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Abstract: In recent years, the integration of smartphone technology with novel sensing technologies,
Artificial Intelligence (Al), and Deep Learning (DL) algorithms has revolutionized crop pest and
disease surveillance. Efficient and accurate diagnosis is crucial to mitigate substantial economic
losses in agriculture caused by diseases and pests. An innovative Apple® and Android™ mobile
application for citizen science has been developed, to enable real-time detection and identification
of plant leaf diseases and pests, minimizing their impact on horticulture, viticulture, and olive
cultivation. Leveraging DL algorithms, this application facilitates efficient data collection on crop
pests and diseases, supporting crop yield protection and cost reduction in alignment with the Green
Deal goal for 2030 by reducing pesticide use. The proposed citizen science tool involves all Farm
to Fork stakeholders and farm citizens in minimizing damage to plant health by insect and fungal
diseases. It utilizes comprehensive datasets, including images of various diseases and insects, within
a robust Decision Support System (DSS) where DL models operate. The DSS connects directly with
users, allowing them to upload crop pest data via the mobile application, providing data-driven
support and information. The application stands out for its scalability and interoperability, enabling
the continuous integration of new data to enhance its capabilities. It supports Al-based imaging
analysis of quarantine pests, invasive alien species, and emerging and native pests, thereby aiding
post-border surveillance programs. The mobile application, developed using a Python-based REST
API, PostgreSQL, and Keycloak, has been field-tested, demonstrating its effectiveness in real-world
agriculture scenarios, such as detecting Tuta absoluta (Meyrick) infestation in tomato cultivations. The
outcomes of this study in T. absoluta detection serve as a showcase scenario for the proposed citizen
science tool’s applicability and usability, demonstrating a 70.2% accuracy (mAPsp) utilizing advanced
DL models. Notably, during field testing, the model achieved detection confidence levels of up to
87%, enhancing pest management practices.

Keywords: citizen science; mobile applications; deep learning; decision support system; pests;
Tuta absoluta

1. Introduction

Plant diseases and insects are a major concern for agriculture, as the global economy
suffers an estimated USD 220 billion loss annually due to plant diseases, while pests cause a
loss of USD 70 billion each year [1]. The desired standard of pest and disease management
is not met because of insufficiently precise diagnoses when needed. Around 40% of farming
output is impacted by insects, pests, diseases, and weed invasions [2,3], leading to heavy
reliance on pesticides. This reliance often results in economic and environmental issues
caused by excessive and inappropriate pesticide usage. Plant diseases pose a significant
threat to both crops and other cultivated plants; thus, it is crucial to identify plant diseases
at an early stage to avert both immediate and long-term damage [4]. Early identification
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and diagnosis of these diseases and insects are essential for implementing preventive
measures and reducing both economic and production damage [5]. Maintaining plant
health and employing predictive measures are key to sustainable agriculture, as they play
a crucial role in minimizing losses associated with the yield and quality of agricultural
products [6]. Proactive management of plant health not only safeguards crops but also
ensures the longevity and productivity of agricultural practices [7]. Traditional methods
for diagnosing plant diseases often involve expert analysis, which can be time-consuming
and subject to human error [8,9]. This reality presents a significant challenge in agriculture,
where prompt and accurate disease identification is critical to implementing effective
treatment strategies and mitigating potential losses. Additionally, a common method
of insect surveillance involves identifying and counting them through adhesive traps
positioned along agricultural fields. Typically, specialists undertake this monitoring by
visually identifying and manually counting the trapped insects [10]. However, this process
is highly time-consuming and prone to errors. This gap has necessitated the integration of
advanced technological solutions to modernize and enhance the accuracy and efficiency of
disease diagnosis in agriculture [11].

The advent of smartphones and their widespread adoption have paved the way for
innovative solutions in this sector [12]. With over 4.41 million apps in the Google Play App
Store and Apple App Store, there is an evident shift towards harnessing technology to tackle
traditional agricultural issues [13]. These applications leverage advanced technologies
such as image processing techniques, Artificial Intelligence (AI), Machine Learning (ML),
and Deep Learning (DL) [14-25]. When combined with extensive databases containing
images of numerous plant varieties and their diseases, these applications provide a more
accurate and thorough method for diagnosing and managing plant diseases [26]. Moreover,
this technological integration opens doors for citizen science in agriculture [27,28]. By
enabling farmers, gardeners, and even hobbyists to contribute data and observations
through these applications, a more extensive and diverse dataset is created. This collective
participation enhances the precision of disease identification and nurtures a community-
based approach toward the observation and management of plant health. A comprehensive
review by Jafar et al. (2024) [29] highlights the critical role of Al in transforming plant
disease detection, providing an in-depth analysis of various ML and DL methodologies and
their applications in agriculture. Similarly, Toscano-Miranda et al. (2022) [30] conducted
a systematic literature review on the use of Al and sensing techniques for managing
diseases and insect pests in cotton, emphasizing the effectiveness of these technologies in
classification, image segmentation, and feature extraction.

Several mobile applications have made strides in leveraging Al for plant and insect
identification [31-33]. The use of cameras on mobile phones enables mobile applications to
become useful citizen science tools. Picture Insect™ [34] uses Al to identify insects, aiding
in pest management. PictureThis™ [35] applies Al for general gardening and plant care,
assisting users in plant maintenance. Blossom™ [36] focuses on recognizing plant types and
providing care tips, while Picture Mushroom™ [37] uses Al to identify mushroom species.
Additionally, Mosquito Alert™ [38] tracks the movement of species like the tiger mosquito
(Aedes albopictus) and the yellow fever mosquito (Aedes aegypti), contributing to the study
of their spread. These applications demonstrate the potential of Al in addressing various
aspects of plant and insect identification and care. In a study by Siddiqua et al. (2022) [33],
an evaluation of various plant disease detection mobile applications, including “Plantix—
your crop doctor”, demonstrated the current state of Al in agriculture. The study identified
significant gaps in the quality and reliability of many applications, emphasizing the need
for continued development and rigorous testing to achieve practical, field-ready solutions.
Their findings indicated that despite the large number of applications available, only a few,
like “Plantix”, showed promise in real-world scenarios, underscoring the importance of
robust development and validation processes.

The integration of Al and DL in agriculture has significantly enhanced the detection of
pests and diseases, providing critical tools for modern farming. Computer vision, a pivotal
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element in Al, has been instrumental in agriculture by aiding in farmland mapping, crop
image segmentation, and the identification of pests and diseases. DL models, particularly
convolutional neural networks (CNNSs), have shown superior accuracy over traditional
image processing methods for these tasks [26,39-42].

Recent advancements have demonstrated the effectiveness of DL models in early pest
and disease detection. For instance, convolutional neural networks (CNNs) have been
employed to detect Tuta absoluta infestations at early stages, significantly improving the
efficiency and speed of detection [43].

In the study by Mdhaffar et al. (2022) [44], images from smart traps were used to create
a dataset for detecting “Prays oleae” using YOLOv5 and YOLOV7 object detection models.
These models achieved mean Average Precision (mAP) scores of 87% and 89%, respectively,
demonstrating high accuracy in pest detection. Fuentes et al. (2017) [45] explored a
DL-based approach to detect diseases and pests in tomato plants using various camera
resolutions. They utilized Faster R-CNN, R-FCN, and SSD models with different backbones
like VGG and ResNets, proving the effectiveness of these models in detecting tomato plant
diseases and pests. The “PestNet” model was introduced as a region-based end-to-end
approach for large-scale multi-class pest detection and classification [46]. Evaluated on
the “Multi-class Pests Dataset 2018” (MPD2018), which includes 88,670 high-resolution
images of 16 species and 582,170 bounding boxes, “PestNet” achieved a 75.46% mAP,
outperforming state-of-the-art models like Faster R-CNN and SSD. Giakoumoglou et al.
(2023) [47] enhanced T. absoluta detection on tomato plants using DL models and ensemble
techniques. Applying the Weighted Boxes Fusion (WBF) ensemble technique improved
mean Average Precision (mAP) scores by 20%, demonstrating significant advancements in
agricultural pest detection accuracy.

In another study by Wang et al. (2021) [48], the “AgriPest” dataset was released as a
domain-specific benchmark for recognizing and detecting small natural pests in real-world
scenarios. It consists of 264,728 bounding boxes and 49,700 images, representing 14 species
across four crops. Various object detection models, including SSD, RetinaNet, Faster R-
CNN, FPN, and Cascade R-CNN pre-trained on ImageNet, were tested on this dataset,
achieving an mAP of 70.83%. Giakoumoglou et al. (2024) [49] used multi-spectral imaging
and DL to detect early B. cinerea symptoms on horticultural crops. The U-Net++ model
with the MobileViT-S encoder achieved 90.1% accuracy, significantly advancing early crop
disease diagnosis. Ilyas et al. (2021) [50] proposed a DL-based framework for identifying
and classifying strawberry fruits, including diseased ones, achieving a 3% increase in mean
intersection over union and 92.45% precision. Furthermore, Qasrawi et al. (2021) [51]
applied ML models to classify tomato plant diseases using smartphone images, achieving
70% clustering accuracy and prediction accuracies of 70.3% and 68.9% with neural networks
and logistic regression models, respectively. Furthermore, the issue of limited data for
training Al models is addressed in the study by Rezaei et al. (2024) [52], which proposes a
few-shot learning (FSL) approach. This approach is particularly useful in scenarios where
data is scarce, utilizing as few as five images per class. Their method, which combines
pre-training, meta-learning, and fine-tuning (PMF + FA), achieved an average accuracy of
90.12% in disease recognition, demonstrating the effectiveness of FSL in real-time disease
detection with limited data.

Additionally, recent research by Zhang et al. [53] has introduced a dual-branch col-
laborative learning network (DBCLNet) for crop disease identification, addressing the
inefficiencies of traditional monitoring methods. DBCLNet employs convolutional kernels
of different scales to extract both global and local features from images, integrating a
channel attention mechanism to refine these features further. Extensive experiments on the
Plant Village dataset demonstrated the DBCLNet’s superior performance, achieving an ac-
curacy of 99.89%, precision of 99.97%, recall of 99.67%, and F-score of 99.79% in identifying
38 categories of crop diseases. This method highlights the potential for using advanced
deep-learning strategies to improve the precision and reliability of crop disease detection.
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This paper presents a robust mobile application developed using the Ionic Framework
designed for real-time detection of plant leaf diseases and pests through DL technology.
Leveraging the smartphone’s camera, the application streamlines data collection while also
utilizing georeferencing capabilities to facilitate location-based data that can be transmitted
to a Decision Support System (DSS) or to a pan-European Early Warning System (EWS) for
early decisions. This supports the urgent need to tackle invasions as outlined in the Com-
munication “Towards an EU Strategy on Invasive Species’ [54] and the EU’s biodiversity
strategy for 2030 [55]. This empowers farmers as well as importers (border inspections)
with timely insights for proactive pest management and disease prevention strategies.

The application is built on the following key components:

e  Development of an innovative Apple® and Android™ mobile application for citizen
science, enabling real-time detection and identification of plant leaf diseases and pests.

e Leveraging DL algorithms for efficient and accurate data collection on crop pests and
diseases, supporting crop yield protection and cost reduction while aligning with the
Green Deal goal for 2030.

e  Utilization of a robust data repository in DSS, enabling citizens to upload crop pest
data via the Al-based mobile app and receive data-driven support and information.

The paper is structured as follows: Section 2 outlines the methodology, encompassing
the design and development of the application, the dataset employed, and the DL model
used. Section 3 details the results, focusing on the field testing of the mobile application and
the evaluation of the model’s performance, as well as future research. The study concludes
in Section 4.

2. Materials and Methods

This section outlines the comprehensive methodology employed in this study, detail-
ing the design and development processes of the mobile application, the specific dataset
utilized, and the DL model implemented. It provides an in-depth look into each phase,
from the initial design considerations and data collection techniques to the development
and training of the DL model used. Figure 1 illustrates the conceptual architecture of
the Al-based mobile application designed for real-time detection of plant leaf diseases
and pests. The architecture emphasizes scalability, efficiency, and security. It utilizes the
Ionic Framework with Capacitor for cross-platform compatibility and Angular for stream-
lined development. Interaction with server-side components is facilitated by a REST API
in Python, while access control is managed by Keycloak. Additionally, RabbitMQ en-
ables asynchronous communication between services. The user-captured image is initially
transmitted to the back-end and processed by the DSS [56] along with the corresponding
geospatial data. Subsequently, the DSS utilizes the appropriate AI model and returns a
visual representation of the result along with the corresponding disease or insect detection
report to the application.

2.1. Design and Flow of the Mobile Application

The mobile application was designed with user-friendliness as a top priority. It offers
users the option to create a personalized account, complete with essential functions such as
registration and login capabilities, ensuring seamless access to past interactions. To identify
pests or diseases on their plants, users can either capture a photo in real-time or select a
previously taken image on the Home Screen, as shown in Figure 2a. To ensure optimal
results, users are provided with guidance on capturing photos effectively, as shown in
Figure 2b.

Upon uploading the photo, users have the choice to specify the plant species (Figure 3a)
and optionally provide the location (Figure 3b), enabling the correlation of results with
plant geography. The image is then transmitted to the back-end and processed by the DSS,
utilizing the appropriate Al model. The application presents users with comprehensive
results, including the user-captured image annotated with points of interest identified by
the DL model. Additionally, it provides information on the detected category and type
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of pest or disease, along with its confidence level (Figure 3c), empowering users with the
ability to zoom in on the image for closer examination.

In each detection result, users can see a brief overview of the problem they are facing,
or they can navigate directly to the catalog provided by the application to read more
information about it (Figure 4a). Furthermore, users can explore the app’s full catalog,
which offers detailed insights into managing the detected issues with various plants, insects,
and pathogens they may encounter in the future, as shown in Figure 4b. Last but not least,
since users are able to create an account, they can access their past results provided by the
mobile application (Figure 4c).

Al Models
Image captured
on the application
A
cv; ﬁﬂ
l \ 4
(TR Decision Support System (DSS)

for early warning and rapid response

lonic Framework

</> Angular %ﬁo < >
S Capacitor PesEd
PR — | = REST AP
E® Keycloak
<« ) % PostgreSQL
™M) RabbitMQ

Report visualized
on the application

Figure 1. Schematic representation of the architecture for the Artificial Intelligence (AI)-based mobile
application. The mobile application communicates with a DSS or an EWS to transmit the user-
captured image and accompanying geospatial data. The DSS or EWS then utilizes the appropriate Al
model to analyze the image and subsequently delivers the application with a visual representation of
the findings along with a detailed report on the detected diseases or pests.
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Figure 2. Mobile application screens: (a) home screen of the application, where the user can either
capture or select an existing photograph taken from his smartphone; (b) tips screen, where the user is
guided on how to capture photographs effectively.
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Figure 3. Mobile application screens: (a) screen where the user can select what type of plant is
photographed and transmitted to the DSS; (b) screen where the user can either give the location
of the plant by accessing his precise location via GPS of the smartphone or select a location on the
map; (c) detections screen in which the user can see the results of the Al model and the application’s
recommendations for the specific problem they are facing.
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Figure 4. Mobile application screens: (a) catalog screen navigated from detection screen where the
user can see a brief overview of the problem they are facing; (b) full catalog of the mobile application,
which allows users to read about several insects and pathogens, as well as plants; (c) past detections
screen of the user account.

2.2. Development of the Mobile Application
2.2.1. Front-End

The mobile application’s front-end is developed using the Ionic Framework (https:
/ /ionicframework.com/docs (accessed on 26 April 2024)) in conjunction with Capacitor
(https:/ /capacitorjs.com/docs (accessed on 26 April 2024)). This combination provides a
foundation for creating a cross-platform mobile application that is compatible with different
native device functionalities. Ionic facilitates the development process because its library is
adaptable to the design guidelines of both iOS and Android platforms.

The Ionic Framework is a tool that provides a robust UI toolkit for creating mobile
interfaces with web technologies. It streamlines the creation of cross-platform applications
by providing a set of pre-designed components and gestures that complement iOS and
Android’s native design standards. Capacitor acts as an intermediary that allows web-based
applications to access and use native device features through API calls. Normally, web
applications operate in a browser and have restricted access to a device’s native capabilities.
Capacitor overcomes these limits by allowing web code (HTML, CSS, and JavaScript) to
interface with native code and access device functions such as cameras, GPS, and push
notifications, critical for the application’s core features like taking photos and processing
them for plant health diagnostics.

Furthermore, the application uses Angular (https://angular.io/docs (accessed on
26 April 2024)), which integrates easily with Ionic to organize and manage the app’s
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architecture, making development more efficient and scalable. Angular’s architecture
is built around components, which is consistent with Ionic’s component-based design
methodology. This combination enables an integration in which Angular technologies such
as dependency injection, data binding, and routing improve Ionic’s ability to construct
interactive and complex mobile Uls with efficiency.

The decision to implement the Ionic Framework and Capacitor was driven by the
requirement for a high-performance, scalable solution that could provide a consistent
experience while enabling easy access to device-specific functionality. These technologies
were chosen because they allow for future enhancements without the need for significant
redesign or reimplementation.

For storing and retrieving user history and general plant health information, the appli-
cation leverages Capacitor’s native storage solutions, which offer secure and immediate
access to data, ensuring that users can track their activity over time and access educational
content efficiently.

2.2.2. Back-End—Decision Support System for Early Warning and Rapid Response

The back-end architecture of the mobile application consists of essential components:
a data repository for storing application data; an API serving as the communication channel
between the app and the server via standard protocols and methods; the business logic
realizing the application’s functionality such as image processing and threat detection with
the help of advanced Al algorithms; and an access management service for protecting
system resources by controlling access to them.

The design philosophy prioritizes scalability, security, robustness, performance, and
interoperability. Therefore, a REST [57] architectural model was adopted, offering fault
tolerance through component decoupling and enhanced operation via statelessness and
caching in order to reduce server load. Central to this design is the data repository, which
comprises a relational database management system (DBMS) and a Linux file system.
PostgreSQL (https:/ /www.postgresql.org/docs/16/ (accessed on 9 May 2024)) was chosen
as a robust, well-tested, and open-source DBMS for storing all system-generated data,
excluding images, which are stored in the file system for optimized performance. A
REST API was developed using the Python (https:/ /www.python.org/doc/ (accessed
on 9 May 2024)) programming language in order to facilitate interaction between the
mobile application and the server-side components. Serving as the only access point for
the system’s data, including images and the results of their analysis, clients can request
data or functionality via HTTP [58] or WebSockets [59] protocols, enhancing the system’s
interoperability. Access management, crucial for controlling access to system resources, is
addressed using Keycloak (https://www.keycloak.org/documentation (accessed on 9 May
2024)), an open-source identity and access management solution facilitating single sign-on.

Al-powered image recognition and threat detection are performed by autonomous
services integrated into the system using the publish-subscribe pattern. Upon a detection
request for an uploaded image, a message is published on a broker for a specific topic as a
task for an appropriate service to act upon. RabbitMQ (https://www.rabbitmq.com/docs
(accessed on 9 May 2024)) was selected as the message broker, facilitating message routing,
and therefore asynchronous communication between services via the AMQP [60] protocol.
All server-side components are deployed using containerization technologies like Docker,
ensuring a lightweight, portable, and consistent environment, promoting seamless scaling,
optimized resource utilization, and swift deployment of updates. Figure 5 presents the
system architecture and the integration of each component, as well as the communication
protocols used.


https://www.postgresql.org/docs/16/
https://www.python.org/doc/
https://www.keycloak.org/documentation
https://www.rabbitmq.com/docs

Technologies 2024, 12, 101

9 of 21

HTTP / WebSocket Web

HTTP g@

Keycloak

TCP

PostreSQL

API Entuin

5

File System

AMQP AMQP

K
K

RabbitMq

HTTP / Websocket @

Al Models

Figure 5. Server architecture featuring each individual component and the communication protocols
used for their integration into the system.

The architectural design of the server-side components facilitates an efficient and
highly responsive DSS for information management by utilizing asynchronous commu-
nication between services and leveraging existing, proven software. This approach elimi-
nates bottlenecks and ensures both speed and robustness. The Green Deal DSS of H2020
PestNu [56], integrated with a blockchain system for data integrity and Al model verifica-
tion, as well as a cybersecurity platform to prevent cyber-attacks and IoT vulnerabilities, is
utilized for this robust mobile application.

2.3. Deep Learning Integration
2.3.1. Dataset

The mobile application currently uses a DL model trained on a dataset of RGB images
collected in real-world settings in fields and greenhouses. These images depict the damage
inflicted by T. absoluta on tomato plants. Farmers used mobile phones and other devices
to gather images from different angles and lighting conditions. The dataset consists of
659 images, with 396 designated for training and 263 for validation. Expert agronomists
annotated each image, marking bounding boxes around the damaged areas. The images
and annotations were sourced from the EDEN Library (https:/ /edenlibrary.ai/ (accessed on
8 March 2024)), comprising 5443 annotations in the training set and 3267 in the validation
set, for a total of 8710 annotations. Figure 6 illustrates sample images that show the
distinctive damage inflicted by T. absoluta on tomato leaves.
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(b)

Figure 6. Examples from the dataset: (a,b) images resized to 1024 x 1024 pixels, featuring bounding

box annotations in red that highlight T. absoluta damage on tomato leaves. The annotations were
generated using the Ultralytics framework [61]. Images and annotations are sourced from the
EDEN Library.

2.3.2. Deep Learning Models and Training

YOLO (You Only Look Once) is an object detection algorithm first introduced by
Redmon et al. [62] and is renowned for its speed and efficiency. It frames detection as
a regression problem, which allows for real-time object detection. Since its introduction,
several versions of YOLO have been developed. YOLO models are single-stage object
detection systems, meaning they detect objects in one pass through the network. This end-
to-end detection approach optimizes both detection tasks and inference speed, providing
advantages over two-stage models, which first predict regions and then classify them.

For the T. absoluta detection model, multiple versions of YOLOvS [63] were explored,
including YOLOv8n, YOLOv8s, YOLOv8m, YOLOVS8I, and YOLOv8x. These variants
differ in terms of network depth, which is determined by the number of layers, and
network width, which is defined by the number of filters in those layers. As a cutting-edge,
state-of-the-art model, YOLOVS8 builds on the success of its predecessors by introducing
new features and enhancements for improved performance, flexibility, and efficiency.
YOLOVS supports a wide range of vision Al tasks, including detection, segmentation, pose
estimation, tracking, and classification, making it versatile for diverse applications and
domains. Training was carried out using the Ultralytics framework [61] in PyTorch [64]
for 100 epochs, with early stopping implemented after 15 epochs without improvement.
The training used a batch size of 4 to 8 and an image resolution of 1024 x 1024 pixels. The
optimizer used was SGD, with a learning rate of 0.01, a momentum of 0.9, and a weight
decay of 0.0005.

The training process took place on a high-performance computing setup featuring an
Intel® Core i9-13900F processor (Intel, Santa Clara, CA, USA), an RTX 4090 with 24 GB of
VRAM (Nvidia, Santa Clara, CA, USA), and 128 GB of system RAM.

The results from the final trained model are detailed in Section 3, specifically in Table 1.
These results highlight the model’s performance and accuracy in detecting T. absoluta
infestations on tomato plants.

Table 1. Performance evaluation (mAPs5g, recall, and precision) of YOLOv8 models.

Model Precision Recall mAPs5
YOLOv8n 0.688 0.629 0.656
YOLOVS8s 0.702 0.658 0.681
YOLOv8m 0.715 0.653 0.678
YOLOvSI ! 0.691 0.694 0.702
YOLOv8x 0.703 0.682 0.696

1 Bold row indicates the best-performing model in terms of nAPs.
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2.3.3. Evaluation Metrics

To assess the performance of the models, we employed COCO detection metrics [65],
which are recognized for their comprehensive evaluation of object detection, encompassing
both localization and classification. A key metric of focus was mean Average Precision
(mAP) at an Intersection over Union (IoU) threshold of 0.5, also known as mAPg,, which
provides a single measure of the model’s ability to accurately identify and locate objects
across all classes. Furthermore, precision and recall metrics were also considered. Precision
gauges the accuracy of positive predictions, while recall measures the model’s effectiveness
in detecting all relevant instances.

3. Results and Discussion
3.1. Field Testing of the Mobile Application

The efficacy of the developed mobile application, designed for the detection of insect
and fungal diseases in plants, was validated with the participation of 50 users, including
20 agronomists and 30 farmers, in the vicinity of Volos in Greece and the region of Murcia,
Spain. The testing specifically targeted greenhouse crops, with a focus on tomato cultivation.
The application’s capabilities were assessed in detecting T. absoluta infestations, utilizing
advanced DL object detection models and more specifically the YOLOvS8] model.

Agronomists contributed expert insights and conducted a technical assessment of the
application’s effectiveness in detecting plant diseases and pests, leveraging their specialized
knowledge and experience. Their feedback was critical for refining the AI models and
improving detection accuracy. Farmers, as the primary end-users of the mobile application,
provided important feedback on its usability and practicality in everyday agricultural
scenarios. Their input was vital for making the application user-friendly and accessible to
those without advanced Information and Communication Technologies (ICT) skills. These
two stakeholder groups were chosen for the field testing and optimization of our mobile
application because each offers distinct and valuable perspectives.

During the experimental phase, users tested the application by photographing various
tomato plants and leaves in a greenhouse setting. The images captured by users varied
in lighting conditions, shooting angles, and distances to comprehensively evaluate the Al
detection model’s performance in real-world scenarios. At the end of the testing period, the
50 volunteers who used the application were asked to complete a questionnaire to assess the
effectiveness and user experience of the developed mobile application. The precise content
of the questionnaire is presented in Table Al (Appendix A), along with visualizations
extracted from the results in Figure A1 (Appendix A). The feedback from these tests and
user responses indicates a high level of satisfaction with the mobile application.

Figure 7 illustrates the developed mobile application in use on a smartphone. Figure 7a
displays the home screen, which provides users with options to either take a photo or
select one from their gallery. Figure 7b shows the detection details screen, featuring an
image of tomato leaves captured by the user. The screen highlights detections made by
the DL model, showcasing its ability to identify areas of infestation. Figure 7b presents
close-up screenshots from the mobile application displaying the detection results of T.
absoluta infestations on tomato leaves that were captured during the experimental session.
More specifically, in Figure 8a, the application displays an image where the model detects
infested areas on tomato leaves with a confidence level of up to 79%. The bounding boxes in
red indicate the specific regions identified by the model as affected by T. absoluta. Similarly,
Figure 8b showcases another image with the model identifying infested areas with a higher
confidence level, reaching up to 87%. These annotated images effectively illustrate the
model’s capability to accurately pinpoint infested regions in real-life settings, providing
fast and valuable insights for users.
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Figure 7. Images from the developed Al-based mobile application: (a) home screen of the mobile

app; (b) detection details screen showing model detections of T. absoluta infested areas.
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small brown butterfly native to Latin

(b)

Figure 8. Mobile application results screens: (a) image depicting tomato leaves where the model

identifies areas infested by T. absoluta with a confidence level of up to 79%, highlighted by red

bounding boxes; (b) image showing tomato leaves with the model identifying areas infested by T.
absoluta with a confidence level up to 87%, highlighted by red bounding boxes.

The results of the user questionnaire, as presented in Figure A1 (Appendix A), reveal
a high level of satisfaction among the participants regarding the application’s performance
and user experience. The positive feedback underscores the application’s robustness and
its practical utility in real-world agricultural settings. The development of the mobile appli-
cation was thoroughly designed with scalability in mind, ensuring that it can accommodate
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additional Al models in the future. This forward-thinking approach allows for the seamless
integration of new functionalities, thereby enhancing the application’s versatility and its
potential impact on agricultural practices.

Future development efforts should focus on expanding the application’s capabilities to
detect a broader range of plant diseases and pests. For instance, developing and integrating
models for the detection of diseases such as B. cinerea and pests like whiteflies, aphids, and
the olive fruit fly (Bactrocera oleae) would be a significant advancement. Future models
incorporated into the application should be derived from comprehensive datasets that
accurately reflect real-world conditions, capturing the variability of plant health and disease
progression across diverse environments. The successful integration of these new models
would extend the application’s utility beyond its current scope, providing farmers and
agronomists with a more powerful tool for managing crop health. Additionally, future
testing will involve diverse geographical locations, as well as various crop types and
environments (greenhouses and open-field cultivations), to ensure the broad applicability
and effectiveness of the mobile application.

3.2. Deep Learning Model Performance Evaluation

The performance evaluation, as detailed in Table 1, demonstrated varying levels of
effectiveness across the different object detection models, with metrics including mAPs,
recall, and precision. The YOLOv8n model achieved an mAPs5( score of 65.6%, highlighting
its basic capability in detecting T. absoluta infestations. The YOLOv8s model performed
better, reaching an mAPs5, of 68.1%, indicating improved accuracy. The medium-sized
YOLOVS variant showed worse detection performance, achieving an mAPsq of 67.8%, a
precision of 0.715, and a recall of 0.653. The best results were obtained from the larger
models, YOLOvVS8] and YOLOvS8x, both of which achieved higher mAPs5, scores, with
YOLOVSI attaining a score of 70.2% and YOLOv8x also scoring 69.6%. Specifically, the
YOLOVSI model demonstrated superior performance with a precision score of 0.691 and a
recall score of 0.694.

These findings underscore the effective performance of the YOLOvVS series models in
detecting T. absoluta infestations on tomato plants, confirming their suitability for practical
application in agricultural pest detection. Notably, the model’s capability was highlighted
during the experimental session, where it achieved detection confidence levels of up to
87%, as detailed in Section 3.1.

3.3. Comparative Analysis with Similar Applications

To contextualize the performance of our developed mobile application, a compara-
tive analysis with existing similar applications was conducted. This comparison aims to
highlight the unique features and advantages of our application in detecting plant dis-
eases and pests, particularly T. absoluta infestations, as well as to acknowledge areas for
potential improvement. The comparison includes Plantix™, PictureThis™, Picture Insect™,
and PlantApp™. These applications are well-known for plant disease and pest detection.
The analysis focuses on four main aspects: detection capability, user interface usability,
processing time, and geospatial data utilization.

To evaluate detection capability, the same image (Figure 8a) was input into all four
applications. PictureThis™ and PlantApp™ only identified the category of the plant (tomato)
and provided basic information for it, as shown in Figures 9a and 9b, respectively. For
detailed health information and care advice against specific diseases or pests, users need to
pay a fee per year for PictureThis™ and a fee per week or a one-time lifetime access fee for
PlantApp™. Picture Insect™ could not detect T. absoluta infestation without the bug being
visible, leading to false detection (Figure 9c). This app charges a fee per year for full access.
In contrast, Plantix™ correctly diagnosed the T. absoluta infestation but did not specify the
exact location of the infestation on the image, merely providing the name of the diagnosis
along with similar pictures and relevant information (Figure 9d).
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Figure 9. Screenshots from existing similar applications diagnosis for comparative analysis: (a) Pic-
tureThis™ application; (b) PlantApp™ application; (c) Picture Insect™ application; (d) Plantix™ application.

The proposed citizen science mobile application not only correctly identifies T. absoluta
but also specifies the exact location of the infestation within the user’s image (Figure 8a)
and provides confidence levels for the detections, offering users valuable insight into the
model’s certainty.

All applications, including ours, feature user-friendly interfaces that allow users to eas-
ily take a new picture or select one from their album and navigate through the app. The ease
of use was comparable across all applications. The speed of image processing and result
generation was satisfactory across all applications, with each providing detection results
within 4-5 s, similar to the proposed application. Regarding geospatial data utilization,
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Plantix™ requests the user’s location but does not link it to the diagnosis. PictureThis™ and
Picture Insect™ allow users to enter or allow access to their location but do not display the
recorded geospatial data of the diagnosed plant. PlantApp™ does not offer location-saving
capabilities. In contrast, our application records and displays the location of each diagnosis,
enhancing traceability. Additionally, all apps allow users to view their diagnosis history,
but PictureThis™ charges a fee per year for this feature.

Unlike the other applications reviewed, the proposed Al-based mobile application
is offered free of charge. It is capable of providing detailed information on pest and
disease detection, including exact infestation locations and confidence levels, and fully
utilizes geospatial data to link diagnoses to specific locations. These features make our
application a comprehensive and cost-effective citizen science tool for users, farmers, and
agronomists, promoting proactive pest management and disease prevention without any
associated costs.

4. Conclusions

In conclusion, the developed mobile application has demonstrated significant potential
in the detection of T. absoluta infestations on tomato plants, utilizing a robust dataset and
an advanced DL model. The application’s design emphasizes flexibility and scalability,
ensuring it can adapt to future needs by incorporating additional data and new models
for a wider range of plant diseases and pests. This adaptability is crucial for maintaining
the application as a cutting-edge tool in the ongoing battle against agricultural pests
and diseases.

The application’s ability to provide real-time, accurate diagnostics represents a sig-
nificant advancement in sustainable farming and effective crop management, as well as
being applied to border inspections. The evaluation of the YOLOv8] DL model using the
dataset resulted in an accuracy of 70.2% (mAPsp). During the field-testing sessions, the
model utilized within the mobile application demonstrated the capability of detecting T.
absoluta infestations with confidence levels of up to 87%. By enabling the detection and
precise identification of pest infestations and possible diseases, the application can help
farmers take timely and targeted actions, thereby minimizing crop losses and reducing
their reliance on chemical treatments. This not only supports crop yield protection and
cost reduction but also aligns with broader goals, such as the Green Deal and Biodiversity
Agenda for 2030, which aim to reduce pesticide use, promote sustainable agricultural prac-
tices, and secure biodiversity through digital developments in the underlying technologies
for surveillance and modeling procedures. Furthermore, the positive feedback from the
experimental session underscores the application’s practical utility and user satisfaction
in real-world agricultural settings. The successful field testing and high levels of user
satisfaction indicate that the application is both effective and user-friendly, making it a
valuable tool for farmers and agronomists.

Looking ahead, the development efforts should continue to focus on expanding the
application’s capabilities. Future models should be derived from comprehensive datasets
that accurately reflect real-world conditions, capturing the variability of plant health
and disease progression across diverse environments. Moreover, upcoming testing will
encompass a range of geographical regions, different crop species, and settings (both
greenhouses and open-field cultivations) to verify the wide-ranging applicability and
efficacy of the mobile application. This will ensure that the application can address a
broader spectrum of plant health issues and biodiversity loss, further enhancing its utility
and impact.
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Appendix A

This appendix includes Table A1, which presents the questionnaire administered to
users following the application’s testing phase. The purpose of this survey was to gather a
statistical sample to assess user satisfaction with the application.

Table A1. Content of the questionnaire distributed to users after testing the mobile application.

Q1. How would you rate your overall experience using the app?

3
Negative O O O

O»P
O«

Positive
Q2. How would you rate the design of the app in terms of visualization?
1 3 4 5
Negative O O O O O Positive
Q3. How would you rate the app in terms of ease of use?
1 2 3 4 5
Negative O O O O O Positive
Q4. How difficult or easy was it to navigate through the app?
1 2 4 5
Very Very
Difficult O O O O O Easy
Q5. Was it easy to choose a location using the map?
No Yes
Q6. How satisfied are you with the speed of displaying the detection result?
1 2 3 4 5
Ver
® e ® ® O Jery
Q7. How satisfied are you with the accuracy of the results?
1 2 3 4 5
Ver
® ® ® O O ey

Q8. How useful did you find the information about the plants-insects-pathogens contained in the catalog of the application?
1 5

2 4
Not at all O O O O O I\Zi?il

Q9. Did you make use of the history of past diagnoses provided by the app?

No Yes
Q10. Did you encounter any difficulties or problems when using the application? If so, what were they?
No Yes

O O
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Table Al. Cont.
Q11. Is there any feature that you think is missing from the application? If so, which one?
No Yes
Q12. How many times did you use the application during the testing period?
Very Few Few Several Many
(<5) (<10) (>10) (>20)
Q13. Would you recommend the app to a friend or colleague?
3 4 5
Very Very
Difficult O O O O O Easy

Q14. Is there anything else you would like to share with us about the app?

Figure A1 presents the results from the user experience questionnaire conducted after
the experimental session of the mobile application testing phase. The subfigures (a) to (m)
depict the distribution of user responses, providing insights into the overall user satisfaction
and the effectiveness of the mobile application. The responses are generally positive, with
higher ratings indicating user satisfaction and the application’s usability.
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Figure Al. Responses to the user experience questionnaire: (a) overall experience; (b) design
visualization; (c) ease of use; (d) navigation ease; (e) ease of choosing location; (f) speed of result
display; (g) accuracy of results; (h) usefulness of information; (i) use of history feature; (j) encountered
difficulties; (k) missing features; (1) usage frequency; (m) recommend to a friend. Each subfigure
illustrates the distribution of responses for a specific question, highlighting user satisfaction and
feedback on various aspects of the mobile application.
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