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Digital framework for
georeferenced multiplatform
surveillance of banana wilt using
human in the loop Al and YOLO
foundation models
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Ramasamy Selvarajan® & Michael Gomez Selvaraj***

Bananas (Musa spp.) are a critical global food crop, providing a primary source of nutrition for millions
of people. Traditional methods for disease monitoring and detection are often time-consuming,
labor-intensive, and prone to inaccuracies. This study introduces an Al-powered multiplatform
georeferenced surveillance system designed to enhance the detection and management of banana
wilt diseases. We developed and evaluated several deep learning foundation models, including YOLO-
NAS, YOLOvV8, YOLOVY, and Faster-RCNN to perform accurate disease detection on both platforms.
Our results demonstrate the superior performance of YOLOV9 in detecting healthy, Fusarium Wilt and
Xanthomonas Wilt diseased plants in aerial images, achieving high mAP@50, precision and recall
metrics ranging from 55 to 86%. In terms of ground level images, we organized the dataset based

on disease occurrence in Africa, Latin America, India, Asia and Australia. For this platform, YOLOv8
outperforms the rest and achieves mAP @50, precision and recall between 65 and 99% depending on
the plant part and region. Additionally, we incorporated Explainable Al techniques, such as Gradient-
weighted Class Activation Mapping, to enhance model transparency and trustworthiness. Human in
the Loop Artificial Intelligence was also utilized to enhance the ground level model’s predictions.

Bananas (Musa spp.) rank as the fourth most important food crop globally, both as a vital food source and
significant fruit crop in terms of trade and production volume'? . Their high yields and carbohydrate content
make them a crucial daily energy source for people in developing countries, significantly contributing to food
security>.

In East Africa, approximately 20 million people, depend on bananas as a dietary staple, while in West and
Central Africa, this number rises to around 70 million®. The Latin American and Caribbean (LAC) region
further illustrates the economic importance of bananas, accounting for about 66% of global exports of Cavendish
bananas (Musa AAA), with Ecuador as the top exporter. Additionally, the LAC region is a major exporter of
plantains, contributing to 72% of the global trade. Despite these high export figures, 62% of banana and plantain
production in LAC (20 million tons) is consumed domestically, highlighting their crucial role in regional diets
and food security®. In other regions such as Australia, bananas are the top-selling supermarket product and the
second-largest horticulture industry’. The Asia-Pacific region, particularly India, China, and the Philippines,
have been major players in banana production for centuries, contributing to over 45% of the world’s total
production®®. This long-standing cultivation underscores the significant role bananas play in the economies and
food security of these countries.

Unfortunately, banana production faces significant challenges from various biotic stresses, including
bacterial, viral, and fungal diseases, along with pests. Fungal diseases like black Sigatoka or Black leaf streak
(Mycosphaerella fijiensis) and Fusarium wilt (Fusarium oxysporum f. sp. cubense) are considered the most critical
banana diseases worldwide. Additionally, bunchy top disease caused by the banana bunchy top virus (genus
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Babuvirus) has emerged as a major constraint on banana production in Asia and Sub-Saharan Africa!®. The
spread of BBTV has been documented in at least six countries in the past ten years, with outbreaks first identified
in Benin in 2011 and subsequently in West Africa and East Africa (particularly Uganda and Tanzania)!®!l.
Bacterial diseases like Xanthomonas Wilt (Xanthomonas vasicola pv. musacearum) in Africa, Banana Blood
Disease (Ralstonia syzygii subsp. celebesensis) in Southeast Asia, and Moko (Ralstonia solanacearum) in Latin
America further reduce yields and increase crop management expenses. These diseases, pose a serious threat to
banana production worldwide.

Monitoring, recording, and mapping the spread of these diseases is essential for enabling targeted interventions
and anticipating/mitigating food insecurity risks. However, traditional disease surveillance methods reliant on
teams of trained agriculturalists to visit cultivation areas are time-consuming, tedious, expensive, and often
inadequate'?. These methods suffer from a shortage of trained staff, logistical challenges, and the time-consuming
process of compiling paper reports. Furthermore, these approaches frequently lead to inaccurate observations
due to subjectivity and limitations in data collection'>!3. Clearly, a more efficient and precise solution is needed
to safeguard global banana production and the well-being of banana farmers.

To address these challenges in disease surveillance and improve the monitoring of banana crops, innovative
and technology-driven solutions are necessary. The incorporation of cutting-edge methodologies like remote
sensing, digital imaging, disease mapping, and data analytics holds significant potential to revolutionize the
landscape of disease identification and monitoring in agriculture'®.

Remote sensing tools such as agricultural drones or unmanned aerial vehicles (UAVs) have emerged as
ideal technologies for evaluating crop yields, assessing crop health, and conducting economic evaluations'.
Additionally, artificial intelligence (AI) and deep learning models have revolutionized crop disease classification,
achieving remarkable accuracy in image processing and object detection!®. Al-based deep learning models have
transformed plant disease diagnosis, with researchers increasingly using them to identify and categorize diseases
in major crops such as rice, wheat, maize, tomato, citrus, and sugarcane”‘zg.

In banana, Al has significantly contributed to various aspects, including crop type classification, leaf disease
detection and classification, pest incidence prediction, ripeness stage classification, quality grading prediction,
and crop yield forecasting. Specifically, for disease detection, several studies have explored the potential of
Al Selvaraj et al.” proposed the Tumaini smartphone app, an Al-based system utilizing deep convolutional
neural networks (DCNN) and transfer learning to detect diseases and pests in banana crops. Brown et al.*
focused on classifying banana leaf diseases using a KNN classifier combined with a custom Gabor filter for
feature extraction. Chaudhari et al.>! identified banana plant diseases by extracting color, shape, and texture
features from images and employing a Support Vector Machine (SVM) for classification, achieving an average
accuracy of 85% in identifying four diseases: black Sigatoka, Cucumber Mosaic Virus, Banana Bacterial wilt,
and Fusarium wilt. Genet et al.>> employed transfer learning for detecting banana plant leaf images, achieving
an impressive classification accuracy with the VGG16 model. Sangeetha et al.** proposed an improved method
for predicting Fusarium wilt disease using an agro deep learning algorithm, outperforming previous methods.

Advancements in object detection have led to two primary architectures: Two-stage models like Faster-
RCNN prioritizing accuracy, and one-stage models like YOLOvS, YOLO-NAS, and the newly released YOLOv9
emphasizing speed®®. All pretrained models have been applied to various agricultural Al projects, including
disease and pest detection in crops like rice, roses, sweet peppers, grapes and bananas®**38-12 a5 well as tomato
ripeness classification and counting®>.

The combination of UAV's and deep learning models has shown promise in banana disease detection. Calou
et al.’® Selvaraj et al.'* Brown et al.*” Neupane et al.® Mora et al.*® Zhang et al.** Aliff et al.*! have utilized diverse
approaches, including RetinaNet, Heap Auto Encoders (HAEs), Faster-RCNN, and YOLOVS, along with various
image types (RGB, multispectral) to detect diseases such as black Sigatoka, banana bunchy top disease (BBTD),
Xanthomonas Wilt (BXW), fusarium wilt, yellow Sigatoka, banana stem weevil, banana aphid, bacterial soft
rot, and Panama disease. These studies highlight the potential of UAV-based solutions for accurate and efficient
disease monitoring in banana plantations.

Research and commercial approaches for deploying Al-powered disease detection and mapping systems
are also progressing. Platforms like Pestdisplace??, a research-based platform for monitoring pests and diseases
occurrence, and Estamos Alerta®?, a UAV-based deep learning platform for monitoring banana disease in
Ecuador are examples of emerging solutions. Private companies such as EOS Data Analytics and Plantix offer
satellite-based crop classification and monitoring solutions**, while Plantix and Agri.io provide crop advisory
apps with disease detection and treatment recommendations*>4°,

The need for transparent and globally accessible disease surveillance systems is crucial, particularly, for
low-income countries. Such systems, powered by data mining, analysis, information sharing, and modeling,
can empower National Plant Protection Organizations (NPPO) and producers/farmers to respond quickly to
emerging disease threats, stabilizing food supplies?’. Integrating UAVs with Al smartphone apps, as proposed
in previous studies, holds promise for developing advanced early warning systems across banana production
landscapes®**8.

To enhance transparency and trust, Human-in-the-Loop Machine Learning (HILML) or Human-in-the-
Loop Al (HILAI) approaches, Explainable AI (XAI), Usable AL and Useful AL are essential*’. HILAI emphasizes
the collaboration between humans and computers, while XAI improves model interpretability. Usable and
Useful Al focus on user experience and interaction design.

While Human-in-the-Loop (HIL) techniques have been applied in agriculture for tasks like crop disease
detection, their integration with UAV's and crop surveillance systems for banana plants remain underexplored.
This research addresses this gap by developing a robust and user-friendly Al system for banana disease
detection®-7,

Scientific Reports |

(2025) 15:3491 | https://doi.org/10.1038/s41598-025-87588-2 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Type Images collected | Whole annotations

Healthy | Xanthomonas Wilt | Fusarium Wilt
14,238 | 4436 4874

UAV-RGB | 6854

Table 1. Description of annotated UAV banana datasets used in this study.

Classes Images collected ‘Whole annotations

Cut | Whole Cut Whole
Plant Part Rachis | fruit | plant | Leaf | Bunch | Pseudostem | Corm | Rachis | Fruit |Plant |Leaf | Bunch | Pseudostem | Corm
Healthy 1065 880 | 1009 915 | 1154 1061 845 1065 4242 1316 3450 1883 1065 847
Xanthomonas Wilt - 866 | 956 898 | 928 1555 - - 5577 1053 1174 938 1617 -
Fusarium Wilt - - 1350 1498 | - 1191 - - - 1374 2916 - 1208 -
Bunchy Top Virus - - 861 - - - - - - 1230 | - - - -
Black Sigatoka - - 843 | - - - - - 1103 - - -
Moko 971 876 | 1044 1012 | 954 1626 - 977 5596 1161 1413 964 1695 -
Banana Blood Disease | 964 957 | - - - - - 970 6086 | - - - - -
I;g;;:;i;gatoka + Yellow _ B 1257 | - B B B B B 1544 |- B B
Bacterial Wilt - 1833 | 1044 1012 | 954 1626 - - 11,682 | 1161 1413 964 1695 -
Corm Weevil - - - - - - 858 - - - - - - 884
Total 3000 5412 | 6264 7435 | 3990 7059 1703 | 3012 33,183 | 7295 13,013 | 4749 7280 1731

Table 2. Description of annotated ground level banana datasets used in this study.

Therefore, this study aims to recognize the promising potential of Human-in-the-Loop AI (HILAI)
techniques within a multisensory AI-powered system for banana disease monitoring. Our research seeks to
develop effective and practical solutions for managing diverse banana diseases at field level worldwide. We
achieve this by focusing on the following key objectives:

1. To create a rich and extensive dataset encompassing a wide range of common banana diseases using both
ground-level and aerial images from banana-producing regions across the globe.

2. To develop customized object detection models based on Faster-RCNN and YOLO-based architectures.
These models will be specifically designed to identify banana diseases from images of different plant parts,
captured using various platforms (Ground Level & UAV).

3. To determine the most effective framework for high-accuracy disease detection, we rigorously evaluate Fast-
er-RCNN and three YOLO architectures (YOLO-NAS, YOLOvS, and YOLOV9). Robust evaluation metrics
will ensure a comprehensive assessment.

4. To enhance the Tumaini smartphone App’s user experience and incorporate Human-in-the-Loop AI (HI-
LAI) principles, providing a more transparent and user-friendly experience.

5. To integrate the developed app with an online platform for disease mapping, enabling proactive disease con-
trol and management strategies. The Deep Learning pipeline (DLOPs) will undergo real-world field testing
to validate its capabilities in practical scenarios.

Materials and methods

Description of deep learning multiplatform system approach

Our Deep Learning (DL) surveillance system comprises an aerial and a ground-level platform, each tailored for
distinct phases of plant disease detection and surveillance process.

The aerial platform is leveraged for scanning extensive agricultural areas, providing insights into the field’s
overall health status as well as identifying symptomatic plants resembling those affected by Fusarium Wilt
and Xanthomonas Wilt. It employs an aerial model trained on a dataset of images collected via unmanned
aerial vehicles (UAVs), categorized into three distinct classes: Healthy, Fusarium Wilt, and Xanthomonas Wilt
(Fig. 5a,b).

Conversely, the ground-level platform is engineered to validate the diagnoses of plants initially scanned
by the aerial system. This verification is conducted through a deep learning object detection model, which is
integrated within a smartphone application. While the aerial platform excels at scanning large areas, ground-
level images offer higher resolution and provide easier access to various parts of the plant, allowing for a more
comprehensive confirmation of a wider array of diseases. Unlike the aerial system, which focuses primarily
on diseases visible in the plant canopy, the ground-level platform can detect symptoms across multiple plant
parts. This platform meticulously categorizes nine prevalent banana diseases, which are distributed across five
continents and manifest in seven different parts of the plant, including leaves, pseudostems, bunches, and fruits.
Each disease and its healthy counterparts are documented in Tables 1 and 2.
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For a comprehensive understanding of our DL system’s processing architecture and the operational workflow
of both platforms, please refer to Fig. 1. This system is meticulously designed to optimize the processing of large-
scale areas, ensuring robust and accurate disease detection and classification through the ground-level platform.

Model architectures
YOLOvV8, YOLOV9, YOLO-NAS, represent successive advancements in the YOLO family of real-time object
detection models, each introducing significant improvements in structure and performance.

YOLOVS, released by Ultralytics in January 2023, incorporates an anchor-free model and a decoupled
head, which independently processes objectness, classification, and regression tasks. Its C2f. module, modified
CSPDarknet53 backbone, and spatial pyramid pooling fast (SPPF) layer, and feature extraction®?. Building on
this progress, YOLOV9 leverages the robust codebase of YOLOv5 and marks a significant leap in efficiency and
adaptability. Featuring innovations such as Programmable Gradient Information (PGI) and the Generalized
Efficient Layer Aggregation Network (GELAN), YOLOV9 enhances the model’s capability to process complex
visual data more effectively, showcasing improvements in both speed and accuracy®. In contrast, YOLO-NAS,
utilizing AutoNAC, optimizes architecture for accuracy-latency tradeoffs. Hybrid quantization and attention
mechanisms enhance detection capabilities while minimizing information loss and latency®®. Faster-RCNN
distinguishes itself from other object detection models, such as the YOLO series, through its two-stage detection
process. Faster-RCNN enables accurate object localization, beneficial for detailed analysis, such as medical
imaging and complex scene understanding®. While Faster-RCNN often achieves higher accuracy than single-
stage detectors like YOLO, it is slower due to its more complex architecture, making it more suitable for scenarios
where detection accuracy is prioritized over real-time processing speed>®.

Our study involved training models for both aerial and ground-level imaging platforms. For the aerial
platform, we explored four distinct convolutional neural network (CNN) architectures: YOLOv8, YOLOVY,
YOLO-NAS, and Faster-RCNN. For the ground-level platform, we initially trained models for the pseudostem
and whole plant datasets using YOLOv8, YOLO-NAS, and Faster-RCNN architectures. Later, we evaluated
these models to select the most effective architecture. The chosen architecture was subsequently used to train an
additional 33 models tailored for ground-level plant parts. These models spanned a comprehensive array of 35
specific datasets including corm, rachis, leaf, cut fruit, whole plant, pseudostem, and bunch across Africa Latin
America, India, South East Asia, and Australia..

Dataset collection

Aerial platform

The research targeted landscapes in the northeastern Kabare district, South Kivu province, in the Eastern
Democratic Republic of Congo (DR Congo), adversely impacted by Xanthomonas Wilt (BXW) of banana. These
areas were specifically selected due to clear disease manifestations, such as leaf yellowing and wilting, premature
ripening of fruit, and the secretion of a yellow ooze from cut pseudostems and leaf petioles, as depicted in Fig. 2.
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Fig. 1. Overview of DL pipeline for. (a) Aerial platform, (b) Ground level platform.
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Fig. 2. Real field Images of Xanthomonas (BXW) and Fusarium Wilt (FW). (a) BXW Whole Plant, (b) BXW
premature bunch ripening, (c¢) BXW Oozing Pseudostem, (d) FW Whole Plant, (e) FW longitudinal splitting of
pseudostem, (f) FW internal pseudostem.

DJI-FC6310

3 bands
Red (R)
Green (G)
Blue (B)

RGB—visible | 8 bits 60 1.36

20MP Hasselblad L1D-20c camera | RGB—visible | 8 bits

3 bands
Red (R)
Green (G)
Blue (B)

60 1.21

Table 3. UAV camera sensors and flight characteristics.

Between 2019 and 2022, field surveys were conducted in 21 banana plantations to collect reliable ground-truth
data on BXW’s prevalence and characteristics. Experts meticulously examined individual plants at designated
sampling sites, classifying them based on observed symptoms into categories of healthy or BXW-infected.

Concurrently, a similar methodology was employed for studying Fusarium wilt in banana plantations near
Hanoi, northern Vietnam, with the data collection phase spanning from 2022 to 2023. These surveys focused on
plants displaying Fusarium wilt symptoms, including wilting, yellowing of outer/oldest leaves, and pseudostem
longitudinal splitting such as the ones seen in Fig. 2.

High-resolution field imagery was captured using a DJI-FC6310 RGB camera mounted on a DJI Phantom
4 Pro (P4P) drone and a DJI Mavic Pro 2 for African and Asian fields, respectively. Flight operations were
managed via the Pix4Dcapture app, facilitating automated and efficient flight planning. The drone maintained a
steady speed of 2.5 m/s and an altitude of 60 m to adapt to various aerial conditions. Comprehensive details on
the camera specifications and drone operational parameters are provided in Table 3.

Ground level platform

Our study utilized a comprehensive dataset from the CGIAR banana image library, which encompasses real
field images meticulously collected and curated by banana experts. This extensive collection was sourced from
multiple prestigious agricultural research organizations, including Bioversity International (Africa), Tamil Nadu
Agricultural University (TNAU) (Southern India), Agrocalidad (Ecuador), Agrosavia (Colombia), and the
National Autonomous Institute for Agricultural Investigation (INIAP) (Peru).

The dataset captured a wide array of environmental conditions, reflecting the diverse climates and ecological
settings of banana farms in disease and pest hotspots. These locations, depicted in Fig. 3, span Africa (Eastern
Democratic Republic of Congo, Central Uganda, Burundi, and Benin); Southern India (Tamil Nadu and
Kerala); and provinces in Ecuador (Los Rios, Carchi, El Oro, Manabi, Sucumbios), Peru (Piura) and Colombia
(Magdalena). This geographic and environmental diversity strengthens our model’s robustness, allowing for
accurate classification and prediction of banana plant health issues under varied global conditions.
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Fig. 3. Geographic Representation of Image Collection. (a) Africa, (b) Australia, (c) Peru, (d) Colombia, (e)
Ecuador, (f) South East Asia, (g) India

Dataset composition of ground level platform

The dataset incorporates images captured with different devices (cell phones, tablets, standard RGB cameras)
under varying lighting conditions and seasons. This rich variety of visual inputs is crucial for training deep
learning models. It ensures the models can effectively recognize symptoms across different light settings, seasons,
and camera technologies encountered in real-world agricultural settings.

This dataset encompasses images of healthy banana plants alongside those affected by six major diseases—
Xanthomonas wilt of banana (BXW), Fusarium wilt of banana (FWB), Black Sigatoka (BS), Banana Bunchy
Top Disease (BBTD), Banana Blood Disease (BBD, Moko along with one major pest, the Banana Corm
Weevil (BCW). Additionally, it features two combined classes—Black Sigatoka + Yellow Sigatoka (BYS) and
Bacterial Wilt (BW)—with the latter consisting of images from the BXW, BBD, and Moko classes, aimed at
alerting countries like India or Australia of a potential new bacterial wilt introduction. Moreover, to address the
variability in symptom manifestation across different parts of the plant, the dataset includes images from seven
distinct plant parts: the leaf, rachis, pseudostem, whole plant, corm, bunch, and transversally cut fruit.

To address the uneven global distribution of banana diseases and their overlapping symptoms, we organized
our image library systematically by region, disease/pest, and plant part. Each regional dataset, as illustrated in
Fig. 4, is curated to focus on the diseases prevalent in that specific area. Notably, while the datasets are tailored
to regional disease profiles, the images themselves are not always sourced directly from those regions. This
structured approach enables the development and validation of deep learning models that are finely tuned to
the unique agricultural challenges faced by banana growers in different parts of the world. We then evaluate the
performance of these region-specific models to ensure their effectiveness in addressing the diseases relevant to
each region.

Dataset annotation

Our dataset underwent a manual annotation process using ‘Labellmg’ software. Banana Experts meticulously
drew bounding boxes around symptomatic regions on both aerial and ground-level images, as depicted in
Fig. 5. These marked areas corresponded to regions exhibiting signs of disease or pest infestation. Following
this process, images were assigned to specific class labels for various diseases or pests present. This rigorous
annotation process ensured highly accurate data for training our models and facilitated precise symptom
localization, which is critical for effective disease and pest detection. The annotated data for each image was
then saved in XML format. This format preserved detailed information such as bounding box coordinates and
class labels.

To accommodate the input requirements of our deep learning models, particularly those using the You Only
Look Once (YOLO) architectures for object detection, the XML files were converted into YOLO format. This
conversion streamlined the annotation data into a text format that delineated the bounding boxes and class labels,
specifically designed for the YOLO system. The collected dataset provides a valuable resource for developing and
training machine learning models for banana disease detection. For the aerial images, unlike other studies,
our approach ensured that each plant in the dataset was fully annotated to avoid the negative impact on model
performance metrics that can result from using partially annotated images*. This thorough annotation process
enhances the accuracy of disease identification and characterization within the aerial imagery.
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Fig. 5. Annotations of aerial and ground level images. (a) Annotation of BXW-Healthy Field, (b) Annotation
of FW-Healthy Field, (c) Annotation of BXW infected banana bunch, (d) Annotation of FW Whole Plant, (e)
Annotation of Black Sigatoka Infected Leaf, (f) Annotation of Transversal Cut of Moko Infected Bunch, (g)
Annotation of Corm affected by Corm Weevil, (h) Annotation of Banana Blood Disease in rachis.

Data augmentation

Class imbalance is a notable obstacle in agricultural deep learning (DL) initiatives, as it can cause models to favor
the majority class (often healthy plants) and struggle with recognizing less prevalent disease classes™. This issue
is acutely felt in datasets where healthy crop instances outnumber those with diseased instances®'. To address
this challenge and enrich the dataset with a more balanced representation of both healthy and diseased plants,
we employed a strategic data augmentation (DA) approach™.
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We employed six data augmentation techniques, applied randomly, to generate additional training images
from the existing ones, thus enriching the dataset with a more diverse array of examples from the minority class
(diseased plants). These techniques included:

(i) Image scale variation: Images were scaled to appear closer or further away
(ii) Image rotation: Images were randomly rotated to set number of degrees (between 0 and 60) to the left or
right.
(i) Image translation: Images were shifted along the horizontal and vertical axis, simulating slight camera
movements.
(iv) Image flipping: Images were flipped over their vertical axis, creating a mirror effect.
(v) Pixel-brightness variation: Pixel brightness was adjusted by multiplying with a random number, resulting
in darker or lighter images.
(vi) Noise addition: Random Gaussian noise or Gaussian blur was added to the images.

Explainable artificial intelligence (XAl) and Grad-CAM
Explainable Artificial Intelligence (XAI), a branch of Machine Learning, that aims to make Al systems transparent
and trustworthy®”*%7>. X AT utilizes ethical principles to unveil the inner workings of these systems.

To understand model decisions, we employed Gradient-weighted Class Activation Mapping (Grad-CAM),
an XAI method localizing neuronal activity of a Convolutional Neural Network (CNN). This technique utilizes
the gradients of its target class gradients to create a visual map highlighting focus regions for class prediction®.
Grad-CAM, known for its high interpretability and faithfulness to the original model’®, has been chosen for its
performance in other fields®"%2%8-72, a5 the XAI method to explain our models’ decisions in this research.

Model training

Partitioning the dataset is crucial in deep learning tasks to prevent overfitting, underfitting, or poor generalization.
For our disease detection models on both aerial and ground-level platforms, we adopted an 80/10/10 ratio
for training, validation, and testing datasets, respectively. This distribution was consistently applied across all
regional datasets, ensuring that the total number of images for each region, as detailed in Tables 1 and 2 and
Supplementary Tables 1-4, were divided according to this structure. Since each region’s disease profile differs,
each regional model is trained on region-specific datasets. To maintain balanced class representation within each
set, we employed random selection and distribution across all classes. Due to the complexity of some datasets, all
models were trained for 200 epochs using a batch size of 1.

Performance metrics

Loss function

This research evaluated various loss functions to assess model performance. These include Classification
Loss (misclassifications), IoU/Localization Loss (bounding box overlap), Dual Focal Loss (class imbalance),
Objectness Loss (likelihood of objects in bounding boxes), and Box Loss (bounding box precision)®*:6%61,

Mean average precision (mAP) score

The mean Average Precision (mAP) score is a widely used metric to evaluate a model’s ability to accurately and
reliably detect objects across multiple categories. It is calculated by averaging the Average Precision (AP) for each
object class, providing a comprehensive assessment of detection performance®*. For this project, mAP@0.5
was selected as the baseline configuration, where the Intersection over Union (IoU) threshold is set to 0.5. IoU
measures the overlap between the predicted bounding box and the ground truth, with values greater than or
equal to 0.5 being considered as correct predictions. This threshold, often referred to as mAP@0.5, represents fair
and accurate detection and is commonly treated as a true positive. The decision to use mAP@0.5 was primarily
guided by its widespread adoption as a standard benchmark for evaluating object detection models®>%. Its
clear and easily interpretable results make it a reliable choice for facilitating comparisons with other studies or
models, particularly in agricultural and benchmarking projects involving object detection®®. While stricter loU
thresholds, such as mAP@0.75 or mAP@0.95, can also be considered, these impose stricter criteria for detection
accuracy and are generally applied in scenarios requiring highly precise localization.

Precision, recall and F1 score
Precision measures the proportion of correct positive predictions, and recall indicates the proportion of actual
positives correctly identified. The F1 score balances precision and recall into a single metric. High F1 scores
reflect effective performance. Relevant formulas are shown in Egs. (1)-(4) 2%3%60.65.66,

True Positives

Precision = 1
False Positives + True Positives M

Recall — True Positives @)
" False Negatives + True Positives

1 K=number of classes
mAP = Z APk (3

number of classes
K=1

2 X precision X recall

(4)

f1 score =

recall + precision
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Deployment and testing of the ground level models in the Al App

The developed ground level disease detection models have been integrated into the latest version of the
TUMAINTI AI app for Android and iOS smartphones®’. This flagship application in agricultural innovation is
renowned for its ability to accurately identify, classify, and map diseases in banana crops, empowering farmers
with improved disease management and crop health monitoring. While TUMAINI is not currently used for
collecting or annotating data, it focuses exclusively on assessing plant health. However, future enhancements
may enable data capture through the app, which could be leveraged to improve the learning process of the
models, further enhancing its capabilities.

For the integration process, we prioritize user experience by adhering to UsableAI and UsefullAI principles.
This focus ensures the creation of a seamless and intuitive user interface using the Flutter dynamic UI framework.
The resulting cross-platform interface operates smoothly across various devices, guaranteeing a consistent and
high-quality user experience.

Following UI development, a Flask API was implemented to connect smartphone image inputs with the
backend server. When a user captures a photo or selects an image, it is sent through the API where it is resized
and converted into an array format. The server, utilizing PyTorch, then loads the specific model based on the
selected plant part and region. Disease prediction is performed and the predicted bounding box dimensions,
confidence level, and disease class. These results are then displayed within the app, as detailed in Fig. 6.

To evaluate model effectiveness, comprehensive testing was conducted using a specialized dataset of unseen
images from known disease hotspots. This testing dataset comprised 50 images for each disease, encompassing
various plant parts (corm, rachis, leaf, cut fruit, whole plant, pseudostem, and bunch) across all study regions. In
total 4650 images were tested with the app. This rigorous testing ensures that our models are robust and reliable
in identifying and classifying diseases in diverse real-world agricultural settings.

Software and hardware systems used in this study
The study leveraged Python 3.9 as the primary programming language for both algorithm development and
data manipulation. To expedite model training, we employed a transfer-learning approach, utilizing pre-trained
models from the COCO (Common Objects in Context) dataset*®. The Faster-RCNN architecture was integrated
via the TensorFlow object-detection API zoo with support from Falcon CV 2.0%7, Additionally, for the YOLOVS,
and YOLOV9 architectures, the training process was conducted using the Ultralytics library and PyTorch. This
support significantly enhanced the efficiency and scalability of our research efforts. Furthermore, the YOLO-
NAS models were developed using the SuperGradients library by Deci-AI*.

Model training was executed on a remote server equipped with an NVIDIA Tesla M60 graphics card. The
server ran the Linux Ubuntu operating system with Python 3.9. Table 4 provides a detailed overview of the
hardware and software employed in this study.
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Fig. 6. Description of image detection pipeline using AI APP.
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Hardware and software | Specifications

Image acquisition hardware

Quadcopter UAV 3DR Solo
Quadcopter UAV Phantom 4 pro
Sony Qx1
RGB Cameras Hasselblad L1D-20c camera with a 20MP 1” CMOS sensor

Image processing software

Orthomosaic Generation | Agisoft MetaShape

DL Modeling hardware

RAM Memory 128 GB

Processor Intel Xeon E5-2667 v4 @ 3.20 GHz x 16
GPU NVIDIA Tesla M60

DL modeling software

(6N Ubuntu Linux

Programming language Python 3.9

Labelling software Labellmg

FalconCV with TensorFlow 2.0 and TensorFlow object detection API

Deep learninglibraries | popo 11 12,1 with CUDA 11.6, SuperGradients 3.1.3, Ultralytics 8.0.181, Ultralytics 8.1.27, and Ultralytics 8.1.42

Table 4. Hardware and software used in this study.

‘Whole annotations before data

Type Images collected | augmentation Whole annotations after data augmentation

Healthy | Xanthomonas Wilt | Fusarium Wilt | Healthy | Xanthomonas Wilt | Fusarium Wilt
14,238 | 1523 2041 14,238 | 4436 4874
Class proportions 80% 9% 11% 60% 19% 21%

UAV-RGB | 6854

Table 5. Aerial platform annotations before and after data augmentation.

Results

Dataset collection and augmentation

Banana pest and disease prevalence is influenced by various environmental factors (e.g., temperature, humidity,
rainfall), the specific type of banana, seasonality, and nutritional status. In addition, the distribution of banana
diseases is region-specific. For instance, Xanthomonas wilt is primarily concentrated in Africa, while Banana
Blood Disease is only prevalent in Southeast Asia®®. In-depth knowledge of these factors is crucial when
developing AI-powered tools for the accurate detection of a biotic constraint and for the subsequent provision
of management recommendations. Accurate and reliable image collection from disease hotspots, along with
precise labeling of those images, becomes crucial for such efforts. To address this need, we built a comprehensive
global, multiplatform solution. Through our CGIAR network, we gathered a substantial image dataset of major
banana diseases from various disease hotspots. This data incorporates images captured utilizing both UAVs and
ground-level cameras.

This study utilized the extensive collection of banana disease datasets from our Alliance Bioversity-CIAT/
CGIAR network? supplemented by additional images gathered by banana experts over the past couple of
years. The dataset comprises two main categories: 34,800 expertly vetted ground-level images and 6,854
aerial images. The ground-level images comprised a total of 70,263 annotations, while the RGB UAV dataset
contained approximately 23,584 annotations as seen in Tables 1 and 2. The regional distribution is detailed in
Supplementary Tables 1-4, with 9,99 images from Africa, 4981 from Asia, 9070 from Latin America, and 4101
from India. No images were collected from the Australian continent; however, images from other continents
were utilized to develop models that account for the diseases present in this region.

The class distribution within the dataset reflects a typical challenge in agricultural image analysis—class
imbalance with healthy plants (82%) being more frequent than diseased plants (10%) infected with Fusarium
wilt or Xanthomonas wilt (8%). To mitigate this imbalance and enhance model performance, we employed data
augmentation techniques to increase the representation of minority classes. Unlike other studies that utilize
partially annotated aerial images®’, our approach ensures complete annotation of each stem in the aerial image
dataset.

By randomly selecting and applying two augmentation techniques to each annotation of BXW and FW-
infected plants, we were able to increase the representation of minority classes. This resulted in an additional
2913 and 2833 annotations for BXW and FW plants, respectively. Consequently, the distribution of healthy to
diseased stem annotations in the RGB dataset was adjusted to a more balanced ratio of 60% healthy, 19% BXW,
and 21% FW. Table 5 compares the distributions of the original and augmented datasets.
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Evaluation of models for multiplatform disease detection

Ground level platform model selection

We evaluated three different deep learning architectures for ground-level plant disease detection: YOLOVS,
YOLO-NAS (single-stage), and Faster-RCNN (two-stage). YOLOv8 and YOLO-NAS have demonstrated positive
performance outcomes for their single-stage detection capabilities and real-time processing efficiency®"°.
Additionally, for two-stage architectures, Faster-RCNN has proved its effectiveness in similar previous studies
involving aerial imagery and agricultural deep learning applications?!*®71-73, This architecture has consistently
shown robust performance, making it a reliable choice for our needs in detailed and precise object detection
within agricultural contexts. The models were trained on images captured in the Africa region, focusing on both
whole plant and pseudostem annotations*>7.

Supplementary Tables 5 and 6 offer a comparison of the model’s performance for the whole plant and
pseudostem annotations. YOLOv8 model demonstrated a robust performance across all categories, by achieving
an Fl-score of 0.93 for Healthy plants with impressive precision and recall rates, ensuring reliable detection.
The model excels in identifying Xanthomonas Wilt with an F1-score of 0.85 indicating its effective detection in
a challenging disease category. It continues this trend with Fusarium Wilt and Bunchy Top Virus, reaching F1-
scores of 0.86 and 0.90, respectively. The high precision and recall values support its strong performance in these
categories. Notably, YOLOVS achieves an overall mAP@0.5 of 0.91 for whole plant, reflecting its excellent object
detection capabilities across different disease conditions. Similarly, in the Pseudostem Annotations, YOLOvV8’s
performance is exemplary. The model secures a F1-score of 0.99 for Healthy, Xanthomonas Wilt, and Fusarium
Wilt classifications, showcasing nearly perfect precision and recall. This level of accuracy is highly positive and
necessary for precise disease detection. Finally, the mAP@0.5 of 0.99 further verifies its superior detection and
classification efficacy compared to the other models.

Supplementary Figs. 1-7 also provide a visual comparison of the model’s performance. For the full plant
model, YOLO-NAS struggled to accurately detect all the disease categories. Specifically, it missed BBTV infected
plants (Supplementary Figs. 1 and 2) and incorrectly identified Xanthomonas wilt infected plant. Faster-RCNN,
on the other hand, while exhibiting a better performance than YOLO-NAS, often generated multiple bounding
boxes for a single object, suggesting over-detections. Notably, YOLOVS successfully detected all the ground truth
annotations for both whole plant and pseudostem classes, with its prediction boxes closely aligning with the
actual objects. For the pseudostem class, the performance was more balanced across all models, with detections
being correct and high confidence for all classes.

Overall, the YOLOv8 model emerged as the superior choice for deployment due to its exceptional
performance across various metrics. It consistently achieved high scores in individual precision, recall, F1-score,
and mAP@0.5 for all classes across plant parts. This balanced performance ensures its ability to identify most
disease instances correctly while minimizing false positives, which is crucial for effective disease enhancement
and increased agricultural productivity.

Loss function analysis for aerial platform

The analysis of the Faster-RCNN model training over 200 epochs revealed a detailed understanding of its
effectiveness in object detection (supplementary Fig. 8). The Region Proposal Network’s (RPN) objectness
loss, decreased sharply before plateauing. This indicates the model’s rapid learning to identify potential objects
early in training and maintaining that capability. Similarly, the RPN localization loss also showed a gradual
decrease which signifies the model’s increasing precision in locating objects. The box classifier’s localization and
classification losses also showed consistent declines, highlighting ongoing enhancements in the model’s ability
to pinpoint and correctly classify objects within the bounding boxes. Overall, these results demonstrate Faster-
RCNN’s effectiveness in mastering both crucial aspects of object detection.

The YOLO-NAS model’s total loss exhibited considerable variability during training, characterized by
occasional spikes and an overall average level. Which indicates high variability and spikes in the classification
Loss indicate inconsistencies in distinguishing between different object classes. In contrast, the YOLOv8 model,
analyzed through various metrics over 200 epochs, displayed a different pattern in its learning dynamics. The
Total Loss for the YOLOv8 model initially decreased sharply and then stabilized, indicating a learning plateau,
suggesting that the model has learned the diminishing returns from further training on the same dataset. Similar
trends were observed in the classification loss and dual focal loss plots, showing significant drops followed by
stabilization. The IOU Loss, indicating the model’s accuracy in bounding box predictions, showed minimal
fluctuations, signifying consistent performance in accurately localizing objects accurately throughout the
training.

Finally, the YOLOv9 model displayed exceptional learning efficiency during training and validation
performance over 200 epochs. The total Loss exhibited a sharp decline early in training, followed by stabilization
at a low level. Also, the steep initial decrease followed by a plateau in the IOU Loss and Dual Focal Loss graphs
reflected the model’s rapid learning of spatial relationships between objects and its subsequent consistent
localization performance throughout training. The Classification Loss also displayed a steep drop early in
training and remained consistently low throughout.

Overall, thislearning pattern demonstrated that the YOLOv9 model achieved a more stable learning curve and
effectively exhibited better generalization capabilities compared to YOLOv8. While YOLO-NAS and YOLOVS,
showed gradual improvement in detection capabilities amidst training challenges, it might require further
optimization to refine their performance, whereas Faster-RCNN and YOLOV9 exhibited a more consistent and
stable learning curve, making it potentially more reliable choice in practical object detection scenarios.
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Aerial Images

mAP@0.5
Classes Yolo-NAS | YOLO-v8 | YOLO-v9 | Faster-Rcnn
Healthy 0.36 0.73 0.8 0.69
Fusarium Wilt 0.35 0.65 0.68 0.7
Xanthomonas Wilt | 0.34 0.79 0.77 0.71
X\OIEII?IIQGE 0.35 0.72 0.75 0.7

Table 6. mAP@0.5 performance for aerial platform models.

Africa
Model mAP@0.5

Classes Rachis | Cut fruit | Whole plant | Leaf | Bunch | Pseudostem | Corm

Healthy 0.98 0.92 0.86 0.69 | 0.96 0.99 0.98

Xanthomonas Wilt - 0.92 0.92 0.85 | 0.99 0.99 -

Fusarium Wilt - - 0.93 075 | - 0.99 -

Bunchy Top Disease - - 0.87 - - - -

Black Sigatoka - - - 0.80 | - - -

Moko - - - - - - -

Banana Blood Disease | - - - - - - _

Black
Sigatoka + Yellow - - - - - - -
Sigatoka

Bacterial Wilt - - - - - - -

Corm Weevil - - - - - 0.99

Total Average 0.98 0.92 0.89 0.80 | 0.98 0.99 0.99

Table 7. mAP metric score per class, at ground level, in the Africa Region (IOU=0.5, Conf=0.5).

Loss function analysis for ground level platform

The post training analysis of 35 YOLOv8 models, emphasizing efficiency, adaptability, and stability for ground-
level plant disease detection, is presented in supplementary Figs. 9-13. All trained models exhibited a rapid
initial decline in loss, signifying efficient learning and adaptation to the dataset. This consistent decline in model
loss throughout training further validates the effectiveness of the procedure.

However, some classes, particularly the leaf class across all regions and whole plants in Africa, Asia, and India,
exhibited an anomaly. In these scenarios, the dual focal validation loss initially decreased but began increasing
after 100 epochs. Despite this anomaly, all models exhibited a consistent and steady decline in loss up to a certain
point, indicating a positive stability in their learning process.

mAP score analysis for aerial platform

The mAP scores for disease detection on the aerial platform is represented in Table 6. YOLOV9 achieved the
highest mAP score (0.8) for identifying healthy plants, followed by YOLOvV8 (0.73), and Faster-RCNN (0.69),
and YOLO-NAS (0.36). For Fusarium Wilt, Faster-RCNN led with a mAP of 0.7, slightly surpassing YOLOv9
(0.68) and YOLOV8 (0.65), while Yolo-NAS displayed lower performance (0.35). YOLOVS excelled all other
models in detecting Xanthomonas Wilt, achieving an mAP of 0.79, followed closely by YOLOv9 (0.77) and
Faster-RCNN (0.71), with YOLO-NAS again showing the lowest performance (0.34).

The aggregate scores across all classes highlight YOLOV9 as the overall best performer with a combined
mAP score of 0.75, indicating superior detection accuracy. YOLOv8 and Faster-RCNN also delivered strong
results of 0.72 and 0.7, respectively. However, YOLO-NAS, requires further improvement as its total score was
0.35. This comparative analysis suggests that YOLOv9 might be the most effective model for aerial plant health
surveillance, offering higher precision in identifying various plant conditions compared to other models tested.

mAP score analysis for ground level platform
Tables 7, 8, 9, 10 and 11 present the mAP scores of various YOLOv8 models, segmented by plant parts across
different regions. In the Africa region, the mAP scores range from 80 to 99%, indicating strong performance
across most plant parts except for leaves (80%) and whole plants (89%). The lowest mAP scores were observed
for the leaf category in Fusarium Wilt and Healthy classes, and for the plant category in Healthy and Bunchy
Top classes.

Similar performance patterns were observed in Latin America, with 86% accuracy for leaf and 79% for whole
plant classification. Across other regions including India, Asia, and Australia, whole plant models achieved
scores ranging from 86 to 91%, while leaf models ranged from 75 to 79%. Conversely, the models detecting
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Healthy 0.99 0.9 0.83 0.65 | 091 0.99 0.985

Xanthomonas Wilt - - - - - - -
Fusarium Wilt - - 0.87 0.7 - 0.98 -

Bunchy Top Virus - - - - - - _
Black Sigatoka - - - 0.9 - - _
Moko 0.99 0.94 0.88 0.89 |0.96 0.73 -

Banana Blood Disease | - - - - - - _

Black
Sigatoka + Yellow - - - - - - -
Sigatoka

Bacterial Wilt - - - - - - _
Corm Weevil - - - - - - 0.99
Total Average 0.99 0.92 0.86 0.785 [ 0.935 | 0.9 0.99

Table 8. mAP metric score per class, at ground level, in the Latin American Region (IOU =0.5, Conf=0.5).

Healthy 0.99 0.91 0.89 0.6 0.91 0.99 0.985
Xanthomonas Wilt - - - - - - -
Fusarium Wilt - - 0.91 0.92 - 0.99 -

Bunchy Top Virus - - 0.85 - - - -

Black Sigatoka - - - - - - _
Moko - - - - - - -

Banana Blood Disease | - - - - - - _

Black
Sigatoka + Yellow - - - 0.81 - - -
Sigatoka

Bacterial Wilt 0.97 0.95 0.93 0.69 | 0.96 0.99 -
Corm Weevil - - - - - - 0.99
Total Average 0.98 0.93 0.895 0.755 | 0.935 |0.99 0.99

Table 9. mAP metric score per class, at ground level, in the India Region (IOU=0.5, Conf=0.5).

Healthy 0.99 0.9 0.85 0.71 |0.94 0.99 0.99
Xanthomonas Wilt - - - - - - -
Fusarium Wilt - - 0.87 0.7 - 0.99 -

Bunchy Top Virus - - 0.8 - - - -
Black Sigatoka - - - 0.9 - - -
Moko - - - - - - -
Banana Blood Disease | 0.97 0.89 0.9 0.69 | 0.96 0.99 -

Black
Sigatoka + Yellow - - - - - - .
Sigatoka

Bacterial Wilt - - - - - - _
Corm Weevil - - - - - - 0.99
Total Average 0.98 0.895 0.855 0.75 | 0.95 0.99 0.99

Table 10. mAP metric score per class, at ground level, in the Asian Region (IOU=0.5, Conf=0.5).
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Australia
Model mAP@0.5
Classes Rachis | Cut Fruit | Whole Plant | Leaf | Bunch | Pseudostem | Corm
Healthy 0.98 0.94 0.9 0.69 | 091 0.99 0.99

Xanthomonas Wilt - - - - - - _

Fusarium Wilt - - 0.86 072 | - 0.99 -

Bunchy Top Virus - - 0.95 - - - -
Black Sigatoka - - - 0.86 | - - -
Moko - - - - - - -

Banana Blood Disease | - - - - - - _

Black
Sigatoka + Yellow - - - - - - -
Sigatoka

Bacterial Wilt 0.97 0.95 0.91 0.89 | 0.96 0.99 -
Corm Weevil - - - - - - 0.99
Total Average 0.975 0.945 0.905 0.79 |0.935 0.99 0.99

Table 11. mAP metric score per class, at ground level, in the Australian Region (IOU =0.5, Conf=0.5).

bunch, corm, and rachis continue to perform exceptionally well, with mAP scores ranging from 90 to 99% across
these regions. This highlights the model’s strengths and potential reliability in detecting less variable disease
conditions.

YOLOV8 models demonstrated varying performance across different plant parts. While achieving robustness
in some cases, the differences in loss patterns and mAP scores indicated potential challenges for specific plant
parts and datasets, highlighting the need for tuning the model tailored for specific adjustments.

Confusion matrix analysis of YOLO models for aerial platform

In our study, confusion matrices served as a pivotal tool for assessing the performance of various YOLO model
variants. They revealed instances where model performance suffered due to class complexity, providing insights
into areas prone to errors for targeted improvements.

As seen in supplementary Fig. 14, Faster-RCNN model achieved moderate accuracy of 72% for healthy
plants, however, exhibited substantial inaccuracies, including 25% undetected healthy plants and 41% high false
positives. The detection rates for Xanthomonas Wilt and Fusarium Wilt stand at 73% and 65%, respectively, but
plagued by false negatives and false positives. This pattern suggests the need for improvements in the model,
potentially through balanced training datasets or refined classification algorithms.

The YOLO-NAS model achieved 79% accuracy in identifying healthy plants but displayed a high rate of false
positives across all classes. Disease detection for Xanthomonas Wilt and Fusarium Wilt were low with accuracies
of 38% and 40%, respectively. However, the model struggled with high rates of misclassifications and undetected
cases for these diseases. This performance of the YOLO-NAS model highlights the need for further tuning and
optimization, particularly on enhancing its specificity and reducing false positives detections.

In contrast, the YOLOv8 model, effectively recognized some certain plant conditions, but faced considerable
challenges with misclassifications and undetected cases. It successfully identified 64% of healthy plant instances
but failed to detect 35% of such conditions, indicating a high false negative rate. The model’s performance
on Xanthomonas Wilt showed a better accuracy of 79%, yet it still missed 19% of these cases. Fusarium Wilt
detection was accurate in 69% of instances, with 26% of cases going undetected. The model exhibited low false
positives for healthy plants and Xanthomonas Wilt but struggled with Fusarium Wilt, underscoring the need for
further tuning to enhance reliability and reduce false negatives.

Finally, YOLOV9 exhibited robust detection capabilities with high true positive rates of 73% for healthy plants
and Xanthomonas Wilt, and 70% for Fusarium Wilt. Nonetheless, it also displayed significant false negative rates
across all conditions (21-23%) and particularly high false positive rates for Xanthomonas Wilt (24%). Notably,
YOLOV9 produced very few extra detections, indicating a conservative detection threshold that avoids spurious
results but might benefit from adjustments to improve sensitivity and reduce misclassifications.

Confusion matrix analysis of YOLO models for ground level platform
Our analysis of YOLO model performance at ground level revealed both strengths and weaknesses across various
regions in Africa, Latin America, Asia, India, and Australia (see Supplementary Figs. 15-19).

In Africa, the models exhibited high accuracy (90%) for Cut Fruit and Pseudostem, particularly in detecting
Xanthomonas Wilt. However, models faced challenges with Leaf and Whole Plant categories, particularly for
Xanthomonas and Fusarium Wilt, with up to 26% undetected cases.

In Latin America, the confusion matrices displayed high accuracy for specific diseases such as Moko
disease, where it identifies 85% of the cases in Cut Fruit and an impressive 98% in Bunch. However, it exhibited
weaknesses in consistently recognizing healthy conditions, with undetected rates of 22% for healthy Cut Fruit
and 7% for Rachis. Leaf assessments also struggled, achieving 74% accuracy with 26% undetected healthy leaves.

In Asia, the models showed a strong capability to detect diseases with high accuracy rates for Banana
Blood disease (82%) and Black Sigatoka (77%) in leaves. However, the model struggled to accurately confirm
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the absence of disease, misclassifying 23% of healthy leaves as undetected. While achieving 82% accuracy in
detecting Banana Blood Disease, 17% of cases remained undetected.

In India, the model demonstrated a balanced performance across various plant parts with high accuracy in
detecting symptoms of specific disease like Bacterial Wilt (85% for Cut Fruit and 95% for Bunch). However, the
model exhibited higher rates of undetected healthy plants across leaf and whole plant categories.

Similarly, in Australia, the model performed exceptionally well in detecting specific diseases, reaching
99% for diseases like Fusarium Wilt in the Whole Plant category. However, it exhibited a recurring issue with
detecting healthy conditions, where a considerable percentage of healthy plants were either misclassified or
undetected. For example, in the Corm and Bunch assessments, while the detection rates for diseases were above
90%, the undetected rates for healthy conditions ranged from 7 to 10%.

Evaluation of YOLO models using precision and recall metrics for aerial platform

The performance comparison of four distinct object detection models—YOLO-NAS, YOLOv8, YOLOV9, and
Faster-RCNN—for plant health conditions is presented in Table 12. The table provides a comprehensive overview
of model performance across Healthy, Xanthomonas Wilt, and Fusarium Wilt conditions, using precision, recall,
and F1-Scores. Notably, YOLO-NAS underperformed across all conditions, with low scores (precision, recall,
and F1-Score all below 0.10). In contrast, YOLOv8 and Faster-RCNN demonstrated robust performance in
detecting healthy plants, achieving precision and F1-Scores above 0.74. Faster-RCNN had a higher recall for
healthy plants, while YOLOvV9 emerged as the top performer in the Healthy category with a precision of 0.83 and
the highest F1-Score of 0.79.

For Xanthomonas Wilt, YOLOv8 demonstrated the highest recall and F1-Score among the models, with
strong detection reliability. YOLOV9 showcased superior precision for Xanthomonas Wilt, but its lower recall
affected its overall F1-Score compared to YOLOVS and finally Faster-RCNN remained consistent, across all three
metrics with a slightly lower performance. In the Fusarium Wilt category, YOLOV9 obtained precision and recall
scores of 0.63 and 0.64 respectively while YOLOV9 again led in precision, but its recall significantly dropped,
which balanced its overall F1-Score to 0.66. The best performing model in this scenario was Faster-RCNN which
exhibited more consistent metric outcomes obtaining a f1 score metric 0.67.

Evaluation of YOLOvS models using precision and recall metrics for ground level platform

The performance of YOLOv8 models were analyzed across different plant parts (Rachis, Cut Fruit, Whole Plant,
Leaf, Bunch, Pseudostem, and Corm) and regions (Africa, Latin America, South East Asia, India, and Australia)
using precision, recall, and F1 scores for ground level platform (Tables 13, 14, 15, 16 and 17).

Overall, the models exhibited high performance in categories like Rachis, Bunch, Pseudostem, and Corm
across all regions during the training and testing phases, achieving F1 scores exceeding 0.92, which makes the
models accurate and reliable for these specific plant parts (Table 13, 14, 15, 16 and Table 17). However, the Leaf
category displayed lower performance metrics compared to the other parts with values ranging between 0.76
and 0.85.

The evaluated YOLOvV8 models demonstrated varying performance across plant parts. While achieving
high accuracy in certain areas, consistent struggles arose in leaf categories across all regions. This indicates that
despite the positive results, further model enhancements including improved data collection methods, advanced
augmentation techniques, and a broader inclusion of diverse symptomatology in the training stages will continue
to help to improve the models’ generalizability and real-world agricultural applicability.

Model deployment and testing in Al powered app

The Tumaini App, developed in 2019 by the Alliance of Bioversity International and CIAT?’, is an Al-powered
mobile application for banana disease detection in which users can upload or capture images for real-time
analysis. The app was evaluated using unseen real-field images from various disease hotspots—Africa, Latin
America, India, Southeast Asia, and Australia. The results presented in Supplementary Tables 7-11 demonstrate
high accuracy and confidence in detecting plant diseases and healthy conditions, although variations in
misdetection rates indicate areas for fine-tuning.

In Africa, the models exhibited strong performance in detecting Black Sigatoka and Xanthomonas Wilt in
leaves, with perfect accuracy and high average confidence scores exceeding 80%. While Whole Plant accuracy
dropped to 80% with an 87% confidence level, the model encountered difficulties with classifying complex
symptoms across entire plants.

Similar patterns were observed in Latin America, with high accuracy for Fusarium Wilt in leaves and Moko
in bunches, both nearing perfect accuracies. However, the accuracy dropped to 74% with a significantly lower

Healthy Xanthomonas Wilt Fusarium Wilt
Model Precision | Recall | F1-Score | Precision | Recall | F1-Score | Precision | Recall | F1-Score
YOLO-NAS | 0.11 0.08 0.09 0.07 0.05 0.06 0.11 0.08 0.09
YOLOv8 0.76 0.72 0.74 0.80 0.77 0.78 0.63 0.64 0.63
YOLOvV9 0.83 0.75 0.79 0.86 0.65 0.74 0.83 0.55 0.66
Faster-Renn | 0.76 0.78 0.77 0.74 0.72 0.73 0.70 0.64 0.67

Table 12. Precision, recall and F1-score for aerial models.
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confidence of 47% when detecting Moko in Pseudostems, indicating that the model encountered challenges,
with misclassification.

India reflected high accuracy across most categories, with perfect scores in detecting Bacterial Wilt symptoms
in Cut Fruit and Fusarium Wilt in leaves. However, Bacterial Wilts symptoms in Pseudostem presented a lower
accuracy of 78% and a low confidence score of 47%, mirroring the challenges seen with Moko in Latin America.

For Southeast Asia, the detection accuracies were high across all categories with particularly strong
performance in detecting Banana Blood Disease and Black Sigatoka in leaves. Yet, Whole Plant detection showed
slightly reduced accuracy and confidence, especially for healthy conditions and Banana Blood Disease, indicate
potential difficulties in general plant condition assessments.

Finally, Australia boasted high accuracy across the board, notably in detecting Bunchy Top Virus in Whole
Plants and Bacterial Wilt in Cut Fruit. However, the model exhibited slightly lower accuracy in classifying
symptoms of Bacterial Wilts in Pseudostems and Fusarium Wilt in Whole Plants, achieving around 92%
accuracy with reduced confidence levels compared to other conditions.

While the models exhibited high efficacy in identifying specific diseases, recurring challenges arose in
accurately detecting broader categories like healthy conditions in Whole Plants and specific diseases in
Pseudostems. These results emphasize the crucial need for optimization, especially in accurately identifying
healthy plants and disease-specific symptoms across different plant parts.

App features

Step by step disease detection using HILAI

The TumainiAPP employs a HILAI-based step-by-step algorithm tailored to specific regions and initial
symptoms’®33. This approach illustrated in Supplementary Figs. 2024, enhances disease management strategies
in banana cultivation. Additionally, the combination of HILAI and effective UX design allows users for model
refinement, confirming or denying the model’s predictions and focusing on key symptoms, enhancing accurate
detection. Figure 7 illustrates this process in the app.

Database

The Tumaini APP is built upon a georeferenced banana database comprising over 70,000 banana plants gathered
between 2015 and 2024. Each entry includes the disease name and latitude/longitude coordinates of the
corresponding infected plant. The dataset encompasses information on both healthy plants and those afflicted
with various diseases, including Fusarium Wilt, Moko, Xanthomonas Wilt, Banana Bunchy Top Virus, and leaf
fungal diseases (Black Sigatoka + Yellow Sigatoka), across 17 countries worldwide. Data was gathered through
in-field surveys, analysis of drone imagery, and extraction of metadata from ground-level images captured using
smartphones. Table 18 provides a detailed overview of the dataset.

Disease mapping and online platform

The Tumaini APP leverages a PostgreSQL database for efficient data management and retrieval. An online
dashboard at tumainiaiapp.org allows users to explore a global map visualizing plant distribution, with
functionalities for filtering and sorting. Furthermore, the online dashboard seamlessly integrates with the
Tumaini App, allowing users to map banana plants directly from their mobile devices using GPS coordinates
or manual locations entry. Mapped data seamlessly uploads to the database, enhancing the accessibility and
usability of the database.

User profiles and connections between users

Upon registration, users are prompted to select their occupation from three distinct classes: Farmer, National
Phytosanitary Protection Organization (NPPO), or researcher. This classification system facilitates tailored
access to features and information relevant to each user’s professional role. Users can establish partnerships with
other platform users, enabling the sharing of mapped plant information and facilitates collaboration among
individuals with common interests or objectives. Notably, there is no limit on the number of users that can be
added as partners, ensuring scalability and unhindered growth of the platform’s collaborative network. This
approach fosters a dynamic and inclusive community where users can actively contribute to and benefit from
shared insights and collective efforts in monitoring banana plant health. The platform’s notification system
promptly informs users when their partners map new plants, promoting real-time engagement and collaboration.

Discussion
YOLOV9 for identifying diseases in banana crops from aerial images
In our analysis of aerial images, YOLOV9 showcased superior performance in detecting healthy, fusarium wilt, and
Xanthomonas wilt-infected plants. Overall, YOLOV9 ranked highest when comparing metrics such as mAP@0.5 and
F1 score. Although YOLOvV8 and Faster-RCNN outperformed YOLOV9 in specific scenarios, such as the mAP score for
some individual diseases, the overall performance across all classes were similar between Faster-RCNN and YOLOv8
and slightly lower than YOLOvV9. YOLO-NAS, on the other hand, struggled to achieve similar performance compared
to its competing models obtaining lower scores across all metrics. This behavior is expected, as YOLO-NAS has been
proven to be more effective with close-up images and detecting small objects” rather than images at large distances
such as the drone images used in this study. This analysis highlights the specific strengths and weaknesses of each
model. YOLOV9 generally provided the best balance of high precision and satisfactory recall, making it a strong choice
for applications requiring nuanced detection capabilities, despite some inconsistencies in specific conditions®*®.
When considering the deployment of the models, processing and inference times are relevant. While models such
as Faster-RCNN provide sufficient performance based on the detection metrics, these architectures face difficulties
in terms of inference times due to the complexity of its two-stage architecture’*”>. Unlike Faster-RCNN’s two-stage
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process, one-stage architectures like YOLOv8 and YOLOV9 can identify objects in a single step, leading to faster
inference times”*7”>.

The visual performance of each architecture can be observed in supplementary Figs. 20 and 21, which showcase
the detection of FW & BXW from the aerial platform across all models. Here, we see similar performances to those
described for the ground level models. However, faster-RCNN, utilizing its region proposal network, tends to generate
more bounding boxes compared to single stage models. Subsequently YOLO-NAS performs poorly, failing to detect
most healthy and infected plants. Finally, YOLOv8 and YOLOV9 achieve accurate detections for all classes.

To understand how each architecture differentiates each class, we employed Explainable AI (XAI) and the
GradCAM technique. Figures 8, 9, and 10 exhibit the feature maps for Faster-RCNN, YOLOvS8, and YOLOV9. For
Faster-RCNN, we observe that the “Healthy” subplot’s heatmap primarily shows green and yellow hues around the
plant’s main leaves. This suggests that these areas play a crucial role in the models classification of healthy plants.
In contrast, the “Xanthomonas Wilt” subplot highlights regions with symptoms like wilting or discolored leaves.
Interestingly, areas with dried leaves appear less emphasized. Similarly, the “Fusarium Wilt” subplot highlights areas
with yellowing leaves, indicating the model’s reliance on leaf color for disease differentiation. These visualizations
demonstrate that Faster-RCNN prioritizes specific cues, particularly complete leaves and their color, to differentiate
between healthy and diseased plants.

In Fig. 9, the YOLOvV8 model prioritizes plant structure. While its heat map for healthy plants is more
dispersed, it also incorporates some background features. For Xanthomonas Wilt, the heatmap emphasizes
the outermost, dried-out leaves. In contrast, for Fusarium Wilt, it highlights the complete leaf arrangement,
particularly focusing on yellow leaves over green ones.

Lastly, YOLOvV9’s performance is similar to YOLOv8’, with the main difference being a more concentrated
focus on the plant’s features rather than the background, especially for the healthy class. It is important to note that
Fusarium Wilt and Xanthomonas Wilt share similar symptoms despite being caused by different agents. In this study,
the differentiation of these classes benefits from the advanced stage of the BXW images, where some plants exhibit
significant wilting and reduced foliage. This creates a visual difference between BXW and FW plants, allowing the
models to establish a clear classification for all three classes from aerial imagery.

Models such as YOLOv8 and YOLOV9 have gained recognition for their accurate detections and short inference
times. These reduced processing times have enabled their applications in video formats. Applications of these YOLO
models in video object detection and tracking in in fields like surveillance and agriculture has explored’®-8. Despite
positive advancements in this field, applications in banana crops remain underexplored. We have taken an initial
approach by implementing the models developed in this study. Supplementary material 1 shows video footage of the
YOLOV9 model detecting sick and healthy plants in a Fusarium infected field in northern Peru. While further testing
and validation are required, this initial approach represents a promising first step towards Realtime aerial surveillance
for banana crops, exhibiting the potential of these developed models.

Overall, the positive performance of all models, especially YOLOV9, represents a significant advancement in
terms of aerial crop surveillance for banana plantations. This cutting-edge model not only enhances disease detection
accuracy and speed but also opens new avenues for real-time crop health monitoring and management.

YOLOVvS8 for identifying diseases in banana crops from ground level images

For the ground level image analysis and disease detection, YOLOv8 was selected as the base architecture for training
all 35 models after testing several different architectures for the WholePlant and Pseudostem class. Overall, YOLOV8
exhibits superior performance compared to YOLO-NAS and Faster-RCNN in terms of precision, recall, F1 score
and mAP@50. This foundation model has demonstrated high prowess in accurately detecting diseases for all plant
parts, this performance is related to several key advantages. Firstly, YOLOVS is optimized for real-time processing,
thanks to its single-stage architecture that allows for rapid detection with minimal latency unlike Faster-RCNN%,
Secondly, YOLOVS8's architectural efficiency is enhanced by the C2f. module, which combines high-level features with
contextual information, and a decoupled head architecture that processes objectness, classification, and regression
tasks independently.

Different applications such as animal counting®!, identification of wildfire and smoke detection®?, ball and foul
tracking in football have also shown similar results®*** when comparing these architectures. All of these scenarios
have highlighted YOLOVS for having a higher performance in terms of f1 score and mAP than other methods like
Faster-RCNN and YOLO-NAS.

Regardless of its accurate performance, the findings emphasize that while YOLOv8 models achieve high
accuracy in several plant parts, performance deficiencies are apparent when dealing with more complex
annotations, particularly for leaves and whole plants. During the training process loss functions, particularly
for leaf and whole plant classes exhibit variations with the loss values increasing after 100 steps. Regarding
other metrics, the results exhibit lower accuracy in detecting leaf diseases for Latin America, Asia, and Australia
as well as lower f1 scores when comparing training to testing data in the leaf classes across all regions. These
results may be attributed to the increased complexity of these datasets compared to others. Leaf and whole
plant annotations often show less variability between classes, as yellowing and wilting are common symptoms
for different diseases’®’6. Issues related to disease detection in these specific plant parts are not unknown. The
current model’s performance aligns with previous findings which highlight difficulties in disease detection due
to the amount of background noise in complete plant images, large size of banana leaves and overlapping of
multiple leaves with different health status®. Overall, this trend highlights a universal challenge in accurately
detecting leaf-specific diseases.

This insight is critical for future model development, underscoring the need for more specific tuning and advanced
training techniques to handle higher variability or complexity in datasets. Enhancing the models’ ability to detect these
challenging categories is essential for improving their utility in precision agriculture, ensuring reliable and accurate
disease detection across diverse conditions.
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Despite the performance gaps identified, particularly in complex annotations, which highlight the necessity for
ongoing refinement and specialized training techniques. The practical implications for both the aerial and ground
level models are evident across various applications, not only in banana surveillance but also other topics in precision
agriculture. Future efforts should focus on addressing these challenges to fully harness the potential of these advanced
detection models, ensuring their applicability and reliability in diverse real-world scenarios. This development of these
models serves as the Al backbone for the complete surveillance system.

Impact on agriculture and crop surveillance

The Al framework developed in this study demonstrates significant advancements in BXW and FW management
through an integrated multiplatform detection pipeline. By combining drone-based aerial analysis with a ground-
level Al-powered app, the system provides efficient, scalable, and accurate monitoring of banana diseases across
diverse landscapes. Drone image analysis enables rapid coverage of large areas, reducing the time and labor involved
in manual inspections, while the ground-level app allows for close-up verification and detailed disease confirmation.
This two-tiered approach ensures early detection of diseases, facilitates timely interventions, and minimizes crop loss,
significantly enhancing disease management practices.

The integration of Explainable AI (XAI) further enhances the systems transparency and reliability. XAI helps
elucidate how the model distinguishes between healthy plants and those affected by Fusarium Wilt and Xanthomonas
Wilt, fostering user trust by providing clear and interpretable decision-making processes®. Additionally, the use
of Human-in-the-Loop AI (HILAI) ensures continuous model improvement through user feedback, reducing
false positives and negatives. The app’s ability to guide users in identifying symptoms on other plant parts mimics
traditional field scouting practices, offering a comprehensive diagnostic approach. Moreover, the mapping feature of
the Tumaini App integrates aerial and ground-level data into a unified online platform, enabling real-time monitoring,
visualization of healthy and infected plants, and strategic decision-making for disease control.

Overall, the performance of the developed models and systems in this study aligns closely with similar research
projects focused on infectious disease detection in plants using deep learning. Numerous studies have applied various
machine learning and deep learning approaches to identify diseases in crops. For instance, YOLO architectures have
been widely utilized for disease detection in other crops, such as peppers, sugar beet plants, and bananas, achieving
accuracy values ranging between 75 and 91%*%-%, Sunil et al.*’ introduced a Multilevel Feature Fusion Network
(MFEN) that incorporates ResNet50 and an Adaptive Attention Mechanism to detect diseases in tomato leaves. Their
approach achieved a high testing accuracy of 99.83% and included an algorithm for testing and prescribing pesticides,
which mirrors the step-by-step detection process developed in the current project. While these works demonstrate
promising results, they also underscore the importance of integrating ground-level and aerial analysis to provide
comprehensive crop assessments®.

Furthermore, the application of XAI has been explored in plant disease detection, particularly for banana leaves. In
a study conducted by Ashoka et al.”! XAI was employed to differentiate between healthy leaves and those infected with
Black Sigatoka. Similarly, Padilla et al. evaluated the performance of YOLOv8 and YOLOVY in detecting Fusarium
Wilt in banana plants, demonstrating that YOLOv9 outperformed YOLOVS, with mean Average Precision (mAP)
scores of 0.66 and 0.61, respectively. These findings align with the current study, where YOLOV9 achieved superior
performance over YOLOVS, reinforcing the architecture’s robustness for disease detection tasks.

When comparing the overall system to other solutions, several research and commercial projects have attempted to
create similar frameworks*2~*¢. However, these projects often are not specifically tailored to bananas, lack integration
between UAV and ground-level platforms, are limited to specific regions, involve paywalls and limited open access,
and frequently do not provide a visual endpoint or an optimized user experience.

Finally, the present work distinguishes itself by integrating recent advancements in deep learning architectures,
specifically YOLOv8 and YOLOVY, applied to large-scale datasets collected from both aerial and ground-level sources.
Moreover, the incorporation of Explainable AI (XAI) and Human-in-the-Loop AI (HILAI) ensures not only high
detection accuracy but also model transparency and iterative refinement, addressing practical challenges in real-
world agricultural disease management. This combination of state-of-the-art methodologies highlights the novelty
and practical applicability of the current work, setting it apart from existing studies.

Conclusion and future directions

Our proposed surveillance system stands out as a successful example of an end-to-end deep learning pipeline,
encompassing all stages from image collection to model deployment. This user-centric system leverages Explainable
Al (XAI) and Human-in-the-Loop AI (HILAI) to ensure user-friendliness, precision, and open-access. Through its
aerial and ground-level platforms and linked online mapping platform, the system caters to both large-scale and small-
scale banana production.

This scalable and real-time monitoring system ensures timely data collection and effective resource allocation,
ultimately leading to better management of banana plant diseases. By integrating UAV and ground-level platforms,
this framework offers comprehensive surveillance capabilities adaptable to various scales of banana production. The
multiplatform approach not only enhances the precision of disease detection but also facilitates swift responses to
emerging threats. The Tumaini App, designed with Human-in-the-Loop AI (HILAI) principles, offers a transparent
and user-friendly application for disease monitoring. This app, integrated with an online platform for disease mapping,
demonstrates a complete solution for disease management, encompassing different opportunities from data collection
to real-world applications.

While this work achieved significant advancements, future steps include the development of appropriate
implementation policies tailored to each country’s National Plant Protection Organization (NPPO). Additionally,
there are opportunities to further enhance the models by exploring newer architectures, creating more robust datasets,
and employing advanced image processing techniques to improve feature extraction. Transforming these models into
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edge computing applications for on-device processing holds significant potential. While real-time detection using
UAVs shows promise, further fine-tuning and field testing are required to optimize performance.

Overall, this research lays a strategic foundation for future advancements in crop disease detection and management,
with the potential to significantly enhance agricultural practices and contribute to global food security. Looking ahead,
we envision Al as a crucial tool for agricultural resilience and early-warning disease management systems, paving the
stage for future innovations in crop disease management.
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Healthy 58,446 2007-Present Day
Fusarium Wilt 3772 2021-Present Day
BBTD 2757 2011-Present Day
Xanthomonas Wilt 3583 2007-Present Day
Black Sigatoka 351 2022-Present Day
Moko 25 2022-Present Day
Black Sigatoka + Yellow Sigatoka | 1999 2022-Present Day
Total 70,953

Table 18. Banana database description per class.

Faster Rcnn

Healthy Xanthomonas Wilt Fusarium Wilt

0 50 100 150 200 0 50 100 150 200

Fig. 8. Gradcam Heatmap for FasterRcnn.

Yolo v8

Healthy Xanthomonas Wilt Fusarium Wilt

Fig. 9. Gradcam Heatmap for YOLOVS.
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Yolo v9

Healthy Xanthomonas Wilt Fusarium Wilt

Fig. 10. Gradcam Heatmap for YOLOV9.

Data availability
The datasets used and analyzed during the current study are available from the corresponding author upon
request.
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