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Abstract. This study addresses the role of artificial neural networks (ANNs) and 

their advanced version, Convolutional Neural Networks (CNNs), in the early di- 

agnosis of diseases in agriculture and their application potential in vineyards. The 

time-consuming and costly nature of traditional methods has accelerated the 

adoption of ANN and especially CNN technologies in agricultural applications. 

Deep learning-based models have achieved accuracy rates exceeding 95% by de- 

tecting disease symptoms on grape leaves, offering early diagnosis capabilities. 

The effective use of methods such as Convolutional Neural Networks 

(CNNs), Transfer Learning, and YOLO in real-time applications has provided 

fast and accurate detection capabilities in field conditions. These technologies 

facilitate the early detection of diseases, reducing the use of chemical pesticides 

and contributing to environmental sustainability. However, challenges such as 

data scarcity, the development of models resistant to field conditions, and hard- 

ware costs limit the widespread adoption of these technologies. 

The effective use of convolutional neural networks in early disease detection 

in vineyards represents an important tool for increasing the efficiency of agricul- 

tural processes and reducing environmental impacts. It is expected that these 

technologies will find a wider application area in agriculture with larger data sets 

and optimized algorithms. 

Keywords: Artificial Neural Networks (ANN), Convolutional Neural Net- 

works (CNN), Grape Diseases, Deep Learning, Image Processing. 

1 Introduction 

Grapes are a widely cultivated and economically valuable fruit type worldwide. As an 

important agricultural product for both fresh consumption and wine production, grapes 

face various diseases and pests throughout the production process. These diseases lead 

to yield loss and threaten the production process. Therefore, the early detection and 

effective management of diseases play a critical role in ensuring sustainability in agri- 

cultural production. Traditional methods rely on observation and expert opinions for 

disease detection However, these methods are limited in providing an effective solution 

due to their accuracy being dependent on expert experience and their time-consuming
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nature. However, these methods can be time-consuming, costly, and sometimes mis-
leading. Recently developed artificial intelligence technologies have the potential to 
provide solutions to these problems [1]. In particular, artificial neural networks (ANNs) 
offer new approaches in the detection and management of agricultural diseases. These 
technologies, combined with computer vision and image processing techniques, enable 
the early detection of diseases and provide effective intervention [2]. ANNs are math-
ematical models developed inspired by the biological nervous system and can make 
inferences by learning on large data sets. Especially deep learning algorithms can clas-
sify diseases by analyzing symptoms such as color changes, spots, and deformations on 
grape leaves [1], [2]. Methods applied with ANNs and their advanced version, CNNs, 
offer faster and more accurate results compared to traditional observation and testing 
methods.  
In this context, both theoretical background and findings from applied studies will be 
discussed, and the future potential of ANNs and CNNs will be evaluated.    

2  Early Beginnings and Theoretical Foundations 

The foundations of artificial neural networks date back to the late 1940s. The first the-
oretical foundations were based on studies on the functioning of biological neural net-
works. In 1943, Warren McCulloch and Walter Pitts explained the structural and func-
tional characteristics of the brain with a mathematical model. In the McCulloch-Pitts 
neural network model, nerve cells (neurons) were accepted as units performing simple 
logical operations. This first model is called "logical neural networks" or "McCulloch-
Pitts neurons" and constitutes the first theoretical step of artificial neural networks [3]. 
However, the capacity of these models was limited to supporting only simple logical 
operations. In order to develop more complex and real-world problem-appropriate 
models, different approaches emerged in the following years. The perceptron model, 
developed in the 1950s, enabled artificial neural networks to find a more concrete ap-
plication area and laid the foundation for multi-layered structures [4]. However, the 
perceptron model was also limited in non-linear problems, which necessitated the de-
velopment of new algorithms and structures [5].  
The emergence of the backpropagation algorithm in the 1980s made it possible to apply 
artificial neural networks to more complex learning problems. This algorithm is based 
on the logic of updating weights by back-propagating error calculations between layers 
[6]. This development laid the foundation for deep learning models and brought about 
structures that can work more effectively on large data sets.    
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3  First Practical Applications and Perceptron 

In the late 1950s, the perceptron model, which enabled artificial neural networks to 
become more concrete, was developed. Introduced by Frank Rosenblatt in 1958, the 
perceptron was able to solve a basic classification problem by transforming a neuron 
model into a more complex structure [4]. This model presented a structure that calcu-
lated the weighted sum of input data and associated the outputs with a decision mech-
anism.  
The perceptron model could basically work with linearly separable data sets. However, 
in the book "Perceptrons" written by Minsky and Papert in 1969, it was emphasized 
that the perceptron could not solve linearly inseparable problems, and this situation led 
to a stagnation period in the development of artificial neural networks [5]. These criti-
cisms brought to light the need to develop more complex models and multi-layered 
structures.  
The developments in this period strengthened the theoretical foundation of artificial 
neural networks and paved the way for the solution of more complex problems with 
innovations such as the backpropagation algorithm in the following years. Despite the 
basic limitations of the perceptron, this model is considered a groundbreaking step in 
the field of artificial intelligence and machine learning.    

4 Discovery of the Backpropagation Algorithm 

In the mid-1980s, the backpropagation algorithm, which is considered a turning point 
in the development of artificial neural networks, was developed. Studies published by 
Geoffrey Hinton, David Rumelhart, and Ronald Williams in 1986 revealed the basic 
principles of this algorithm [6].  
The backpropagation algorithm revolutionized the training of multi-layered artificial 
neural networks and made it possible to solve more complex problems. This algorithm 
enables the updating of weights by back-propagating error calculations between layers. 
The process enables the optimization of the learning process by analyzing the contri-
bution of each neuron and propagating the error signal back from layer to layer. One of 
the most important contributions of backpropagation is that it enables neural networks 
to learn more effectively with large data sets. 
The emergence of the backpropagation algorithm enabled artificial neural networks to 
spread to wider application areas. Especially in areas such as image processing, natural 
language processing, and finance, the opportunities offered by this algorithm played an 
important role in the development of artificial intelligence technologies. However, the 
computational requirements and data needs of the algorithm created some difficulties 
due to the hardware limitations of that period. In the subsequent stages, improvements 
made on the backpropagation algorithm increased the speed and accuracy of the algo-
rithm; the performance was further improved with innovations such as momentum, 
adaptive learning rate, and regularization techniques    



  
110             D. U. Güzel

5  Deep Learning and the Modern Era 

In the late 1990s, advancements in computer hardware and the rise of large datasets 
ushered in a new era in the development of artificial neural networks. This approach, 
termed deep learning, enabled the efficient training of multi-layered artificial neural 
networks (deep networks). This progress accelerated in the early 2000s, expanding the 
applicability of neural networks across diverse disciplines. In 2012, the victory of the 
AlexNet deep neural network model in the ImageNet competition marked a turning 
point for deep learning [7]. AlexNet's success demonstrated the power of deep learning 
in visual recognition and other applications, sparking increased interest in neural net-
works. During this period, GPU-based parallel computing technologies and large-scale 
dataset processing capabilities facilitated the effective implementation of deep learning 
algorithms.  
Today, deep learning methods are employed not only in image processing but also in 
natural language processing (NLP), speech recognition, biomedical analysis, and au-
tonomous systems. Architectures such as Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs) have achieved remarkable success across diverse 
data types. While CNNs revolutionized visual data analysis, RNNs provide effective 
solutions for time-series and linguistic data. In the modern era, innovations in deep 
learning algorithms have enhanced efficiency and accuracy.  
Techniques such as dropout, batch normalization, and advancements in optimization 
algorithms significantly improved model performance. Furthermore, advanced meth-
ods like the Transformer architecture have revolutionized NLP and image processing 
[8]. However, the complexity of deep learning models has introduced challenges, in-
cluding high computational power demands and the need for large labeled datasets. 
Consequently, research into developing more efficient models and techniques for train-
ing with limited data remains an active area of study. Deep learning has become the 
cornerstone of artificial neural networks' success in the modern era, driving not only 
technological progress but also fostering productivity and innovation across numerous 
sectors. 

6  Fundamentals of Neural Network Optimization 

The success of artificial neural networks heavily relies on the optimization of parame-
ters such as weights and biases. This optimization process typically aims to minimize a 
loss function. Gradient descent, introduced by Rosenblatt (1958), serves as a founda-
tional method, updating weights using the derivative of the loss function to improve 
model accuracy [4].  
Several refinements have enhanced gradient descent. Momentum incorporates the ve-
locity of prior updates to avoid local minima [9]. AdaGrad (Adaptive Gradient Algo-
rithm) automatically adjusts learning rates based on historical gradients, improving per-
formance on sparse datasets [10]. RMSprop (Root Mean Square Propagation) and 
Adam (Adaptive Moment Estimation) further optimize gradient descent efficiency 
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[11]. Large, complex models face challenges such as the vanishing gradient problem, 
which limits learning in deep networks.  
Solutions include activation functions like ReLU (Rectified Linear Unit) and architec-
tures like LSTMs (Long Short-Term Memory Networks) [12]. Techniques such as 
dropout and L1/L2 regularization mitigate overfitting [13]. Modern optimization also 
draws inspiration from nature. Genetic algorithms and simulated annealing accelerate 
optimization, particularly in hyperparameter tuning [14]. The fundamentals of neural 
network optimization underpin the success of contemporary AI applications. These al-
gorithms and techniques have enabled faster, more accurate, and efficient models, em-
powering neural networks to thrive across a broad spectrum of applications. 

7  Fundamental Principles of Artificial Neural Networks and 
Convolutional Neural Networks and Their Use in Agriculture 

Artificial Neural Networks (ANN) are mathematical models inspired by the functioning 
of biological neural systems. The basic components of ANN consist of an input layer, 
hidden layers, and an output layer. Each layer processes data, shaping the model's learn-
ing process. Neural networks have the capacity to recognize complex patterns in data, 
classify, and make predictions. With advancing technology, ANNs have gained the 
ability to process large datasets. These features make them suitable for use in the agri-
cultural sector in areas such as diagnosing plant diseases, crop prediction, yield analy-
sis, and irrigation management [1].  
The use of ANNs in agriculture offers significant advantages compared to traditional 
methods. While traditional methods often rely on expert observations, ANN-based sys-
tems provide more objective results with higher accuracy rates. In particular, deep 
learning architectures such as Convolutional Neural Networks (CNN) have been suc-
cessful in classifying disease types by detecting fine details in leaves [2]. Convolutional 
Neural Networks (CNN or ConvNet) are one of the most popular algorithms in deep 
learning, a type of machine learning that can directly learn from images, videos, text, 
or audio to perform classification tasks. CNNs are particularly useful for recognizing 
objects, faces, and scenes, as well as detecting patterns in images. They learn directly 
from image data, use patterns to classify images, and eliminate the need for manual 
feature extraction.  
Applications requiring object recognition and computer vision, such as self-driving ve-
hicles and facial recognition systems, largely rely on CNNs. Depending on the applica-
tion, a CNN can be built from scratch or a pre-trained model can be used with a dataset 
[15].. 

7.1  How CNNs Work 

A CNN can have dozens or hundreds of layers, each learning to detect different features 
of an image. Filters are applied to each training image at different resolutions, and the 
convolved output of each image is used as input for the next layer. Filters start with 
very simple features such as brightness and edges, and with each layer, they increase 
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the complexity of features that uniquely identify the object. CNNs can perform feature 
identification and classification of images, text, audio, and videos [15]. 

7.2  CNN Architecture 

Like other neural networks, a CNN consists of an input layer, an output layer, and many 
hidden layers. In these layers, operations are performed to transform the data with the 
aim of learning data-specific features. A CNN typically consists of three layers: the 
convolutional layer, the pooling layer, and the fully connected layer [15]. 

   

 

Fig. 1. Example of a CNN with Multiple Convolutional Layers [15]. 

Figure 1 shows an example of a CNN with multiple convolutional layers. Filters are 
applied to each training image at different resolutions, and the convolved output of each 
image is used as input for the next layer [15].  
As seen in Figure 1, a CNN contains many neurons with learnable weights and biases. 
Each neuron accepts inputs, performs a series of operations, and then outputs a non-
linear function. In the fully connected layer, a loss function (e.g., SVM/Softmax) is 
present, and all the operations and tricks used for training a standard ANN are also 
applicable here [16].  
Artificial neural networks have become a powerful tool for increasing efficiency and 
achieving sustainability goals in the agricultural sector. CNNs are used in agriculture 
for image detection and differentiation. In the future, with the development of more 
data collection infrastructure and innovative algorithms, CNNs are expected to bring 
significant transformations across all branches of agriculture and find broader applica-
tions. 
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7.3  Feature Learning 

While each layer learns to identify different features, these operations are repeated 
across dozens or even hundreds of layers [15]: 

7.4  Convolution Layer 

Input images are passed through a series of nested filters, each of which activates spe-
cific features in the images [15]. The purpose of convolutional layers is to detect fea-
tures in the presented images. They consist of multiple feature maps, each recognizing 
specific features.  
The convolutional layer is the core structure of a CNN. It carries the bulk of the net-
work's computational load. This layer performs a dot product between two matrices, 
where the first matrix is a set of learnable parameters known as the kernel, and the 
second matrix is a restricted portion of the input field [17].  
In Figure 2, an example of 2D convolution without kernel flipping is shown. The output 
is limited to positions where the kernel is entirely within the image, sometimes referred 
to as "valid" convolution. As shown in Figure 2, arrowed boxes are drawn to illustrate 
how the top-left element of the output tensor is generated by applying the kernel to the 
corresponding top-left region of the input tensor [18].

 

Fig. 2. Convolution Operation [18]. 
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The kernel is spatially smaller than an image but deeper in dimension. If an image con-
sists of three (RGB) channels, the kernel will have a small spatial height and width but 
will extend across all three channels in depth. During the forward pass, the kernel slides 
across the height and width of the image, producing a representation of the receptive 
region. This generates an activation map, which is a two-dimensional representation of 
the image, indicating the kernel's response at each spatial position of the image. The 
sliding size of the kernel is referred to as the stride [17]. 

7.5  Rectified Linear Unit (ReLU) 

(ReLU) The ReLU function provides a very simple non-linear transformation. Given 
input data x, this function is defined in Equation 6.1 [19]: 

ReLU(x)=max⁡(x,0)(6.1)ReLU(x)=max(x,0)(6.1) 

By mapping negative values to zero and preserving positive values, ReLU enables 
faster and more efficient training of the network. It is sometimes referred to as an acti-
vation function because only activated features are passed to the next layer [15]. Acti-
vation operations determine the actual output when inputs are provided to a node [16]. 

7.6  Pooling Layer 

The pooling layer simplifies the outputs of non-linear data and reduces the number of 
parameters the network needs to learn [15]. The pooling layer helps reduce the spatial 
dimensions of the representation, thereby decreasing the number of computations and 
the computational load in the network. It also helps control overfitting [16].  
The pooling layer replaces the network output at specific locations by deriving a sum-
mary statistic of nearby outputs. This helps reduce the spatial dimensions of the repre-
sentation, thereby decreasing the required computation and the number of weights. 
Pooling operations are performed separately on each slice of the representation [17]. 
Various pooling functions exist, such as: 
The average of a 2×22×2 rectangular region, 
The L2 norm of a rectangular region, 
The weighted average based on the distance from the center pixel. 
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Fig. 3.   Pooling Operation [17] 

However, the most popular operation is max pooling, which extracts the maximum 
value from a region, as shown in Figure 3 [17]. 

7.7  Fully Connected Layer 

  The layer at the end of a Convolutional Neural Network is the fully connected 
neuron layer. Neurons in a fully connected layer have full connections to all activations 
in the previous layer, similar to what is seen in traditional Artificial Neural Networks, 
and they operate in the same way. Therefore, it can be computed using a matrix multi-
plication followed by a bias effect, as usual. The fully connected layer helps map the 
representation between the input and the output [17]. 

7.8  Classification Layers 

  After learning features across many layers, the CNN architecture transitions to 
the classification process. The final layer is a fully connected layer that outputs a K-
dimensional vector, where K is the number of classes the network is predicting. This 
vector contains probabilities for each class of the classified data. The last layer of the 
CNN architecture uses a classification layer, such as softmax, to provide the classifica-
tion output [15]. 

7.9  Deep CNN Learning 

 Traditional machine learning algorithms typically define the set of rules or features 
that need to be extracted from the data, often involving handcrafted features, which 
tend to be extremely fragile in practice [20].  
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 The fundamental idea or insight of deep learning is that these features can be learned 
directly from the data without manual intervention. To learn features, a deep learning 
algorithm or CNN first detects low-level features, combines and uses these low-level 
features to detect mid-level features, and finally combines and uses mid-level features 
to detect or learn higher-level features [20]. For example, as shown in Figure 4, a deep 
learning model or algorithm learning a face recognition task first tries to detect/learn 
edges in the image, combines these edges to detect/learn features like eyes, nose, and 
mouth, and then uses these features to construct higher-level structures (e.g., a face). 
All of this is performed in a hierarchical manner [20]. 

     Low Level Features                    Mid Level Features               High Level Fea-
tures 

 

Lines & Edges         Eyes & Nose & Ears   Facial Structure 

 

Fig. 4. Deep CNN Learning Process [20]. 

8  Grape Diseases and Visual Identification Through Leaves 

Grape vineyards are of high economic value in agricultural production but are highly 
susceptible to various diseases. Among the most common grape diseases are Plasmo-
para viticola (downy mildew), Erysiphe necator (powdery mildew), Botrytis cinerea 
(gray mold), and pests like Phylloxera. These diseases can manifest symptoms on dif-
ferent parts of the grape plant, such as leaves, stems, and fruits. Leaves, in particular, 
play a critical role in the early diagnosis of diseases. 
 Color changes, tissue abnormalities, and shape irregularities observed on leaves are 
considered early signs of diseases. While traditional methods rely on expert observa-
tions for diagnosis, Artificial Neural Networks (ANN) and image processing techniques 
have made this process faster and more accurate [1], [2]. For example, Convolutional 
Neural Network (CNN)-based models have achieved high accuracy rates in classifying 
disease symptoms on leaves. In analyses conducted on leaf images, ANNs are trained 
on large datasets to precisely determine the type and spread of diseases. However, the 
applicability of ANN-based systems largely depends on the availability of high-quality 
datasets. Insufficient diversity or low quality of leaf images can negatively affect model 
performance (Table 1). These challenges can be overcome through solutions such as 
data augmentation techniques and synthetic data generation [21]. 
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 The diagnosis of grape diseases through leaf images has become more effective 
thanks to technologies like ANN and CNN. These methods offer significant opportuni-
ties for timely intervention and increased agricultural productivity. In the future, the 
impact of these technologies is expected to grow with more advanced algorithms and 
larger datasets. 

Table 1. Studies on the Topic and Their Success Rates 

Dise-
ase/Pest 

Method Suc-
cess 
Rate 
(%) 

Applicability Refe-
rence 

Powdery 
Mildew 
(Erysiphe neca-
tor) 

CNN (Convo-
lutional Neural 
Network) 

99 Can be integrated 
with low-cost image 
processing systems. 
Provides early diag-
nosis in field condi-
tions. 

[2] 

Downy Mil-
dew 
(Plasmopara 

CNN + Data 
Augmentation 

97-98 Integrated with 
mobile devices and 
drones for real-time 

[22], 
[23] 

General 
Grape Diseases 

GAN (Genera-
tive Adversarial 
Networks) 

97 Artificial data ge-
neration improves 
success with limited 
datasets. 

[21] 

Vine Diseases 

Downy mil-

ning (ImageNet) 

GCS-YOLO 96,2 

racy even with limi-
ted datasets through 
transfer learning. 

Provides real-
dew  

Powdery 
mildew  

Black rot  
Leaf blight / 

Anthracnose  

Grape leaf 
diseases (mul-
tiple, fine-grai-
ned) 

(You Only Look 
Once) 

Transfer lear-
ning + Improved 
lightweight atten-
tion network (GC-
MobileNet with 

98,6 

time detection. Sui-
table for in real-
world vineyards for 
continuous, low-
cost, accurate detec-
tion of major grape 
leaf diseases 

Fine-grained re-
cognition across di-
sease types and se-
verity levels 

[25] 



   
118             D. U. Güzel

9  The Use of Deep Learning and Image Processing Techniques 

When combined with image processing techniques, deep learning becomes a powerful 
tool in agricultural applications. Image processing involves analyzing and enhancing 
digital images, while deep learning algorithms enable the extraction of meaningful in-
formation from these images. The integration of deep learning and image processing 
offers significant advantages, particularly in detecting diseases and pests in large areas 
such as vineyards. 

9.1  Convolutional Neural Networks (CNN) and Image Analysis: 

CNNs, a cornerstone of deep learning, have demonstrated exceptional success in image 
analysis and classification. CNNs learn features from images to identify disease symp-
toms, leaf deformations, or color changes. For example, downy mildew infection on a 
grape leaf can be easily detected through symptoms such as yellowing and spotting on 
the leaf [2]. Data augmentation techniques used in CNN-based models enhance the 
generalization ability of models in agricultural fields with limited datasets. For instance, 
rotating, cropping, or adjusting the brightness of a leaf image prepares the model for 
different conditions [22]. 

9.2  Transfer Learning and Its Applicability in Agriculture: 

Transfer learning allows a pre-trained model to be applied to a different dataset. This is 
particularly advantageous in agriculture, where labeled datasets are often limited [23]. 
For example, a CNN model pre-trained on ImageNet can be adapted to recognize grape 
diseases and achieve high accuracy rates. 

9.3  Real-Time Detection: 

Image processing techniques are also used for real-time disease detection. Algorithms 
like YOLO (You Only Look Once) can instantly detect diseases from live images in 
field conditions. Such systems, integrated with mobile devices and drone-based appli-
cations, enable rapid results over large areas [24]. 

9.4  Challenges and Future Perspectives: 

The success of deep learning and image processing techniques in agriculture depends 
on the diversity and quality of datasets. Low-resolution images or limited datasets can 
reduce the generalization capacity of models. However, artificial data generation meth-
ods like Generative Adversarial Networks (GAN) offer effective solutions to overcome 
these challenges [21]. Deep learning and image processing techniques, particularly 
CNNs, provide effective solutions for detecting diseases and pests in vineyards. In the 
future, the development of larger and more diverse datasets, along with faster and more 
efficient algorithms, is expected to expand the application areas of these technologies. 
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10  Artificial and Convolutional Neural Networks for Early 
Diagnosis 

Artificial Neural Networks (ANN) have become a crucial tool for early diagnosis ap-
plications in the agricultural sector. Diseases and pests leave observable symptoms on 
plants at specific stages. Traditional diagnostic methods are often time-consuming, 
costly, and reliant on expert knowledge. ANNs automate this process, enabling faster 
and more accurate results. 

10.1  Early Diagnosis Using Image Processing and Deep Learning: 

Image Processing and Deep Learning: Early diagnosis refers to detecting diseases at 
their initial stages, which is critical for preventing yield loss. Deep learning-based al-
gorithms like Convolutional Neural Networks (CNNs) enable early diagnosis by de-
tecting minor changes such as color variations, spots, and texture distortions on plant 
leaves [2]. 

Advantages of Early Diagnosis Systems: 

1 Timely Intervention: Early detection allows producers to intervene promptly, 
significantly reducing crop losses and economic damage. 

. 

2 Reduced Chemical Use: ANN-based diagnoses enable targeted treatment, 
minimizing chemical use and environmental impact. 

. 

3 Accuracy and Reliability: Compared to traditional methods, ANN models 
offer higher accuracy rates. CNN-based approaches, in particular, have 
achieved accuracy rates above 95% [23]. 

. 

4 Ease of Application: Modern ANN-based systems can be easily implemented 
using mobile devices and low-cost hardware, providing a significant ad-
vantage for small-scale producers. 

. 

Challenges and Solutions: 

• Data Scarcity: The lack of sufficient and diverse labeled datasets can limit 
model performance. Data augmentation and GAN-based methods are used to 
address this issue [21]. 

 

• Field Conditions: Low-resolution images or variable lighting conditions in 
the field can affect detection accuracy. Developing more robust models is nec-
essary to overcome these challenges. 

 

In conclusion, artificial neural networks, particularly CNNs, have revolutionized early 
diagnosis systems. In the future, more advanced models and larger datasets are expected 
to make disease management in agriculture more efficient and sustainable. 
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11  Challenges and Future Perspectives 

While the widespread adoption of Artificial Neural Networks (ANN) in agriculture pre-
sents significant opportunities, various challenges arise during implementation. Over-
coming these challenges is critical for the effective adoption of the technology and 
achieving sustainable agricultural goals. 

Challenges: 

1 Data Scarcity and Quality: The effectiveness of ANNs depends on large 
amounts of high-quality labeled data. However, collecting, labeling, and 
standardizing disease data in agriculture is a complex process. Data augmen-
tation and artificial data generation (e.g., GAN) are used to address this issue 
[21]. 

. 

2 Field Conditions and Technical Limitations: Field conditions and technical 
limitations such as variable lighting, low-resolution images, and environmen-
tal noise can negatively impact the accuracy of ANN models. To ensure relia-
ble performance, robust algorithms must be developed, while also addressing 
processing and energy constraints in mobile and drone-based systems [2]. 

. 

3 High Computational Requirements: ANN-based deep learning models typ-
ically require significant processing power and energy, which can limit their 
application in low-cost devices or large field areas. Lightweight ANN models 
(e.g., MobileNet) and optimization techniques are being developed to mitigate 
this issue [26]. 

. 

4 Economic and Technical Barriers: The cost of ANN-based systems may be 
prohibitive for small-scale producers. Additionally, technical expertise is re-
quired for installation and maintenance. User-friendly interfaces and low-cost 
hardware solutions can reduce these barriers. 

. 

Future Perspectives: 

1 Development of Larger and More Diverse Datasets: Initiatives to collect 
and label more data will enhance the performance of ANN models. Open data 
platforms in agriculture can foster collaboration among researchers and prac-
titioners. 

. 

2 Model Optimization and Lightweight Architectures: Developing ANN 
models that consume less energy and processing power will increase their ap-
plicability in mobile and drone systems. Transfer learning and hybrid models 
can make this process more efficient [23]. 

. 

3 Expansion of Real-Time Diagnosis Systems: For detection, we utilized the 
YOLOv8 model… It was found that detection models are effective at identi-
fying multiple diseases simultaneously with less computing power.” [27]. 

. 

4 Sustainable Agriculture and Environmental Benefits: ANN-based diagno-
sis systems can be applied not only to disease and pest detection but also to 
water management, fertilization, and pesticide application, promoting sustain-
able agriculture. 

. 



   

 

           

5 User Training and Outreach: Training programs for farmers and the devel-
opment of user-friendly interfaces can encourage broader adoption of these 
technologies. 

. 
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In conclusion, the challenges in using ANNs in agriculture can be overcome through 
research and innovation. With more powerful algorithms, larger datasets, and user-
friendly technologies, ANNs are expected to have a greater impact on agriculture. 

12 Conclusion 

Artificial Neural Networks (ANN), particularly Convolutional Neural Networks (CNN) 
known for their successful applications in image processing, play a critical role in early 
disease diagnosis, yield improvement, and achieving sustainability goals in agricultural 
production. In high-value crops like vineyards, ANN-based systems offer the potential 
to minimize economic losses and reduce environmental impacts. These technologies 
overcome the limitations of traditional methods, providing faster, more accurate, and 
cost-effective solutions. 
Deep learning models have achieved accuracy rates above 95% by detecting even minor 
changes on grape leaves, significantly enhancing early diagnosis capabilities. The inte-
gration of Convolutional Neural Networks (CNN), YOLO, and Transfer Learning into 
real-time applications provides practical solutions for field conditions. These systems 
reduce chemical use, supporting environmentally friendly agricultural practices. 
However, some challenges must be addressed for ANN and CNN technologies to have 
a broader impact. Data scarcity, variable environmental factors in the field, and hard-
ware costs limit their widespread adoption. Data augmentation, artificial data genera-
tion (e.g., GAN), and lightweight ANN architectures offer important solutions. In the 
future, more robust, low-cost, and user-friendly systems are expected to overcome these 
challenges. 
The contribution of ANN, particularly its advanced version CNN, extends beyond dis-
ease diagnosis to include irrigation management, yield prediction, pesticide optimiza-
tion, and soil analysis. These technologies enhance agricultural productivity, reduce 
production costs for farmers, and contribute to a more sustainable agricultural future. 
In conclusion, the widespread adoption of artificial neural networks, particularly CNNs, 
holds significant potential for both economic and environmental sustainability. 
Strengthening data infrastructure, optimizing algorithms, and improving access to tech-
nology will undoubtedly revolutionize agricultural production. ANN, and especially its 
advanced version CNN, will be indispensable in future agriculture, serving as the key 
to sustainability and innovation. 
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