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Artificial Neural Networks (ANNs) based models have emerged as a powerful tool for solving complex nonlinear
problems in agriculture. These models simulate the human nervous system’s structure, allowing them to learn
hierarchical features from the data and solve nonlinear problems efficiently. Despite requiring a large amount of

App_hcanons training data, ANNs with shallow architectures demonstrate superior performance in extracting relevant features
Agricultural Products . o e ) . . . . .
Quality and establishing accurate models, instilling confidence in their effectiveness compared to conventional machine

learning methods. The versatility of ANNs enables their application in various agricultural domains, including
precision agriculture, species classification, phenotyping, and food quality and safety assessment. ANNs com-
bined with image analysis have proven valuable in disease detection, plant phenotyping, and fruit quality
evaluation. The use of deep learning in agriculture has experienced exponential growth, as evident from the
increasing number of publications in recent years. This article overviews recent advancements in applying ANNs
in agriculture. It delves into the fundamental principles behind various types of agricultural data and ANN
models, discussing their benefits and challenges. The article offers valuable insights into the proper use and
functioning of each neural network, data processing for improved model outcomes, and the diverse applications
of ANNs in the agricultural sector. It aims to equip readers with practical information on data utilisation, model
selection based on data type, functionality, and current research applications.

1. Introduction Various perspectives have attempted to define Al in terms of human

intelligence. Nevertheless, several fundamental elements consistently

Artificial Intelligence (AI) has transformed numerous industries,
providing advanced solutions to complex problems through various
techniques and algorithms. Among these techniques, artificial neural
networks stand out for their ability to learn and improve, inspired by the
structure and functioning of the human brain. The idea behind ANN-
based models is to create algorithms that simulate the structure of the
human nervous system, which is made up of connected neurons (Nayak
et al,, 2020). These systems use nodes or artificial neurons inter-
connected in a layered structure that resembles the human brain,
obtaining non-linear relationships from the data more efficiently than
other methods (Arul, 2021) to solve complex problems in artificial in-
telligence. Despite the increased interest in Al by academia, industry,
and public institutions, there is no universally accepted definition of AL
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emerge as essential components of Al, encompassing environmental
perception, acquisition and comprehension of input as data, decision-
making, execution of actions, autonomous task performance, and
attaining predefined goals (S et al., 2020). Among the AI definitions
highlights the proposed by the High-Level Expert Group on Artificial
Intelligence (HLEG) that states, “Al systems are systems designed by
humans that, given a complex goal, act in the physical or digital
dimension by perceiving their environment through data acquisition,
interpreting the collected structured or unstructured data, reasoning on
the knowledge, or processing the information, derived from this data
and deciding the best actions to take to achieve the given goal” (HLEG,
2019).

Deep learning (DL) models are highlighted among the supervised Al-
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based algorithms (Chollet, 2021). DL is a machine learning subfield
based on learning features related to different abstraction levels in a
particular problem (Hinton et al., 2006). The DL paradigm uses artificial
neural network (ANN)-based models to solve problems. It is expected
that DL is associated with ANNs with many hidden layers, but it is not
the number of layers that define DL. The underlying concept of deep
learning is the hierarchical processing of data (Bengio, 2009), where
ANNSs are used to obtain increasingly meaningful representations of the
data through layered learning.

Al is being applied across many industrial and social sectors and
activities. Among them, agriculture presents enormous potential for the
development of Al systems. Agriculture has been driven by empirical
knowledge passed down from generation to generation. This traditional
character, deeply rooted in agricultural practices, has evolved over
recent decades thanks to technological advancements following the In-
dustrial Revolution. The 20th century introduced modern machinery
and efficient irrigation systems that boosted productivity through fer-
tilizers and pesticides. However, the current state of agricultural tech-
nology reveals that while some crops have embraced digitised and
sensor-based solutions, conventional techniques still dominate others.
In this sense, the emergence of Al represents a new paradigm that re-
defines how we interpret data, make decisions, and manage resources.
Nevertheless, this transition has obstacles for a traditional and relatively
less skilled sector compared to industries such as healthcare or
manufacturing (Sharma et al., 2021). In industrial environments, pro-
cesses tend to be predictable.

On the other hand, agriculture operates in a context of high uncer-
tainty, where decisions must be made based on uncontrollable and
diverse variables. In this regard, the agricultural sector requires a bal-
ance between intuition, grounded in experience with crop management,
and data-driven analysis by Al systems that are crucial to ensure social,
economical and environmental sustainability in a changing and glob-
alized world. The adaptability of ANNSs is particularly relevant to agri-
culture because of their ability to process large volumes of
heterogeneous data, model non-linear relationships, and adapt to dy-
namic conditions. Agriculture generates diverse data types, ranging
from soil composition and weather patterns to satellite imagery and crop
health statistics that are often complex, high-dimensional, and noisy.
ANNs excel at extracting meaningful insights from such data, making
them indispensable for solving agricultural problems.

The relevance of ANNs to agriculture is further underscored by the
wide range of applications they enable. Among different ANN applica-
tions, yield prediction (Gutiérrez et al., 2019), soil management, pre-
cision spraying, crop identification (Xiao et al., 2018), plant phenology
(Q. Yang et al. 2020), plant phenotyping (Song et al., 2021), or early pest
and disease detection (Polder et al., 2019). In postharvest, these tech-
nologies are applied to assess fruit quality (Jahanbakhshi et al., 2020) or
prevent fraud (Osako et al., 2020) as principal topics.

Depending on the application, different ANN-based models can be
used. Among them, based on the scientific literature, the most used
ANNs for agricultural applications are Multilayer Perceptron (MLP),
Recurrent Neural Networks (RNN), Radial Basis Function Networks
(RBFN), Autoencoders (AE), Deep Belief Networks (DBN), Convolu-
tional Neural Networks (CNN), Generative Adversarial Networks (GAN)
and Capsule networks (CN) (Elgendy, 2020). However, in many cases,
these techniques are not used correctly. Among the main problems, the
incorrect use of nomenclature stands out. Sometimes, the definition of
ANN is overused. For example, it is common to assimilate an MLP or
other specific techniques to an ANN when an MLP is a particular type of
ANN. Another example is the interpretation of a CNN as an evolution of
ANNs when it is just another family within ANNs. Currently, public li-
braries offer various ANN-based techniques that are relatively simple to
use. This often leads to the libraries using the default hyperparameters
as black boxes fed with an Xtrain and returning a model without
adjusting them to the type of data or the problem being addressed.
However, for correct and optimal use, parameters that influence the
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model’s reliability must be adjusted, such as the network architecture,
the type of activation function or the learning rate. The implication of
default hyperparameters is that the model’s performance may not be
optimal, leading to inaccurate predictions. A typical case is the incorrect
use of a continuous output activation function in classification problems.

Another typical error is the use of cross-validation (CV) techniques,
resembling generically CV to the k-fold method. K-fold is a widely used
CV technique in which the set of samples is divided into k subsets, and
the model is trained with k-1 subsets and validated with the remaining
one. This process is repeated k times, with a different test subset selected
in each iteration. Once the iterations are completed, the accuracy or the
error are calculated for each of the produced models, and the final ac-
curacy and error are obtained as an average of the k-trained models.
Thus, this technique avoids overfitting by selecting the optimal set of
hyperparameters in those cases with a relatively reduced set of samples.
However, its use is so widespread that the k-fold may seem like the only
cross-validation technique when other techniques exist to better suit the
problem under study (Seraj et al., 2023).

A common generalisation is using MAE or RMSE as measures of the
performance of regression models and the accuracy in classification
problems. Their use is correct, but only give one metric. Moreover, in
binary problems, metrics such as accuracy, sensitivity, specificity, recall,
or Fl-score are expected to be found, which provides insights into the
model’s performance. However, it may lack robustness when dealing
with imbalanced datasets and may not be suitable for specific situations
where one class holds greater importance. For example, in a task
involving the detection of cancer patients, it is preferable to classify a
healthy patient as having cancer than to misclassify an ill patient as
healthy. The potential consequence of not considering the class imbal-
ance issue is that the model may be biased towards the majority class,
leading to poor performance in detecting the minority class. In this case,
it would be advisable to use other metrics, such as the area under the
ROC curve. It would be advisable to perform an exploratory analysis of
the data before feeding it into the algorithm to check for imbalances and,
if necessary, employ techniques to correct biases, such as over- or under-
sampling techniques or adjusting model parameters to adjust the class
weights (Naidu et al., 2023).

Furthermore, little attention is paid to feature engineering. One of
the significant advantages of neural models is their ability to extract
complex relationships in data. ANNs extract the relationships between
the data to produce an output regardless of the input data. While this is
true, it is not entirely accurate. To obtain the best results, it is essential to
perform sound feature engineering, either extracting the most important
features, retaining the most information or selecting those that allow the
problem to be modelled with greater simplicity. Finally, a common
mistake might be using complex techniques without attempting simpler
ones first. However, the problem can be solved using more straightfor-
ward classical methods that are easier to interpret. For example, if a
problem can be solved with a linear model, it is unnecessary to use a
neural one. Furthermore, by observing the parameters of the linear
model, some information about the data could be obtained, such as
which variables are most important.

This article presents an overview of recent advancements in applying
ANNs in agriculture. It explores the fundamental principles behind
various types of agricultural data and ANN models, discussing their
benefits and challenges. Addressing these topics comprehensively pro-
vides a solid foundation for understanding why neural networks are
particularly suited for this sector compared to others.

2. Sensing in agriculture. Type of data

Artificial detection in agriculture uses sensors to collect and analyse
data about the agricultural ecosystem. It is the basis for generating
knowledge and creating tools to help farmers make informed decisions
about crop management, such as determining when to plant, water,
fertilise or harvest. Various types of sensors are used in agriculture.
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Some of them provide one-dimensional (1D) signals, such as weather
sensors to monitor temperature, humidity, rainfall, wind speed, soil
properties like salinity, acidity, moisture content, nutrient concentra-
tion, spectra information, etcetera, and others that capture n-dimen-
sional (nD) data such as those that capture images for remote or
proximal sensing (colour, multi or hyperspectral, thermal, time of flight,
stereo cameras).

The data these sensors capture must be analysed efficiently to obtain
information helpful for farmers. The field is an open environment that is
constantly evolving, where meteorological events can rapidly alter the
data acquisition conditions. The characteristics of these data depend on
multiple factors such as the crop, variety, management, soil, or weather,
among others. In addition, these data are sometimes derived from het-
erogeneous sources, which must be assembled, processed, and converted
into useful information for the farmer. Therefore, data analysis tech-
niques must effectively combine and process large amounts of data to
quickly adapt to changing conditions and make predictions capable of
improving operational decisions. The ANNs are presented as valuable
technologies for analysing the problems associated with the field due to
their flexibility and adaptability. However, the data structure and the
result to be obtained must be considered when using one or another type
of ANN.

The election of a particular type or family must be based on the
intrinsic structure of the data. Each ANN type uses a different input data.
Most kinds of ANN can be fed with various data structures and provide
good results, but, in our opinion, some algorithms perform better with
1D data due to their internal structure. In contrast, others are specially
developed for n-dimensional (nD) data. Hence, only choosing the most
appropriate algorithm with the optimal hyperparameters can lead to the
best result. For example, in problems in which the information is
encoded in a 1D array, the appropriate ANNs could be based on MLP,
DBN or RBFN since they have a structure in which, generally, the input
neurons of the network correspond to a predictor variable or attribute,
sampled at a particular time.

On the other hand, for nD problems (i.e. multichannel images), the
most appropriate ANN architectures could be based on CNN, CN or GAN
since they have multidimensional input, processing or output layers in
their structure. Examples of such multidimensional structural units are
flattening input layers aimed at encoding an image as a vector or
convolution unit that extracts features from a region of an image. Due to
their typology, other architectures, such as AEs or RNNS, are suitable for
different data types. However, RNNs have recurring layers that make
them appropriate for handling time series of data.

Examples of ANNSs that process signals or 1D data are widely found in
the literature. Spectrometric data was used together with a DBN by Lu
et al. (2018) to determine the rice germination, Xiong et al. (2021) used
an RBFN to analyse potassium content in fresh lettuces using an RBFN,
while Pourdarbani et al. (2020) estimated apple ripening training an
MLP. RNNs are particularly appropriate for processing temporal data,
such as climate data. Ghose et al.(2018) forecast groundwater levels,
and Le et al. (2017) drought projections using this type of recursive
ANN.

Images are one of the primary data types in agriculture. They can
have two dimensions if they are grayscale images or three dimensions
data if they are colour, multispectral or hyperspectral images. Multi-
spectral images are composed of several electromagnetic spectrum
bands. In contrast, Colour images are a specific type of multispectral
images which consist of 3 channels corresponding to the red, green and
blue (RGB) electromagnetic spectrum bands. Hyperspectral images
comprise several, even hundreds, spectral bands in the electromagnetic
spectrum. Some examples are using RGB images and a CNN used by
Dong et al. (2021) for strawberry disease identification. Also, RGB im-
ages and depth information were used by Yang et al. (2020) for citrus
detection and by Zhang et al. (2018) for mango detection, in both cases
using a CNN. Hyperspectral images comprise monochromatic images
captured in consecutive bands, providing spectral and spatial
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information. Examples of the use of hyperspectral images processed
through ANNs are given by Park et al. (2023) for blueberry firmness
estimation through a CNN, by Fan et al. (2019) for rice infestation
detection by applying an AE, by Agarwal et al. (2020) for detecting
Trigoderma Granarium in grains using CNs, or by Wang et al., (2019) for
tomato spotted Wilt virus detection applying GANs. Besides, AEs and
GANS, due to their structure, are appropriate for generating new images
and data augmentation. For instance, Abbas et al. (2021) employed
GANSs to create new samples as a preprocessing step before training a
CNN to classify tomato leaf diseases. Furthermore, AEs have been used
for feature extraction in different domains. Xin et al. (2020) utilised AEs
to extract meaningful features for predicting cadmium residues in let-
tuce leaves. Similarly, Huang et al. (2021) harnessed AEs for feature
extraction to predict apple-soluble solid content.

3. Data preprocessing

ANNS s can extract (in the hidden layers of the net) important features
by learning from the input data. This allows, especially in the case of
CNNs, to work with raw data or images as input without preprocessing
or a feature engineering stage. Nevertheless, this ability has a drawback:
the number of samples to train these algorithms is very high, so the
training time is also very long compared to other machine learning
methods. Thus, pre-processing steps facilitate the training effort and
performance of any machine learning method (Chollet, 2021), which is
crucial for other traditional Machine Learning methods to obtain reli-
able results (Rinnan et al., 2009).

Various preprocessing techniques can be utilised depending on the
nature of the data and the type of correction required. Several pre-
processing steps can be applied with 1D data, such as those captured by
sensors providing signals in agriculture. When analysing data collected
from various sources, machine learning relies on data normalisation to
account for the differing units of measurement. Data normalisation aims
to standardise the values in numerical columns to a standard scale, thus
enhancing the stability and effectiveness of machine learning models.
This is important because data measured in different ranges can
disproportionately impact the model’s results (Aurélien Géron, 2019;
Miiller and Guido, 2016). In some data coming from sensor signals, such
as spectral information, scatter correction is required since the interac-
tion of the light with the tissue disperses the light in many directions,
causing undesired variations in spectra (Dawson and Acton, 2018). In
these cases, multiplicative scatter correction (MSC) and standard
average variance (SNV) are the common preprocessing techniques. In
MSC, each spectrum is regressed by least squares against the mean
spectrum, whereas, in SNV, the spectra are mean-centred and divided by
their standard deviation. The signal captured by sensors can be affected
by several factors, such as electronic noise, mechanical vibrations,
sensor ageing or power supply variations. These factors cause high-
frequency peaks in the signals that are convenient to smooth, improve
the signal-to-noise ratio, and make it easier to identify underlying pat-
terns. Savitzky-Golay (SG) is one of the primary methods for smoothing
the signal where successive sub-sets of adjacent data points are fitted
with a low-degree polynomial using the linear least squares. Spectral
derivatives are widely used to remove both additive and multiplicative
effects in signals like spectra, where they are commonly used for sepa-
rating peaks of overlapping bands (Fearn et al., 2009).

Preprocessing nD data requires techniques different from those used
for signals. In the case of multi (including colour) or hyperspectral im-
ages, which are probably the most common nD data captured by agri-
cultural sensors, spatial noise due to variations in the sensor or the
illumination, geometric corrections, or dimensionality reduction are
among the most required preprocessing.

The correction of hyperspectral images is typically done to reduce
the influence of the particular sensitivity of the sensor or the illumina-
tion. The most used correction involves obtaining a relative reflectance
through a dark reference (to remove the impact of electronic noise due
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to dark currents in the sensor) and a calibrated white reference of a
known reflectance. This results in improved image quality, spectrally
and spatially corrected, allowing accurate data analysis (Grahn and
Geladi, 2007).

Among preprocessing steps, dimensionality reduction is aimed at
removing redundant features and noisy and irrelevant data to improve
learning feature accuracy and reduce the training time (Velliangiri et al.,
2019). Improving the learning process and reducing the training
computational requirements is critical since this step is usually complex,
requires powerful computing units and requires a long time to build the
models. Moreover, working with high-dimensional data can lead to
overfitting and decrease model interpretability. Reducing dimension-
ality while retaining the relevant information can reveal hidden pat-
terns, relationships, and underlying structures in the data, which helps
to understand the intrinsic characteristics of data better. These tech-
niques can be divided into feature selection and feature extraction
(Velliangiri et al., 2019). The choice of dimensionality reduction tech-
nique must depend on the data’s specific characteristics, the analysis’s
goals, and the computational resources available. Velasquez et al.
(2024) use six dimensionality reduction methods to obtain a subset of
wavelengths from hyperspectral images to detect anthracnose early in
mango.

Feature selection methods aim to choose a subset of the most influ-
ential features from the original dataset concerning the target variable.
It helps improve model performance, removing irrelevant features and
providing interpretability by simplifying models. These methods are the
election in problems aimed at obtaining a reduced number of essential
variables, for instance, to select multispectral data from hyperspectral
data to build faster models or to construct a camera using only the key
wavelengths. Feature selection approaches can be split into filter,
wrapper and embedded methods (Jovic¢ et al., 2015). Filter methods
(Sanchez-Marono et al., 2007) are used to evaluate features indepen-
dently of the machine learning model. These methods use different ap-
proaches to assess the importance of each feature for prediction. Some
standard techniques include correlation-based methods that select fea-
tures with high correlation with the target variable; mutual information
that quantifies the amount of information shared between a feature and
the target variable, choosing those with high mutual information; and
statistical tests, like chi-squared or ANOVA, that assess the statistical
significance of a feature concerning the target variable. Wrapper
methods evaluate the performance of a subset of features iteratively
using a specific machine learning algorithm. Each iteration adds or
removes a variable and compares the performance with the previous
iteration, determining if the variable positively or negatively influences
the model. Examples include forward selection, backward elimination,
and recursive feature elimination (RFE). Forward Selection starts with
no features and adds them individually, selecting the one that most
improves model performance. Backward Elimination begins with all
features and removes them one by one, excluding the one that has the
most negligible impact on model performance. Finally, recursive feature
elimination (RFE) iteratively trains the model and removes the least
essential features until the desired performance level is achieved (El
Aboudi and Benhlima, 2016). Generally, wrappers are computationally
more demanding than filter methods. Embedded methods embed feature
selection within the model-building process, considering the importance
of the feature the model is trained (Lal et al., 2006). A popular embedded
algorithm is LASSO, which uses a penalty to shrink many regression
coefficients to zero, selecting the features with non-zero regression co-
efficients (R & Rohini, 2016).

Feature extraction methods transform the original data into a lower-
dimensional representation. These methods are beneficial for reducing
dimensionality and finding underlying patterns or relationships within
the data by creating new features containing the most crucial informa-
tion. Commonly used feature extraction methods are Partial Least
Squares (PLS), Linear Discriminant Analysis (LDA), Principal Compo-
nents Analysis (PCA), autoencoders, and manifold learning (Dai et al.,
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2020). PLS and LDA are used for supervised learning, whereas PCA,
autoencoders, and manifold learning are employed as unsupervised
feature extraction methods (Guyon et al., 2006). PLS is used for
regression (PLS-R) and classification tasks (PLS-DA) and finds latent
variables (linear combinations of the original features) that maximise
the covariance between the features and the target variable (Cohen
et al., 2013). LDA is a supervised learning algorithm used for classifi-
cation. It finds linear combinations of features that maximise between-
class variance and minimise within-class variance to improve class
separation (Haenlein and Kaplan, 2004). PCA identifies principal com-
ponents, linear combinations of the original features, that maximise the
variance. It is an unsupervised technique widely used for data
compression and visualisation that reduces data dimensionality while
preserving as much variance as possible (Garcia et al., 2022). Autoen-
coders are ANNs that can be used for non-linear dimensionality reduc-
tion by learning compact data representations (Bank et al., 2021).
Manifolds help visualise and understand complex data patterns by
revealing the lower-dimensional “manifold” where data points reside. It
is used for dimensionality reduction, mainly when dealing with non-
linear relationships, and is also commonly used for data visualisation.
Some manifold learning techniques are Isomap, which builds a graph
representing pairwise distances between data points (Balasubramanian
and Schwartz, 2002), and Locally Linear Embedding, which preserves
the local linear relationships between data points (Roweis and Saul,
2000).

Finally, generating new synthetic samples can be considered a pre-
processing step, which is required in cases of limited datasets or when it
is not easy to obtain original samples. Sometimes, obtaining actual
samples in the field or when complex and expensive laboratory analyses
are required is challenging. In many machine learning problems, espe-
cially those dealing with images, a large amount of data is needed to
train effective models. In practice, obtaining sufficient labelled data is
often challenging, particularly in agricultural processes, where collect-
ing field data or conducting the costly laboratory analyses needed for
reference labelling remains difficult (Elgendy et al., 2020). Tradition-
ally, chemometric-based methods have been successfully applied in
these cases with relatively few samples. Data augmentation techniques
allow the size of the training data set to be artificially increased, which
can improve model performance by having more samples and intro-
ducing variability in the training data. This can help prevent overfitting
to the model since the model should not overly depend on specific
characteristics in the original data samples. This process can be done in
two main ways: generating new data samples from existing ones by
applying varied and controlled transformations or using generative
ANNSs to create new synthetic data from the original ones. Augmentation
techniques apply one or several transformations to the original data,
such as image rotation, translation, or clipping (Blazhko et al., 2021). In
contrast, generative techniques such as Variational Autoencoders (VAE)
and Generative Adversarial Networks (GAN) (Lalitha and Latha, 2022)
can create new samples based on information provided by the original
data set. VAE starts with an encoder layer that transforms the input into
a latent feature space. Subsequently, a decoder processes each point in
the latent space, which generates a reconstruction of the original data
from this point. The VAEs are trained to minimise a global loss function,
which has two terms: one that measures the similarity between the
original input and the reconstruction and another known as Kullback-
Leibler divergence, which measures the difference between the latent
distribution generated by the encoder and a standard Gaussian distri-
bution (Huang et al., 2021). GANs start with random samples, generate
new data that resembles the actual data, evaluate their similarity, and
learn to distinguish them. This process is repeated iteratively, seeking to
generate data that is increasingly similar to the actual data until they
reach a threshold of similarity (Abbas et al., 2021).
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4. Artificial neural networks

Neural networks consist of layers that contain interconnected neu-
rons. A layer of an ANN is a set of neurons whose inputs come from a
previous layer (or from the input data in the case of the first layer) and
whose outputs are the input of a later layer. ANNs are formed of at least
three layers, as shown in Fig. 1: an input layer which receives the input
data, one or more hidden layers that serve as the network’s learning and
abstraction mechanism, extracting meaningful features, and an output
layer that makes the prediction. Depending on the complexity and data
structure of the problem, the user determines the number of layers, the
number of neurons in each layer, and the type of layers based on the data
and the expected outcome. ANNs with more layers result in higher-level
and more complex features.

There are three main types of layers: fully connected, recurrent, and
convolutional. Fully connected layers feature dense structures where
each neuron connects to every neuron in the next layer. They are used to
learn complex patterns from the data. Recurrent layers of neurons are
designed for sequential or time series data, incorporating information
from past data to influence the current input and output. Convolutional
layers are specialised for image processing, capturing spatial hierarchies
by analysing information within small, overlapping regions (Elgendy
et al., 2020).

ANNs use forward propagation to predict data, as shown in Fig. 1.
This means that data entering the input layer is processed through the
entire network, passing from one layer and neuron to the next until
reaching the output layer, where the prediction is made. The input of
each neuron (node) is weighed, and then a bias value may be added to
compute the output of a neuron, allowing the network to adapt and learn
patterns. The value of the following neuron is obtained by summing the
output of neurons connected to it. This value is then passed to a non-
linear activation function (Chollet, 2021). Activation functions deter-
mine whether the neuron should be activated based on the input, thus
introducing non-linearity into the neural network. This nonlinearity is
essential for the network to learn and capture complex patterns within
the data effectively. Several activation functions are commonly used,
including the sigmoid function, hyperbolic tangent (Tanh), rectified
linear activation (ReLU), and leaky ReLU function. The sigmoid function
produces outputs between 0 and 1, while Tanh produces outputs be-
tween —1 and 1. ReLU is the most used and outputs a positive value for
positive inputs and zero for non-positive values. Like ReLU, Leaky ReLU
allows for negative values, providing additional flexibility (Arul, 2021).

During the training process, the weights of the nodes in the network
are adjusted through an iterative process called backpropagation until
the error between the expected and obtained values is minimal. The
error is measured through a loss or objective function. There are several
types of loss functions, which are chosen based on the type of data being
predicted. For instance, Mean Squared Error (MSE) is commonly used
for regression problems, Binary Crossentropy is used for two-class
classification, and Categorical Crossentropy is used for multiclass clas-
sification. Gradient descent is used to optimise this process, where the
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Output layer

Fig. 1. Forward propagation. Example using the ReLU activation function.
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loss function guides the optimisation process by quantifying the model’s
performance. During each iteration, the gradient/slope of the loss is
calculated. The aim is to find the point where the slope of the loss
function is 0, the bottom of the function, and where the error between
the desired value and the obtained value is 0. The slope of each point in
the loss function is calculated with the chain rule (the cost function
derivative). If the slope is positive, it gets multiplied by the learning rate,
leading to an update in the weight, as shown in Equation (1) where w is
the weight of the neuron, w’ is the new weight of the neuron, A is the
learning rate (defined by the user), and VL(w) is the gradient of the loss
respect to the weights. The user defines the learning rate and the step
size taken during optimisation. It determines how much the model’s
parameters should be adjusted based on the calculated gradient. A
higher learning rate means larger steps but could overshoot the optimal
values, while a lower learning rate takes smaller steps but might slow
down convergence. Finding the right balance is crucial for effective
model training (Elgendy et al., 2020).

w =w—1*VL(w) @

ANNS s need to be trained. Training is the process of teaching a neural
network to perform a task. In principle, neural networks learn by pro-
cessing several large sets of labelled or unlabeled data. The training
strategy depends on publicly labelled data availability, the task’s
uniqueness, and the task’s similarity. There are three ways to train
ANNSs: from scratch, transfer learning, and feature extraction. Training a
neural network from scratch implies starting the training process
without prior information. This approach can be advantageous when
working on a task without a pre-existing model. It is necessary for sce-
narios where the data is distinctive or the problem is new. Using this
method, the model can learn task-specific patterns customised to the
specific dataset. Transfer learning is a technique that uses a pre-trained
model on a related task and applies this knowledge to a similar task. It
proves helpful when there is a small number of labelled data for the
target task. Transfer learning saves time and resources by leveraging the
information gained from a related task. It is effective when the source
and target tasks share standard features. Finally, feature extraction uses
a pre-trained model to extract essential features from data. It is conve-
nient when the focus is on the high-level representation of data rather
than the detailed information. This method allows for using a pre-
trained model’s ability to capture complex features of the problem
without retraining the whole model (Chollet, 2021).

4.1. Multi-Layer Perceptron (MLP)

An MLP is one of the most basic forms of ANN. It comprises three or
more layers, including an input layer, at least one fully connected hidden
layer and an output layer. Each layer has different nodes or neurons;
every node is connected to another node in the next layer (Zhu, 2021).
MLPs are commonly used in agrifood applications due to their simplicity
yet effectiveness. For instance, they have been implemented to predict
kiwifruit firmness (Torkashvand et al., 2017), sugarcane yield predic-
tion (P. Wang et al., 2021) or in nutritional status assessment of olive
crops (Noguera et al., 2021). Velasquez et al. (2024) used multiple
methods, including MLP, to classify asymptomatic mangoes as either
healthy or diseased (infected by anthracnose). Among the techniques
evaluated, MLP demonstrated superior performance in accurately dis-
tinguishing between the two categories.

4.2. Deep Belief networks (DBNs)

Geoffrey Hinton proposed DBNs in 2006, which are commonly used
for image generation and recognition. They combine the power of deep
architectures and probabilistic graphical models in tasks with limited
labelled data because they excel in unsupervised learning, automatically
capturing complex patterns in data through probabilistic modelling. In
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DBNs, hidden layers consist of stacks of Restricted Boltzmann Machines
(RBMs) that transform input data into a latent space. RBMs have fully
connected connections between their layers, but nodes within each RBM
are conditionally independent, as shown in Fig. 2. This allows RBMs to
learn complex patterns in the data hierarchy efficiently (Hinton et al.,
2006).

RBMs are suitable for tasks like image and speech recognition, image
generation and feature extraction due to their hierarchical feature
learning and generative capabilities (Hinton et al., 2006). DBNs are not
commonly used in the agriculture and food industries. However, some
studies have applied them to eliminate variable correlation before using
SVM to predict the transpiration rate of strawberry leaves (Shuaishuai
et al., 2018), for feature extraction for pesticide residue measurement
(Wu et al., 2019) or for detecting rice germination rates (Lu et al., 2018).
Besides, some studies have shown that DBNs can produce better results
than traditional artificial neural networks (ANNs), such as MLPs, in
modelling the spatiotemporal distribution of soil moisture (Song et al.,
2016).

4.3. Recurrent neural networks (RNNs)

Recurrent Neural Networks (RNNs) are specifically designed for
tasks that involve sequences and time dependencies. They can retain
past information, adjust to sequences of varying lengths, and effectively
capture contextual information. This makes them ideal for natural lan-
guage processing and predicting time series applications. On the other
hand, other ANNSs like MLPs are structured to approximate functions and
face difficulties when modelling dynamic systems, as well as systems
that involve temporal components with sequential data (Hochreiter and
Schmidhuber, 1997).

They work by sequentially processing data and maintaining the
memory of past information through the hidden layers. RNNs consist of
three main layers: the Input layer, which receives data; the hidden
layers, which capture information from their input and retain the
memory of past layers; and the output layer, which produces the final
output based on the data processed by the hidden layers as shown in
Fig. 3 (C. Wang et al. 2021).

However, in basic RNNs, repeated multiplication of weights with a
value less than one can cause values to shrink exponentially, leading to
very small weights over many time steps. This phenomenon is known as
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Fig. 3. Recurrent Neural Network.

“vanishing gradients, which pose challenges in training. Therefore, Long
Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) archi-
tectures were developed to solve that problem and are the most common
RNN models. LSTMs are designed to remember important information
from past layers, making them great for understanding sequences. They
use a gate to decide what to store, update, or forget in their memory.
This helps the network capture and retain meaningful patterns over
extended sequences (Hochreiter and Schmidhuber, 1997).

GRUs decide what information to remember or forget while pro-
cessing sequences. They have a simplified system with only two gates: an
update gate and a reset gate. This makes GRUs computationally less
intensive compared to LSTMs (Jing et al., 2019).

Recurrent Neural Networks (RNNs) are ideal for tasks that involve
sequences. RNNs can effectively remember and utilise information from
previous steps, making them well-suited for applications like natural
language processing and time series prediction. It was challenging to
find articles related to agriculture that used RNNs. However, one such
study was conducted by Ghose et al. (2018) for groundwater level
forecasting, where they used different types of sequential data such as
rainfall, temperature, humidity, evapotranspiration and runoff as in-
puts, and groundwater depth as the output. Another study by Le et al.,
2017) projected droughts in California using sequential data such as soil
moisture, precipitation, evapotranspiration, moisture recharge, and run-
off from 1896 to 2006, which was later validated with the period from
2006 to 2015.

Input layer

RBM 1

RBM 2 Output layer

Fig. 2. Deep Belief Network.
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4.4. Radial Basis function network (RBFN)

Broomhead and Lowe (1988) introduced Radial Basis Function
Networks with the primary objective of curve fitting. RBFNs offer two
key advantages over MLPs: firstly, they are connected to a well-
established fitting technique while still leveraging the advantages of
neural networks. Secondly, RBFNs can yield good results with a
straightforward model in practical applications due to their ability to
blend linear dependence on variable weights and capture nonlinear re-
lationships. RBFNs have a simple structure (Fig. 4) and a fast training
process with tolerance to input noise (Hashemi Fath et al., 2020). A
radial basis function uses a Gaussian function (Fernandez-Ruiz et al.,
2010), transforming the input into another form that feeds the network
to get linear separability. This property allows the network to separate
data points with a straight line or plane. This is achieved by trans-
forming the input data into a higher-dimensional space where the data
points become linearly separable (Nayak et al., 2020).

These ANNs consist of three layers: an input layer, a hidden layer
known as the RBF layer, and an output layer consisting of neurons that
perform linear combinations. Each RBF neuron retains a prototype (an
instance of the training set). Each neuron computes the Euclidean dis-
tance between the input and its respective prototype during classifica-
tion. The hidden layer relies on a radial basis function as the activation
function for approximation. They are used in function approximation,
classification and prediction. In a study focused on detecting powdery
mildew stages in squash, an RBFN was employed for classification. The
study aimed to develop a system that accurately identifies the different
stages of powdery mildew in squash plants, a common fungal disease
affecting squash production. The RBFN achieved accuracy exceeding 92
% across seven classes and distinguishing between diseased and healthy
samples (Abdulridha et al., 2020).

Additionally, RBFNs have been used as an alternative to MLPs for
regression tasks, such as predicting lycopene content in tomato juice
(Fernandez-Ruiz et al., 2010). Another application involving RBFNs for
regression was to estimate potassium levels in fresh lettuces, demon-
strating their ability to outperform widely used chemometric models
like PLS regression (Xiong et al., 2021). The superiority of RBFNs over
PLS was further evidenced in a study on rice germination rate by Lu et al.
(W. Lu et al., 2018).

4.5. Autoencoders (AEs)

Autoencoders (AEs) are a type of neural network for unsupervised

Input layer Qutput layer

Hidden Radial Basis layer

Fig. 4. Radial Basis Function Network.
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learning. They can work with data of different dimensions, ranging from
1-D to n-D, but are mainly used for image data. Autoencoders have two
parts: an encoder and a decoder, as shown in Fig. 5. The encoder com-
presses input data by extracting features and creating a compact rep-
resentation called a bottleneck. The decoder then reconstructs the
original data from this bottleneck. Depending on the input data, fully
connected layers with 1-D data or convolutional layers in the case of
images are used (Bank et al., 2021).

There are three main types of autoencoders: Sparse Autoencoders
(SpAEs), Stacked Autoencoders (StAEs) and Variational Autoencoders
(VAESs). SpAEs learn compact representations of data while encouraging
sparsity in the learned features. Sparsity means that only a few neurons
are active at a time in the hidden layer, which can lead to more efficient
and interpretable representations as the network focuses on capturing
the most important features of the input data. StAEs involve combining
multiple autoencoders, one on top of the other, so the output of one
autoencoder becomes the input for the next. Each autoencoder in the
stack learns to capture different data abstraction levels, allowing the
network to capture complex patterns. In VAEs, the bottleneck vector is
replaced by two vectors: one represents the standard deviation and the
other the mean of the distribution. Apart from learning to represent
data, they also learn the uncertainty in their representations, letting
them generate new, diverse samples (Bank et al., 2023).

Autoencoders can be used for various tasks, such as data compres-
sion, image denoising, generating new images, or extracting features
that can be utilised for classification, regression, or prediction. Many
studies have employed autoencoders due to their capability of feature
extraction, which can be later used for classification, such as for pre-
dicting soluble solids in apples (Huang et al., 2021), where a StAE was
used for feature extraction before soluble solid prediction using an MLP.
The same approach was used to extract the most essential spectral fea-
tures to predict the nitrogen concentration in oilseed rape leaf (Yu et al.,
2018). Other authors have AEs in combination with traditional machine
learning methods, such as PLS or SVMs, to extract features. For instance,
AEs were used to predict cadmium residues in lettuce leaves. (Xin et al.,
2020).

4.6. Convolutional neural networks (CNNs)

CNNs s are a specific type of ANN developed to overcome the limita-
tions of traditional neural networks, such as MLPs, in processing and
recognising visual data. The idea behind CNNs is to mimic the visual
processing in the human brain and take advantage of the spatial hier-
archies present in visual data. CNNs excel at capturing local patterns and
hierarchical features in images, making them well-suited for tasks such
as image classification, object detection, and image segmentation.
However, CNNs require a large amount of data for training (O’Shea &
Nash, 2015). A CNN consists of several layers, including an input layer
that receives the input data, convolutional and max-pooling layers that
extract and learn features from the input, fully connected layers, and an
output layer where the final prediction is made. This is illustrated in
Fig. 6. The concept started with the Neocognitron model developed by
Fukushima (1980), who laid the foundation for capturing hierarchical
features in visual data using a form of convolutional layers.

The convolutional layer is responsible for extracting features from
images and consists of a series of filters or kernels that can be trained.
Each filter is applied to the raw pixel values, resulting in a product be-
tween the filter and the input pixel, as shown in Fig. 7. This process
produces an activation map known as a feature map. Each layer captures
different features from the input images, starting from basic ones like
lines and progressively becoming more complex and specific in the final
layers (Elgendy et al., 2020). CNN models can employ 1D, 2D or 3D
convolution filters, where 2D filters are the most used, especially in
grayscale and RGB images, which are reshaped into two dimensions
before adding them to a 2D CNN. In contrast, 1D is used for 1D signals
and 3D filters are usually used for 3D structures such as spectral images
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Fig. 7. Example of the convolution process in a CNN.

(Liu et al., 2021).

Pooling layers serve as sub-sampling layers within CNNs. They are
crucial in reducing convolutional maps’ size while ensuring the model’s
invariance to rotations and translations. A nonlinear activation function
is applied, resulting in the pooling layer’s output being determined by
selecting the maximum activation value within each feature map of the
input layer. Fig. 8 illustrates this process with the ReLU activation

function. By preserving the spatial relationships between features,
convolution and pooling layers enable the network to learn local pat-
terns effectively (Chollet, 2021). After feature extraction, the fully
connected layers use the learned features to classify or predict. However,
they require a 1D input. Therefore, flattening is performed to reshape
the output of the last convolutional or pooling layer into a vector
(Elgendy et al., 2020).
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Fig. 8. Example of the pooling process in a CNN.

CNNs have significantly increased in computer vision and image
processing applications. Different CNN architectures are employed
depending on the objective. Pre-trained architectures like LeNet5,
AlexNet, VGGNet, GoogLeNet, and ResNet are commonly used in clas-
sification. Region-based CNN, Fast-RCNN, Faster-RCNN, Mask R-CNN,
and You Only Look Once (YOLO) are among the most popular for object
detection. For image segmentation, SegNet, U-Net, and SegFast are some
of the most used architectures (Santosh et al., 2022). The flexibility of
CNN to learn and adapt to changing scenarios makes them extensively
employed in agriculture, as in grapevine phenotyping (Milella et al.,
2019), pest and disease identification as in Banana (Amara et al., 2017)
or strawberry (Dong et al., 2021), plant cultivar and species identifica-
tion (Javanmardi et al., 2021), fruit detection (Gao et al., 2022), or
agricultural product quality and safety assessment (Bonora et al., 2022).
CNNs proved to be better than other ANNs at processing images for
detecting apple defects (Fan et al., 2020), subtle bruises on winter jujube
(Feng et al., 2019), grading dragon fruits based on shape, size, weight,
colour and diseases (Patil et al., 2021), sorting cherries based on regular
and irregular shape (Momeny et al., 2020).

4.7. Generative models

4.7.1. Generative Adversarial networks (GANS)

(Goodfellow et al. (2014) proposed Generative Adversarial Networks
(GANSs) to address the challenges of approximating intractable proba-
bilistic computations and leveraging the benefits of piecewise linear
units in generative models. In GANs, data is formed from random noise
using traditional convolutional layers. They are composed of a generator

and a discriminator model (Fig. 9). The generator produces synthetic
data from noise, and the discriminator distinguishes between real and
synthetic data, ensuring that the generated data is close to the real one.
Both the generator and discriminator are trained simultaneously and try
to surpass each other iteratively.

There are several different GAN implementations. CycleGAN, Con-
ditional GANs, PGGA, or deep convolutional GANs are the most com-
mon. The idea of CycleGAN is a type of neural network that can
transform images from one domain to another without paired examples
for training. It uses two generators and discriminators. For instance, it
can turn pictures of cars into pictures of motorbikes, even if it has never
seen or learned that transformation before. It learns by trying to trans-
form and then turning it back into a car, making sure it still looks like the
original (Wang et al., 2017). Conditional GANs can be used to process
input images. In some Conditional GANS, it is possible to provide them
with sentences to generate specific outputs. PGGAs are GANs with a
progressively growing generator and a discriminator to generate from
low-resolution images to high-resolution images. Finally, deep con-
volutional GANs are a robust variant of GANs that generate high-quality
images (Navidan et al., 2021).

When working with agrifood products, obtaining the vast samples
required to train ANNs or performing large amounts of expensive,
destructive analysis is complex. Therefore, creating synthetic samples
mimicking the real ones is a solution. GANs have been used for this
purpose, as in Abbas et al. (2021), who generated new samples for data
augmentation to train a CNN for tomato leave disease classification.
They are also used for semantic segmentation, as shown by Chen et al.,
(2021), who segmented occluded tree branches using Pix2Pix GAN and
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Real images

Discriminator model

Generator

Noise >

Fake images

Classification

Fine-tuning the model

Fig. 9. Generative adversarial Network.
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compared the results with other CNNs, obtaining the best results using
the GAN. Wang et al., (2019) detected the tomato spotted wilt virus
using network analysis based on GANSs, integrating the plant segmen-
tation and spectrum classification.

4.7.2. Diffusion models

Diffusion models were introduced in 2015 at the 32nd International
Conference on Machine Learning. They are a generative model that
models the gradual transformation of a simple probability distribution
into the desired target distribution. A simple initial distribution (often
Gaussian noise) is transformed step by step into complex data distribu-
tion (images) (Sohl-Dickstein et al., 2015). During the training process,
the model learns to iteratively transform the initial distribution into
samples that resemble the true data distribution. Once trained, it can
generate new samples (images) by applying the learned diffusion pro-
cess to a starting point, such as Gaussian noise. Diffusion models can also
perform an inverse process, which means it can go from the complex
data distribution back (images) to the simpler distribution. This prop-
erty allows the model to be used for tasks such as denoising and
inpainting. (Ho et al., 2020; Sohl-Dickstein et al., 2015). The application
of these networks is relatively new in agriculture, and only one research
study has been conducted on them. Chen et al., (2022) used a diffusion
model for data augmentation applied to weed recognition enhancement
using various pre-trained CNNs (VGG, Inception, DenseNet and ResNet).

4.8. Miscellaneous models

4.8.1. Transformers

Transformers were introduced by Vaswani et al. (2017). Its archi-
tecture was initially designed for text translation and natural language
processing. However, in agriculture applications, they are mainly used
to process images and are called vision transformers.

Vision transformers transform images by dividing them into smaller
patches, flattening these patches into 1D vectors, and applying a self-
attention mechanism. This mechanism helps the model capture local
and global relationships between patches, learning spatial dependencies
for practical image understanding. The process involves multiple layers
and attention heads, and positional encodings convey information about
the spatial arrangement of patches. If applied for image prediction, it is
performed with an MLP at the end of the transformer for classification
(Dosovitskiy et al., 2021). The basic structure of a vision transformer is
shown in Fig. 10.

These models are widely used in agriculture for image classification,
asin L.-H. Li & Tanone. (2022), who classified several vegetables using a
public dataset and obtained a 98 % accuracy. In addition, transformers
have been shown to outperform other types of CNNs in image classifi-
cation, such as in the classification of Cassava leaf diseases (Thai et al.,
2021), diagnosing sugarcane leaf diseases (X. Li et al., 2022) and iden-
tifying plant diseases (Yu et al., 2023). Furthermore, transformers have
been effective in segmentation tasks, such as ripeness estimation in to-
matoes, where they outperformed a ResNet CNN (Shinoda et al., 2023).
Transformers are handy for large-sized images, as shown in the land
cover classification of multispectral LIDAR data (Yu et al., 2022), crop
type mapping (K. Li et al., 2022), and satellite images in deforestation
monitoring (Kaselimi et al., 2022).

4.8.2. Capsule neural networks (CNs)

Capsule networks were proposed by Geoffrey Hinton in a paper
called Learning to Parse Images to solve the loss of location information
in neural networks (Hinton et al., 1999). These networks use capsules as
the basic unit, which consists of a group of neurons that perform a
specific task to combine and generate results. In the context of images,
CNNs cannot identify the position of an object as they are only invariant
to translation. On the contrary, capsule networks can identify trans-
lation and precisely predict the position of an object. Additionally, when
reducing the size of convolutional maps, the pooling layers of CNNs lose
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valuable information required for prediction, while capsule networks do
not have this disadvantage. Consequently, capsule networks require less
data for training and offer more accurate predictions (mainly used in
classification, object recognition, and segmentation) as they know the
object’s position. (Hinton et al., 1999; Phaye et al., 2018).

CN’s structure consists of two main modules: the encoder and the
decoder. In the encoder module, there are three essential layers. First is
the convolution layer, which processes the input image. Next is the
primary caps layer, housing capsules designed to capture fundamental
features such as edges and corners. Each capsule within this layer em-
ploys convolutional kernels to enhance feature representation. The third
layer, called digit caps, is specialised for recognising and encoding in-
formation about specific input digits. The decoder module’s role is to
reconstruct the original input image using fully connected layers that
receive the encoder output as input, as shown in Fig. 11. This recon-
struction process aims to produce an image that closely resembles the
input (Hinton et al., 1999).

CNs are typically used in image classification, object recognition, and
segmentation. Some authors have compared capsule networks to other
methods, such as CNNs, and have obtained the highest accuracies when
using capsule networks, as in identifying carrot appearances (Zhu et al.,
2021), in rice recognition (Yu Li et al. (2019)), identifying grassland
coverage (Sun et al., 2021) or identifying and diagnosing Trogoderma
granarium and Trogoderma variabile pests in grains (Agarwal et al.,
2020). However, the technique is not fully developed. Some experts are
sceptical about its advantages, and several changes have been suggested
to address its limitations (Kwabena Patrick et al., 2022). Classical
capsule networks use shallow convolution, which makes them less
effective in handling complex data for classification tasks. To overcome
this issue, Dense and Diverse Capsule Networks have been developed
(Phaye et al., 2018).

4.8.3. Self-Organising maps (SOMs)

Self-organising maps (SOMs) were introduced by Teuvo Kohonen in
1982 and are designed explicitly for clustering and dimensionality
reduction tasks. There are two types of SOMs: supervised and unsuper-
vised (Kohonen, 1982).

SOMs are primarily used as an unsupervised learning technique for
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clustering, visualisation, and dimensionality reduction. They project
high-dimensional data onto a lower-dimensional space, typically a 2D
grid, while preserving the topological relationships of the data. The
architecture of SOMs includes an input layer and an output layer
organised as a grid of neurons. Unlike conventional neural network ar-
chitectures like MLPs or CNNs, SOMs lack hidden layers and utilise
competitive learning instead of error-correction-based methods. In
contrast, supervised SOMs are tailored to handle labelled data for tasks
such as classification or regression. They adjust the training process to
incorporate label information, enabling them to perform supervised
learning tasks effectively (Miljkovic, 2017).

Several authors have employed SOMs for cluster classification,
demonstrating excellent results across various studies. For example,
Yufeng Li et al. (2019) applied SOMs to analyse land use, irrigation
patterns, and the impact of rice-wheat rotation on pond water quality.
Similarly, Theanjumpol et al. (2019) used SOMs to estimate granulation
levels in ‘Sai Num Pung’ tangerine fruit through near-infrared spec-
troscopy. In this study, SOMs outperformed other methods such as PLS,
quadratic discriminant analysis (QDA), K-Nearest Neighbors (KNN), and
LDA, achieving a 95 % accuracy in correct classification. Also, using
near-infrared spectroscopy, Sringarm et al. (2024) tested LDA, QDA, and
SOM for quantitative and qualitative evaluation of maltodextrin prod-
ucts in the industry. However, in this case, better results were obtained
using PLS-DA.

5. Applications of ANNs in agriculture
5.1. Pests and disease identification

Early detection of pests and diseases is crucial for maintaining crop
health and applying effective treatments. This reduces the need for
extensive pest control measures, minimises environmental impact, and
leads to significant cost savings for farmers by reducing pesticide use
and preventing yield losses. Traditionally, pest and disease detection
relied on human inspection, which poses significant challenges, partic-
ularly for early detection. Human eyes can miss subtle or early-stage
signs, leading to delayed identification and treatment. As a result, the
emergence of new techniques which use images and ANNs has signifi-
cantly increased detection capabilities. Neural networks, especially
CNNs, are powerful tools because they can analyse complex patterns and
large image datasets. Their role in image analysis makes them ideal for
detecting pests and diseases, often present visually on leaves, branches,
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and other plant parts. While traditional machine learning models can be
used for this purpose, ANNs, particularly CNNs, have shown superior
performance because they can automatically extract and learn relevant
features from images (Alford, 2008; Sawicka and Egbuna, 2020).

One of the main challenges in pest and disease detection is identi-
fying diseases before they become visually apparent or pests when they
are still in the early stages. For instance, pests like aphids, thrips, and
whiteflies can be challenging to detect when few are visible, and dis-
eases like powdery mildew and downy mildew often start asymptom-
atically. Detecting these issues early, especially in the field, is critical to
preventing their spread and minimising damage (Alford., 2008).
Hyperspectral imaging (HSI), which captures and processes information
across the electromagnetic spectrum, is particularly useful in disease
identification. It allows detecting signs of stress in plants that are not yet
visible to the naked eye. For example, Fazari et al. (2021) detected
anthracnose in olive fruits. Using HSI increased detection accuracy from
83 % to 87 % on the third day after inoculation, compared to RGB im-
ages. Similarly, in detecting Valsa Canker fungus in apple branches, a
CNN applied to HSI data achieved a 98 % detection accuracy fifteen days
post-inoculation, well before visual symptoms appeared (Cui et al.,
2022).

However, the use of ANNs in these applications poses challenges.
Creating general-use models is particularly difficult due to the diverse
field conditions and crop types. Different living stages of the same pest,
as well as the ability of the same pests to affect different plant varieties,
pose significant challenges. Similarly, when it comes to diseases, the
same disease can impact different varieties in various ways, and the
symptoms may change over time. Therefore, it is essential to have large,
labelled datasets to train these models. While public datasets like
PlantVillage offer valuable resources, they may not always encompass
the specific characteristics required for accurate detection in all sce-
narios. GANs are being explored to create synthetic data for training
models, helping to overcome data availability limitations. In one study
carried out by Wang et al. (2019), a GAN-based model outperformed a
traditional CNN model in detecting Tomato Spotted Wilt Virus using
HSI, achieving a higher accuracy of 96 % before symptoms appeared.
This demonstrates the potential for advanced neural network techniques
to improve early detection capabilities. Another main challenge lies in
implementing the models for real-time classification using devices like
smartphones. Existing literature primarily focuses on model creation,
with only a few authors testing their models for real-time on-site
detection, which is the primary purpose of using ANNs for detecting
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pests and diseases in agriculture due to their ability to make fast and
precise decisions. In a study by Barman et al. (2020)SSCNN and Mobi-
leNet CNNs were used to classify citrus leaf diseases in real time using
smartphone images. SSCNN performed the best, achieving 99 % accu-
racy during validation while requiring less computation time.

5.2. Object detection and yield prediction

Understanding and predicting agricultural production is necessary
for farmers who want to manage their resources efficiently and sus-
tainably. Accurate predictions of crop yields can help farmers make
better use of labour, machinery, fertilisers, and pesticides, reducing costs
and minimising environmental impact. Additionally, farmers can
develop more effective marketing strategies by adjusting prices and
distribution based on anticipated production levels and market demand.
Recent developments in sensor technologies, including drones and
ground-based imaging, are revolutionising the field of agriculture. These
technologies are making it possible, together with ANNSs, to automate
tasks like pruning, monitoring crop health, and evaluating the structural
condition of plants.

However, although object detection and yield prediction offer sig-
nificant potential, several challenges exist. Variability in weather con-
ditions, plant disease outbreaks, and different crop types create
difficulties in maintaining consistent accuracy across diverse agricul-
tural settings. Additionally, object detection algorithms must contend
with occlusions (where parts of plants or fruits are blocked from view),
varying lighting conditions, and differences in plant morphology, all of
which can affect detection performance.

CNNs are highly effective at analysing images to identify, segment,
and count objects. They play a critical role in modern agriculture by
monitoring crop health, estimating yield, and automating processes such
as automatic pruning or harvesting. Using different CNN architectures
depends on whether the goal is object segmentation, detection, or
counting (Chollet, 2021).

Object detection, which identifies the location and presence of ob-
jects, relies on architectures like Fast R-CNN, Faster R-CNN, Mask R-
CNN, or YOLO (You Only Look Once). Faster R-CNN, for instance, has
been widely used to detect apples in RGB images. T. Li et al. (2023) used
this model with 800 images across two seasons, achieving an 88 %
average precision and a detection speed of 0.32 s per image. Similarly,
Mirbod et al. (2023) applied Faster R-CNN for apple detection and Mask
R-CNN for segmentation, obtaining a fruit size estimation error of 4.80
%. In the case of YOLO, first shown at the 2016 IEEE Conference on
Computer Vision and Pattern Recognition (Redmon et al., 2016), it is an
open-source model which surpasses other models in speed, detection
precision and generalisation. YOLO models come in various scales for
application needs, from small scales for resource-constrained environ-
ments to larger versions that provide maximum accuracy and perfor-
mance. For instance, Hespeler et al. (2021) detected chilli peppers using
RGB and thermal imaging, achieving 100 % precision with YOLO v3,
outperforming other models in terms of speed with thermal images.
However, the dataset was small and lacked real-world complexity. At
the same time, MacEachern et al. (2023) found that YOLOv4 small was
the best for blueberry yield estimation with an F1 score of 0.82.

Image segmentation, which involves separating different objects or
regions in an image, typically uses architectures like U-Net and SegNet.
These models divide complex scenes into distinct areas, such as fruit
hidden by leaves or branches. U-Net, for instance, has been widely used
in agricultural tasks requiring segmentation under challenging condi-
tions, such as occlusion. Z. Chen et al. (2021) compared U-Net with
DeepLab for semantic segmentation of apple trees, finding U-Net ach-
ieved superior results, with a branch recall of 83.5 %. Similarly, Carneiro
et al. (2022) applied U-Net to grapevines, obtaining an intersection over
union (IoU) of 91 %, demonstrating its robustness in occluded
conditions.

Object counting is crucial in quantifying specific objects like fruits in
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yield prediction, building on the results from detection and segmenta-
tion models. Faster R-CNN and YOLO have been successfully adapted for
counting applications. For example, YOLOv5 X was used by C. Gao et al.
(2024) to detect and count kiwifruit, achieving 99 % detection accuracy
at a fast rate of 21.5 ms per detection, though this model was not tested
in real-time conditions.

Despite these advances, occlusion significantly hampers detection
and segmentation accuracy. To address this, using depth information
from LiDAR and other sensors and images has become more common, as
it provides three-dimensional data that enhances detection precision,
especially in occluded environments. For example, Ferrer-Ferrer et al.
(2023) addressed this by using a Mask R-CNN adapted for RGB + depth
data to estimate the size of occluded apples, reducing errors to 5.09 mm
for apples with 65 % visibility. Field variability, such as lighting and
plant morphology changes, also impacts model performance.

5.3. Species and cultivar discrimination

Species and cultivar classification using satellite or UAV images are
crucial for farmers, authorities, and agricultural policies as they enable
precise crop identification and monitoring at large scales. For farmers,
this technology supports better resource management, early detection of
issues, and optimised decision-making. Authorities benefit from efficient
crop mapping and regulatory oversight, ensuring compliance with
agricultural standards. It also informs policies and helps ensure accurate
subsidy allocation by providing detailed data on crop types and land use,
promoting more sustainable and equitable farming practices. For
example, in European agricultural policies, satellite-based crop classi-
fication is vital for verifying the farmer’s claims and preventing subsidy
fraud. Authorities use this technology to monitor land use, ensuring
compliance and fair distribution of subsidies.

CNNs are mainly used to identify species of varieties due to their
ability to process and classify high-resolution images. For instance,
Asadi & Shamsoddini. (2024) used ten Sentinel bands for crop mapping
of 2,547 parcels using images from one season. Various machine
learning models, including Random Forest (RF), Support Vector Ma-
chine (SVM), and a customised CNN, were used, achieving a 90 % ac-
curacy. RF was also used for feature selection, highlighting bands 6 and
7 (NIR) as the most important for crop mapping. Similarly, Y. Yu et al.
(2022) utilised multispectral satellite images combined with LIDAR data
from a plane for land cover estimation, applying advanced ANN trans-
formers such as CapVit and CapsNet, along with several other ML
models, with the CapVit transformer achieving the best results at 99 %
accuracy. This demonstrates the efficacy of transformers in conjunction
with diverse data types like multispectral and LIDAR.

Some other examples are crop type mapping using multi-source
spatiotemporal data (time-series images, SAR data) by K. Li et al.
(2022), who used a CNN, LSTM, and a Proposed transformer, which was
the best achieving an F1 score of 0.96. Xiao et al. (2018) aimed to solve
the challenges of identifying species from images with complex and
varying backgrounds using two CNNs: ResNet50 and Inception V3 with
and without Attention Cropping (AC). Inception V3 with AC achieved
the best results, with a 69 % accuracy for the PlantCLEF dataset and 95
% for the Oxford flower dataset. Keceli et al. (2022) classified different
plant species (tomato, pepper, potato, and maise) and fifteen pests using
two public datasets and several CNNs. Their proposed CNN model
achieved a 99 % accuracy for species detection and 89 % accuracy for
disease detection.

Ground on-field applications allow for continuous crop health and
development monitoring, aiding farmers in effective crop management
and prompt issue response, such as weed recognition. Many weeds
closely resemble crops, particularly in the early growth stages. This
resemblance complicates visual detection and can result in classification
errors for both manual monitoring and automated systems. Saini and
Nagesh. (2024) used eleven different ANN models to recognise weeds in
cotton. VGG16 proved the best with 92 to 97 % accuracy using 7,578
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images made publicly available under the Cottonweeds dataset. Simi-
larly, Genze et al. (2022) shared their dataset (6,300 patches from 19
UAV images) and their code for crop weed segmentation, thus helping
the community. Using a U-Net, an F1 of 0.89 was obtained. Besides,
using GANs can help to get more variability, as D. Chen et al. 2024, for
weed recognition in cotton fields. A GAN from two public datasets called
CottonWeedID15, with 5187 images, was used to create new images,
and DeepWeeds, with 17,509 labelled images, and classified using a
customised CNN, obtaining a 94 % accuracy using 90 % synthetic im-
ages for training, thus ensuring enough variability. Multispectral images
are also used for weed detection as Kumar Nagothu et al. (2023 achieved
a 95 % accuracy using MobileNet CNN.

As crops progress through their growth cycles, their visual charac-
teristics evolve, presenting a challenge in effectively capturing and
interpreting these dynamic changes. Adopting time-series analysis and
training models on datasets with various growth stages can enhance the
model’s ability to generalise effectively. RNNs can be, in some cases,
valuable in capturing temporal dependencies and improving accuracy
across developmental phases (C. Wang et al. 2021). However, this
approach has not been significantly studied. Besides, carrying out field
trials and controlled experiments in diverse conditions allows for
developing comprehensive datasets with the complete range of envi-
ronmental variability encountered in real-world situations. This en-
riches model training and improves its adaptability across different
agricultural contexts.

In postharvest applications, accurately identifying fruit and vege-
table varieties is crucial for maintaining their authenticity and quality in
the market, avoiding fraud and building consumer trust. To achieve this,
advanced techniques are needed to prevent misclassification. For
instance, Osako et al. (2020) utilised RGB images and a VGG16 CNN
model to distinguish four litchi fruit cultivars, achieving 98 % accuracy.
Similarly, Jeyaraj et al. (2022) classified nine different varieties of rice
using AlexNet CNN, achieving a 98 % accuracy. C. Chen et al. 2024 used
RGB images to classify four apricot varieties from five origins harvested
from 2018 to 2020. Using a U-Net for segmentation and a VGG16 CNN
for classifying, an F1 score of 99 % was obtained. Corn, one of the most
important crops in the world, was also studied by other authors. Jav-
anmardi et al. (2021) used RGB images to predict nine corn seed vari-
eties using several machine-learning models: CNN, NN, SVM, KNN, LDA,
and CNN-ANN. The CNN-ANN model was the best, achieving a 98.1 %
accuracy. Wang and Song. (2023) used hyperspectral images to classify
five corn seed varieties with different ML models (SVM, KNN, extreme
learning machine, MLP, several CNNs and CNN-LSTM. CNN-LSTM). The
CNN-LSTM model achieved a 95 % accuracy. Rong et al. (2020) used
spectroscopy and a 1D-CNN to identify five peach varieties, achieving a
94 % accuracy.

5.4. Quality assessment

Quality assessment is crucial in the agricultural industry, especially
when measuring and predicting the internal and external quality of
fruits and agricultural products. Ensuring that products meet consumer
expectations and comply with market regulations is essential. High-
quality products appeal to consumers, extend shelf life, reduce waste,
and increase profitability. To meet industry standards, the agricultural
sector must ensure that products comply with requirements for attri-
butes like size, colour, firmness, sweetness, and the absence of defects
such as bruises or rot. Quality standards ensure uniformity in what
reaches the market, ultimately protecting consumers and sellers. For
instance, Regulation (EU) 2023/2429 sets rules to standardise fruit and
vegetable quality within the European Union. This law includes criteria
for freshness, physical characteristics, and even permissible imperfec-
tions. Besides, internal quality (like sugar content or firmness) is just as
important as external quality (appearance) since it directly influences
taste, texture, and storability.

ANNSs excel in quality prediction by learning complex relationships
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between external features (colour, size) and internal attributes (sugar
content, firmness), providing a complete quality profile. 2D and 3D
CNNs are commonly employed for quality assessment using image data
due to their effectiveness in image analysis and feature extraction.
Similarly, 1D CNNs and MLPs are utilised with spectroscopic or non-
image data.

Maturity estimation is essential for harvesting fruit at optimal con-
ditions since accurate estimation helps pick the product at the right time,
reducing waste and improving market value, and at postharvest to
ensure optimal quality, flavour, and shelf life. Due to the complexity of
crop maturation and fruit ripening, the ability of ANNs to handle com-
plex data makes them more suitable than other machine learning
models. Some studies estimated maturity in the field, such as Wendel
et al. (2018), who estimated the maturity of three different mango
cultivars on various dates and climate conditions. A robot platform with
HSI cameras was used to predict dry matter. Dry matter is closely related
to mango maturity and obtained an R? value of 0.64 using a CNN,
showing higher results than a PLS model. Alternatively, Gao et al. (2020)
estimated the ripeness of strawberries using 244 hyperspectral images
from the greenhouse and the laboratory. AlexNet CNN proved to be
more accurate than an SVM model, with a 98 % accuracy.

In postharvest, it is important to classify the maturity of the product.
This helps determine whether the product needs to be rejected, sold
immediately because it is fully ripened, or if it can be stored for some
time. In winter jujube, Z. Lu et al. (2021) created a grading robot to
classify jujubes into three categories based on their maturity using
different CNNs: Modified YOLOv3, SSD, and Faster-R-CNN. The modi-
fied YOLOv3 achieved 97 % accuracy using 147 sets of images, each
containing 35 jujube fruits.

Besides, estimating quality parameters such as proteins, oil, mois-
ture, or starch content helps farmers and companies ensure that their
products meet market and legal standards. Moisture content was pre-
dicted by F. Zeng et al. (2022), who used hyperspectral images and low-
field magnetic resonance to predict salted sea cucumber moisture on 510
samples to detect fraud. Its proposed CNN obtained an R? of 0.99. Liang
et al. (2024) used a portable NIR spectrometer, allowing in-site in-
spection on 122 samples to estimate crude protein in corn feed. He
trained with PLS, SVM and a CNN: CropNet model, with which he ob-
tained the most accurate results, an R? of 0.89. Other authors, such as
Zhang et al. (2022), predicted other components, such as oil content. In
this case, oil content in the maise kernel using his and compared
different models and model combinations: PLS, SVM, GAN + PLS and
GAN + SVM. The most precise results were obtained using a GAN
(Nongda616) for data augmentation and an SVM for classification,
obtaining an R? of 0.80. These results emphasise the usefulness of GANs
for data augmentation in model creation.

Alternatively, in fruits, factors such as soluble solids, acidity, and
firmness are essential for consumers since they play a key role in
ensuring consumer acceptance based on sensory quality. In Fuji apples,
Bai et al. (2019) used spectroscopy and predicted soluble solids with an
MLP, PLS, and an RF model, obtaining an R? of 0.99 with the MLP. 208
samples from three geographical regions were used, allowing the model
to eliminate the effects of geographical origin. In Kyoho grape, Xu et al.
(2022) used 240 HSI and PLS, SVM, AE + PLS, and AE + SVM models.
The AE + SVM model obtained an R? of 0.92.

Furthermore, classifying agricultural products based on internal and
external defects is essential for ensuring product quality. Defects like
blemishes or discolouration can make a product visually unappealing,
leading to rejection by consumers or markets. However, defects such as
mechanical bruising, internal rotting, or tissue damage are often hidden
and only become visible later, potentially affecting the fruit’s shelf life
and quality. Consumers quickly reject fruits and vegetables with
external imperfections, even if the internal quality remains intact. ANNs
can identify subtle defects and bruises that may be overlooked by human
inspectors or other machine-learning models, leading to more accurate
grading and sorting.
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Mechanical bruises, for example, are often invisible in the early
stages but can cause internal tissue damage, which may eventually lead
to rotting. As the internal damage worsens, it can spread to the outer
layers, becoming an external defect. When this happens, the product
may no longer be suitable for sale, leading to waste. The key to pre-
venting this is early detection. HSI can be essential for this purpose, as
demonstrated by Castillo-Girones et al. (2024), in the case of detecting
three different levels of invisible bruising in plums. Three different CNN
models were used: ResNet50, HSCNN, and a customised CNN. ResNet
was the most reliable, with an overall F1 = 90 %. J. Lu et al. (2024)
classified the fruit with different defects, including oil spots, mechanical
damage, dry scars and black spots. A customised model based on
YOLOV5 achieved a 99 % average precision. The model was trained
using 330 images of fruits with standard surfaces and surfaces with
defects. In addition, different CNNs were used, such as SqueezeNet,
ShuffleNet, AlexNet, GoogLeNet, MobileNetV2, ResNet50, and VGG1, to
detect and sort surface defects in soybean seeds into six classes. Among
these models, MobileNetV2 performed the best, achieving 98 % accu-
racy and processing 222 seeds per minute, making it the fastest option.
Similarly, Cao et al. (2021) automatically graded zizania fruit based on
its quality (high and defective quality based on size and defects) using
different CNNs: LightNet, AlexNet, VGG11, ResNet18, MobileNet,
MobileNetV2 and ShuffleNet V2. LightNet, a light model, was the best
and fastest, with 99 % accuracy. The dataset of 4,900 RGB images used
in this experiment was publicly released, which can aid other re-
searchers and instil confidence in their work.

Unlike HSI, which only penetrates a few millimetres (Sun., 2010), X-
ray images can provide a deeper look inside the fruit, making them more
effective for identifying deeper internal issues. For example, in the study
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of mango seed spoilage locations, Ansah et al. (2023) analysed 98 X-ray
images of mangoes using a VGG16 CNN model, achieving an accuracy of
97 %. A Grad-CAM was performed to identify the regions in the images
where the model was directing its attention, thus confirming its effec-
tiveness and focus on the seeds. Similarly, in detecting pear disorders,
Tempelaere et al. (2023) analysed 80 X-ray images to find internal
disorders and segment them using a U-Net, obtaining an IOU of 0.88. In
avocado, Matsui et al. (2023) detected internal fruit rot with a 98 %
detection accuracy and 3.15 RMSE for segmentation using 286 images.

The quality of agricultural products is highly influenced by crop
management. Farmers must assess the nutritional status of plants at the
field level to improve crop health, increase yield and product quality,
and significantly decrease chemical contamination in the soil. Non-
destructive systems, along with ANNs, are becoming a promising solu-
tion to the challenge of avoiding time-consuming and costly ionomic
analyses. For example, Noguera et al. (2021) in olive leaves, N, P, and K
were predicted using multispectral UAV images (5 wavelengths) in two
orchards covering 150.7 ha and 6177 images. MLP, PLS, SVM and
Gaussian process regression were used, and MLP showed the best results.
Similarly, Yu et al. (2018) predicted N content in oilseed rape leaves
using hyperspectral images on 192 samples from plants with four
different fertilisation levels. A stack AE was used to extract the most
important features and an MLP to predict, achieving an R? of 0.90. Xiong
etal. (2021) used transmission spectroscopy in 211 lettuce leaves from 2
different varieties for K prediction. RBFN and PLS models were trained,
and the best results were obtained using RBFN with an R? of 0.86.

Application Data type Topic Models used Results Reference
Pests and disease RGB images Real-time classification CNN: SSCNN and MobileNet SSCNN the best (Barman et al.,
identification of citrus leaf disease 2020)
HSI images Apple valsa canker CNN: proposed model 98 % accuracy (Cui et al., 2022)
detection
HSI images Tomato Spotted Wilt New proposed GAN, CNN Proposed GAN 98 % accuracy and 96 (Wang et al., 2019)
Virus detection % before symptoms appear
HSI images Anthracnose detection in CNN: ResNet101, VGG-16, ResNet50 92 % accuracy with ResNet101 (Fazari et al., 2021)
olives and Densenet121
RGB images Plant species and pest CNN: diverse CNN models and 99 % accuracy for species detection, (Keceli et al., 2022)
detection proposed model 89 % accuracy for disease detection
Object detection and RGB images Kiwifruit detection CNN: YOLO5 99 % kiwifruit detection (Gao et al., 2024)
yield prediction RGB images Apple fruit detection CNN: Faster R-CNN 88 % average precision (Li et al., 2023)
RGB + Depth Fruit detection and size CNN: Mask R-CNN Apple detection F1 = 88 %. Mean (Ferrer-Ferrer
images estimation Absolute Error (MAE) diameter et al., 2023)
estimation of 5.6 mm
RGB images Grapevine segmentation CNN: U-Net Intersection Over Union of 91 % (Carneiro et al.,

Thermal imaging

Chili peppers detection

CNN: YOLOv3 and Mask-RCNN

CNN: six networks used

CNN: Faster R-CNN and Mask R-CNN

GAN, CNN (U-Net and DeepLabv3)

RF, SVM, CNN: customised model

Diffusion model + CNN

RGB images Yield and maturity
estimation of wild
blueberry
RGB images On-tree apple fruit size
estimation
RGB images Semantic segmentation
of apple trees
Species and cultivar RGB images Apricot variety CNN: U-Net
discrimination classification
Multispectral Crop mapping
images
RGB images Weed detection CNN: 11 models
RGB images Weed recognition
RGB images Crop weed segmentation =~ CNN: U-Net
RGB images Corn seed variety

classification

CNN, NN, SVM, KNN, LDA, CNN-
ANN
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YOLOV3 has better detection and ten
times faster

YoloV4 F1 = 0.82

R% = 0.67

U-Net CNN the best

F1=99%

88 % accuracy

VGG16 97 % accuracy

94 % accuracy using 10 % of real
images

F1 =0.89

CNN-ANN 98.1 % accuracy

2022)

(Hespeler et al.,
2021)
(MacEachern et al.,
2023)

(Mirbod et al.,
2023)
(Chen et al., 2021)

(C. Chen et al.,
2024)

(Asadi and
Shamsoddini,
2024)

(Saini and Nagesh,
2024)

(D. Chen et al.,
2024)

(Genze et al., 2022)
(Javanmardi et al.,
2021)

(continued on next page)
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(continued)

Application Data type Topic Models used Results Reference
Multispectral Crop type mapping CNN, LSTM, Transformer, Proposed Proposed transformer F1 = 0.96 (K. Li et al., 2022)
images transformer
RGB images Crop weed detection CNN: MobileNet 95 % accuracy (Kumar Nagothu

et al., 2023)
RGB images Litchi fruit cultivar CNN: VGG-16 98 % accuracy (Osako et al., 2020)
discrimination
Spectroscopy Peach variety detection CNN 94 % accuracy (Rong et al., 2020)
RGB images Plant species CNN: ResNet50 and Inception V3 Inception V3 with AC: 69 % accuracy (Xiao et al., 2018)
identification with and without Attention Cropping  for PlantCLEF and 95 % for the Oxford
(AC) flower dataset.
HSI images Sweet maise seed variety ~ SVM, KNN, extreme learning CNN-LSTM 95 % accuracy (Wang and Song,
identification machine, MLP, several CNNs and 2023)
CNN-LSTM
Multispectral Land cover classification =~ Transformer: CapVit and CapsNet CapVit 99 % accuracy (Yu et al., 2022)
images + LIDAR and several other ML models
RGB images Real-time rice variety CNN: AlexNet 98 % accuracy (Jeyaraj et al.,
classification 2022)
Quality assessment X-Ray Mango seed spoilage CNN: VGG16 97 % accuracy (Ansah et al., 2023)
location
Spectroscopy Estimation of crude PLS, SVM, CNN: CropNet, CropResNet R2 = 0.89 (Liang et al., 2024)
protein in corn feed CropResNet
Spectroscopy Apple soluble solid ANN, PLS, RF Proposed ANN R? = 0.99 (Bai et al., 2019)
prediction
HSI images Maise kernel oil content CNN and PLSR R% =0.92 (Zhang et al.,
prediction 2022a)
HSI images Kyoho grape firmness PLS, SVM, AE + PLS, AE + SVM AE + SVM R? = 0.92 (M. Xu et al., 2022)
and pH prediction
HSI images Salted sea cucumber CNN: proposed CNN R%=0.99 (Zeng et al., 2022)
moisture prediction
HSI images Bruise detection in CNN: ResNet50, HSCNN, customised ResNet is the most reliable. F1 = 90 % (Castillo-Girones
Plums CNN et al., 2024)
X-Ray images Internal disorder CNN: U-Net Intersection Over Union (IOU) of 0.88 (Tempelaere et al.,
segmentation in pear 2023)
X-Ray Hass avocado internal CNN: U-Net 98 % Classification accuracy. RMSE (Matsui et al.,
fruit rot segmentation = 3.15 2023)
HSI images In-field strawberry CNN and SVM CNN (AlexNet) 98 % accuracy (Gao et al., 2020)
ripeness estimation
HSI images Mango maturity CNN and PLS CNN R? = 0.64 (Wendel et al.,
estimation 2018)
RGB images Automated Zizania CNN: LightNet, AlexNet, VGG11, LightNet is the best and fastest, with (Cao et al., 2021)
quality grading ResNet18, MobileNet, MobileNetV2 99 % accuracy
and ShuffleNet V2
RGB images Design of a winter jujube ~ CNN: YOLOv3, SSD and a Faster-R- YOLOV3 97 % accuracy (Lu et al., 2021)
grading robot CNN
Citrus peel fruit defect CNN: proposed model based on 99 % average precision (Lu et al., 2024)
RGB images detection YOLOVS5, Yolo5s, Yolo7tiny, Yolo8n
Multispectral Olive crop nutritional MLP, PLS, SVM and Gaussian Process ~ MLP better results (Noguera et al.,
images status assessment Regression (GPR) 2021)
HSI images Oilseed rape nitrogen AE + MLP R? = 0.90 (Yu et al., 2018)
prediction
Spectroscopy Fresh lettuce potassium RBFN, PLS RBFN R? = 0.86 (Xiong et al., 2021)
prediction
Toxic compounds and HSI images Peanut aflatoxin CNN 99 % accuracy (Zhu et al., 2022)
residues detection detection
HSI images Apple pesticide residue KNN, SVM, CNN: AlexNet 99 % accuracy (Jiang et al., 2019)
detection
Raman Rice chemical residue CNN: Squeezenet 0.98 coefficient of determination (Weng et al., 2023)
spectroscopy identification
Spectroscopy Lettuce leaves pesticide DBN for data extraction and SVM, DBM-SVM 95 % accuracy (Wu et al., 2019)

residue identification

PLS-DA, and KNN for classification

5.5. Toxic compounds and residues detection

Food safety is vital for consumers, who increasingly demand prod-
ucts free of pesticides. Additionally, toxic compounds in agricultural
products at postharvest are prohibited due to their health risks, which
can lead authorities to withdraw such items from the market. Optical
sensors and ANNs are needed to manage these intricate tasks in this
context. However, in situations such as identifying components with
very low concentrations, ANNs face difficulty providing accurate
predictions.

15

Using HSI or spectroscopy and CNNs has enabled the detection of
pesticide residues and toxic biological compounds in agricultural
products. For example, Jiang et al. (2019) detected four different pes-
ticides in apples (chlorpyrifos, mycelium and mixtures of those two at
100 ppm) using 72 hyperspectral images per pesticide. They predicted
using KNN, SVM, and an AlexNet CNN, which obtained a 99 % accuracy.
Zhu et al. (2022) detected aflatoxin B1 in peanuts using the spectra of
every pixel (197,265 spectra) and a customised CNN obtaining a 99 %
accuracy. Wu et al. (2019) employed NIR spectroscopy to detect two
pesticides (fenvalerate and triazoline at 0.24 and 0.25 mg/L) in 240
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lettuce leaves. DBN was used for data extraction, and SVM, PLS-DA, and
KNN were used for classification. The combination of DBM-SVM was the
best, with a 95 % accuracy. Besides, Raman spectroscopy is gaining
attention for its ability to detect even small concentrations of toxic
components and pesticides, as in rice chemical residues, where Weng
et al. (2023) identified chlormequat chloride and acephate at 15.5 and
100 mg/L concentrations in rice with an R? of 0.98.

6. Conclusions and future trends

ANNs have become key tools in agriculture, addressing critical
challenges and enhancing efficiency across various applications. CNNs
are the dominant approach for image-based tasks due to their excep-
tional image analysis, feature extraction, and pattern recognition ca-
pabilities. They are particularly effective in detecting pests and diseases,
object detection, yield prediction, species classification, and quality
assessment. For example, CNNs enable early detection of pests and
diseases by identifying subtle visual patterns in RGB or hyperspectral
images. Besides, emerging techniques like Capsule Networks offer
promising solutions to overcome CNN limitations by incorporating ob-
ject position identification and requiring less training data.

Additionally, AEs, GANs and Diffusion Models can be very useful for
data augmentation, generating synthetic datasets to address the scarcity
of labelled data. These techniques enhance model performance in tasks
like pest detection and weed recognition. AEs and DBNs further support
image-based applications by extracting features from complex datasets.

For non-image data, such as spectroscopic or time-series inputs,
neural networks like MLPs, 1D-CNNs, RNNs, and RBFNs are commonly
employed. MLPs are versatile for predicting the nutrient content of crops
or quality attributes like sugar levels in fruits, while RNNs excel in
capturing temporal dependencies for monitoring crop growth cycles.
RBFNs effectively model localised relationships for specific predictions
such as nutrient levels. Emerging architectures like Transformers
demonstrate potential for large-scale crop mapping and species classi-
fication using multispectral and spatiotemporal data. Their ability to
process diverse data types positions them as powerful tools for precision
agriculture. Meanwhile, SOMs aid in clustering and visualising agri-
cultural datasets, offering insights into underlying patterns.

The application of ANNs in agriculture is expected to expand with
the integration of emerging technologies such as the Internet of Things,
cloud platforms, and 5G networks, together with the cost reduction of
hardware capable of running ANNs. These technologies enable real-time
data collection from sensors, drones, and satellites, providing compre-
hensive datasets for ANN models. Hybrid approaches that combine
ANNs with other machine learning techniques or advanced algorithms
like reinforcement learning could further enhance predictive accuracy
and decision-making capabilities. Additionally, advancements in
explainable Al likely improve trust in ANN-driven systems by providing
interpretable insights into their decisions.

Despite these advancements, significant challenges remain. Field
variability, resulting from differences in soil types, weather conditions,
or crop varieties, creates complexities that necessitate robust models
capable of generalising across diverse environments. The limited avail-
ability of labelled datasets is a critical barrier for training models.
Furthermore, rural areas often face infrastructure limitations such as
insufficient internet bandwidth or computational resources to deploy
ANN-based systems effectively. Another challenge is the cost of imple-
menting ANN solutions at scale. Small farmers may lack access to the
technology or expertise required to adopt these innovations. Ethical
considerations regarding data privacy and ownership need attention as
agriculture becomes increasingly digitised.

To address these challenges, data collection strategies should be
implemented to create repositories of diverse agricultural datasets while
ensuring privacy and security. Investments in rural connectivity infra-
structure are also essential to support solutions for real-time ANN ap-
plications. In addition, creating affordable hardware solutions designed
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for small-scale farmers promotes equitable access to these technologies.
Implementing training programs that educate farmers on effectively
using tools based on ANNsis also important.
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Glossary

AE: Auto Encoder

AUC: Area Under Curve

ANN: Artificial Neural Network

CN: Capsule Network

CNN: Convolutional Neural Network
DBN: Deep Belief Network

DT: Decision Tree

GAN: Generative Adversarial Network
GRU: Gated Recurrent Unit

HIS: hyperspectral imaging

IoU: Intersection Over Union

KNN: K-Nearest Neighbours

LDA: Linear Discriminant Analysis

LR: Linear Regression

LSSVM: Least Squares Support Vector Regression
LSTM: Long Short-Term Memory

ML: Machine Learning

MLP: Multilayer Perceptron

MLR: Multiple Linear Regression
MSC: Multiplicative Scatter Correction
MSE: Mean Square Error

NB: Naive Bayes

PCA: Principal Components Analysis
RBFN: Radial Basis Function Network
ReLU: Rectified Linear Activation
RGB-D: RGB images with depth information
RNN: Recurrent Neural Network

S-G: Savitzky-Golay

SNV: Standard Normal Variate

SOM: Unsupervised Self-Organizing Map
UAV: Unnamed Aerial Vehicle

VAE: Variational Autoencoder
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