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Abstract: Precision agriculture is an approach that uses information technologies to im-
prove and optimize agricultural production. It is based on the collection and analysis of
agricultural data to support decision making in agricultural processes. In recent years,
Artificial Neural Networks (ANNs) have demonstrated significant benefits in addressing
precision agriculture needs, such as pest detection, disease classification, crop state as-
sessment, and soil quality evaluation. This article aims to perform a systematic literature
review on how ANNs with an emphasis on image processing can assess if fruits such as
mango, apple, lemon, and coffee are ready for harvest. These specific crops were selected
due to their diversity in color and size, providing a representative sample for analyzing
the most commonly employed ANN methods in agriculture, especially for fruit ripening,
damage, pest detection, and harvest prediction. This review identifies Convolutional
Neural Networks (CNNs), including commonly employed architectures such as VGG16
and ResNet50, as highly effective, achieving accuracies ranging between 83% and 99%.
Additionally, it discusses the integration of hardware and software, image preprocessing
methods, and evaluation metrics commonly employed. The results reveal the notable
underuse of vegetation indices and infrared imaging techniques for detailed fruit quality
assessment, indicating valuable opportunities for future research.

Keywords: artificial neural networks; image processing; harvest prediction; systematic
literature review

1. Introduction
Food security is one of the most important aspects in the world; it ensures the quality

of life in countries [1]. If a country manages to industrialize crops, it is likely to be able
to obtain more food for its population [2]. However, crops must be of good quality and
have a great variety to ensure that people can have food every day. Nowadays, most crops
lack early warning systems that can reduce food loss. Crops must be monitored because
different factors can affect productivity, sustainability, and economic viability. The most
common factors are climate change that affects crop yield [3], diseases that can usually be
detected visually [4], and soil fertility that enables the high production of crops by having
the right nutrients [5].

Precision agriculture has been evolving thanks to technologies that use the minimum
amount of elements for production. The detection of food harvest can be achieved by
monitoring the state of the fruits in the crops (ripe or unripe and healthy or damaged),
along with multispectral or drone images. Harvesting is usually performed manually; then,
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to calculate the amount of harvested products, it is necessary to develop technological
solutions to automate the process [6].

In the past, pests were difficult to detect and affected the ideal production in agri-
culture. Today, thanks to ANNs, we can automatically detect pests and weeds early.
Particularly, Convolutional Neural Networks (CNNs) are trained with images of crops
that can accurately recognize weeds and pests in real time. For instance, recent research
proposed a CNN model with an attention network mechanism, which achieved 98.17% in
precision [7]. Furthermore, models such as CATNet, which integrate efficient attention and
cascading transformer modules, have demonstrated significant improvements in marine
species classification, suggesting that similar techniques could be applied in agriculture for
accurate pest and weed classification [8]. In the same way, detecting weeds in crops has
necessitated the implementation of detection object techniques like YOLO (You Only Look
Once). An experiment with YOLOv4 identified 98.8% of weeds with an average accuracy
(mAP) of 73% for the detection of different species of invasive weeds [9].

Related to previous studies, the detection of diseases in plants is still relevant. Deep
Convolutional Neural Networks (CNNs) trained with thousands of images have demon-
strated a big performance differencing sleekness [10]. For instance, CNN models pre-
trained, like ResNet50, VGG16, or DenseNet121, obtain an accuracy between 95% and
99% [11]. Hybrid approaches also use classical algorithms; a study reported an accuracy of
98% in classifying diseases in leaves using a Support Vector Machine (SVM) supported by
the segmentation and extraction of texture techniques [11].

Another application is crop variety identification and hyperspectral image classifica-
tion. Artificial Neural Networks (ANNs) allow for modeling complex interactions between
productivity factors (climate, soil type, plant genetics, agricultural management, etc.). For
example, GACNet, a generative adversarial-powered cross-attention network, has been
used for wheat variety identification using hyperspectral images, improving variety classi-
fication accuracy [12]. Similarly, SSTNet, a spatially, spectrally, and texture-aware attention
network, has been applied for corn variety identification, demonstrating the effectiveness
of attention techniques in crop classification [13].

Monitoring the nutritional status of both soil and plants is another area where ANNs
are having an impact. They determine how balanced soil is in terms of nutrients (nitrogen,
phosphorus, potassium, etc.). An ANN is applied in two ways: (1) the prediction of soil
nutrients from sensor data or images and (2) the detection of nutritional deficiencies in
plants using computer vision. For the first case, models are used for nutrient estimation,
combining sample data and data from sensors [14]. For the second case, CNNs are trained
on leaf images to diagnose deficiencies (e.g., nitrogen deficiency often causes the yellowing
of leaves, potassium deficiency causes burnt edges, etc.). A recent study trained different
CNN architectures on images of rice and bananas, resulting in Inception-V3 achieving 93%
accuracy in identifying nutritional deficiencies in plants [15].

Irrigation prediction is another application, especially for zones with hybrid shortages.
Systems of intelligent irrigation combine sensors (humidity and weather) with algorithms
of an ANN to decide when and how much water is applied to the crops, optimizing the use
of water without sacrificing plant health. For instance, a study of an automatic irrigation
system, decision tree, SVM, neural networks, and Random Forest obtained results of 84.6%
accuracy in the prediction of the optimum irrigation time [16]. Implementing the system, it
achieved 60% water savings compared to traditional fixed irrigation methods [16].

Technologies such as Artificial Neural Networks (ANNs), along with the Internet of
Things (IoT), play a crucial role in modern agriculture. ANNs can analyze historical data
to identify patterns, helping farmers make informed decisions in areas such as automatic
crop monitoring, determining the optimal harvest time, and predicting the overall yield.
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Specifically, neural networks can be employed to assess fruit maturity, detect the best
harvesting periods, and accurately estimate total crop production [17].

Highlights

The purpose of this article is to perform a systematic literature review to establish
how fruit maturity has been calculated in crops like apples, coffee, lemon, and mango.
Using ANNs that process aerial or whole-crop images, we want to establish what types
of architectures and image processing have been generated when trying to monitor the
state of fruits and crops. Additionally, we want to know how software and hardware have
interacted when applying an ANN to crops.

The main contributions are summarized as follows:

• We analyze how neural networks can determine the state of fruits in crops such as
mango, apple, lemon, and coffee.

• We find that CNN neural networks, including architectures such as VGG16 and
ResNet50 networks, are the most used to detect crop maturity.

• We discuss the integration of hardware and software, image preprocessing methods,
and evaluation metrics employed.

• We analyze whether the approaches were post-harvest or pre-harvest.

Figure 1 presents a summary of this paper. In this study, we used a literature review
process to identify how other authors used artificial neuronal networks to determine if a
crop can be harvested from the state of fruit (lemon, coffee, apple, and mango).

Figure 1. A summary of this study. We describe the problem. The problem requires a literature
review to identify and analyze the solutions.

This article is structured as follows. Section 2 presents the methodology used to
systematically review the literature. Section 3 presents the results obtained in the systematic
literature review. Section 4 discusses the results. Finally, Section 5 offers some future work,
while Section 6 concludes the paper.
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2. Methodology
This article conducts a systematic literature review via the following steps. First, we

discuss the research questions to be answered with the analysis of the literature. Then,
the inclusion and exclusion criteria are presented to limit the literature according to the
research questions. Finally, the quality of the literature is validated [18,19].

2.1. Research Questions

This article used the following research questions:

• Q1. What types of ANNs are most frequently used to detect the status of mango,
apple, lemon, and coffee crops?

• Q2. What are the performance evaluation metrics of ANNs in predicting the status of
each fruit or crop product?

• Q3. Which hardware and software tools have been used to implement ANNs for
predicting and monitoring crop status in agriculture?

• Q4. How are images prepared and processed for input into ANNs?
• Q5. What vegetation indices have been calculated using ANNs in mango, apple,

lemon, and coffee crops?
• Q6. Which hardware tools or devices are used to collect images for datasets?

2.1.1. Search Strategy

To perform the systematic literature review, we focused on the following relevant
aspects:

• Type of Crop: The kind of agricultural product studied or analyzed (mango, apple,
lemon, or coffee).

• Device for Image Processing: The equipment used to capture or analyze images, such
as drones, cameras, or satellites.

• Computer Vision Task: The specific goal of analyzing images, such as classification,
segmentation, or object detection.

• Artificial Neural Network Architecture: The specific design or structure of the neural
network, including layers, nodes, and connections.

2.1.2. Selected Journals and Conferences

The selection of journals and conferences was conducted to ensure a review of the
application of ANNs in precision agriculture. The focus is on fruit ripeness detection,
harvest prediction, and crop quality assessment. To achieve this, we queried several
academic databases, including Scopus, ScienceDirect, Springer Link, and IEEE Xplore,
using filters to identify studies published between 2019 and 2024.

The queries incorporated specific keywords related to ANNs, vegetation indices
(e.g., NDVI, EVI, SAVI), and crops such as apple, lemon, coffee, and mango. Articles
were further refined by selecting those within relevant subject areas, such as agriculture,
computer science, and engineering, ensuring that only peer-reviewed research articles were
included. Table 1 outlines the filters and queries applied to each database.
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Table 1. Database queries.

Filter Years Interval Query

Scopus 2019–2024

TITLE-ABS-KEY (“neural networks”) AND ((TITLE-ABS-KEY (“fruit ripeness” OR
“harvest prediction” OR “crop maturity detection” OR “fruit quality”)) OR
(TITLE-ABS-KEY(“NDVI” OR “EVI” OR “SAVI”))) AND TITLE-ABS-KEY (“apple”
OR “coffee” OR “lemon” OR “mango”) AND PUBYEAR > 2019 AND PUBYEAR <
2025 AND DOCTYPE (ar) AND (LIMIT-TO (SUBJAREA,“AGRI”) OR LIMIT-TO
(SUBJAREA,“COMP”) OR LIMIT-TO (SUBJAREA,“ENGI”))

Science Direct 2019–2024
(“neural networks” AND ((“fruit ripeness” OR “harvest prediction” OR “crop
maturity detection” OR “fruit quality”) OR (“NDVI” OR “EVI” OR “SAVI”)) Year:
2019–2026)

Springer Link 2019–2024
“neural networks” AND (“fruit ripeness” OR “harvest prediction” OR “crop
maturity detection” OR “fruit quality”) AND (“NDVI” OR “EVI” OR “SAVI”) AND
(“apple” OR “coffee” OR “lemon” OR “mango”)

IEEE Explore 2019–2024
((“neural networks”) AND ((“fruit ripeness” OR “harvest prediction” OR “crop
maturity detection” OR “fruit quality”) OR (“NDVI” OR “EVI” OR “SAVI”)) AND
(“apple” OR “coffee” OR “lemon” OR “mango”))

2.2. Study Selection Criteria

We used selection criteria based on documents about image processing using ANNs
for precision agriculture.

2.2.1. Inclusion Criteria

The inclusion criteria ensure the selected articles are relevant to the research focus and
objectives. The criteria are as follows:

• IC1: Articles focused on fruit crops such as apples, mangoes, lemons, or coffee. These
crops were selected because of their economic importance and frequent use in studies
involving ANNs for agricultural monitoring.

• IC2: Studies that involve the application of ANNs for analyzing crop health, predicting
maturity, or calculating vegetation indices.

• IC3: Research articles published between 2019 and 2024 to ensure the inclusion of
recent advancements in precision agriculture.

• IC4: Peer-reviewed articles in the domains of agriculture, computer science, or engi-
neering to maintain high-quality and relevant sources.

• IC5: The literature that includes information on how images are processed to use the
images in ANNs.

2.2.2. Exclusion Criteria

The exclusion criteria filter out articles that do not align with the research scope. The
criteria are as follows:

• EC1: Studies that do not use ANNs as part of their methodology for crop monitoring
or analysis.

• EC2: Articles that do not involve selected crops (apple, mango, lemon, or coffee) or
focus on other unrelated agricultural products.

• EC3: Publications such as opinion papers, editorials, or conference abstracts that lack
a detailed methodology or experimental results.

• EC4: Publications that do not mention image processing.
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2.3. Study Quality Assessment

Following inclusion and exclusion criteria, a total of 68 articles were selected through
a final screening process (see Table 2). To enhance the accessibility of each algorithm, the
selected articles were categorized into modules (see Table 3).

Table 2. Selected articles.

Database Retrieved Selected

Scopus 52 30
IEEE Xplore 37 19
Science Direct 56 6
Springer Link 11 10
Total 156 65

Table 3. Study design modules.

Module Basic type Definition

Train data Input

This module focuses on collecting and preparing the data used to
train the ANN. It includes labeled datasets of images
representing crops and their respective states (e.g., maturity,
quality).

Neural network architecture Processing

This module defines the design and structure of the neural
networks, including the number of layers, activation functions,
and connection strategies tailored for agricultural image
processing.

Image preprocessing Input
This module involves preparing the images for neural network
input, such as resizing, filtering, and augmentation to enhance
learning and reduce noise.

Vegetation indices Feature extraction
This module computes indices like NDVI, EVI, and SAVI from
images to enhance the representation of crop health and
maturity levels.

Hardware and devices Acquisition
This module discusses the tools and devices (e.g., drones,
cameras, satellites) used for capturing the images required for
the analysis.

Evaluation metrics Output
This module focuses on defining the metrics used to evaluate the
performance of the neural networks, such as accuracy, precision,
recall, and F1-score.

Prediction and monitoring Output
This module focuses on how the trained models are used to
predict crop maturity, detect diseases, or estimate yield,
providing actionable insights for farmers.

2.4. Data Extraction

The main pieces of information used to evaluate our defined criteria are the following:

• The title, authors, journal or conference, and publication details (year, country, and
reference);

• The article database where it was found;
• The topic area;
• The problem to be solved;
• Objectives;
• Methods used to provide a solution;
• Results.
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2.5. Data Synthesis and Quality Verification

After classifying the articles into modules, we outlined questions to select them based
on prior modules (see Table 4).

Table 4. Quality criteria per module.

Module Quality Criteria

Training data

VC1. The dataset includes labeled images relevant to the selected crops (mango, apple, lemon, or
coffee).
VC2. The dataset covers diverse environmental conditions to ensure model generalizability.
VC3. The data are balanced to avoid bias in training the neural networks.

Neural network architecture

VC1. The architecture is explicitly described, including the number of layers, activation functions,
and optimization techniques.
VC2. The choice of architecture (e.g., CNNs, GANs, transformers) is justified based on the problem
being addressed.
VC3. The architecture incorporates techniques to mitigate overfitting, such as dropout or
regularization.

Image preprocessing
VC1. The preprocessing steps, such as resizing, normalization, and augmentation, are clearly
detailed.
VC2. The preprocessing techniques align with best practices for neural network training.

Hardware and devices VC1. The hardware used for image acquisition (e.g., drones, cameras) is specified.
VC2. The resolution and quality of the captured images are appropriate for the intended analysis.

Evaluation metrics VC1. The evaluation process includes both training and validation datasets.

Prediction and monitoring

VC1. The models provide insights for farmers, such as predicting fruit ripeness or detecting crop
diseases.
VC2. The prediction outputs are validated with real-world data.
VC3. The monitoring solutions are scalable and practical for agricultural use.

3. Results
This section presents the literature review results, mainly the methods, types of neural

networks, and how the vegetation indices and the fruits’ state of maturity are calculated
and analyzed. Figure 2 shows the results for each research question. This study identified
several types of ANNs, the metrics, the hardware or software used in ANNs, the image
processing techniques, the vegetation index, and the hardware to collect the images.

Figure 2. The general results. In this figure, the taxonomy terms identified in the selected literature
are mapped to each research question.
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3.1. Methods for Classification and Segmentation

For fruit classification, and segmentation approach typically uses Convolutional Neu-
ral Networks (CNNs) combined with algorithms such as Multilayer Perceptrons (MLPs),
Random Forests, Support Vector Machines (SVMs), or You Only Look Once (YOLO), which
are used to evaluate fruit quality or detect pests on fruits and leaves [20]. Then, the evalua-
tion typically relies on precision, recall, F1-score, and confusion matrix metrics to measure
the efficiency of classification models [21,22].

CNN architectures are also applied to maintain simplicity and avoid additional steps
in the training process. For example, Dakwala et al. [23] evaluates multiple architectures
commonly referenced in other research, including VGGNet16, ResNet, NASNet, Xception,
ResNet50, ResNet v2, DenseNet, and VGGNet19. Among these, ResNet50 achieved the
best performance, with an accuracy of 98.27%.

In Ahmed et al. [24], a segmentation of apple diseases is performed using an analysis
of the tree’s leaves with a CNN. Admass et al. [25,26] also present a CNN to study the
mango leaf. Bhavya et al. [27] used a CNN to calculate the fruit quality of ten types of
crops. Also, Singhet al. [28] used a CNN to detect diseases in the leaves of apples.

The reason for the use of images is because there is a necessity to utilize methods that
do not produce damage to fruits, different from the common ones, which require damaging
the fruit. These methods aim to detect levels of sugar or internal problems in the crop like
pests or upper ripeness [29].

According to the main problem, in many studies, researchers created their datasets
to control variability and ensure proper model training to achieve better generalization.
These studies often avoid using freely available or paid datasets [30].

Given the challenges associated with accessing or creating datasets, one notable
approach observed was the use of synthetic images generated by tools like DALL-E to
overcome these limitations [31].

Also, Li et al. [32] use a backpropagation neural network (BPNN) to estimate the
canopy nitrogen concentration of apples.

3.2. Image Features

This study focuses on the literature that uses images of fruits captured using RGB
cameras, hyperspectral cameras, drones, or professional cameras. Thus, the selected
features to perform the literature review are textures, edges, and patterns associated with
fruit ripeness.

3.3. Mathematical Methods

The reviewed literature used mathematical methods to complete the approach or to
analyze the images and generate results. The study identifies several methods used in the
reviewed articles.

3.3.1. Residual Predictive Deviation (RPD)

In precision agriculture, RPD is used to evaluate the accuracy of models that predict
crop properties, such as nutrient content or moisture, from spectral data. For example,
Li et al. (2022) [32] employed RPD to evaluate the accuracy of models estimating nitrogen
concentration in the apple canopy using hyperspectral images captured by UAVs.

3.3.2. Particle Swarm Optimization (PSO)

In precision agriculture, PSO is used to optimize parameters of predictive models
and classifiers, improving accuracy in tasks such as fruit quality assessment. For example,
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Peng et al. (2023) [33] combined PSO with neural networks to qualitatively and quantita-
tively assess apple quality using visible spectroscopy.

3.3.3. Chicken Swarm Optimization (CSO)

In precision agriculture, CSO has been applied to select optimal traits and improve
grading in automated fruit quality assessment systems. For example, Kumari et al.
(2022) [34] used CSO for optimal feature selection and hybrid classification in automated
mango quality assessment.

3.3.4. Discriminant Score

In precision agriculture, the discriminant score is used to classify and detect
diseases in fruit, differentiating between healthy and affected fruit. For example,
Ashok et al. (2023) [35] constructed a medium-sized dataset for the non-destructive clas-
sification of diseases in mangoes using machine and deep learning models, employing
discriminant scores to improve accuracy.

3.3.5. Discrete Fourier Transform (DFT)

In precision agriculture, DFT is used to analyze textures and patterns in crop images,
facilitating the detection of anomalies or diseases. For example, Kumari et al. (2022) [34]
also applied DFT in their study to analyze texture features in mango images, improving
the accuracy in automated quality assessment.

3.3.6. Monte Carlo

In precision agriculture, the Monte Carlo method is used to model and predict agricul-
tural variables, such as fruit quality, considering the inherent uncertainty and variability.
For example, Guo et al. (2024) [36] used a portable Vis/NIR transmission spectroscopy
system combined with the Monte Carlo method for the nondestructive determination of
edible quality and watercore degree in apples.

3.3.7. Multicount Measurement Classification and Recognition

In precision agriculture, multicount measurement classification and recognition is
used to optimize visual pattern recognition in the detection of mechanical damage in fruit
using laser relaxation spectroscopy. For example, Lian et al. (2023) [37] applied this method
to optimize visual pattern recognition in the detection of mechanical damage in apples
using laser relaxation spectroscopy.

3.3.8. Principal Component Analysis (PCA)

In precision agriculture, PCA is used to reduce the dimensionality of spectral or
image data, facilitating the classification and quality assessment of fruits. For example,
Dhiman et al. (2021) [38] developed a general-purpose multi-fruit system for assessing fruit
quality, applying PCA for dimensionality reduction and using recurrent neural networks
for classification.

3.3.9. Land Surface Temperature (LST)

In precision agriculture, LST is monitored to assess crop health and stress, and manage
irrigation and other farming practices. For example, Francis et al. (2023) [39] monitored
canopy quality and improved equitable outcomes of urban tree planting using LiDAR and
machine learning.
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3.3.10. Shannon Entropy

The fusion of multitemporal data and very-high-resolution aerial imagery is conducted
for species mapping. For example, Neyns et al. (2024) [40] apply Shannon Entropy to fuse
multitemporal data from PlanetScope and high-resolution aerial imagery. This technique
improves tree species classification and mapping in urban environments.

3.4. Fruit Harvest Using Artificial Neural Networks

Harvest outcomes, particularly fruit products, can be predicted or enhanced by as-
sessing fruit quality, ripeness, or pest damage using artificial intelligence tasks such as
classification, segmentation, and detection. These tasks are commonly performed with
architectures based on CNNs.

Ashok et al. [35] used a CNN to classify whether mango crops contained damaged,
undamaged, or cold-damaged fruit. The input of the network is a discriminant function
with 603 predictor variables based on the image with the following characteristics: intensity
extracted from the R, G, and B color channels of each sample. They used the Haralick
approach with 162 standard intensity features and Fourier descriptors, 21 Hu invariant
moments, and 420 texture statistics.

Kumari et al. [34] used a CNN to calculate the mangoes that were ripe, partially ripe,
and unripe. The authors use the K-means algorithm for characteristic segmentation.

Studies discussing indices such as the NDVI, EVI, or SAVI generally focus on the
condition of the plant (mainly in leaves) rather than the state of the fruit. This is because
most of these indices are derived from high-altitude data collected using Unmanned aerial
vehicles (UAVs). These indices are more suitable for evaluating the overall condition of the
crop and are not specifically related to harvesting.

Some studies address the detection of pests on leaves, offering a more specific per-
spective on crop conditions. These approaches can be complemented by indices, enabling a
more comprehensive and accurate assessment of the crop [41,42].

Other studies calculates the soluble solid content (SSC) to determine the ripening
stages. Huang et al. [43] and Guo et al. [36] used a BPNN to calculate SSC. However,
Liu et al. [44] argue that the calculation of SSC is an expensive computational method.

We also found that Recurrent Neural Networks (RNNs) have been used. Dhiman et al. [38]
were in charge of calculating the quality of nine types of fruits using an RNN. Also,
Watnakornbuncha et al. [45] used a combination of RNNs and CNNs for quality prediction
in lemon crops.

Magro et al. [46] reviewed computational models in precision fruit growing, empha-
sizing the impact of temporal variability on perennial crop yield assessment. The study
focuses on how fluctuations in environmental conditions affect fruit development and
yield predictions. Machine learning techniques, including Artificial Neural Networks, have
been used to model these variations, integrating multisource data such as weather patterns,
phenological stages, and spectral indices.

3.5. Image Augmentation

Most methods used for augmentation were scaling, flipping, rotation, and translation,
which aim for generalization. Also, we see some normalization methods consisting of
transforming each pixel from 0 to 255 to the range of 0 to 1 [23,47].

Li et al. [32] aimed to explore an effective approach to invert and map canopy nitrogen
concentration (CNC) distributions based on UAVs hyperspectral imagery data for apple
crops. The drone was a DJI Matrice 600 PRO equipped with a Cubert UHD 185-Firefly
hyperspectral sensor to capture canopy images of an apple orchard.
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Images for different spectra help to implement tasks for computer vision like classifica-
tion, segmentation, and object detection. For instance, Kumar et al. [48] employed infrared
image from satellite Landsat to train a Convolutional Neural Network, with an accuracy of
90.10%.

Farjon et al. [49] discuss the development of various datasets to enhance model
training, incorporating imaging techniques like RGB, hyperspectral, and thermal imaging.
The review also addresses challenges related to occlusion, where objects like fruits or
plants are partially hidden; scale variation, where objects appear in different sizes due to
perspective changes; and data scarcity, which limits model training and generalization.
Strategies like data augmentation and transfer learning are explored to mitigate these issues.

In Ashok et al. [35], an image dataset was created to train a CNN with classes chilling
damage, defective, and non-defective in mango crops. The images were taken between
12:00 and 13:00 using a Sony Cyber-shot DSC-WX7 digital camera. The total color images
was 2279 in a resolution of 640 × 480 pixels and size of 60.5 KB each. The preprocessing
used was to resize the image to 200 × 150 pixels.

Identified Techniques for Image Processing

According to the reviewed literature, preprocessing is required before creating the
models. Primarily, preprocessing was performed to resize the image, crop the image, rotate
the image, and check the contrast. Because there are no tidy data but rather images that
are input to the models, distributions or relationships in the variables are not reviewed. In
the studies where a CNN was used, it was identified that feature selection was related to
creating the necessary filters to find shapes, colors, and sizes. For example, in [25], in the
pooling layer, filters were used to reduce the image size and reduce its dimensionality.

Table 5 shows the general steps that were analyzed from the literature to capture
the general flow to solve the problem. First, the image must be captured, then processed,
obtaining the patterns, and with this, the classification or prediction model could be created.
In addition, an additional step is post-processing and decision making, not identified in
the literature; only [27] indicates that alerts should be sent, but it is not identified if the
approach sends alerts. A complete approach would be if it could alert users about the
status of the fruit in real time. The techniques identified for the images are presented below.

Kumari et al. [34] used the GLCM technique to create feature extraction for a mango
dataset for a CNN to analyze the texture of the image using energy, entropy, contrast, and
homogeneity.

Knott et al. [50] used pre-trained vision transformers to create a CNN to detect defects
in apples and ripeness in bananas. They split the images into tokens using the DINO ViTs
approach. In addition, Xiao et al. [51] used vision transformers to calculate apple ripeness
mainly with a Swin Transformer.

Infrared images were used in Da et al. [52] to employ a deep neural network (DNN)
to identify regions where bruised apples occur.
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Table 5. Image processing workflow in CNN for fruit ripeness validation.

Stage Description

Image Acquisition Images of fruits are captured using RGB cameras, hyperspectral cameras, drones, or
professional cameras.

Preprocessing Techniques such as resizing, color normalization, rotation, segmentation, and data
augmentation are applied to improve image quality.

Feature Extraction Convolutional layers detect textures, edges, and patterns associated with fruit ripeness.
Pretrained models like ResNet, DenseNet, or MobileNet are used for this.

Classification or Prediction Fully connected layers (Softmax) or algorithms like SVM are used to predict fruit ripeness
in categories or continuous values.

Post-Processing and Decision Making Alerts for harvesting are generated, data are integrated into agricultural databases, and
automated harvesting systems are activated.

3.6. Type of Crops

As mentioned before, this review was focused on lemon, mango, coffee, and apple
crops. However, as some works used other types of crops, we counted these types of crops.
Figure 3 presents the percentage of how the quality of crops has been resolved in the types
of crops. The apple is the one that has been studied the most in the results of the literature.
The other category refers to pitahaya, strawberry, corn, potato, orange, pineapple, guava,
grape, pomegranate, and peach.

1.38%

35.13%

25.68%

17.55%
2.70%

5.41%

4.05%

2.70%

2.70%

2.70%

coffee
apple
mango

other
tomatoes

banana

lemon
pear

orange

lemmon

Figure 3. The types of crops in the results. We identified the type of crop used in the papers. The
main crops are coffee, mango, and others.

3.7. Calculating Vegetation Index

According to the systematic literature review, only three articles regarding vegetation
indices were identified. In particular, Kumar et al. [48] calculated the NDVI using common
neural network architectures. The study focused on assessing the state of crops, without
addressing the relationship between ripeness and fruit quality.

Li et al. [32] used the vegetation index (NDVI) to calculate the canopy nitrogen
concentration in apple crops. This vegetation index is very commonly used to extract the
green vegetation of crops.
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Afsar et al. [53] used the NDVI index to detect mango crops. The authors use a CNN
to calculate the health status of the crop.

3.8. Software and Hardware in Artificial Neural Networks in Crops

Some ANNs aim to support tasks in automated harvesting using robots, generally
for cultivation, and the application of insecticides. Consequently, architectures requiring
lower computational resources, such as MobileNetV2 (a CNN-based model), are favored
for practical implementation [31].

Mirbod et al. [54] developed hardware to take images for apple quality identification
based on the size of each fruit.

Bongulwar et al. [55] designed a lighting prototype to avoid backscatter effects from
other lighting sources when taking images for quality assessment of mangoes.

3.9. Common ANN Architectures and Models

Some architectures are commonly used for fruit classification, addressing various
purposes ranging from hardware-specific applications to the evaluation of detailed char-
acteristics for detection. Architectures designed for use on hardware or robots during
harvesting must be lightweight. In contrast, those aimed at obtaining detailed information
about fruits, such as diseases or pests, require more computationally intensive evaluations
to support the application of pesticides or fertilizers. The most widely used architectures
are described in this section.

A way to capture the mathematical meaning of deep convolutional architectures is
to focus on how each network transforms an input image X through a series of convolu-
tional, activation, and pooling or skip-connection operations, which results in a set of fully
connected layers that produce the final outputs [56].

3.9.1. MobileNetV2 [31]

• MobileNetV2 uses depthwise separable convolutions to reduce computational complexity.
• A standard 2D convolution with kernel WϵRk×k×Cin×Cout is factored into

Conv2D(X, W) ≈ Conv2Ddepthwise(X, W1)︸ ︷︷ ︸
k× k× 1 filters

→ Conv2Dpointwise(·, W2)︸ ︷︷ ︸
1× 1 filters

.

• It includes inverted residual blocks with linear bottlenecks, designed to reduce parame-
ters while preserving representational capacity.

3.9.2. VGG16 [26,27,57–59]

• VGG16 is characterized by sequential 3 × 3 convolutions with fixed spatial padding
and ReLU activations.

• Each layer transforms an input feature map X via

Xℓ+1 = σ(Conv2D(Xℓ, Wℓ)),

where σ is a nonlinear activation function (ReLU).

3.9.3. ResNet50 [23,59]

• ResNet50 introduces skip connections (or residual connections) to combat vanishing
gradients and enable very deep architectures.

• The residual block can be written as
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Xℓ+1 = Xℓ + F(Xℓ, Wℓ),

where F(.) is a stack of convolution, batch normalization and ReLU layers.

3.9.4. Inception V3 [58]

• Inception V3 uses inception modules that factorize convolutions into parallel paths with
different kernel sizes (e.g., 1× 1, 3× 3, 5× 5) and then concatenate their outputs along
the channel dimension.

• Mathematically, for an inception block with k parallel paths, the following applies:

Xℓ+1 =
k⊕

i=1

σ(Conv2D(Xℓ, Wℓ,i)),

where
⊕

denotes concatenation along channels.

3.9.5. ThinNet [60]

• ThinNet is a family of lightweight CNNs focusing on channel reduction or factorized
convolutions to reduce computation.

• It may use techniques similar to depthwise separable convolutions or group convolu-
tions to achieve smaller parameter counts while maintaining accuracy.

3.9.6. Faster R-CNN [54]

• A Faster R-CNN is a two-stage object detection architecture.
• Stage 1: The Region Proposal Network (RPN) predicts candidate bounding boxes,

where p represents objectness probabilities and t represents bounding-box coordinates.
• Stage 2: It classifies the proposals and refines their coordinates.

3.9.7. Mask R-CNN [51,54]

• A Mask R-CNN extends a Faster R-CNN with a third branch for instance segmentation.
• It adds a FCN-style head for predicting the segmentation mask M of an object within

each detected bounding box.

3.9.8. YOLOv3 [61] and YOLOv5 [62]

• YOLOv3 and YOLOv5 are single-stage detection architectures designed to perform
object localization and classification simultaneously, providing bounding boxes and
associated class probabilities.

• They operate on multiple scale levels, detecting objects of varying sizes efficiently.
• Each detection scale i ∈ {1, 2, 3} generates feature maps through convolutional layers

(Conv2D), predicting anchor boxes as follows:

(pi, ti) = DetectionHeadi(Xℓ)

where the following applies:

– pi denotes the objectness probabilities and class probabilities.
– ti represents bounding-box coordinate adjustments at the corresponding scale

level.
– Xℓ indicates the input feature map generated by the backbone network at scale ℓ.
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3.9.9. DenseNet [63]

• DenseNet uses dense connections: each layer takes as input all the feature maps of
preceding layers.

• If X0, X1, . . . , Xℓ−1 are previous feature maps, the ℓ-th layer output is

Xℓ = F([X0, X1, . . . , Xℓ−1], Wℓ),

where [X0, X1, . . . , Xℓ−1] denotes concatenation and F is a convolution-based transfor-
mation.

Despite their architectural differences, these networks share the fundamental concept
of iteratively applying convolutional transformations, normalizations, and nonlinearities to
extract abstract features from raw image data. The design variations—such as depthwise
separable layers, residual connections, inception modules, and dense connections—aim
to enhance accuracy, efficiency, or both, all within the same mathematical framework of
convolutional feature extraction.

We identified common principles that these architectures employ, such as the ConvD2
framework, which captures spatial patterns and local features. They learn hierarchical
characteristics by detecting borders and textures at a low level while recognizing shapes or
objects as more abstract, deeper features. The following formula illustrates these shared
attributes:

y(i, j, c) = ∑
k,l,d

w(k, l, d, c) · x(i + k, j + l, d) + b(c)

where the following applies:

• y(i, j, c): the value of the feature map at a value position i, j for the c output channel.
• x(i + k, j + l, d): the value of the input feature map at spatial position (i + k, j + l) for

the d input channel.
• w(k, l, d, c): the value of the convolutional filter (or kernel) at position (k, l) for the d

input channel and c output channel.
• b(c): the bias added to the c output channel.

They use optimization techniques like SGD (Stochastic Gradient Descent) or their
variants like Adam or RMSProp (Root Mean Square Propagation):

θ ← θ − η∇θL(X, Y; θ)

where the following applies:

• θ: model parameters.
• η: learning rate.
• ∇θL(X, Y; θ): the gradient of the loss function L with respect to parameter θ.

Due to the current architectures requiring datasets with a significant number of images,
some approaches have leveraged transfer learning to build upon other researchers’ efforts.
For instance, transfer learning techniques using CNN architectures such as ResNet50 have
been employed to predict the maturity of Citrus Limon fruits with high precision [64]. By
fine-tuning pre-trained models, the need for large datasets was reduced, achieving accurate
predictions of fruit maturity while optimizing computational resources.

Arivalagan et al. [65] use transfer learning with CNN-based architectures, including
InceptionV3 and MobileNetV2, to assess fruit quality. This work emphasized the effec-
tiveness of lightweight and efficient models, especially in real-time applications where
computational limitations are critical. In addition, it underlines the versatility of trans-
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fer learning in adapting existing models to exhaustive tasks in agriculture, enabling the
faster development and deployment of solutions for tasks like fruit quality assessment and
maturity prediction.

3.10. Metrics for Evaluating the Artificial Neural Networks

Table 6 presents the metrics used in the articles and their corresponding values. These
metrics are important because they indicate the model’s confidence level for the problem
posed in each article, given the type of neural network and data. In the articles, it is evident
that most use CNNs using accuracy. This is because most authors attempt to process images
to calculate whether the crop should be harvested or not.

Table 6. Metrics used by the authors to evaluate the ANNs. It should be noted that each author used
a different dataset; it is not feasible to compare performance across studies. Our goal was to map the
metrics used and understand the values of each metric.

Paper Type of ANN or Model Metrics Values

[32] BPNN (Back Propagation Neural
Network)

R2 Section 3.10.1, RMSE
Section 3.10.2

0.77, 0.16

[33] SDSG-PCA-BPNN Accuracy Section 3.10.3 87.88%

[24,25,27,28,34,35,50,54,60] CNN Accuracy Section 3.10.3

91.52%,
83.17%,
92.00%,
99.00%,
99.5%,
90.00%,
94.79%,
99.20%

[43] SAE-BPNN R2 Section 3.10.1, RMSE
Section 3.10.2

0.5953,
0.8856%

[44] Light ANN + Visual Fusion RMSE Section 3.10.2 0.319
[50] Pre-Trained Vision Transformer (ViT) Accuracy Section 3.10.3 95.0%

[66] Neural network feed-forward (trained
with LM)

R2 Section 3.10.1, RMSE
Section 3.10.2

0.93, 0.03

[67] MLP (Multilayer Perceptron) Accuracy Section 3.10.3 95.0%
[36] CARS-CNN Accuracy Section 3.10.3 9.43%

[38] RNN Accuracy Section 3.10.3, Precision
Section 3.10.4, Recall Section 3.10.4

98.47%,
98.93%,
75.44%

[55] CNN-LSTM Accuracy Section 3.10.3 96.08%
[61] YOLO v3 Precision Section 3.10.4 99.13%
[62] YOLO v5 Precision Section 3.10.4 95.00%
[23] RestNet50 Accuracy Section 3.10.3 98.27%
[23] VGG Accuracy Section 3.10.3 98.41%
[63] DenseNet Accuracy Section 3.10.3 97.39%

The following formulas represent the metrics used to measure the efficiency of these
kinds of models:

3.10.1. R-Squared (R2)

This metric is used to calculate how well the model fits the variability of your data:

R2 = 1− ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2

where the following applies:
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• yi: the observed value for the i-th data point.
• ŷ: the predicted value for the i-th data point from the regression model.
• ȳ: the mean of all observed values.

3.10.2. Root Mean Square Error (RMSE)

The RMSE error is the residuals’ standard deviation:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2

where the following applies:

• n: the total number of data points.
• yi: the observed values for the i-th data point.
• ŷ: the predicted value for the i-th data point.

3.10.3. Acccuracy

Accuracy measures the proportion of correctly predicted instances (positive and
negative) out of the total number of predictions.

Accuracy =
TP + TN

TP + TN + FP + FN

where the following applies:

• TP: true positives.
• TN: true negatives.
• FP: false positives.
• FN: false negatives.

3.10.4. Precision, Recall and F1-Score

These formulas define three commonly used metrics for evaluating classification
models. Recall measures the proportion of actual positive instances correctly identified by
the model, whereas precision measures the fraction of predicted positive instances that are
truly positive. The F1-Score, which is the mean of precision and recall, provides a balanced
measure that is useful when both metrics are equally important.

Recall =
TP

TP + FN

where the following applies:

• TP: true positives.
• FN: false negatives.

Precision =
TP

TP + FP

where the following applies:

• TP: true positives.
• FP: false positives.

F1 Score = 2 · Precision · Recall
Precision + Recall

The previous metrics are commonly used to validate classification models, particularly
in applications related to precision agriculture, where the accurate detection, classifica-
tion, and segmentation of agricultural variables are useful. These metrics indicate the
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model’s strengths and weaknesses by quantifying how closely the predictions match the
ground truth.

3.11. Input Data Dimensionality and Dataset Sizes

The reviewed studies describe a wide range of input data dimensionalities and dataset
sizes, depending on the type of image and the problem being addressed. In Li et al. [32]
(2022), the authors collected 92 hyperspectral samples from apple canopies using UAV
imaging, splitting them into 69 samples for training and 23 for validation, following a
3:1 ratio. Each sample was represented by a 16-dimensional vector composed of selected
spectral indices such as the NDVI and red-edge parameters.

In contrast, studies based on RGB images often report the resolution and number of
input images. Ashok et al. [35] (2023) created a dataset of 2279 mango fruit images with an
initial resolution of 640 × 480 pixels. These images were preprocessed by resizing them to
200 × 150 pixels before being fed into a CNN. The dataset was split into 80% for training
and 20% for testing, and 10-fold cross-validation was applied on the training set.

Peng et al. [33] (2023) collected UV-Vis spectroscopy data from 100 apple samples for
predicting soluble solid content (SSC) and increased the dataset to 165 spectra through
data augmentation. The raw spectral data (ranging from 190 to 1100 nm) was reduced to
35 principal components using PCA before model training.

For the classification of leaf diseases, some datasets began with 1452 images and were
augmented to over 3000 images. For instance, Bezabh et al. [26] (2024) resized all images to
128 × 128 pixels and applied augmentation techniques. In their study, the data were split
into 70% training, 15% validation, and 15% testing sets.

These examples illustrate the variation in image dimensionality, from small feature
vectors derived from spectroscopy or hyperspectral indices to full-resolution or resized RGB
images, as well as the different dataset sizes and training-validation strategies employed
across studies.

3.12. Training and Validation Methodologies

The included studies employed a variety of strategies to train models and validate their
performance. A common approach is to split the available data into separate training and
testing subsets. For instance, in the mango leaf disease Ensemble-CNN study, the authors
partitioned their augmented dataset into 70% training, 15% validation, and 15% testing
data [26]. Many deep learning studies follow this paradigm with similar ratios (e.g., 80/20
or 70/30 splits). On the other hand, several works leveraged cross-validation to make full
use of limited data and to obtain more reliable performance estimates. Ashok et al. (2023)
first used 20% of their mango fruit images as an independent test set and then performed a
10-fold cross-validation on the remaining 80% during training [35]. This yielded not only an
average accuracy but also a 95% confidence interval for the SVM classifier’s performance
(they report 95% accuracy with CI ± 1.05%), indicating an attempt to quantify result
stability. In Wenping Peng’s apple SSC study, the evaluation was even more rigorous:
they employed leave-one-out cross-validation (LOOCV) on the training set to compute
the RMSECV (root mean square error of cross-validation) as a robust indicator and then
tested the final model on a separate test set [33]. This approach helps ensure the reported
prediction errors are not tied to a particular train–test split. Another example is the apple
canopy nitrogen study, which used an unconventional but systematic split: samples were
sorted by nitrogen level and then divided 2:1 into a calibration set (modeling set) and a
validation set [32].

Machine learning studies employed k-fold cross-validation or LOOCV to maximize
data usage. Each paper’s methodology section specifies the approach: e.g., X–Y% train–test
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splits [26], k-fold cross-validation (typically k = 5 or 10) [35], or a combination of both
(train/validation/test plus the cross-validation of training data) in certain cases.

3.13. Model Hyperparameters and Architecture Details

Most papers provide specifics about model architecture and hyperparameters, though
the level of detail varies. Several studies using Artificial Neural Networks (ANNs) outline
the network topology and learning parameters. For example, in the apple canopy nitrogen
estimation study [32], a single-hidden-layer backpropagation neural network (BPNN) was
employed with four neurons in the hidden layer. The authors specified the use of the
Levenberg–Marquardt training algorithm (trainlm), a learning rate of 0.001, a target mean
squared error of 0.0001, and a maximum of 1000 training iterations for the BPNN.

Similarly, Peng et al. (2023) [33] described their network for predicting soluble solid
content (SSC) in apples, selecting a configuration with 14 neurons in the hidden layer (deter-
mined via experiments). A learning rate η = 0.001 yielded the best results. Their network
was initialized using a stacked autoencoder’s learned weights to improve training stability.

Deep learning models also include hyperparameter descriptions. Ashok et al.
(2023) [35] designed a custom CNN for mango defect classification, consisting of three
convolutional blocks with 64, 128, and 256 filters respectively, each followed by pooling
layers, and two fully connected layers with 128 neurons in the penultimate layer and
a 3-neuron softmax output corresponding to the three quality classes. This architecture
comprised approximately 1.67 million trainable parameters in total. The authors used the
ReLU activation function throughout and added a dropout layer to mitigate overfitting.
The CNN was trained for 50–100 epochs, determined by early experimentation, and the
batch size was selected to allow for adequate sample exposure per update step.

In the SVM-based portion of the same study, a linear kernel was selected, and the opti-
mal feature subset was determined using a Chicken Swarm Optimization (CSO) algorithm.
While the CSO algorithm introduced hyperparameters such as the population size and
number of iterations, these were not described in detail.

Across the included papers, commonly reported hyperparameters include the learning
rate (typically around 0.001 in deep learning models), number of training epochs (ranging
from tens to over a thousand, depending on model complexity), network architecture
specifications (e.g., the number of layers and neurons per layer, filter sizes) in Table 6, and
training techniques such as transfer learning, dropout regularization, and optimization
algorithms like Adam, SGD, or Matlab’s default backpropagation implementations.

4. Discussion
The findings of this systematic literature review highlight several key areas using

ANNs for fruit maturity detection, crop monitoring, and harvest prediction. This section
discusses observations, limitations, and advancements based on the reviewed studies.

4.1. Using Customized Datasets

Researchers often create their datasets to ensure variability and model generalizability.
These approaches provide datasets aligned with specific crop types (e.g., mango, apple,
lemon, and coffee) and environmental conditions, which are often lacking in publicly
available datasets [30].

Future research could benefit from efforts to create standardized and publicly available
datasets for fruit quality and maturity detection, ensuring larger and more diverse datasets.

4.2. Indices Not Related to Ripeness and Quality of Fruits

Vegetation indices like the NDVI, EVI, and SAVI are frequently used to evaluate the
condition of crops but rarely applied to assess fruit ripeness or quality [68]. These indices
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are derived from high-altitude images captured using UAVs that provide metrics for plant
health; however, they are not related to fruit-specific metrics such as sugar content levels,
internal pest damage, and ripeness stage.

Approaches to incorporate spectral or infrared imaging for detecting fruit-specific
traits are needed because they could increase the accuracy of the models.

4.3. Infrared Images as a Better Dataset to Improve Detection

There are good approaches for improving fruit quality detection based on infrared
images and other spectral data. Infrared imaging helps to detect internal defects, pests, and
ripeness levels without causing physical damage to the fruits [29]. However, only a few
studies leverage these advanced imaging techniques.

Research should explore cost-effective imaging solutions (e.g., low-cost hyperspectral
cameras) and lightweight models optimized for real-time fruit assessment.

4.4. Machine Learning Architectures Designed for Robotic Purposes

ANN architectures are commonly used for fruit classification and segmentation tasks,
such as ResNet50, VGG16, and MobileNetV2. Lightweight models (e.g., MobileNetV2)
are preferred for robotic and real-time applications, where computational resources are
limited [31]. Complex architectures (e.g., ResNet50, InceptionV3) are used for detailed
evaluations such as disease detection or pest classification, where high accuracy is critical.

Transfer learning represents a solution for reducing computational costs and train-
ing times when large datasets are unavailable [64,65]. This approach allows pre-trained
models to be fine-tuned for specific agricultural tasks, offering a balance between accuracy
and efficiency.

To ensure the effective deployment of these architectures in robotic applications,
standardized evaluation metrics are essential.

4.5. Standarized Evaluation Metrics

Metrics such as accuracy, precision, recall, F1-score, and RMSE are commonly used to
evaluate the performance of ANNs in agricultural applications, including robotic systems.
However, the lack of standardized metrics makes it difficult to compare models across
different tasks and platforms. Establishing a common set of performance metrics would
facilitate comparisons and help identify the most effective ANN approaches, particularly
for robotic harvesting and monitoring.

4.6. Integration of Hardware and Software

ANNs in agriculture require the harmonious integration of hardware and software
tools. Research should focus on optimizing software–hardware interactions to develop
scalable and low-cost solutions for real-world agricultural applications. Zhang et al. [69]
provide a survey on using small unmanned aerial vehicles (UAVs) for orchard management,
emphasizing their role in data acquisition and crop monitoring. The study reviews various
UAV types and sensor technologies, including RGB, multispectral, hyperspectral, thermal,
and LiDAR, focusing on their applications in assessing crop health, resource efficiency,
and disease detection. Integrating these sensing technologies with AI analysis presents
opportunities to enhance precision agriculture, improving automation and decision making
in orchard management.

4.7. Discussion on the Complexity of Approaches

Each approach in the selected literature used a type of neural network or a pre-trained
model to solve the problem of calculating the state of the fruit. Table 7 presents a comparison
of Artificial Neural Networks and pre-trained models, where the main advantages and
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disadvantages and the level of complexity in terms of the use and implementation of the
model are indicated. The level of complexity can be interpreted by the level of processing
time or by the configuration, either by having a simple or complex structure; for example,
VGG has high complexity, due to its high dimensionality in its parameters, compared to Yolo
V3 and Yolo v5. VGG is easy to interpret but takes a long time to train. ResNet is also high
because it introduces residual connections to allow very deep networks, which consumes a
lot of memory. DenseNet has each layer connected to the previous layers, which maximizes
feature reuse. Although DenseNet uses fewer parameters than ResNet, each layer receives
inputs from all previous layers, which increases memory usage. The comparison is made
in terms of use and implementation because each approach is different due to the image
size, number of images, and number of parameters. Therefore, a comparison of accuracy is
not applicable, since each approach solves the problem differently.

In Artificial Neural Networks, DPNNs are computationally expensive, so uncertainty
is incorporated into predictions. DPNNs are highly complex compared to CNNs, RNNs,
and DNNs. Additionally, CNNs are very useful for object recognition in images, although
they require large datasets.

Table 7. A comparison of pretrained models and the types of Artificial Neural Networks.

Approach Advantages Disadvantages Level of Complexity

MobileNetV2 Lightweight, fast inference Lower accuracy than deeper models Low
ResNet Handles vanishing gradients well Computationally expensive High
VGG Simple architecture, good accuracy Large number of parameters, slow High

Yolo v3 Fast object detection Lower accuracy for small objects Medium
Yolo v5 Optimized, lightweight Requires retraining for custom datasets Medium

Densenet Efficient parameter usage, improved
feature reuse High memory consumption High

CNN Effective for image tasks Requires large datasets Medium
RNN Good for sequential data Struggles with long dependencies Medium

DPNN Robust feature extraction High computational cost High
DNN General-purpose, scalable Requires careful tuning Medium

4.8. Recommendations According to the Results

Based on the results of the literature, the following can be recommended to calculate
fruit quality. Note that the first step is to identify if it is post-cosecha or not:

• Post harvest

– Crop type. At this point, it is recommended to use a single crop type to calculate
fruit quality, primarily regarding apples and mangoes, which have been studied
the most.

– Artificial Neural Network. It is recommended to use a CNN-type neural network,
which is used in a model to calculate the condition of the fruit based on previously
taken photos. Preprocessing should be focused on generating rotations, as the
fruit could be in different positions or have extra elements around it, which could
lead to incorrect predictions.

– Pretrained model. It is recommended to use Yolo v3 as the results of the selected
studies show good accuracy.

– Image processing technology. Because these types of studies are designed to
be carried out on conveyor belts or in containers, it is recommended to use a
professional camera that allows you to take photos to take pictures. This device
must have an internet connection to upload the image to the cloud. In this sense,
image resizing and texture techniques must be applied to transfer the image to
the model and achieve good results.



Informatics 2025, 12, 46 22 of 27

• In harvest

– Crop type. Due to the shape of the fruit, it is best to use a single crop type in the
study. Due to size, it was evident that apples and mangoes are the best to study.
Lemons and coffee are smaller in size, so these crop types could make it difficult
to calculate the fruit’s state.

– Artificial Neural Network. Much work has been carried out with CNNs. It
is recommended to use CNNs to calculate the fruit’s state, performing image
preprocessing to classify the fruit’s ripeness.

– Pretrained Model. ResNet-50 is used to classify ripeness based on color changes.
However, YOLO v5 could be used as long as adjustments are made to calculate
fruit size, since we identified that YOLO has good results, while taking into
account the size and shape of the fruit.

– Image processing technology. It is recommended to take spectral images with
drones to determine the overall condition of the crop using the NDVI. To calculate
the condition of individual fruits, photos can be taken manually with a camera.
Otherwise, an approach must be created where a drone is trained to fly from fruit
to fruit and takes photos of them. This means that a model is needed to determine
if it is a fruit and for the drone to generate a flight path, and another model is
needed to calculate the condition of the fruit.

4.9. Reliability and Significance of Reported Results

One notable gap in the reviewed literature is the limited attention to statistical val-
idation and result consistency across multiple experimental runs. While most studies
report high classification or prediction accuracies (ranging from 83% to 99% for CNN-based
models), most do not include statistical significance testing or variability metrics to assess
the robustness of these results.

For instance, Peng et al. [33] (2023) report achieving an accuracy of 98.48% on training
data and 87.88% on test data using an optimized neural network but do not specify whether
this outcome was averaged over multiple runs or subject to statistical testing. Similarly,
many studies, including those employing CNNs or SVMs, provide point estimates for accu-
racy, precision, or R2, often based on a single execution. While cross-validation (e.g., k-fold
or leave-one-out) was used in some cases to mitigate overfitting and assess generalization
(e.g., Ashok et al. [35] 2023; Huang et al. [43] 2021), formal tests of significance (such as
ANOVA, t-tests, or confidence intervals) have been rarely reported.

An exception is found in Ashok et al. [35] (2023), where a 10-fold cross-validation
procedure was used to report a 95% confidence interval for classification accuracy, offering
a limited but valuable measure of reliability. Nonetheless, this level of rigor remains
uncommon among the reviewed studies.

We therefore emphasize that the reliability of the performance metrics reported in the
literature is often assumed rather than demonstrated. Future studies should incorporate
statistical analysis to validate improvements, such as using multiple random train–test
splits, reporting standard deviations, and applying hypothesis testing to compare models.
Including these practices would strengthen the credibility and reproducibility of ANN-
based approaches in agricultural image analysis.

5. Future Work
In this article, we conducted a literature review to validate the use of neural networks

to detect fruit status using image processing. We found that there is a big difference
between approaches that focus on pre-harvest [27,45] and post-harvest [33,34,38,50,55,66].
This might change the way the image is captured to calculate the fruit status as, if it is
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post-harvest, the fruit may already be in a packing machine. However, if the fruit is in the
crop, a mechanism must be created to calculate the fruit status, but the location of the fruits
must first be detected using real-time approaches [27].

Most of the literature agrees that fruit quality is handled manually. On the one hand,
this implies that the agricultural industry must continue to strengthen itself to achieve
control over crop quality. On the other hand, the current literature mainly focuses on
disease detection, quantitatively or qualitatively assessing fruit quality, fruit size, and
solid-state content level. Some approaches are further divided into having disruptive [70]
or non-invasive methods to avoid wasting fruit [34–37,44,53,63,66,71]. However, we found
in the literature that there has been little emphasis on creating an approach that can have a
mechanism to monitor the crop and calculate how many fruits are damaged or not to notify
the fruit manager. With this in mind, there is a great opportunity to create new research
projects to solve this issue.

5.1. Generate New Literature Review

This work shows us that there are many opportunities for precision agriculture. Now,
we want to review how approaches have been generated to control drones focused on
automatic navigation for the purpose of monitoring the state of the crop. This new literature
review will allow us to understand how to process images in real time and determine daily
how the crop behaves in terms of its quality.

5.2. New Approaches in Crop Monitoring

The results of the literature review have left us with the following approaches that can
be applied:

• Using ANNs . We want to use Convolutional Neural Networks to detect the state of
fruits. A dataset with images of fruits in different states (ripe, unripe, healthy, and
damaged) could be created. In addition, we want to calculate the vegetation index with
aerial images to have a complete analysis of the crop. So, with the vegetation index,
we can calculate the diseases, physical damage, and water deficit. This combination of
looking at each fruit with neural networks and generally the crop with the vegetation
index would give us a complete approach to industrializing the crop and measuring
its quality.

• Multiple types of crops in the analysis. In most cases, researchers focused on a single
type of crop. Therefore, it is necessary to have an approach that can analyze different
types of crops. In this way, a complete solution can be provided. However, this is a
challenge because there would be several types of problems that the neural network
must solve.

6. Conclusions
This work presents a systematic literature review (SLR) on the application of Artificial

Neural Networks (ANNs) for assessing fruit quality and maturity in mango, apple, lemon,
and coffee, using image processing techniques. CNNs emerged as the most frequently
utilized networks to assess fruit conditions, achieving accuracies ranging between 83% and
99%. Among these architectures, VGG16 was identified as the most commonly used, with
only studies employing VGG16 explicitly integrating transfer learning techniques [27,70].
The review analyzed various architectures such as MobileNetV2, VGG16, and YOLO,
demonstrating their effectiveness in classifying fruits and detecting defects or diseases
accurately.

Several studies considered multiple crop types simultaneously [27,38,44,50,63], with
apple and mango being the most widely investigated. We found that the methods used are
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generally post-harvest, taking into account that real-time methods are applied to detect
how crops behave.

Additionally, this review identified several research opportunities, particularly the
limited integration of vegetation indices, infrared, and hyperspectral imaging techniques,
which offer substantial advantages by enabling non-destructive assessments of internal
fruit quality and maturity. These approaches could enhance the predictive capabilities of
precision agriculture systems.

There remains a need for developing optimized ANN algorithms for real-time deploy-
ment in embedded systems and robotic hardware. Lightweight architectures and transfer
learning techniques should be further explored to provide cost-effective and efficient
solutions in precision agriculture environments.

A notable issue identified was the lack of standardized public datasets and their
metrics, hindering consistent comparisons between studies. Future research should focus
on developing such standards to improve reproducibility and facilitate the benchmarking
of neural network performance in agriculture applications.

Finally, the integration of vegetation indices such as the NDVI or EVI into neural
network-based analyses remains underexplored, despite their proven effectiveness in
monitoring crop health. This integration would enhance the practicality of smart agriculture
solutions, enabling not only accurate predictions but also efficient resource management
and timely decision making in farming practices.
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