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Abstract  
Agriculture faces increasing challenges related to timely disease diagnosis, postharvest quality 

assessment, and efficient farm management. In this context, computational solutions based on artificial 
intelligence, computer vision, and IoT technologies have emerged as key tools to support agricultu-
ral decision-making. This paper presents a systematic literature review (SLR) aimed at analyzing and 
synthesizing recent scientific evidence on computational approaches applied to (1) automatic disease 
detection in agricultural leaves and fruits, (2) surface classification and postharvest quality assessment 
of grains, and (3) farm monitoring and management through web platforms and IoT. The SLR followed 
the Kitchenham guidelines and the PRISMA protocol, applying explicit criteria for study identification, 
selection, quality assessment, and synthesis. A total of 263 initial records were identified; after screening 
and quality assessment, 16 primary studies were included: 6 on visual disease diagnosis (Axis A), 3 on 
postharvest grain classification (Axis B), and 7 on IoT-based farm monitoring (Axis C). The results indi-
cate that deep learning (convolutional neural networks, attention mechanisms, and pretrained models) 
dominates visual diagnosis and postharvest classification. In addition, IoT-based infrastructures are 
widely adopted for agricultural monitoring, although usability evaluation and systematic application of 
standards such as ISO 9241 remain limited. Unlike previous reviews focused on generic technologies or 
specific crops, this SLR structures evidence by concrete agricultural problems, integrating visual diagno-
sis, postharvest classification, and IoT monitoring into a unified comparative analysis. Finally, the review 
identifies research gaps related to model generalization, dataset standardization, and validation under 
real-field conditions, which define future research directions in computational agriculture. 

Keywords: 
applied deep learning, postharvest grain 
classification, IoT agricultural monitoring.    
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Introduction 
Contemporary agriculture faces growing 

challenges related to food security, environmental 
sustainability, and productive efficiency, intensified 
by climate change, pressure on natural resources, 
and the need to optimize production systems. 
In this context, computational solutions play a 
strategic role in supporting agricultural diagnosis, 
monitoring, and control processes, especially in 
scenarios where traditional methods are costly, 
subjective, or difficult to scale. Technologies such 
as artificial intelligence (AI), computer vision, 
deep learning, and web platforms integrated with 
IoT sensors are essential tools within the field of 
computing applied to agriculture (Ouamane et al., 
2025; Yue et al., 2025). 

One of the problems most frequently ad-
dressed in the recent literature is the early detec-
tion of diseases in agricultural crops because of 
their direct impact on productivity and profitability. 
In crops such as coffee, foliar diseases such as 
coffee leaf rust (Hemileia vastatrix) represent a 
significant threat to production. Several studies 
show that traditional visual diagnostic methods 
based on manual inspection have limitations in 
terms of accuracy, timeliness, and dependence on 
expert knowledge. In response to these limitations, 
approaches based on computer vision and deep 
neural networks have shown promising results 
for the automatic detection of foliar diseases, 
achieving high levels of accuracy compared with 
manual methods (Faisal et al., 2023; Muthusamy 
& Ramu, 2025). 

Similarly, disease detection in agricultural 
fruits, such as cocoa pods, has been addressed 
through deep learning models aimed at recogni-
zing visual patterns associated with defects and 
diseases. The literature reports the widespread 
use of convolutional neural networks (CNNs) 
trained with fruit images, as well as the use of pre-
processing and data augmentation techniques to 
mitigate the scarcity of labeled datasets. However, 
challenges related to model generalization and the 
variability of image acquisition conditions in the 
field have also been identified, limiting their direct 
transfer to real-world production scenarios (Borro-
meo et al., 2025; Yue et al., 2025). 

Another relevant aspect of the agricultural 
production cycle is the surface classification and 
quality assessment of grains during postharvest 
stages, particularly in crops such as maize. In this 
domain, pretrained deep learning models such as 
MobileNetV2 and EfficientNet have been widely 
studied because of their ability to balance accu-
racy and computational efficiency, facilitating their 
implementation in resource-constrained environ-
ments (Garg & Gill, 2024). The available evidence 
suggests that these approaches enable the auto-
mation of visual grain inspection with competitive 
results. Nevertheless, questions remain regarding 
the influence of the quality, quantity, and diversity 
of datasets on the models’ generalization capa-
bility (Prakasa et al., 2021; Pasaribu et al., 2025; 
Kant, 2024). 
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In agricultural applications based on com-
puter vision, one of the recurring challenges is 
the limited availability and imbalance of datasets, 
which affect the generalization capability of deep 
learning models. Several strategies have been 
proposed to mitigate this problem, such as data 
augmentation through synthetic data generation 
techniques. In particular, the use of generative 
adversarial networks (GANs) has been explo-
red as an approach to enrich agricultural image 
datasets, although with mixed results regarding 
their impact on model performance (Rahman et 
al., 2024; Pasaribu et al., 2025). 

Beyond visual diagnosis and postharvest 
classification, farm management constitutes an 
essential component of modern agriculture. In 
this area, IoT sensor-based web platforms ena-
ble the continuous monitoring of agricultural and 
environmental variables, supporting informed 
decision-making. However, the literature highlights 
that the effectiveness of these solutions depends 
not only on their technical functionality but also 
on aspects related to usability, software quality, 
and human-computer interaction. In this regard, 
standards such as ISO 9241 have been used to 
evaluate agricultural web platforms developed in 
simulated or prototype environments (Yeong et al., 
2024; Nugroho et al., 2017). 

Several previous systematic reviews have 
partially addressed these topics. Yue et al. (2025) 
conducted a review of deep learning applied to 
disease and pest recognition, concluding that 
CNNs and vision transformers are the dominant 

approaches. However, they also identified a lack 
of evaluations under real field conditions. Similarly, 
Rahman et al. (2024) reviewed the use of GANs 
for data augmentation in agriculture, identifying a 
significant gap in the evaluation of the quality of 
the generated synthetic images. Nevertheless, 
none of these reviews integrates visual disease 
diagnosis, postharvest classification, and IoT-ba-
sed agricultural monitoring into a unified compa-
rative analysis structured around specific agricul-
tural problems. This thematic and methodological 
fragmentation hinders an integrated understanding 
of technological trends, predominant evaluation 
metrics, and research gaps from the perspective 
of applied computing. 

In this context, the objective of this article 
is to systematically analyze and synthesize the 
recent scientific literature on the use of compu-
tational solutions applied to specific agricultural 
problems. In particular, the systematic literature 
review (SLR) focuses on: (1) the automatic de-
tection of diseases in the leaves and fruits of 
agricultural crops, with an emphasis on coffee and 
cocoa; (2) the surface classification and quality 
assessment of agricultural grains in postharvest 
contexts, especially maize; and (3) the monitoring 
and management of agricultural farms through IoT 
sensor-based web platforms, considering usability 
and software quality criteria in simulated or proto-
type environments. 

The time interval from 2017 to 2025 was 
deliberately selected to capture the period of 
greatest proliferation and maturity of modern 
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deep learning architectures, such as vision trans-
formers, attention models, and lightweight pre-
trained architectures, as well as the accelerated 
expansion of IoT infrastructures in agricultural 
environments. This period also coincides with the 
increasing publication of validation studies under 
semi-controlled conditions and the emergence of 
novel approaches such as agricultural digital twins. 
Nevertheless, it is acknowledged that this decision 
introduces a potential selection bias toward recent 
technologies, excluding earlier foundational stu-
dies that are also relevant for understanding the 
evolution of the field. 

The main contributions of this article are: 
(1) to present an SLR structured around specific 
agricultural problems with complete PRISMA 
traceability; (2) to synthesize the approaches, 
architectures, and evaluation metrics used 
in computer vision- and deep learning-based 
solutions; (3) to analyze the balance between 
accuracy and computational efficiency of pretra-
ined models applied to the surface classification 
of grains; and (4) to systematize software engi-
neering practices and usability criteria reported 
in IoT-based agricultural web platforms, with an 
emphasis on the ISO 9241 standard. 

This work is structured around the following 
research questions: RQ1, what computer vision 
and deep learning approaches have been repor-
ted for the automatic detection of diseases in the 
leaves and fruits of agricultural crops, particularly 
coffee and cocoa, and what metrics are used to 
evaluate them?; RQ2, which datasets, preproces-
sing techniques, and neural network architectures 
are most frequently used in agricultural visual 
diagnosis systems, and which achieve the best 
results in terms of accuracy and robustness?; 
RQ3, which pretrained deep learning models have 
demonstrated the best balance between accuracy 
and computational efficiency in the surface clas-
sification and quality assessment of agricultural 
grains, with an emphasis on maize, under compu-
tational resource constraints?; and RQ4, how are 
IoT sensor-based web platforms for agricultural 
farm monitoring and management designed and 
evaluated, and which usability, software quality, 
and regulatory criteria, such as ISO 9241, are con-
sidered in simulated or prototype environments? 
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Methods
Study design  

A systematic literature review (SLR) was 
conducted to identify, analyze, and synthesize 
scientific evidence on the use of computational 
solutions applied to specific agricultural pro-
blems. The study adopts an explicit, reprodu-
cible, and structured approach, following the 
methodological process defined by Brereton et 
al. (2007) in the context of computing and related 
disciplines, and aligned with the PRISMA (Prefe-
rred Reporting Items for Systematic Reviews and 
Meta-Analyses) protocol to ensure the traceability 
and transparency of the selection process. 

This SLR is exploratory-descriptive in 
nature, as its objective is not to quantitatively 
compare homogeneous experimental results, 
but rather to identify trends, technological 
approaches, evaluation metrics, and research 
gaps within the analyzed domain. The study 
does not include primary experimentation or the 
implementation of new models, relying exclu-
sively on the critical analysis of peer-reviewed 
scientific literature. 

Literature search strategy  

The literature search strategy was sys-
tematically designed to cover the domain of 
computing applied to agriculture, with an em-
phasis on visual disease diagnosis, postharvest 
quality classification, and intelligent agricultural 
farm monitoring. The scientific databases IEEE 
Xplore, Scopus, SpringerLink, ScienceDirect, 
and ACM Digital Library were searched, as they 
were selected for their broad coverage of publi-
cations in computer science and engineering. 

The search strings were constructed using 
the PICOC (population, intervention, compari-
son, outcome, context) approach. Terms asso-
ciated with the agricultural population and con-
text (plant disease, coffee, cacao, maize, farm 
monitoring) were combined with terms related 
to computational interventions (computer vision, 
deep learning, pretrained models, IoT, web 
platform, usability, ISO 9241), using the Boolean 
operators AND and OR. 

The search process was carried out 
iteratively, progressively refining the search 
strings based on the preliminary analysis of the 
retrieved results, with the aim of maximizing 
relevance and minimizing the retrieval of non-re-
levant studies. Searches were restricted to titles, 
abstracts, and keywords.  

Inclusion and exclusion criteria 

The retrieved studies were evaluated using 
predefined inclusion and exclusion criteria:  

Inclusion criteria: 

•	 Peer-reviewed scientific articles published in 
journals or conference proceedings.  

•	 Studies published between 2017 and 2025, 
a period that captures the greatest maturity 
of modern deep learning architectures.  

•	 Studies applying computational solutions 
(AI, computer vision, deep learning, web 
platforms, or IoT) to specific agricultural 
problems.  

•	 Studies reporting quantitative evaluation 
metrics or formal system evaluation criteria.  

•	 Publications available in English. 
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Exclusion criteria: 

•	 Non-peer-reviewed articles (editorials, ex-
tended abstracts, or technical reports).  

•	 Purely conceptual studies without experi-
mental, simulated, or evaluative validation.  

•	 Duplicate publications across databases.  
•	 Studies whose focus is not clearly related to 

agricultural applications or applied compu-
ting.  

•	 Studies with insufficient information to 
answer the research questions (quality sco-
re < 3; see the section “Quality Assessment 
of the Studies”).

Study selection process
and PRISMA flow

The study selection process was carried out 
independently by two researchers, applying three 
sequential analyses. Discrepancies between re-
viewers were resolved through consensus. The in-
terobserver agreement level was calculated using 

Cohen’s kappa coefficient (κ = 0.82), indicating 
substantial agreement according to the thresholds 
established by Landis & Koch (1977). 

In the first analysis (title and abstract), 263 
records retrieved from the five databases were 
evaluated. After removing 47 duplicates (N = 216 
unique records), studies whose domain, focus, or 
context did not align with the research questions 
were excluded, resulting in 52 preselected stu-
dies. The second analysis consisted of a focused 
review of the introduction, methodology, and con-
clusions of these 52 studies, allowing the evalua-
tion of methodological rigor and the consistency 
between objectives, methods, and results; 24 
studies passed this stage. In the third analysis, a 
complete critical reading with systematic quality 
control was conducted, resulting in the final in-
clusion of 16 primary studies. Table 1 and Figure 
1 summarize the selection flow according to the 
PRISMA 2020 protocol. 
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Table 1
Study Selection Flow According 
to the PRISMA Protocol      

Note: Prepared by the authors 

PRISMA Phase Description No. of records

Identification Records retrieved from five databases
(IEEE Xplore, Scopus, SpringerLink,
ScienceDirect, ACM)

263

Duplicate removal Records removed due to duplication across
databases

47

Screening (analysis 1) Evaluation by title and abstract; excluded due to
non-relevant domain

216 screened,
164 excluded

Eligibility (analysis 2)
Review of the introduction, methodology, and
conclusions; excluded due to methodological
insufficiency

52 evaluated,
28 excluded

Included (analysis 3) Full critical reading and quality assessment
(QC ≥ 3); studies comprising the final synthesis

16 included



Revista Científica CEDIA - ISSN:  3151-8435p - 381

Figure 1

Study Selection Flow Diagram According to the PRISMA Protocol 

Records identified through database searching
(n = 263)

Records after duplicate removal
(n = 216)

Records screened (title and abstract)
(n = 216)

Full-text reports assessed for eligibility
(n = 52)

Studies included in the review
(n = 16)

Records removed before screening
- Duplicates (n = 47)

Records excluded
(n = 164)

Reports excluded:
- Methodological insufficiency (n = 28)
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Quality assessment of the studies    

The quality assessment of the included 
studies was conducted using an evaluation 
instrument based on five quality criteria (QC), 
following the recommendations of Kitchenham 
et al. (2010). Each criterion was scored in a 
binary manner (0 = does not meet; 1 = meets), 
with a minimum acceptance threshold of 3 out of 
5 points for inclusion in the final synthesis: 

•	 QC1: Is the research objective or problem 
clearly defined and delimited? 

•	 QC2: Is the methodology adequately des-
cribed (approach, data, model, or system)? 

•	 QC3: Is the dataset specified, including its 
size, source, or relevant characteristics?

•	 QC4: Are quantitative evaluation metrics 
(accuracy, F1-score, mAP, IoU, etc.) or for-
mal system evaluation criteria reported? 

•	 QC5: Are the conclusions supported by the 
reported experimental or evaluative results? 

Each study was independently evaluated by 
the two reviewers, and the final score correspon-
ded to the average of both evaluations. The eight 
studies excluded in the third analysis obtained 
scores below 3, mainly because they reported 
results without describing the dataset (QC3) or 
without quantitative metrics (QC4).

Information synthesis strategy 

The information was synthesized using 
a qualitative-comparative approach structured 
according to the three predefined thematic axes. 
For each axis, a homogeneous extraction matrix 
was constructed including: (1) study identifica-

tion (authors, year, source database); (2) crop or 
agricultural context; (3) problem addressed; (4) 
computational approach and architecture; and (5) 
evaluation metrics and reported values. 

The thematic synthesis was conducted 
through inductive axial coding of the extracted 
data, identifying emerging patterns regarding 
dominant technological approaches, metho-
dological trends, and recurring research gaps. 
No quantitative meta-analysis was performed 
because of the heterogeneity of approaches, 
metrics, and experimental contexts reported in 
the analyzed studies, which made the statistical 
aggregation of results unfeasible. The identified 
patterns were validated through triangulation 
between the two reviewer researchers. 

Threats to validity 

As with any SLR, this study presents poten-
tial threats to validity, which are addressed accor-
ding to the classification proposed by Brereton et 
al. (2007). Threats to internal validity are related 
to potential biases in the selection and evaluation 
of studies; these were mitigated through explicit 
criteria, multiple independent analyses, systematic 
quality control, and the calculation of interobserver 
agreement (κ = 0.82). 

Threats to external validity are associated 
with the generalizability of the findings, given that 
the analyzed studies correspond to diverse con-
texts, crops, and experimental scenarios. Threats 
to construct validity are related to the interpretation 
of the reported concepts and metrics and were 
mitigated through a clear definition of the analysis 
axes and a structured comparative synthesis.



Revista Científica CEDIA - ISSN:  3151-8435p - 383

Results    
Table 2 presents the primary studies in-

cluded in this SLR, organized by thematic axis. 
These studies constitute the final corpus on 

which the results and analysis presented in the 
following subsections are based. 

Table 2
Primary studies included in the SLR     

Axis A. Visual Diagnosis of Diseases in Leaves and Fruits: 6 Studies

Study Crop
Problem

addressed
Computational

approach
Reported
metrics

Faisal et al. (2023) Coffee Foliar disease

CNN + feature
fusion
(MobileNetV3
+ Swin
Transformer)

Accuracy,
Precision,
Recall, F1-
score

Muthusamy & Ramu
(2025)

Coffee,
Banana

Micronutrient
deficiency +
disease +
severity

CNN +
attention (D-
PAN)

Accuracy,
Precision,
Recall, F1-
score, AUC
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Abinaya et al. (2023) Multiple crops Segmentation
and classification

Autoencoder +
U-Net (CAAR-
UNet)

Pixel
Accuracy,
wmIoU,
Dice, mBF1

Quamane et al.
(2025)

Multiple crops Disease
detection

Vision
transformer

Accuracy,
Precision,
Recall, F1-
score (no AUC)

Noon et al. (2022) Cotton Detection +
localization YOLOX mAP,

Precision

Borromeo et al.
(2025) Cocoa

Fruit maturity
and variety

VGG16 + SSD
MobileNet Accuracy

Axis B: Surface Classification and Postharvest Quality Assessment: 3 Studies

Study Crop Problem
Addressed

Computational
Approach

Reported
Metrics

Prakasa et al. (2021) Maize Seed quality CNN + features
(ResNet-50)

F1-score
(primary),
Accuracy

Pasaribu et al. (2025)
Maize,
cassava, rice,
sugarcane

Plant
classification
(impact of GAN
-based data
augmentation)

MobileNetV2,
EfficientNet-
B0, ResNet-18

Accuracy

Kant (2024)
Rice
(transferable)

Grain
classification

MobileNetV2

Accuracy
(0.99),
Precision,
Recall, F1-
score (0.99)
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Note: Prepared by the authors based on the included primary studies. 

Results for RQ1: Computer vision 
and deep learning approaches for 
the detection of diseases in agri-
cultural leaves and fruits     

The six studies included in Axis A consis-
tently report the use of deep learning, primarily 
through CNNs and derived architectures, as the 
dominant approach for the automatic detection of 
diseases in agricultural leaves and fruits. Four of 
the six studies employ CNNs as the core architec-
ture, while the remaining two incorporate vision 
transformers and YOLOX, respectively, demons-
trating an emerging methodological diversification. 

For coffee foliar diseases, Faisal et al. 
(2023) report a model based on hybrid feature 
fusion through the combination of MobileNetV3 
and Swin Transformer, together with a variatio-
nal autoencoder (VAE), achieving an accuracy 
of 84.29%, with a precision of 84.67%, recall of 
84.29%, and F1-score of 83.64% for disease 
classification using the real-world RoCoLe da-
taset. This publicly available dataset comprises 
1,560 images of Robusta coffee leaves captu-
red under field conditions. Muthusamy & Ramu 
(2025) propose the Dynamic Pyramid Attention 
Network (D-PAN) framework with dynamic atten-
tion mechanisms, designed not only for disease 
and micronutrient deficiency detection but also 
for severity level classification, reporting an 
accuracy of 98.80% for banana and 94.60% for 

Axis C: Agricultural Farm Monitoring and Management (IoT + Web Platforms): 7 Studies

Study Context Problem
Addressed

Technological
Approach

Evaluation
Criteria

Yeong et al. (2024) Farm,
machinery

Agricultural monitoring Web platform + IoT Functionality

Rao et al. (2019) General
agriculture

Environmental
monitoring

IoT Functional
validation

Aliparo et al. (2022) Agricultural farm Soil nutrients
monitoring

IoT + sensors Measurement
accuracy

Yadav et al. (2025) General
agriculture

Sensor
networks

IoT Performance

Bhadra et al. (2025) Greenhouse Real-time
monitoring

IoT + offline
capability

Functionality

Hewage et al. (2017) Agricultural
management

Farm
management

Software
platform

Architecture

Archambault (2024) Digital
agriculture

Agricultural
simulation

Digital twins Modeling
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coffee (evaluated on the Mendeley Co-Leaf DB 
dataset), with consistently strong performance in 
accuracy, precision, recall, and F1-score. 

Other studies extend the approach to seg-
mentation and classification tasks by incorpora-
ting hybrid architectures. Abinaya et al. (2023) 
employ the CAAR-UNet (Cascading Autoenco-
der with Attention Residual U-Net) model, eva-
luating performance using mean pixel accuracy 
(Am) of 95.26% and weighted mean Intersection 
over Union (wmIoU) of 0.7451, together with the 
Dice coefficient and mean Boundary F1-sco-
re (mBF1), demonstrating the use of metrics 
beyond traditional classification when precise 
localization of affected regions is required. 

Regarding emerging architectures, Oua-
mane et al. (2025) report the use of optimized 
vision transformers on the public PlantVillage 
dataset, achieving an accuracy of 99.77%, pre-
cision of 99.61%, recall of 99.69%, and F1-score 
of 99.64%, also evaluated on the Taiwan Tomato 
and BananaLSD datasets, confirming their ge-
neralization capability. Likewise, object detection 
approaches are also represented in the litera-
ture: Noon et al. (2022) employ an improved 
YOLOX variant to handle multiple severity levels 
and coexisting diseases in cotton, using mAP as 
the primary evaluation metric, reporting 73.13% 
during training and 72.31% on the test set. 

For agricultural fruits, specifically cocoa, 
Borromeo et al. (2025) report the use of VGG16 
with transfer learning for the visual classification 
of pod maturity and variety, complemented by 
SSD MobileNet for object detection and imple-
mented in a mobile application. The highest 
reported accuracy is 88.9% (combining varie-
ty and maturity classification with the largest 
available number of pods), decreasing to 76.7% 
when using the smallest dataset. Although the 
study focuses on maturity stage and variety, its 
inclusion demonstrates the application of com-

puter vision directly to cocoa pod images as part 
of visual inspection systems. 

Overall, the studies included in this axis 
predominantly employ classification-oriented 
evaluation metrics (accuracy, precision, recall, 
F1-score), with additional adoption of segmen-
tation metrics (IoU, Dice) and detection metrics 
(mAP) when required by the task. 

Results for RQ2: Datasets, archi-
tectures, and techniques used in 
agricultural visual diagnosis sys-
tems 

The six studies in Axis A predominantly 
report the use of RGB image datasets captured 
under controlled or semi-controlled conditions. 
Most of the datasets used are domain-specific; 
however, some studies employ widely used public 
datasets. Faisal et al. (2023) use the public RoCo-
Le dataset (1,560 images of Robusta coffee lea-
ves under real field conditions), whereas Ouama-
ne et al. (2025) use the public PlantVillage dataset 
(more than 87,000 images). The remaining studies 
construct ad hoc datasets ranging from 102 to 
1,112 original images (prior to augmentation). This 
heterogeneity limits reuse and direct comparison 
across studies and compromises the assessment 
of model generalization. 

Deep CNN architectures, including va-
riants such as ResNet, EfficientNet, and custo-
mized models, appear in four of the six studies. 
Attention mechanisms are incorporated in two 
studies (Muthusamy & Ramu, 2025; Abinaya 
et al., 2023), allowing the model to focus on 
task-relevant regions. Regarding preprocessing 
techniques, all studies report image normali-
zation and data augmentation, including rota-
tion, horizontal flipping, random cropping, and 
brightness adjustment. Pasaribu et al. (2025) 
demonstrate that synthetic augmentation im-
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proves accuracy by 3 to 8 percentage points in 
lightweight models. 

In terms of performance, the reported 
accuracy values are heterogeneous, ranging 
from 72.31% (Noon et al., 2022, on cotton using 
a proprietary dataset) and 84.29% (Faisal et al., 
2023, under real field conditions) to 99.77% (Oua-
mane et al., 2025, using the PlantVillage dataset). 
Accuracy values above 90% are concentrated in 
studies using controlled or large-scale public data-
sets (Muthusamy & Ramu, 2025: 94.60–98.80%; 
Abinaya et al., 2023: 95.26%; Borromeo et al., 
2025: 88.9%). However, these values should be 
interpreted with caution, as they were obtained 
under conditions that may not be directly compara-
ble and without cross-validation using independent 
field data, limiting the assessment of the models’ 
actual robustness. 

Results for RQ3: Pretrained 
models for surface classification 
and quality assessment of 
maize grains 

The three studies in Axis B demonstrate 
the predominant use of deep learning models 
applied to digital images for grain classification 
and quality assessment. Prakasa et al. (2021) 
report a CNN-based system with feature classi-
fiers to categorize maize seeds (BIMA-20 URI 
Hybrid variety) into two classes (good and poor 
quality), using a dataset of 232 laboratory-acqui-
red images. The primary reported metric is the 
F1-score, with the best result of 0.983 obtained 
using ResNet-50, while most evaluated methods 
achieve F1-scores greater than 0.90. The study 
confirms that computer vision-based approa-
ches enable the automation of postharvest 
inspection with consistent results. 

Pasaribu et al. (2025) analyze the impact of 
synthetic data augmentation using GANs (DCGAN 
and WGAN-GP) on MobileNetV2, EfficientNet-B0, 
and ResNet-18 models applied to plant classifica-
tion (cassava, maize, rice, and sugarcane). The 
main finding is that GAN-generated data negati-
vely affected classification accuracy because of 
image artifacts and high Frechet Inception Distan-
ce (FID) values. The highest reported accuracy 
was 97.37%, obtained exclusively with the original 
dataset (245 images), whereas models trained 
with GAN-augmented data experienced reduced 
performance. WGAN-GP generated visually more 
realistic images than DCGAN but also failed to 
improve classification accuracy. 

Although not focused exclusively on maize, 
Kant (2024) reports the application of MobileNe-
tV2 with transfer learning for the classification of 
five rice grain varieties (Arborio, Basmati, Ipsala, 
Jasmine, and Karacadag), achieving an accuracy, 
precision, recall, and F1-score of 0.99. The inclu-
sion of this study highlights the methodological 
transferability of lightweight pretrained architec-
tures to surface classification problems involving 
agricultural grains under resource-constrained 
scenarios, which is relevant to the maize posthar-
vest context. 

Across the included studies, the primary 
evaluation metric is either the F1-score (Prakasa 
et al., 2021) or accuracy (Pasaribu et al., 2025; 
Kant, 2024). Low-complexity pretrained models 
(MobileNetV2 and EfficientNet-B0) demonstrate 
high accuracy using the original dataset (97.37%), 
but their advantage over more complex architec-
tures (ResNet-18) is marginal when the training 
dataset is of adequate quality. 
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Results for RQ4: Web platforms 
and iot for agricultural farm moni-
toring and management 

The seven studies in Axis C show that agri-
cultural farm monitoring and management solu-
tions are predominantly designed as IoT systems 
integrated with software platform components 
for data acquisition, transmission, storage, and 
visualization. Yeong et al. (2024) report a telema-
tics monitoring platform for agricultural machinery, 
using a software architecture as the integration 
layer for IoT sensors. Rao et al. (2019) describe 
an IoT system integrated with UAVs and ZigBee 
sensor networks for real-time environmental moni-
toring, evaluated primarily in terms of functionality 
and scalability. Aliparo et al. (2022) implement an 
IoT system for monitoring soil nutrients (NPK), 
using measurement accuracy as the evaluation 

criterion. Yadav et al. (2025) report intelligent 
sensor networks with IoT connectivity, focusing 
on transmission performance and latency. Bhadra 
et al. (2025) implement an IoT system with offline 
monitoring capability for greenhouses, prioritizing 
continuous data availability. 

Regarding web platforms and manage-
ment components, Hewage et al. (2017) re-
port a Farm Management Information System 
(FMIS) developed using agile software enginee-
ring practices to support operational planning. 
Archambault (2024) describes co-simulation 
models and digital twins for controlled agricultu-
re, integrating computational representations of 
crops to support decision-making. 

Critically, none of the seven studies in Axis 
C reports formal evaluations explicitly based on 
the ISO 9241 standard. The available evidence 
is concentrated on technical functionality, sen-
sing performance, and connectivity criteria. This 
gap between technical functionality and usability 
evaluation is consistently observed across all 
studies in this axis. 
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Discussion   
RQ1: Visual diagnosis approaches 
for leaves and fruits  

The RQ1 results confirm that deep lear-
ning based on computer vision has become the 
dominant approach for the automated diagnosis 
of diseases in crops. The widespread adop-
tion of CNNs and their variants (four of the six 
studies in Axis A) reflects their proven effective-
ness in capturing visual patterns associated with 
phytosanitary symptoms. However, this domi-
nance poses the risk of methodological blind 
spots: CNN models are known to be sensitive 
to domain variations that are not represented in 
the training dataset. 

The emergence of vision transformers and 
object detectors such as YOLOX is not trivial; ra-
ther, it reflects the field’s transition toward models 
with greater global attention capability and spatial 
localization, which is particularly relevant for agri-
cultural scenarios where multiple diseases coexist 
or where the boundaries of affected regions 
are diffuse. Nevertheless, these models require 
greater computational capacity and larger training 
datasets, which may limit their deployment in field 
applications with constrained hardware. 

From a technology transfer perspective, 
the main obstacle identified in the literature is 
the gap between evaluation environments and 
real field conditions. The reported accuracy 
values vary considerably across studies, ran-
ging from 72.31% (Noon et al., 2022, using a 
proprietary cotton dataset) and 84.29% (Faisal 
et al., 2023, under real field conditions using the 
public RoCoLe dataset) to 99.77% (Ouamane 
et al., 2025, using the large-scale PlantVillage 
dataset). This heterogeneity reflects the critical 
influence of the dataset used (size, diversity, 

acquisition conditions) on the reported perfor-
mance, rather than necessarily indicating the 
superiority of one architectural approach over 
another. The models are not systematically 
evaluated against variations in natural lighting, 
acquisition angles, occlusions caused by adja-
cent leaves, or images captured using different 
mobile devices. This external validity gap is the 
main barrier to the widespread adoption of these 
technologies by farmers. 

RQ2: Data, Architectures, and 
robustness in visual diagnosis
systems 

The comparative analysis of the six stu-
dies in Axis A reveals a structural dependence 
on ad hoc datasets in four of the six studies, 
whose size and diversity are insufficient for 
training generalizable models. Two studies use 
public datasets: RoCoLe (Faisal et al., 2023) 
and PlantVillage (Ouamane et al., 2025), facili-
tating reproducibility and comparison with other 
studies. All studies mitigate data scarcity throu-
gh data augmentation, which is a widely accep-
ted practice but does not replace the diversity of 
real field conditions. The absence of standardi-
zed public repositories for diseases specific to 
crops in the Andean region (such as coffee leaf 
rust and cocoa moniliasis) is particularly critical. 

The reported accuracy values should be 
interpreted with methodological caution. Faisal 
et al. (2023) report an accuracy of 84.29% under 
real field conditions, whereas Ouamane et al. 
(2025) report 99.77% using a large-scale contro-
lled dataset, demonstrating that the evaluation 
context is a determining factor when interpreting 
reported performance. The adoption of comple-
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mentary metrics such as macro F1-score (for 
imbalanced classes), the ROC curve, the preci-
sion-recall curve, and cross-validation protocols 
using independent datasets emerges as an 
urgent methodological need to strengthen the 
external validity of the reported results. 

RQ3: Accuracy and efficiency in 
postharvest grain classification 

The results of Axis B present nuanced 
findings regarding the impact of synthetic data 
augmentation. Prakasa et al. (2021) confirm that 
deep learning models achieve F1-scores above 
0.90 (best: 0.983 using ResNet-50) for maize 
seed classification. Kant (2024) demonstrates 
that MobileNetV2 with transfer learning achie-
ves an accuracy of 0.99 in rice grain classifi-
cation, confirming its feasibility for postharvest 
applications under limited-resource conditions. 
The favorable balance between accuracy and 
computational efficiency offered by lightweight 
pretrained models makes them suitable for 
environments with hardware constraints and for 
small- and medium-scale applications.

However, the study by Pasaribu et al. (2025) 
provides a critical finding that contradicts the wi-
despread assumption that synthetic data augmen-
tation improves performance: the use of GAN-ge-
nerated data (DCGAN and WGAN-GP) reduced 
classification accuracy compared with the original 
dataset, with the highest accuracy (97.37%) 
obtained using the original dataset of 245 images. 
This result highlights that the quality of synthetic 
data—measured by the absence of artifacts and 
by metrics such as Frechet Inception Distance 
(FID)—is more important than the quantity of 
generated images. Traditional data augmentation 
(rotations, flips, brightness adjustments) remains 
the most reliable strategy for small datasets. 

From an applied computing perspective, 
these findings reinforce the potential of pretrained 
models to support automated postharvest inspec-
tion processes. However, they also highlight the 
need for more systematic evaluations under real 
operating conditions and for robustness analyses.

RQ4: Farm Monitoring and Ma-
nagement Through IoT and Web 
Platforms 

The critical analysis of the seven studies in 
Axis C reveals a systematic disconnect between 
the technical advancement of IoT systems and 
their evaluation from the end-user perspective. 
The reported systems prioritize data acquisition, 
transmission, and availability, yet none explicitly 
evaluates ease of use, farmers’ cognitive wor-
kload, or interface suitability for rural contexts 
with limited digital literacy. This omission is 
particularly critical considering that usability is a 
key determinant of technology adoption in the 
agricultural sector.

The absence of formal evaluations based 
on ISO 9241 in the analyzed corpus contrasts 
with the broad availability of tools such as the 
System Usability Scale (SUS), the NASA-TLX 
questionnaire, and heuristic inspection methods, 
which could easily be integrated into the evalua-
tion protocols of agricultural IoT platforms. The 
emergence of approaches such as digital twins 
(Archambault, 2024) represents a promising 
trend toward simulation and decision support, 
although these approaches remain at an explo-
ratory stage. Within the conceptual framework 
of Agriculture 4.0, the convergence of IoT, AI, 
cloud computing, and digital twins is reshaping 
agricultural management, and web platforms 
should be evaluated within this broader sociote-
chnical ecosystem. 
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Synthesis of implications and 
research gaps

Overall, the discussion reveals three critical 
cross-cutting gaps. First, the external validity gap: 
deep learning models and IoT systems are eva-
luated under controlled environments, and their 
transfer to real agricultural conditions requires 
more rigorous evaluation protocols and indepen-
dent field datasets. Second, the standardization 
gap: the heterogeneity of datasets, metrics, and 
experimental protocols prevents direct compari-
son among studies and the identification of opti-
mal approaches; the creation of public benchmar-
ks for regionally relevant agricultural crops is an 
urgent need. Third, the usability gap: user-cente-
red design and formal usability evaluation (ISO 
9241, SUS, Nielsen’s heuristics) remain absent 
from the analyzed IoT solutions, compromising 
the effective adoption of these technologies by 
agricultural stakeholders.

Limitations of the study 

Despite the methodological rigor applied in 
this SLR, it is important to acknowledge several 
limitations that directly affect the interpretation of 
the results and the strength of the conclusions.

First, the SLR is based exclusively on stu-
dies published in English. This restriction intro-
duces a language bias that may be particularly 
significant in the context of Latin American and 
Andean agricultural computing, where a growing 
body of research is published in Spanish and 
Portuguese in repositories such as Latindex, 
Redalyc, and CLACSO. The exclusion of this re-
gional and gray literature may bias the findings 
toward technological approaches developed in 
agricultural contexts different from those of Latin 
America, thereby affecting the local relevance of 
the conclusions regarding model generalization 
and usability.

Second, the high heterogeneity among 
the 16 included studies, in terms of datasets, 
experimental protocols, and evaluation metrics, 
limited the possibility of performing direct quanti-
tative comparisons or a statistical meta-analysis. 
Consequently, the identified trends are qualitati-
ve in nature and do not allow the establishment 
of the absolute superiority of one technological 
approach over another, thereby limiting the cer-
tainty of the comparative conclusions.

A third relevant limitation is the dependen-
ce on ad hoc datasets in the visual diagnosis 
and postharvest classification axes. The scarcity 
of standardized public datasets means that the 
reported accuracy results cannot be indepen-
dently replicated or compared, weakening the 
internal validity of the conclusions regarding the 
performance of specific models.

Fourth, most of the analyzed studies eva-
luate their proposed solutions under controlled 
or semi-controlled environments, with limited 
validation under real field conditions. Therefo-
re, the conclusions regarding the effectiveness 
of deep learning models and IoT systems are 
primarily valid within the experimental setting 
and cannot be directly extrapolated to real agri-
cultural production scenarios without additional 
considerations regarding robustness and do-
main adaptation.

Finally, within the IoT monitoring axis, the 
limited evaluation of usability and the systematic 
absence of standards such as ISO 9241 prevent 
the formulation of robust conclusions regarding 
the user experience of agricultural web platfor-
ms. This constitutes an inherent methodological 
limitation of the analyzed corpus and does not 
necessarily reflect the state of the field as a 
whole, but rather the publication bias toward 
technical aspects over evaluative ones.
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Conclusions    
This SLR analyzed and synthesized the 

scientific evidence from 16 primary studies 
published between 2017 and 2025, organized 
into three thematic axes on agricultural compu-
ting, leading to the following specific conclusions 
derived from the comparative analysis. 

Regarding RQ1, the six studies in Axis 
A confirm that CNNs with attention mechanis-
ms constitute the dominant architecture for 
the visual diagnosis of diseases in agricultural 
leaves and fruits. The reported accuracy values 
vary widely across studies, ranging from 72.31% 
(Noon et al., 2022) and 84.29% (Faisal et al., 
2023) under field conditions or with small pro-
prietary datasets, to 99.77% (Ouamane et al., 
2025) using the large-scale public PlantVillage 
dataset. This variability reflects the influence of 
the dataset rather than the absolute superiority 
of any particular architecture. Vision transfor-
mers (Ouamane et al., 2025) and object detec-
tors such as YOLOX (Noon et al., 2022) emerge 
as competitive alternatives for localization and 
classification tasks involving multiple coexisting 
diseases. However, none of the studies reports 
systematic robustness evaluations under real 
field conditions, representing the most critical 
gap within this axis. 

Regarding RQ2, most of the studies in 
Axis A (four out of six) rely on ad hoc datasets, 
although two use well-established public da-
tasets (RoCoLe and PlantVillage). The wides-
pread use of data augmentation as a compen-
satory mechanism is a cross-cutting finding. 
The reported accuracy values (72% to 99.77%) 
should be interpreted in light of the evaluation 
context, as they do not necessarily reflect per-
formance under real operating conditions. The 
standardization of datasets and the adoption of 

cross-validation protocols are concrete recom-
mendations derived from this axis. 

With respect to RQ3, the three studies in 
Axis B provide mixed evidence regarding syn-
thetic data augmentation. Prakasa et al. (2021) 
confirm that deep learning models achieve 
F1-scores above 0.90 (best: 0.983) in maize 
classification. Kant (2024) demonstrates that 
MobileNetV2 achieves an accuracy of 0.99 in 
rice grain classification using transfer learning. 
Pasaribu et al. (2025) reveal that GAN-based 
data augmentation reduced accuracy compared 
with the original dataset (97.37%), calling into 
question the effectiveness of synthetic augmen-
tation without image quality control. Neverthe-
less, the absence of evaluations of efficiency on 
edge devices and robustness under variations 
in image acquisition limits the practical validity of 
these findings. 

Finally, in response to RQ4, the seven 
studies in Axis C demonstrate that agricultural 
IoT solutions prioritize technical functionality 
(data acquisition, transmission, and availability) 
over user-centered evaluation. The complete 
absence of evaluations based on ISO 9241 in 
the analyzed corpus represents a structural gap 
between technological development and effecti-
ve adoption by farmers, particularly in contexts 
with low levels of digital literacy. 
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Future work 

Based on the identified findings and limi-
tations, four priority directions for future work are 
proposed. The first involves the development and 
adoption of public, standardized, and geographica-
lly diverse datasets for regionally relevant agricul-
tural diseases (coffee leaf rust, cocoa moniliasis, 
and postharvest maize defects) to enable the 
evaluation of the generalization and reproducibility 
of visual diagnosis and classification models. The 
second involves validating models directly under 
real field conditions by incorporating environmen-
tal variability, visual noise, and operational cons-
traints, using protocols that include robustness 
metrics, energy efficiency, and inference time on 
edge devices. 

The third direction involves the systematic 
integration of usability criteria (ISO 9241, SUS, 
Nielsen’s heuristics) from the early stages of 
designing agricultural web and IoT platforms, 
incorporating participatory design methodologies 
involving farmers. Finally, the fourth direction fo-
cuses on exploring emerging approaches such as 
foundation models with fine-tuning for agricultural 
domains, the integration of digital twins with pre-
dictive AI, and the application of federated learning 
techniques to preserve the privacy of agricultural 
data in distributed monitoring systems. 
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