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Abstract. DL, short for Deep Learning, is a cutting-edge approach that merges advanced techniques in image processing 

and data analysis with the power of big data analysis. Its potential is enormous and has already found practical applications 

in several fields, including autonomous driving, automatic speech recognition, medical research, image restoration, natural 

language processing, and, among others. DL has been recently introduced in agriculture showing promising results in solving 

various farming problems like disease detection, automated plant and fruit identification, and counting. This study presents 

a comprehensive review of research using DL techniques in farming, including crop monitoring, crop mapping, weed and 

pest detection and management, irrigation, fruit grading, reorganizations of species and herbicide identification. Furthermore, 

different DL techniques applied in various fields are analyzed and compared with existing techniques. It was found that DL 

outperforms traditional image processing technology in terms of accuracy, both in classification and regression. Additionally, 

the study suggests that DL can be applied beyond detections, classification tasks to yield production, and disease 

segmentation in agriculture. 

Index Terms— Deep learning, Techniques, Smart Agriculture, CNN, ANN, Environment, Survey. 
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1. Introduction  

In numerous countries, agriculture is recognized as a crucial sector that bears considerable economic influence. With the 

expanding population [1], ensuring food sufficiency has become a major apprehension. Consequently, shifting to smarter 

farming methods has become imperative in attaining food security goals. Recently, there has been extensive research on DL 

techniques like Recurrent Neural Networks and Convolutional Neural Networks, which have found widespread application 

in diverse fields, including agriculture. [2] 

Farmers, data scientists, and engineers are working together to perfect methods of optimizing human work in agriculture. 

With the constant improvement of information sources, smart agriculture is evolving into a machine learning system that is 

becoming increasingly advanced [3]. DL is a form of ML that relies on ANN. What sets them apart from ordinary neural 

networks is their depth, which allows them to discover hidden structures in unlabeled and unemitted data. A significant 

benefit of modern deep learning networks is their ability to automatically extract features without the need for human 

intervention, which sets them apart from earlier algorithms. 

Moreover, it is possible to boost production and decrease expenses while simultaneously decreasing pollution levels. The 

timely detection and prevention of crop diseases [4] can effectively impede their spread. Additionally, by preemptively 

utilizing fewer pesticides, pollution levels can be diminished. The provision of precise and prompt crop information is vital 

for social, economic, and environmental welfare.  

The objective of this article is to explore the latest advancements in smart agriculture systems that leverage techniques of 

deep learning. The author's motivation for undertaking this study is based on the significance of DL applications in addressing 

agricultural issues through innovative solutions. While the adoption of DL techniques in smart agriculture is still in its nascent 

stages, it has become increasingly popular in recent publications. Thus, the author emphasizes the role of DL techniques in 

solving intelligent agriculture problems related to decision-making and data processing. 

 

2. Methodology 

In recent years, the field of smart agriculture has experienced significant growth in various domains, with deep learning 

applications being widely embraced and delivering impressive and gratifying results. This research endeavor seeks to furnish 

a contemporary and all-encompassing resource for scholars by scrutinizing and exploring the employment of deep learning 

techniques in agriculture. 

This review is based on two primary steps: first, a search for recent works published within the last five years, and second, 

a review and analysis of the selected works. The search for related works was carried out between March and May 2022 

using primarily Google Scholar. The research was not restricted to any particular method of deep learning, and 55 articles 

were initially selected from different agricultural domains. After thorough examination, we further refined the selection and 

narrowed it down to 23 papers that carried DL experiments and presented their outcomes. 

 

3. A brief introduction to Deep Learning 

 DL is a subset of machine learning that involves the use of ANN to learn from large amounts of data. These neural 

networks are composed of multiple layers of interconnected artificial neurons that work together to learn from large datasets 

and make accurate predictions [5]. It has become increasingly popular in recent years due to its ability to solve complex 

problems that were previously difficult or impossible to solve with traditional machine learning algorithms. Some common 

applications of deep learning include autonomous vehicles, image recognition, recognizing speech and natural language 

processing. [33]  

 

  The success of DL is largely due to its ability to automatically learn features and representations from raw data, without 

the need for hand-designed features or domain-specific knowledge. This makes it well-suited for tasks where traditional 

methods struggle, such as image and speech recognition. Training and optimizing complex models in deep learning 

necessitates vast amounts of labeled data and high-performance computing resources like GPUs [34]. However, the increased 

availability of cloud computing and Big Data has simplified the development and deployment of deep learning applications 

in recent times. 

 

Deep learning models are derived by the function and structure of the human brain, where each layer of the neural network 

processes a specific level of abstraction of the input data. In order to train a deep learning algorithm, a vast amount of data is 
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This is accomplished by adjusting the parameters of the algorithm in a way that enhances its accuracy and predictive 

capabilities. 

Artificial Neural Network  

An artificial neural network (ANN) is a deep learning algorithm that is inspired by the structure and function of the human 

brain to process data. ANN architecture refers to the way artificial neurons are organized and interconnected to process input 

information and produce output. The ANN architecture are designed with multiple layers of interconnected nodes, each 

serving a distinct purpose [35]. The initial input layer receives data, while the final output layer generates the model's output. 

Sandwiched between these two layers are hidden layers, which execute a series of intermediate computations to process the 

input data into the desired output. By organizing neurons into layers and processing data hierarchically, ANNs can tackle 

complex problems and generate highly accurate predictions. 

Each neuron in an artificial neural network is connected to all neurons in the previous and next layers. Each connection 

is associated with a weight that can be adjusted during training to improve the performance of the network. The training 

process consists of iteratively adjusting the weights using an optimization algorithm to reduce a cost function that measures 

the error between the predicted output and the actual output. Once the model is trained, it can be used to predict the output 

for new input data. 

There are different architectures of ANN, such as recurrent neural networks, convolutional neural networks and feed 

forward neural networks, which are optimized for specific tasks such as speech recognition, image classification and sequence 

prediction. 

Figure 1 displays a basic neural network that comprises three parts, namely (i) the input layer, (j) hidden layer, and (k) output 

layer. 

 

 

Figure 1 : ANN Architecture [30] 

 

 

Convolutional Neural Network 

Convolutional Neural Networks (CNN) [35], a DL algorithm, utilizes a deep feed forward ANN and is equipped with 

shared weights, advanced layering capabilities, and exceptional learning ability. These features enable CNN to effectively 

tackle complex problems with larger models and generate impressive outcomes. In fact, CNN has made significant strides in 

various applications, including speech recognition, language translation, image recognition, and information retrieval. 

However, when it comes to solving large-scale issues, CNN is not as proficient as ANN. 

CNNs are a type of neural network particularly suited to processing images and other two-dimensional data. The 

architecture of a CNN typically consists of several layers, including a convolution layer, an activation layer, a pooling layer, 

a fully connected layer and possibly a dropout layer. Figure 2 

The convolution layer is the first layer of a CNN. In this layer, the input image is convolved with a set of learnable filters, 

which detect different features like edges, corners and shapes. The output of this layer is a set of feature maps. 

After the convolution layer, an activation layer is usually added. This layer applies a nonlinear function to the output of 

the convolution layer, allowing the network to learn more complex features. 

The pooling layer is used to minimize the spatial size of the activation layer output, while retaining the most important 

information. This layer can help Decrease the number of parameters in the network, making it faster and more efficient. 

E3S Web of Conferences 416, 01035 (2023)   https://doi.org/10.1051/e3sconf/202341601035
OGEGS 2023

3



in traditional neural networks and can be used for tasks such as classification or regression. 

Finally, a dropout layer can be added to the network to avoid overlearning. This layer randomly removes a certain 

percentage of neurons in the network during training, compelling the model to identify more resilient features in the data. 

Overall, the architecture of CNNs is designed to allow the network to learn hierarchical representations of the input data, 

with each layer building on the previous one to learn increasingly complex features [36]. This makes CNNs particularly 

suited to tasks E.g. object detection and image classification. 

 

 

 

 

Figure 2: CNN Architecture. [29] 

 

4. Application of DL in agriculture 

 

Smart agriculture is utilizing deep learning algorithms to monitor a range of parameters that can be observed from 

anywhere globally. Previous surveys have mostly examined the advantages of DL in specific agricultural applications. 

However, our overview offers an examination of deep learning's contributions to various smart agriculture applications.  We 

analyzed which deep learning models were most suitable and effective for different applications. Our findings indicate that 

researchers are increasingly interested in using the Convolutional Neural Network (CNN) algorithm for classification 

applications and plant disease detection, which has produced remarkable results. 

The CNN algorithm is commonly utilized in weather forecasting applications due to its ability to analyze time series data 

and deliver accurate outcomes. In our research, we examined the diverse domains of smart agriculture where deep learning 

techniques are employed, and we have compiled our discoveries in Table 1. 

Deep learning has a lot of potential applications in agriculture. Here are some examples: 

Crop Yield Prediction: considered to be one of the most notable applications of deep learning in the field of agriculture 

[37]. DL algorithms can analyze large datasets of historical weather data, soil quality, crop type, and other factors to predict 

crop yields accurately. This can help farmers optimize their crop management practices, leading to increased yields and 

reduced costs. 

Disease Detection: Deep learning algorithms can analyze images of plants to detect diseases accurately [38]. By training 

deep learning models on large datasets of plant images, researchers can develop models that can accurately identify diseases 

and provide recommendations for treatment. 

Soil Analysis: Deep learning algorithms can analyze soil samples to provide information about soil quality and nutrient 

content. By analyzing large datasets of soil samples, deep learning models can identify patterns and predict soil properties 

accurately[39]. 
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learning models on large datasets of field images, researchers can develop models that can accurately identify weeds and 

recommend the best course of action for their removal. 

 

Table 1  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

5. Discussion 

In order to meet the food demands of the world's rapidly increasing population, it is imperative to update the agricultural 

sector with cutting-edge technologies. The use of modern technologies with high efficiency is particularly crucial due to the 

growing environmental issues negatively impacting this sector [31]. 

Smart agriculture [32] is a broad field encompassing diverse areas, data collection, including sensor development, network 

maintenance, and artificial intelligence-based decision-making. Over the past two decades, the emergence of AI and DL has 

significantly contributed to the growth of projects in this field. In particular, deep learning techniques have demonstrated 

remarkable performance compared to conventional methods in the majority of related work. 
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to make decisions, certain crucial factors that can impact these decisions are frequently disregarded. crop standard procedures, 

weather predictions, farmer feedback, historical crop data, and government regulations are not taken into account in the 

decision-making process. 

Advantage and Disadvantage of DL in agriculture 

 

DL offers several advantages and disadvantages in the field of agriculture. In terms of advantages, deep learning can be used 

to improve crop production and quality by allowing for accurate soil and crop analysis and yield prediction. Deep learning 

models can also help identify diseased plants or weeds, allowing for more efficient crop management. In addition, deep 

learning can help optimize the use of resources such as water, fertilizers and pesticides, which can reduce production costs 

and minimize environmental impacts. 

However, there are also drawbacks to using deep learning in agriculture. First, DL models require high quality and large 

amounts of data to be accurate. Collecting this data can be costly and time-consuming, especially in rural areas where access 

to digital technologies may be limited. In addition, deep learning models can be difficult to interpret, which can pose decision-

making challenges for farmers. Finally, deep learning models can be expensive to implement and maintain, often requiring 

specialized skills and resources. 

In conclusion, deep learning can offer many benefits for agriculture, but it is important to consider the potential drawbacks 

before adopting it in this field. Farmers should carefully evaluate the benefits and costs of using deep learning models and be 

aware of the challenges they may face when implementing them. 

Future of DL in agriculture 

Due to the varying climatic conditions, nature, and features across regions, agriculture is a complex field that requires 

technology to identify and analyze elements of interest from collected data. This involves handling large amounts of real-

time data, which is where deep learning technology comes into play, utilizing algorithms E.g. CNN and RNN. By processing 

field data on soil types, climate parameters, weather patterns, and other factors, a deep learning algorithm can build a 

probabilistic model to identify diseases in plants and track changes in weather patterns [41]. The advantage of DL is that it 

can create selected features without human intervention through unsupervised learning, making it well-suited for the 

constantly changing real-time environment of agriculture. This is particularly important as the Internet of Things (IoT) [42] 

continues to generate unclassified and unstructured data, where DL models outperform traditional methods like SVM, RF 

,and ANN in terms of automatic feature extraction efficiency. 

6. Conclusion 

In this study, a comprehensive overview of DL research in agriculture is presented. The paper investigates several agricultural 

domains, identifies the problems addressed, specifies technical aspects such as the DL model and architecture, describes the 

data sources utilized, reports the accuracy of each study relative to conventional methods, evaluates the hardware utilized, 

and considers potential real-time applications. The findings reveal that DL has demonstrated high accuracy across most of 

the reviewed studies, surpassing the precision of traditional methods. 

The main advantage of non-DL techniques is the shorter classification time, allowing for easier real-time implementation. 

However, the hardware requirement for DL, primarily powerful GPUs with high power consumption, can be a significant 

disadvantage. Although there are alternative, low-power systems such as FPGAs, they have not yet been extensively explored 

in the agricultural domain. To integrate DL techniques with autonomous robotic platforms (AGVs) in real-time, further 

research is required to reduce the complexity and hardware demands of existing effective DL methods.  
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