intelligent techniques for remote farm data
collection, management, and real-time maintenance solutions.

4 Artificial Intelligence

AI is a technology that aims at replicating human intelligence, encompassing learning, problem-solving,
and behaviours similar to human cognition [48]. By studying the functioning of the human brain, including
how it learns, makes decisions, and solves problems; intelligent software and systems are developed [49].
These systems are trained using data and provide desired outputs based on valid inputs, effectively
imitating the human brain. AI incorporates various techniques such as ML, DL, robots, IoT, and wireless
sensor networks (WSN) to tackle agricultural challenges [50]. With AI and ML algorithms, dynamic
connections between input and output variables are leveraged to generate predictions that offer solutions
for both simple and complex scenarios. These AI-powered technologies have become increasingly
prevalent in our daily lives, evident in applications like facial recognition apps and self-driving cars [51].
While numerous industries have experienced notable productivity gains through AI and ML, the
agricultural sector is also undergoing a digital transformation. AI has found diverse applications in
agriculture, empowering farmers in tasks such as irrigation management, crop rotation planning,
optimized harvesting, crop selection, precision planting, and pest control [52].
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AI has emerged as a promising technology in the field of digital agriculture, holding immense potential
to transform farming practices [53]. Digital agriculture involves the utilization of digital technologies to
collect, store, and analyze agricultural data electronically, employing AI techniques to facilitate enhanced
reasoning and decision-making processes. Among the various applications within this field, precision
agriculture stands out as a technique that monitors crucial factors such as soil moisture, composition,
temperature, and humidity. By utilizing AI, precision agriculture determines optimal fertilizer and water
requirements for specific crops and different sections of a farm, leading to more efficient resource
allocation. Additionally, computer vision and ML techniques play a crucial role in identifying diseases
and deficiencies in plants, as well as recognizing weeds [54]. This enables targeted spraying of disease-
infected plants or weed-infested areas, eliminating the need to treat the entire field. The integration of AI
in agriculture contributes to the development of innovative farming methods capable of increasing crop
yields and addressing previously encountered challenges.

However, despite the merits of employing AI in agriculture, several issues need to be considered. Firstly,
the implementation of AI techniques necessitates significant computational power, which can contribute to
global warming concerns. AI (both in terms of training models and applications) may consume massive
amounts of energy and emit greenhouse gases (GHGs) [55]. Following the introduction of DL, specialist
hardware for training massive AI models became crucial to research. The increase in hardware efficiency
can reduce the energy consumption involved with training larger models [56,57]. However, AI research
can have large, severe environmental consequences dependent on where and how energy is generated,
stored, and transported. Furthermore, in developing countries, there is a need for improved internet
infrastructure to harness AI technologies. The cost associated with utilizing AI is also considerable, and
countries must have access to AI experts to use these technologies. The fundamental goal of this review

Figure 2: Development during agricultural revolution
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is to investigate how AI approaches might help increase crop yields while overcoming constraints such as
global warming, excessive fertiliser use, and limited availability of natural resources, plant diseases,
nutrient deficiencies, weeds, and water stress.

4.1 Machine and Deep Learning
There are mainly two subsets of AI namelyML and DL [58]. ML is a branch of AI that enables machines

to learn from experiences and make more accurate predictions [59]. It uses multiple algorithms or the same
algorithm multiple times to achieve better performance [60]. Through ML, computer programs can improve
their performance by learning from problem-specific training data, allowing them to perform tasks such as
object detection and natural language translation [61]. With machine learning algorithms, hidden insights and
complex patterns can be identified without the need for explicit programming [62]. In order to make reliable
and repeatable decisions, ML relies on previous computations and extracts patterns from large databases. AI
is deployed using dedicated machines or systems that rely on ML technology. ML entails discovering
patterns and characteristics within the machine through direct training using data. Computers learn from
specific data provided by humans and conduct assessments and predictions based on the acquired
knowledge during the learning process [63].

ML can be categorized into three primary learning methods: supervised learning, unsupervised learning,
and reinforcement learning. In supervised learning, both the data and corresponding labels (answers) are
provided to the learning algorithm. The objective of utilizing algorithms in machine learning is to enable
them to acquire knowledge from labeled data and make accurate predictions for unlabelled data. This
approach is frequently employed in various tasks, including object recognition, probability estimation,
and regression analysis [64]. In contrast, unsupervised learning involves working with unlabelled data to
identify inherent patterns, characteristics, and classes using learning algorithms. This type of learning is
particularly useful for tasks like clustering, feature extraction, and dimensionality reduction. Lastly,
reinforcement learning entails an agent interacting with an environment, perceiving its current state, and
selecting actions or action sequences to maximize rewards or compensations based on available
behaviours. This type of learning is often employed in fields like robotics and game-playing. Each of
these learning methods has its unique applications and it is utilized depending on the specific problem
and the available data.

DL is a specialized branch of machine learning that utilizes DCNN or CNNs. Unlike simple neural
networks, deep neural networks have multiple hidden layers arranged in nested architectures. They also
use advanced neurons and procedures like convolutions or multiple activations in a single neuron. These
qualities allow deep neural networks to handle raw input data and automatically identify the
representations required for the specific learning task [65]. The main distinction between ML and DL lies
in their respective approaches. Research in machine learning typically involves identifying key features
from the data using the researcher’s experience or domain expertise. These features are extracted using
manual or image processing algorithms, and then utilized for subsequent classification or regression
analysis [66]. The DL algorithm, on the other hand, automatically extracts features from raw image data
and performs classification and regression training without the need for explicit feature engineering.

4.2 Neural Networks Involved in AI

4.2.1 Convolutional Neural Networks (CNNs)
CNNs are a type of deep learning approach specifically designed for processing data with a grid pattern,

such as images [67]. A typical CNN consists of three types of layers: convolution, pooling, and fully
connected layers (Fig. 3). The convolution and pooling layers perform feature extraction, while the fully
connected layer maps the identified features to the final output, such as classification [68]. The
convolution layer is a crucial component of CNNs and involves applying mathematical computations,
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including convolutions, to a 2D grid of pixel values in a digital image. A small grid of parameters, known as a
kernel or filter, is applied to each position in the image. This enables efficient and effective processing of
images, as features can be detected in any part of the image. In image classification using CNNs, the
workflow involves passing the captured images through a series of convolutional, pooling, and fully
connected layers. A pre-processing component handles tasks such as resizing, color space transformation,
and normalization. Then, segmentation is performed to separate plants from the background, followed by
feature extraction, which encompasses extracting essential features related to morphology, spectral
properties, visual textures, and spatial contexts [69]. To manage the increased dimensionality resulting
from feature extraction, algorithms like Stepwise Linear Discriminant Analysis (SWLDA), Principal
Component Analysis (PCA), and Linear Discriminant Analysis (LDA) are employed to select essential
feature combinations. CNNs have been observed to outperform other classifiers in image analysis.

The SegNet architecture is a deep convolutional neural network (DCNN) architecture commonly used
for segmenting color images. The architecture can strike a balance between computational efficiency and
accuracy, outperforming some other DCNN architectures [70]. InceptionV3 is another notable architecture
known for its ability to reduce the number of parameters used in calculations. It addresses challenges
such as overfitting or underfitting by incorporating a greater number of layers, thereby enhancing the
network’s non-linear capabilities. ResNets, on the contrary, utilize a residual learning structure to improve
error propagation across multiple layers of non-linear transformations. There have been limited research
endeavours in utilizing DCNNs for detecting plant nutrient status. Using DL networks, including
Inception-ResNetv2 and auto encoders, Tran et al. [71] classified calcium, nitrogen, and potassium
deficits in tomato plants using DL networks. Furthermore, Abdalla et al. [72] developed a deep-learning
model that categorizes oilseed rape plants into nine classes based on their nutritional status. Anami et al.
[73] applied the pre-trained VGG16 CNN model to classify automatically stressed paddy crop images
captured during the booting growth stage. The study used 30,000 field images of five different rice crop

Figure 3: Identification of nutrient, water and weed stress using CNN
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kinds with 12 different stress levels, including a healthy/normal category. The trained models attained an
average accuracy of 92.89%, illustrating the viability of deep learning methods in automating field
agriculture and resource management practices. These findings have potential applications in the
development of decision support systems and mobile applications for crop management.

However, CNNs can become computationally intensive and require significant hardware resources when
dealing with large features and a large number of parameters to learn. This challenge can be mitigated by
utilizing pre-trained models, which offer state-of-the-art performance. The convolutional layer is a
fundamental component of CNNs, and it plays a vital role in image processing. CNNs consist of kernels
that independently perform convolution operations on the input image, resulting in a set of feature maps.
Various parameters, including strides, depth, and zero paddings, are used to control the size or volume of
the activation map [74]. The stride parameter determines the number of pixels the kernel moves over the
input image, directly impacting the output size. The depth parameter signifies the number of kernels
utilized for convolution, with each kernel generating a distinct feature map. Additionally, the pooling
layer plays a crucial role in CNNs by reducing the spatial size representation of the image, thereby
reducing the number of training parameters and computational costs. Additionally, pooling helps prevent
overfitting during the training process by retaining essential information while discarding irrelevant details.

4.2.2 Artificial Neural Networks (ANNs)
ANNs are processing algorithms or hardware systems that are designed according to the functioning of

the human brain [75]. These exhibit remarkable self-organization and adaptive learning capabilities,
reflecting the complexity of the human brain. Electric signals flow through interconnected neural
networks in our brains, facilitated by axons and synapses that pass signals between nodes. ANNs are
constructed in a layered fashion, taking inspiration from biological neurons, and this architecture enables
them to learn complex nonlinear relationships [76].

The architecture of an ANN typically consists of three layers:

1. Input layer

2. Hidden or middle layer

3. Output layer

One of the key advantages of neural networks is their ability to predict and forecast based on parallel
reasoning. Instead of being extensively programmed, neural networks are trained through a learning
process. Learning involves adapting to changes in the environment, allowing the ANN to adjust itself
accordingly.

Crop yield prediction can be achieved through the implementation of an Artificial Neural Network
(ANN) system, which consists of three primary modules: the Image Pre-processing Module (IPM), the
Crop Disease Diagnosis Module (CDDM), and the Crop Yield Prediction Module (CYPM) [77]. The
IPM acquires leaf images from various sources, such as web crawling, drone photography, AI Hub, and
ImageNet. These images are subjected to normalization using the Google Vision API and are
subsequently resized [78]. The normalized images are then stored on a server for further processing. In
order to develop a CNN model, the CDDM uses the normalized images from the IPM. The model is
trained using the normalized images obtained from the IPM and is employed for diagnosing crop diseases
[79]. The CYPM utilizes an ANN to predict the expected crop yield. It takes into account the diagnosed
crop diseases from the CDDM, current weather data obtained from sources like the National Weather
Service (including factors such as precipitation and sunshine), and crop status information. The crop
status information, which includes details like the crop name, sowing, and harvest dates, and applied
fertilizers, is obtained from the farm server.
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By integrating these modules and leveraging the power of ANN, the system can effectively predict crop
yields based on various factors, enabling informed decision-making in agricultural practices.

5 Results and Discussion

To meet the increasing demand for food and overcome the limitations presented by limited land and
labour resources, farmers need innovative solutions to enhance their agricultural output. It is crucial to
develop strategies that help farmers reduce and manage risks effectively. Currently, many farmers struggle
to control risks and threats to their crops, such as nutrient deficiencies, water scarcity, and weed
infestations. These challenges are exacerbated by climate change, monoculture practices, and the
widespread use of agrochemicals [80]. To meet our agricultural targets, the industry needs to undergo
significant scaling up, and farm efficiency must double.

Chemical fertilizers are the major source of plant nutrients for increasing crop production. In the last
45 years, additional fertilizer applied to the crops has been responsible for the increase in crop
productivity. The relationship between fertilizer consumption and cereal production in the world is
strongly positive (Fig. 4). This is probably due to the planting of cultivars that have been developed for
improved nutrient use efficiency with higher yield potential. In order to meet the growing need for food,
fertilizer consumption has been increasing over the years which has led to heavy metal accumulation,
water eutrophication, and air pollution which results in issues such as the greenhouse effect [81].
According to a case study on the assessment of greenhouse gas emissions from cotton farms, the total
greenhouse gas emissions were 1106.12 kg CO2 eq ha−1, with diesel fuel (58%) being the leading
contributor, followed by irrigation water (23%) and chemical fertilizers (9%) [82]. Crop growth and
development can be significantly affected by macronutrient and micronutrient deficiencies [83].
Insufficient availability of critical nutrients such as nitrogen, potassium, calcium, phosphorus, and iron
poses a serious difficulty in agriculture. It is crucial to detect and prevent nutrient deficiencies early to
optimize crop production. Additionally, plant diseases caused by bacteria, fungi, insects, and viruses are
significant factors that contribute to reduced crop yields [84]. Disease-infected crops exhibit symptoms
like blight, spots, rots, root rots, dieback, and wilt. Early identification of abnormal crop growth is of
utmost importance in agriculture. However, disease diagnosis through visual inspection requires extensive
professional expertise and is time-consuming, especially for large farms that necessitate periodic
monitoring. Therefore, an alternative method utilizing AI is needed for automated disease identification.

The agriculture sector currently consumes a significant portion, approximately 85%, of the world’s
available freshwater resources. This percentage is continuously growing due to population expansion and
increased food demand. To ensure the efficient utilization of water resources in agriculture, the
development of technologies that enhance water usage is necessary [85,86]. Water consumption will
increase as the population grows and migration continues in already-stressed urban areas, putting further
pressure on total freshwater supplies. Fig. 5 depicts the projected population increase and per capita
water availability in India until 2050. The data indicate that the per capita water availability in 1951 was
approximately 1.4 million gallons, which subsequently dropped to 0.6 million gallons in 1991. By 2011,
it further declined to around 0.4 million gallons [87]. In the absence of measures to address these future
water demands, agricultural, industrial, and domestic water users in India are likely to experience more
frequent and severe water shortages.

Weed infestation causes significant yield losses in various crops, as illustrated in Fig. 6. The scarcity of
labour and the high costs associated with manual weeding have driven the advancement of automated weed
control systems, enabling real-time plant care in the field [88]. In large-scale cultivation, cost-effective and
labour-saving techniques are crucial for effectively eliminating weeds from crops. Automatic weeding has
emerged as an effective operation to ensure the sustainability of crop production [89]. While herbicides
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are commonly used for weed control, their excessive application poses risks of poisoning for individuals
involved in handling and usage. Furthermore, it contributes to air, water, and soil pollution, with the
possibility of residue presence in food [90].

Considering the scale of the challenges and the need for agricultural expansion, AI can play a vital role in
automating the major aspects of crop production, including nutrient management, water usage optimization,
and weed control. By harnessing AI technologies, farmers can enhance their productivity, mitigate risks, and
contribute to sustainable and efficient agriculture. Table 1 shows applications of various ML and DL
techniques in crop management.

Figure 5: Population and per capita water supply per year in India. Data sources: KPMG International
2010; Office of the Registrar General & Census Commissioner, India

Figure 4: Cereal production and fertilizer consumption over the years. Data sources: data.worldbank.org/
indicator/ (accessed on 19/04/2024)
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Figure 6: Actual yield losses (%) due to weeds in different crops

Table 1: Applications of various ML and DL techniques in agriculture

Model Applications Model performance References

DQN, CNN Irrigation
scheduling based
on weather forecast

When the DQN irrigation approach
was compared to the results of the
traditional irrigation system, a
significant drop in irrigation water
volume was noticed

[91]

SVM (Support vector machine) Nitrogen deficiency
detection in rice

Accuracy of the model was 88% [91]

WeedDet model based on
RetinaNet UNET, VGG16 and
ResNet50 based SegNet Model

Weed detection in
paddy field

WeedDet model has accuracy of
94.1%

[92]

DCNN Identification and
classification of
maize drought
stress

The accuracy is high in in the
proposed model for the identification
of stress

[25]

KNN Boron defieciency
detection in corn

Accuracy of the model is 80% [93]

Mask RCNN Irrigation system
malfunctioning
detection

Model perform better with different
datasets

[94]

DQN, CNN Irrigation mode for
tomato fields

When compared to the threshold and
fixed watering approaches, the DQN
agent increases productivity by 11%
and reduces wastage of water by
20%–30%

[95]

RF, KNN Weed recognition
in maize field

Accuracy of the model in
distinguishing between weed and crop
was 81%

[96]

(Continued)
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5.1 Drone Technology for Crop Management
Drones, also known as unmanned aerial vehicles (UAVs), have become indispensable tools for farmers

in addressing various challenges and monitoring their fields [102]. These UAVs assist in observing crop
health, detecting nutrient and water stress, and identifying diseases. They utilize a range of sensors
including thermal, multispectral, hyperspectral, and RGB sensors. The integration of UAVs-based IoT
technology is considered the future of remote sensing in precision agriculture. By flying at low altitudes,
UAVs may gather pictures with ultra-high spatial resolution of up to a few centimetres, considerably
boosting system performance. Furthermore, UAVs are less costly and easier to operate than manned
aircraft, and they are more efficient than ground systems since they can cover large areas in less time and
cause less damage. UAVs are now widely used for monitoring crop fields [103]. UAVs are equipped with
multiple sensors that enable farmers to identify areas within their crops that require timely action for
improvement. UAVs finds extensive applications in precision agriculture [104]. The deployment of
multispectral and hyperspectral sensors on drones enables the collection of visible and non-visible
wavelengths, such as near-infrared radiation (NIR) and short-wave infrared radiation (SWIR) with
wavelengths ranging from 800 to 2500 nm and 1400 to 3000 nm, respectively [105]. These sensors are
useful in managing plant health by identifying nutrient deficiencies; weed and drought stress [106].

Additionally, the utilization of drones enables the collection of data for crop cultivation assistance.
Subsequently, the acquired data can be analyzed through AI in farming, allowing farmers to make well-
informed decisions. Drones equipped with sensors and capable of capturing multispectral photos facilitate
crop health monitoring. The assistance of ML algorithms expedites and simplifies the process of data
analysis. This integration enhances agricultural output efficiency and concurrently reduces crop loss.

Multispectral and hyperspectral imagery differ in the number and width of bands of light detected by
each camera. Multispectral imagery typically refers to around five to ten bands, while hyperspectral
imagery can have hundreds of bands. Hyperspectral sensors create images using much narrower bands in

Table 1 (continued)

Model Applications Model performance References

ResNet18, linear iterative
clustering

Detection of weeds
in spinach and bean
fields

An AC of 88.73% for spinach and
94.34% for beans were reached by
CNN trained with unsupervised
labelling, and an AC of 94.84% for
spinach and 95.70% with supervised
labelling (bean)

[97]

DS-CNN, ND-CNN Improved model
for rice plant stress
detection

ND-CNN performed better than
DS-CNN

[98]

AlexNet, GoogLeNet,
Inception V3, Xception

Automatic
identification of
weeds

InceptionV3 outperformed other
models

[99]

SVM (Support vector machine) Weed detection in
sugarbeet field

Accuracy of the model was 95% [100]

CNN Stress level in
sorghum due to
nitrogen deficiency

CNN models gives better accuracy
and perform better

[101]
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the range of 10–20 nm, employing an imaging spectrometer. This broader spectrum coverage makes
hyperspectral sensors more sensitive and capable of capturing images in bandwidths that are not possible
with multispectral sensors. The reflectance in the SWIR region, combined with reflectance in the visible
or near-infrared (NIR) regions, has been found to monitor the status of nitrogen (N), phosphorus (P),
sulphur (S), and potassium (K) in plants [107]. New spectral algorithms specifically developed and
validated for N, P, S, and K can be utilized for site-specific management in wheat crops [108].
Additionally, drones can be used to observe and assess serious soil degradation, which poses a threat to
soil productivity [109]. The introduction of drones in agriculture has revolutionized big-area inspections,
smart targeted irrigation, and fertilization [110]. The ability to detect areas requiring significant irrigation
or affected by weeds through drone-based infrared cameras helps agronomists save time, conserve water
resources, and reduce the use of agrochemicals. Moreover, these advanced farming techniques have the
potential to increase crop productivity and improve the overall quality of the produce [111].

AI-powered drones play an important role in assisting farmers with agricultural production and
harvesting procedures. The incorporation of predictive analysis shows useful in early problem detection
in the field [112]. This enables farmers and organizations to address concerns, reducing the likelihood of
substantial crop loss or damage. AI technology has the ability to forecast and detect approaching flood or
drought conditions before they occur [113,114]. Furthermore, AI simplifies the analysis of weedicide and
pesticide requirements, allowing precise application in the field. The software aids in the timely detection
of pest attacks and plant health concerns in real time [115], optimizes soil fertility management [116], and
reduces the demand for pesticides and herbicides in specific fields [89]. In the domain of pesticide and
weedicide application, AI contributes to the efficiency of spraying operations and crop monitoring. The
utilization of drones for chemical spraying not only enhances effectiveness but also reduces human efforts
and workforce demands [117].

5.2 Nutrient Stress Management Using AI Technology
AI presents an innovative approach to identifying nutrient deficiencies in plants, particularly through the

rapid fluorescence of chlorophyll a. Kalaji et al. [118] conducted a study investigating the impact of
deficiencies in certain macro (Ca, S, Mg, K, N, P) and micro (Fe) nutrients on the photosynthetic
machinery of hydroponically grown tomato (Solanum lycopersicum L.) and maize (Zea mays L.) plants.
A comparison was done between plants grown in a full nutrient solution (control) and those grown in a
medium deficient in either a macro-or microelement. The physiological state of the photosynthetic
apparatus in vivo was evaluated after 14 days of food shortage using JIP-test parameters generated from
rapid chlorophyll fluorescence measurements. Most cases of nutritional insufficiency resulted in a
decrease in photochemical efficiency, an increase in non-photochemical dissipation, and a reduction in the
number of active photosystem II (PSII) reaction centers. However, individual nutrient deficits have a
nutrient-specific influence on photochemical processes. Plants deficient in magnesium and calcium
demonstrated a significant decrease in electron donation via the oxygen-evolving complex (OEC).
Sulphur deficiency inhibited electron transport beyond PSI, most likely due to a decrease in PSI
concentration or the activity of PSI electron acceptors. Conversely, Ca deficiency had an opposite effect,
impacting PSII activity more than PSI. While distinct responses to nutrient deficiencies were noted
between tomato and maize plants, the study’s findings suggest that certain fluorescence parameters could
serve as markers for the fluorescence phenotype [119]. The principal component analysis of selected JIP-
test parameters was offered as a potential species-specific technique for diagnosing or forecasting
nutritional deficiencies using fast chlorophyll fluorescence measurements.

Similarly, Aleksandrov [120] proposed a technique that evaluates the photosynthetic activity of leaves to
assess mineral deficiency in nutrient solutions. Chlorophyll fluorescence is analyzed using the Joint Imaging
Platform (JIP) test, which provides information regarding the function of photosystems I and II and the
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overall physiological condition of the photosynthetic apparatus. To detect nutritional deficits in bean plants,
the researchers measured fluorescence transients from plants grown in nutrient solutions missing N, P, K, Ca,
or Fe. These fluorescence transients served as input data for an artificial neural network trained to identify and
forecast N, P, K, Ca, and Fe deficiencies in bean plants. The results indicated the potential of the ANN as a
useful tool for recognizing and forecasting nutritional deficiencies in bean plants based on the rapid
fluorescence of chlorophyll a [121].

In another study, Waheed et al. [26] utilized an Artificial Neural Network (ANN) to classify ginger plants
with nutrient deficiencies, achieving a validation accuracy of 97% when compared to healthy plants.
Furthermore, CNN models like MobileNetV2 and VGG16 demonstrated promising results with validation
accuracies of 96% and 95%, respectively. The performance of the classification models was assessed
using the Receiver Operating Characteristic (ROC) curve, with the ANN exhibiting a faster convergence
rate in comparison to other techniques. These findings highlight the potential of the proposed deficiency
detection methods to improve ginger yield and their relevance in developing real-time disease detection
applications [122]. Kiratiratanapruk et al. [123] conducted a study focusing on the detection and
classification of six major rice diseases using pre-trained models, including Faster R-CNN, RetinaNet,
YOLOv3, and Mask R-CNN. The testing findings showed that YOLOv3 outperformed the other models
for rice leaf disease detection and classification, with a mean average precision (mAP) of 79.19%. Mask
R-CNN, Faster R-CNN, and RetinaNet attained accuracy values of 75.92%, 70.96%, and 36.11%,
respectively. Furthermore, machine vision combined with DL techniques were evaluated for real-time
identification of early blight disease in potatoes by creating a comprehensive database capturing images
of healthy and diseased plants under various lighting conditions. Three Convolutional Neural Network
(CNN) models, GoogleNet, VGGNet, and EfficientNet, were trained using the PyTorch framework. The
CNNs and DL frameworks exhibited accurate classification of early blight disease at different stages [124].

5.3 Irrigation Management Using AI
Drought is a period of abnormally dry weather sufficiently prolonged for the lack of water to cause a

serious hydrologic imbalance in the affected area. Unlike short-term natural disasters such as floods,
earthquakes, and cyclones, drought can persist for extended periods, necessitating effective monitoring
and forecasting using meteorological and remote sensing data for planning and decision-making. The
accuracy and efficiency of drought forecasting models or methods are crucial for effective mitigation
planning and adaptation strategies [125]. ML has emerged as a valuable tool for more accurate and
efficient drought forecasting, contributing to drought disaster risk management [126,127]. To detect water
stress in crops like maize, okra, and soybean, several deep-learning models were employed, including
AlexNet, GoogLeNet, and InceptionV3. GoogLeNet had the highest accuracy rates at 98.3%, 97.5%, and
94.1% for maize, okra, and soybean, respectively [128].

Drought stress has a significant impact on the growth, development, and production of crops. While
traditional machine learning techniques have made progress in detecting and diagnosing drought stress,
their reliance on manual feature extraction processes limits their accuracy. To evaluate the accuracy of
DCNN, a comparative experiment with standard machine learning on the same dataset was conducted.
The overall identification and classification accuracies for drought stress were found to be 98.14% and
95.95%, respectively, for the entire dataset. Even in sub-datasets at the seedling and jointing stages, high
accuracies were achieved, with color images outperforming grayscale images [129]. These comparative
experiments on the same dataset demonstrate the superiority of DCNN over traditional machine-learning
methods. The suggested deep learning-based technique shows potential in recognizing and categorizing
drought stress in field maize using digital images [25]. Furthermore, the utilization of UAV imagery
enables stress detection. Butte et al. [27] employed the Retina-UNet-Ag deep learning model to analyze
aerial images of potato plants. The model achieved an average dice score coefficient (DSC) of 0.723 and
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0.756 for healthy and stressed plants, respectively, demonstrating its ability to differentiate between the two
in-field images captured by a Parrot Sequoia camera. Other studies have also addressed the localization of
crop stress in aerial images using deep learning techniques [130,131].

Thermal imaging of plants has emerged as a non-destructive method for remotely monitoring water
status. Melo et al. [132] conducted a study to predict the moisture status of sugarcane crops using thermal
images. They employed an ANN model called Inception-ResNet-v2, which combines deep learning with
transfer learning techniques to achieve high accuracy in a shorter time and at a lower cost compared to
traditional methods [133]. A comparison was made between the recommended model’s performance and
a human evaluation of the identical set of thermal photos. The results demonstrated that the developed
technique outperformed human evaluations and enabled non-destructive classification of water stress in
plant thermal images. The deep learning model exhibited superior accuracy in differentiating between
different levels of thermal stress, with accuracies of 23%, 17%, and 14% for the available water capacity
classes of 25%, 50%, and 100%, respectively [134]. Modelling the hyperspectral response of vegetables
is essential for assessing water stress using a non-invasive method. Osco et al. [135] conducted a study
on water-stressed lettuce (Lactuca sativa L.) using hyperspectral data and ANN. The performance of the
ANN technique was evaluated in comparison to other machine learning algorithms. The results revealed
that the ANN technique obtained up to 80% accuracy in discriminating water-stressed lettuce from the
non-stressed group at the start of the trial. The accuracy gradually increased, reaching 93% at the end of
the trial. Absorbance data outperformed reflectance data in terms of water stress modelling [136,137].

Arif et al. [138] created two artificial neural networks (ANNs) to evaluate soil moisture in paddy fields.
The first model used minimum, average, and maximum air temperature data to predict evapotranspiration,
whereas the second model used solar radiation, precipitation, and air temperature information. These
models offered accurate and dependable soil moisture predictions using minimum meteorological data,
labour, and time. Furthermore, Behmann et al. [139] claimed that close range hyperspectral imaging can
identify stress-related processes non-destructively in their early stages, which are invisible to the naked
eye. Their method combines unsupervised and supervised techniques to identify progressive stress
buildup in barley (Hordeum vulgare) during drought conditions. These fingerprints can appear in both
well-watered and drought-stressed plants, but their distribution varies. Ordinal classification using Support
Vector Machines (SVM) quantifies and visualizes the distribution of senescence stages, distinguishing
between well-watered and drought-stressed plants. Distinctive sets of relevant Vegetation Indices (VIs)
are identified for each senescence stage. The method, applied to potted barley plants in greenhouse
experiments, detects drought stress up to ten days earlier than NDVI. Additionally, certain VIs exhibit
general relevance, while others are stage-specific. The study demonstrates the method’s effectiveness in
visualizing leaf senescence and its efficiency in the early detection of drought stress.

Hinnell et al. [140] addressed the usage of neuro-drip irrigation systems, which used artificial neural
networks (ANNs) to forecast the geographical distribution of subsurface water. The ANNs enabled fast
decision-making processes, leading to efficient water management. The combination of precision
agriculture and wireless sensor network (WSN) applications represents a promising area of research that
can improve crop production, precision irrigation, and cost reduction. WSN systems offer easy
deployment, system maintenance, and monitoring, which can contribute to the widespread adoption of
precision agriculture.

5.4 AI for Detection and Management of Weed Stress
The presence of weeds poses a significant threat to crop growth as they compete with crops for essential

resources and space. Weeds have the potential to reduce crop production and quality by competing for
resources [141]. Farmers employ various weed control strategies to mitigate yield reduction. However,
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current approaches primarily rely on chemical herbicides, leading to the rapid evolution of herbicide-resistant
weeds and posing serious environmental risks. Due to manpower constraints, high human weeding expenses,
and rising demand for organic food, the development of automated weed control devices for real-time field
management has gained attention. Large-scale cultivation necessitates cost-effective and labor-saving
solutions for efficient weed management. Automated weeding is an excellent approach for ensuring the
sustainability of agricultural production systems. While herbicides are commonly employed for weed
control in agriculture, their usage leads to environmental pollution along with risks of poisoning for
individuals involved in their application [142,143]. To address the negative impacts mentioned,
advancements in spraying technologies have been made to improve efficiency and safety. These
advancements incorporate developments in electronics, AI, and automation [144–146]. However, it is
important to note that most agrochemicals, including herbicides, are still applied uniformly across fields,
regardless of the uneven distribution of pests, pathogens, and weeds. This uniform application leads to
the wastage of agrochemicals in areas where there is little or no issue, resulting in increased costs, and
risk of crop damage, pest resistance, environmental pollution, and contamination of edible products [147].
Weeds are known to grow quickly and spread over the field, competing with crops for important
resources like space, nutrients, sunshine, and water. While herbicides are commonly used in agriculture to
suppress weeds, improved sensor-based herbicide spraying can provide a long-term solution to offset the
negative effects of indiscriminate herbicide use. Sensor-based spraying is categorized into two categories
based on the application place [148] (Table 2). Spraying systems are divided into two categories: “green
on brown” (GoB) and “green on green” (GoG). The GoB technique uses spectral information in the near-
infrared and visible wavelengths in order to discriminate among green vegetation and soil or agricultural
leftovers. The GoG technique employs powerful image algorithms to distinguish between green crops and
green weeds, allowing plant species to be classed as crops, grass weeds, broadleaved weeds, and
perennial weeds [149].

Table 2: Overview of commercially available spot spraying systems [148]

Product Company Technology Sensors Herbicide
reduction

Robotti Agrointelli (Aarhus N,
Denmark)

Combining deep
learning and big data

RTK-GPS,
autonomous, Lidar,
camera

40%–60%

Bilberry Bilberry (Gentilly, France) AI-based weed
detection and spot
spraying

RGB camera More than
80%

Weedseeker Trimble agriculture
(Colorado, USA)

Infrared sensors High-resolution blue
LED-spectrometer

60%–90%

Weed-It Weed-It (CJ Steenderen,
Netherlands)

Detection of green
vegetation

Blue LED-lighting
and spectrometer

95% (only
in crop-free
areas)

Blue river’s
see and
spray

Blue-river technologies
dimensions agri technologies
(New York, USA)

CNN-based weed
detection in cotton and
spot spraying

RGB cameras Up to 90%

(Continued)
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Using patch spraying or spot spraying techniques, these systems use precise sprayers to target areas with
high levels of weed infestations [150]. Patch spraying involves the utilization of georeferenced weed maps to
identify regions with significant weed infestations. Herbicides are selectively sprayed in these infested areas,
while the boom sprayer is kept off in areas with reduced weed infestations that do not surpass the economic
weed threshold. Spot spraying systems, on the other hand, have a narrower field of application and aim to
target individual weed plants or smaller weed patches. This approach reduces the number of sprayed
areas, allowing for more precise and targeted weed control [151]. Patch and spot spraying both require
sensor-controlled spraying systems, which incorporate sensors to detect weeds and crops, expert systems
to determine herbicide dosages and weed control requirements, and application systems to apply the
herbicides [152]. Patch spraying uses georeferenced weed maps to determine areas for herbicide
application based on weed infestation levels, while spot spraying can target even smaller areas for precise
weed control. These targeted spraying techniques help minimize herbicide usage and reduce the
environmental impact associated with excessive application [153].

Patch spraying and spot spraying are viable options for reducing herbicide usage and enhancing weed
control in crops, serving as alternatives to uniform herbicide applications. Patch spraying is typically
employed in extensive arable crops like cereals, maize, and soybeans, utilizing large boom sprayers for
implementation [154]. Conversely, spot spraying is better suited for high-value crops like vegetables and
sugar beets. However, spot spraying may have lower speeds due to the complexity of weed/crop
classification using CNNs, but commercial robot systems have successfully implemented spot
spraying [155].

The automation of weed sprayers has gained significant interest in recent years [156]. Incorporating
computer vision technologies in agricultural operations has been found to reduce operator stress levels.
An effective smart sprayer system should be capable of real-time weed spot detection and precise
application of chemicals to the intended locations. Various sensors and techniques, including machine
vision, spectral analysis, remote sensing and thermal imaging, have been analyzed for weed detection
[157]. Machine vision, which enables the differentiation of vegetation from the soil background based on
colour differences, has been used for weed detection, but earlier systems were limited in distinguishing
between crop plants and weeds [158].

Researchers have developed and evaluated smart sprayer systems capable of distinguishing between
weed leaves and crop plants. For example, Lee et al. [159] developed a system that could differentiate
between weed leaves and tomato plants, although the processing speeds were slower at that time. Recent
advancements in commercial spraying technologies have integrated AI to differentiate between crop
plants and various weeds. Examples include the H-Sensor by Agricon GmbH and the See and Spray
system by Blue River Technology, both designed for row crops. These precision spray technologies

Table 2 (continued)

Product Company Technology Sensors Herbicide
reduction

Smart
spraying

BASF, (Mumbai, India)
Bosch, (Renningen,
Germany)

Camera-based weed
coverage measurement
and spot spraying

Bi-spectral camera 70%

H-sensor AgriCon (Jahna, Germany) AI-based weed
detection in cereals and
maize

Bi-spectral camera 50%
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significantly reduce herbicide usage compared to traditional broadcast sprayers that treat the entire field
regardless of weed presence [147].

In [160], three distinct deep-learning image-processing methods were employed to estimate weed
presence in lettuce crops. These methods were compared to visual estimations made by experts. The first
method employed was support vector machines (SVM) with histograms of oriented gradients (HOG) as
feature descriptors, while the other or the second method used was YOLOV3 in order to detect objects.
The third approach used Mask R-CNN for segmenting individual weeds. To remove non-photosynthetic
items, a normalized difference vegetation index (NDVI) was utilized as a background subtraction. For
crop detection, both machine learning and deep learning approaches received high F1 scores of 88%,
94%, and 94%, respectively. The observed crops were paired with the NDVI background subtractor to
indirectly identify weeds. The coverage percentage of weeds was determined using classical image
processing methods, resulting in improved accuracy compared to human-estimated data [161].
Furthermore, a method was created to distinguish weeds from crops using image analysis and neural
networks, with an accuracy of more than 75% without prior plant knowledge. Shahzadi et al. [162]
created an expert systems-based smart agricultural system that used IoT technology to relay data to a
server, allowing implements in the field to make informed decisions. The system used temperature,
humidity, leaf wetness, and soil sensors to provide information about the field, but it was not actively
involved in processing.

The key weed control time has been identified for a variety of crops, notably annual species, taking into
account crop type, cultivar, production system, management approaches, and environmental variables.
Numerous research have looked at the interactions between crops, weed communities, and the
environment. However, the applicability of these models as decision-making tools is limited due to their
low generalization capacity, as they often struggle to interpret scenarios beyond experimental conditions.
Complex relationships exist between agricultural systems and weed infestations, but recent advancements
in computational development, particularly in machine learning models, have facilitated the understanding
of these complex relationships. Machine learning models, such as ANNs, have exhibited the ability to
learn and comprehend correlations between dependent and independent variables, enabling pattern
detection and prediction under various conditions [163,164]. ANNs have been used effectively in weed
research to identify weed species, determine spatial distribution for herbicide administration, and estimate
herbicide sorption and desorption in agricultural soils [165]. ANNs offer great prediction accuracy for
novel instances, but they must be thoroughly trained and evaluated to guarantee generalizability during
validation and testing. The selection of appropriate inputs is crucial for generating high-performance
models, which can be challenging when studying the weed control period due to the numerous variables
influencing weed-crop competition [166,167]. Table 3 shows the identification of weed patches by
different types of multispectral, RGB, and hyperspectral cameras.

Table 3: Weed patches identification by different types of camera (multispectral, RGB, hyperspectral)

Crop Weed (Scientifc name) Type of camera Application References

Beta
vulgaris

Cirsium arvense Multispectral
camera

Discriminate crop vs.
weeds

[168]

Glycine
max

Echinochloa crusgalli Multispectral
camera

Assessment of crop injury
from dicamba

[169]

Hordeum
vulgare

Cirsium arvense RGB camera Discriminate crop vs.
weeds

[170]

(Continued)

Phyton, 2024, vol.93, no.7 1587



The imperative task of weed monitoring and control in agriculture is underscored by Wakchaure et al.
[175]. In the context of precision farming, Cho et al. [176], and Dorrer et al. [177] have harnessed standalone
ANN for vision intelligence. However, the existing classification system encounters limitations, notably its
need for individual testing in each operational field. Addressing this challenge, Hall et al. [178] have
proposed a classification model incorporating low-dimensional features, utilizing DCNN algorithms for
data collection. Their application on cotton plants via a mobile platform successfully delineated cotton
and weeds.

6 Limitations

Although AI improves the agriculture industry in many remarkable ways, there are many concerns
regarding the application of AI in agriculture sector. Agriculture employs over 1.5 billion people, which
is 20% of the world’s population and there are predictions of there being millions of unemployed field
workers in the next decades primarily due to the impact of AI in the agriculture industry [17,179]. On the
other hand, AI algorithms require large and diverse datasets for effective training. In agriculture,
obtaining such datasets can be challenging due to factors like limited historical data, variability in
farming practices, and differences in environmental conditions. Agriculture practices vary widely across
regions and even within the same region. The lack of standardization in data collection methods,
equipment, and farming techniques can make it difficult to develop universal AI solutions that work
seamlessly across different agricultural contexts. In many rural areas, where agriculture is a primary
industry, there may be inadequate infrastructure and poor internet connectivity [53,180]. This can impede
the deployment and operation of AI technologies that rely on real-time data transmission and cloud
computing. Furthermore, the initial cost of implementing AI technologies in agriculture, including the
purchase of advanced equipment and systems, can be high. This may limit the adoption of AI solutions,
especially for small-scale farmers with limited financial resources. Moreover, farmers and agricultural
workers may lack the necessary skills and knowledge to use effectively AI technologies. Hence, training
programs and educational initiatives are essential to bridge this gap and ensure that end-users can
leverage the full potential of AI technologies.

7 Future Research Direction

AI has the potential to revolutionize farming practices by providing solutions for pest control, weather
prediction, and other agricultural tasks. In the future, AI will enable farmers to become agricultural scientists
by utilizing data to optimize yields. AI companies are developing robots that can perform various tasks in the

Table 3 (continued)

Crop Weed (Scientifc name) Type of camera Application References

Sorghum
spp.

Portulaca oleracea Hyperspectral
camera

Discriminate crop vs.
weeds

[171]

Zea mays Sorghum halepense Multispectral
camera

Discriminate crop vs.
weeds

[172]

Triticum
aestivum

Alopecurus myosuroides RGB and
multispectral
camera

Discriminate crop vs.
weeds

[173]

Zea mays Echinochloa crusgalli and
Abutilon theophrasti

RGB and
multispectral
camera

Evaluation of resistant
weeds

[174]
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field, addressing the challenges encountered by agricultural labour. The rapid advancement of AI techniques
led to their use in concurrently recognizing different weeds using computational networks such as
convolutional neural networks (CNN) and recurrent neural networks (RNN).

AI-equipped drones surveil the farm, providing ongoing real-time field data. This allows farmers to
identify areas with insufficient water and selectively start irrigation, hence avoiding flooding or scarcity.
In order to ensure a consistent water supply to crops, these measures contribute to optimal crop growth.
Various integrated AI approaches will be employed to create a conducive environment for crops,
ultimately enhancing overall crop growth. However, for AI to have a widespread impact in agriculture, it
is crucial to focus on providing universal access. Currently, advanced technology is predominantly
accessible to large, well-connected farms. Ensuring connectivity and extending the reach of AI to small
farms in remote regions worldwide is essential for the future of AI-driven automated agriculture.

8 Conclusion

This study reviews the existing literature on the implementation of AI technologies in agriculture by
assessing various research findings. The integration of artificial AI in nutrient, weed, and water
management within the agricultural domain marks a significant advancement in precision farming
practices. The reviewed literature underscores the efficacy of AI-driven solutions in optimizing resource
allocation, enhancing crop yield, and mitigating environmental impact. As evidenced by the diverse
applications discussed, ranging from machine learning algorithms for crop deficiency detection to
autonomous systems for precision irrigation and weed management, AI demonstrates its versatility in
addressing complex challenges across agricultural sectors. While acknowledging the promising outcomes,
it is imperative to emphasize the need for continued research, technological refinement, and widespread
adoption to harness fully the potential benefits of AI in agriculture. This review underscores the
transformative role of AI in shaping the future of smart farming, offering not only increased input use
efficiency but also contributing to the overarching sustainable development goals to maintain global food
security.
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