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Abstract
Bananas and plantains are vital for food security and smallholder livelihoods in Africa, but diseases pose a significant 
threat. Traditional disease surveillance methods, like field visits, lack accuracy, especially for specific diseases like Xan-
thomonas wilt of banana (BXW). To address this, the present study develops a Deep-Learning system to detect BXW-
affected stems in mixed-complex landscapes within the Eastern Democratic Republic of Congo. RGB (Red, Green, Blue) 
and multispectral (MS) images from unmanned aerial vehicles UAVs were utilized using pansharpening algorithms for 
improved data fusion. Using transfer learning, two deep-learning model architectures were used and compared in our 
study to determine which offers better detection capabilities. A single-stage model, Yolo-V8, and the second, a two-stage 
model, Faster R-CNN, were both employed. The developed system achieves remarkable precision, recall, and F1 scores 
ranging between 75 and 99% for detecting healthy and BXW-infected stems. Notably, the RGB and PAN UAV images 
perform exceptionally well, while MS images suffer due to the lower spatial resolution. Nevertheless, specific vegetation 
indexes showed promising performance detecting healthy banana stems across larger areas. This research underscores 
the potential of UAV images and Deep Learning models for crop health assessment, specifically for BXW in complex 
African systems. This cutting-edge deep-learning approach can revolutionize agricultural practices, bolster African food 
security, and help farmers with early disease management. The study’s novelty lies in its Deep-Learning algorithm devel-
opment, approach with recent architectures (Yolo-V8, 2023), and assessment using real-world data, further advancing 
crop-health assessment through UAV imagery and deep-learning techniques.

Article Highlights

•	 Deep-learning models are developed using drone-captured images to detect BXW-affected banana stems in complex 
landscapes.

•	 Combinations of vegetation indexes and pansharpening techniques enhance low-resolution multispectral images.
•	 The system achieves a 75% to 99% precision, recall, and F1 score for identifying healthy and BXW-infected stems in 

RGB, MS, and pansharpening images.
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Abbreviations
AI	� Artificial intelligence
BNDVI	� Blue normalized difference vegetation index
BXW	� Xanthomonas wilt of banana
CARI	� Chlorophyll absorption ratio index
CGIAR	� Consultative group for international agricultural research
CIAT	� International center for tropical agriculture
CM	� Confusion matrix
CNN	� Convolutional neural network
DA	� Data augmentation
DL	� Deep learning
DR Congo	� Democratic Republic of Congo
DT	� Dataset
ECA	� East and Central Africa
Faster RCNN	� Faster Region-based Convolutional Neural Network
GNDVI	� Green normalized difference vegetation index
GPU	� Graphics processing unit
GRVI	� Green red vegetation index
GTD	� Ground-truth data
HIS	� Hue intensity saturation
IOU	� Intersection over union
MGTE	� Missed ground truth error
ML	� Machine learning
MS	� Multispectral
NDVI	� Normalized difference vegetation index
NDRE	� Normalized difference red edge index
NIR	� Near infrared
NPCI	� Normalized pigment chlorophyll ratio index
P4P	� Phantom 4 pro
PAN	� Pansharpening
RGB	� Red, green blue
ROIs	� Regions of interest
RPN	� Region proposal network
SSD	� Single shot MultiBox detector
UAV	� Unmanned aerial vehicle
Vis	� Vegetation indices
Yolo-V8	� You only look once version 8

1  Introduction

Bananas and plantains are essential staple food crops in sub-Saharan Africa, making significant contributions to house-
hold food and nutrition security and the income of rural populations. Sub-Saharan Africa alone accounts for approxi-
mately one-third of global banana production, and these crops fulfill over 25% of the food energy requirements for more 
than 100 million people [1]. Within Africa, East and Central Africa (ECA) stands out as the largest region for both banana 
production and consumption. Around 20 million people in East Africa and 70 million in West and Central Africa rely on 
bananas, emphasizing the critical role of these crops as primary food sources [2]. In addition, bananas and plantains 
play a crucial role in smallholder communities’ economic stability and employment opportunities, contributing to their 
sustainable livelihoods and rural development.
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Regrettably, banana production systems in the region face significant challenges posed by various biotic stresses, 
including bacterial, viral, and fungal diseases and pests. These factors often lead to substantial crop losses, causing severe 
impacts on the livelihoods of small-scale farmers [3]. Xanthomonas wilt of banana (BXW) is one of the most devastating 
diseases affecting bananas. It emerged as a major threat in 2001 and has since spread to most banana production zones 
in East and Central Africa. This disease has had a detrimental effect on the livelihoods of smallholder communities. BXW 
primarily spreads through contaminated garden tools, insect vectors, and infected planting materials; if uncontrolled, it 
can result in complete crop losses. Common symptoms of BXW include yellowing and wilting leaves, premature bunch 
ripening, fruit pulp discoloration, and yellow ooze in pseudostems and leaf vascular tissues [4, 5].

Early detection of crop diseases is crucial for timely intervention and minimizing potential yield losses, leading to 
maximum benefits. Unfortunately, traditional approaches in disease surveillance, such as scouting and monitoring for 
crop diseases, have been reliant on visual inspection during fieldwork visits, which is tedious, subjective, and often 
results in erroneous observations [6]. In Africa, disease surveillance for BXW commonly combines field campaigns and 
laboratory analysis employing diagnostic tools like growth media and polymerase chain reaction (PCR) [7, 8]. Neverthe-
less, this conventional approach lacks the ability to provide precise distribution data on BXW infections, which hinders 
effective disease management strategies in the complex landscapes where bananas are grown. To address these chal-
lenges and improve disease surveillance, innovative and technology-driven solutions are necessary to safeguard the 
region’s banana production and the well-being of its farmers. Nevertheless, the conventional approach of assessing 
Banana Xanthomonas Wilt (BXW) through visual observation is characterized by its consumption of time and potential 
ineffectiveness, particularly when confronted with expansive areas necessitating vigilant oversight [9]. The incorporation 
of cutting-edge methodologies like remote sensing, digital imaging, and data analytics exhibits significant potential 
to fundamentally transform the landscape of disease identification and monitoring within the realm of agriculture [9].

Agricultural drones or unmanned aerial vehicles (UAVs) have emerged as an ideal technology for evaluating crop 
yields, assessing the health status of crops, and conducting economic evaluations [10]. The rapid advancement of UAV 
systems, along with the availability of affordable UAVs equipped with visible (RGB) and multispectral (MS) sensors, has 
unlocked new possibilities for capturing high-resolution spatiotemporal data, enabling the early identification of disease 
symptoms, even before they become visible to human eye [11, 12]. Based on their captured bands, UAV images can be 
categorized into RGB and multispectral (MS) images. While RGB cameras have been successful in identifying crop dis-
eases [9, 13, 14], they only measure three bands of the electromagnetic spectrum (red, green, and blue) [15]. In contrast, 
multispectral images, captured using dedicated sensors, record energy reflected in multiple specific electromagnetic 
spectrum bands (475–717 nm) [16]. These images provide additional information and enable the calculation of vegeta-
tion indices (VIs), which are crucial for the early identification of crop diseases [17]. Consequently, not all wavelengths 
are suitable for accurate crop disease detection [15]. Therefore, vegetation indexes and the integration of pansharpen-
ing methods have enhanced the utility of UAV images by combining RGB and MS images, enabling higher spatial and 
spectral resolution and overcoming the limitations of each individual image type or multispectral image [18].

Data analytics in disease surveillance empowers farmers with timely and accurate information, enabling them to 
make informed decisions and safeguard their crops and livelihoods. The images analyzed using deep learning (DL) have 
revolutionized crop disease classification, achieving remarkable accuracy in image processing and object detection [19]. 
Two-stage and one-stage DL networks, such as Faster R-CNN and Yolo-V8, respectively, have been developed for image 
detection, where two-stage models have been found to offer higher accuracy by first identifying the region of interest 
and then performing classification and bounding box regression. In contrast, one-stage models directly predict the 
class and bounding boxes of objects in one single pass [9, 20–22]. Faster R-CNN architecture has been applied in several 
other agricultural artificial-intelligence (AI) projects, detecting diseases and pests in crops like rice, roses, sweet pep-
pers, and bananas [20, 23–26]. On the other hand, Yolo-V8, while being a recently released architecture, has been used 
for phenotype calculation of rapeseed pods based and small object identification in unmanned aerial vehicle images 
[26, 27]. The practical application of DL in agriculture, particularly for crop disease detection, has highlighted promising 
research value and market prospects [28].

Additional studies have focused on various deep learning methods for detecting and classifying foliar diseases in 
different crops. Mishra et al. [29] discuss the identification of weed density in soya bean fields using the Inception V4 
deep convolutional neural network architecture. By employing RGB images and advanced vegetation segmentation 
techniques, the study achieved precision, recall, and F1 scores of 97, 99, and 98%, respectively. Similarly, Nagaraju 
et al. [30] address the challenge of overfitting in deep learning models used for agricultural image classification by 
introducing two novel algorithms: IPTA (an adaptive supervised learning approach for image transformation) and 
IMHSA (an unsupervised RGB image segmentation method), significantly improving the model’s validation accuracy 
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from 65 to 73%. Subsequently, Kaur et al. [31] focus on plant disease identification in grapevines, utilizing transfer 
learning with EfficientNet B7 and logistic regression to detect four types of diseases. The proposed method achieved 
a constant accuracy of 98.7% after 92 epochs, showcasing its effectiveness in comprehensive disease detection. 
Although DL-based instance segmentation for field-based disease classification using UAVs has seen advancements 
[12, 19, 32, 33]; however, efforts specifically targeting banana diseases have been limited. Neupane et al. [34] pro-
posed a machine-learning-based approach for banana disease classification and height estimation in well-planned 
commercial/mono-cropped banana fields using UAV-RGB images. However, implementing these models in African 
agricultural systems, characterized by mixed-complex landscapes, presents challenges [9]. While previous studies 
highlight the use of deep learning and convolutional neural networks for disease detection at the leaf level, as well 
as image segmentation and data augmentation, this paper distinguishes itself by employing aerial imagery, incorpo-
rating multiple sensors for image input, and utilizing vegetation index manipulation and pansharpening strategies. 
It is important to highlight the pansharpening process because, in the case of satellite remote sensing, we have 
advantages compared to using only RGB or MS bands for object detection. Additionally, it establishes comparisons 
between one-stage and two-stage models, emphasizing its unique approach in leveraging UAV imagery and deep 
learning techniques for crop health assessment. This paper addresses the urgent need for a robust deep learning-
based disease detection model to accurately identify healthy and diseased plants in mixed-complex, banana-based 
landscapes in real-life scenarios.

Validation of unseen data is essential for assessing the effectiveness of deep learning models and bolstering their 
resilience and precision in real-world scenarios [35]. Nevertheless, many studies in deep learning tend to underestimate 
the significance of appraising models using new and unfamiliar data, underscoring the necessity to employ this meth-
odology [36]. Through iterative refinement based on unseen data analysis, models can improve their performance and 
instill greater confidence in their practical use [35].

Accurate disease classification is pursued by examining individual stems, each consisting of a single pseudostem and 
associated leaves. This approach is pertinent as banana plants typically comprise a corm mat with multiple stems. An 
object-based Deep Learning (DL) pipeline is developed, utilizing RGB, multispectral, and pansharpened images to classify 
BXW (Banana Xanthomonas Wilt) and healthy stems. The model is subsequently evaluated using unseen ground-truth 
data. This proposed research will address a significant research gap by offering a comprehensive approach to disease 
classification in the mixed-complex agricultural landscapes of Africa using advanced DL techniques.

The contributions of this work is to:

1. 	 Curate a dataset of expert-annotated aerial images depicting banana Xanthomonas wilt (BXW) from an African 
hotspot d. This dataset is valuable for training and testing DL models, benefiting researchers working on similar 
problems.

2. 	 Overcome the limitation of insufficient samples, data augmentation techniques were employed to enhance the net-
work’s detection and identification capabilities. By increasing the number of training images through augmentation, 
the robustness of the DL model is improved.

3. 	 Developed an enhanced object detection model that accurately detects and identifies BXW diseases in complex 
African landscapes using low-cost UAV imagery (RGB, MS, and pansharpening). The model combines the Faster 
R-CNN algorithm with a transfer learning ResNet-50 DL architecture, ensuring reliable performance. Parallel to this, 
Yolo-V8 also provides adequate performance under specific scenarios.

4. 	 The performance of the Faster R-CNN and Yolo-V8 model was validated using images collected from two types of 
sensors (RGB and multispectral) and at two different heights (100 and 60 m). This validation study represents a pio-
neering effort to assess disease detection accuracy in African mixed complex systems using previously unseen data.

5. 	 The proposed methodology lays the foundation for an early warning system and an automated disease manage-
ment system for BXW. This approach facilitates the implementation of the Tumaini AI-powered mobile app database, 
enabling proactive measures for disease control and management.

In conclusion, this research aims to develop a BXW disease detection system that enhances efficient and effective 
disease management at the farm level.
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2 � Materials and methods

2.1 � Study area

The study was conducted in the northeastern Kabare district region, as shown in Fig. 1, in the South Kivu province 
of the Eastern Democratic Republic of Congo (DR Congo). The research spanned from 2019 to 2022 and covered 
21 small banana plots. The region experiences an average annual rainfall of 1656 ± 235 mm (2015–2018), with two 
distinct rainy seasons from February to May and September to December. The mean annual temperature in this 
region is 18 °C. Each of the 24 plots exhibits a small-scale subsistence agriculture system, featuring mixed-complex 
landscapes of banana plants, shrubs, trees, annual food crops, pastures, buildings, and roads. Supplementary Table 1 
contains information regarding each location’s date, altitude, latitude, and longitude.

2.2 � Ground‑truth data (GTD)

BXW-affected landscapes were selected based on visible symptoms such as yellowing and wilting leaves, premature 
bunch ripening, and yellow ooze in pseudostems and leaf petioles. To obtain ground-truth data (GTD) on the disease, 
field surveys were conducted across the 21 banana fields (2019–2022). The presence and incidence of the disease 
were assessed, as shown in Fig. 2, focusing on a single unhealthy stem at each sample point. Based on their external 
characteristics and symptoms, the stems were categorized as healthy or diseased (with BXW presence). These anno-
tations were represented in a point shapefile using QGIS software.

2.3 � UAV data

2.3.1 � UAV image collection

As shown in Fig. 3, a MicaSense-RedEdge MS camera and a DJI-FC6310 RGB camera attached to a DJI Phantom 4 Pro 
(P4P) drone were used to capture the necessary field images. The drone flights were planned through the Pix4D-
capture app for automatic flight planning, ensuring smooth and efficient flights. This app plans the flight in the area 
based on coordinates. The application is free to use and designed for Pix4D (https://​www.​pix4d.​com/​es/​produ​cto/​
pix4d​captu​re/).

Fig. 1   Location of the study 
region, Kabare district of 
Eastern Democratic Republic 
of Congo

https://www.pix4d.com/es/producto/pix4dcapture/
https://www.pix4d.com/es/producto/pix4dcapture/
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A constant speed of 2.5 m/s was maintained for all the different flight conditions, and the height above ground 
level was adjusted to 60 m and 100 m. For more information about each camera and the flight characteristics, please 
refer to Table 1.

Fig. 2   Symptoms of Banana 
Xanthomonas Wilt (Unhealthy 
banana stems)

Fig. 3   MicaSense-RedEdge 
MS Camera mounted in P4P 
drone

Table 1   UAV camera sensors 
and flight characteristics

Camera Sensor Radiometric 
Resolution

Spectral Resolution—Bands Flight 
height 
(m)

Spatial 
resolution 
(cm)

DJI-FC6310 RGB—Visible 8 bits 3 bands
 Red (R)
 Green (G)
 Blue (B)

60 1.36
100 2.59

MicaSense
RedEdge

MS—Multispectral 16 bits 5 bands
 R, G, B
 Red Edge (RE)
 Near-infrared (NIR)

60 4.17
100 6.53
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The image collection process faced various challenges due to the low drone flight altitude, undulating terrain, and tall 
trees like Ficus and Eucalyptus. These factors made it more difficult to accurately capture the images of banana stems. 
For a comprehensive understanding of the image locations and the capture dates, please see Supplementary Table 1.

2.3.2 � Orthomosaic generation (RGB—MS and PAN)

The construction of RGB and MS orthomosaics for each flight is performed using Agisoft Professional Metashape soft-
ware [37]. This involves converting numerous individual images into a unified georeferenced stitched image. For the PAN 
image, the software ArcGIS Pro was utilized. The process began with an initial georeferencing stage, where RGB and MS 
images were aligned using the same ground control points. This was followed by a fusion step utilizing the Hue-Intensity-
Saturation (HIS) pansharpening method [38]. The objective of the PAN image was to blend the strengths of RGB and MS 
images, resulting in a fused image with enhanced spatial and spectral resolution (Fig. 4).

Fig. 4   Examples of Ortho-
mosaics focused on banana 
fields: a RGB, b MS, and c PAN

Table 3   Vegetation indices 
combination to form 
orthomosaics of three bands

Dataset 3-Band Image Combination

DT1 RGB (RED, GREEN, BLUE)
DT2 NDVI, NDRE, CARI
DT3 NDRE, NDVI, NPCI
DT4 GRVI, NDVI, GNDVI
DT5 NPCI, BNDVI, GRVI
DT6 NPCI, NDVI, BNDVI
DT7 NPCI, NDRE, BNDVI
DT8 PAN (NIR, RED, GREEN)

Table 2   Description of each 
Vegetation indices

Name Abbreviation Formula

Normalized Difference vegetation index NDVI NIR−RED

NIR+RED

Normalized Difference Red Edge Index NDRE NIR−REDEDGE

NIR+REDEDGE

Chlorophyll Absorption Ratio Index CARI REDEDGE

GREEN−1

Normalized pigment chlorophyll ratio index NPCI RED−BLUE

RED+BLUE

Green–Red Vegetation Index GRVI RED−GREEN

RED+GREEN

Green Normalized Difference Vegetation Index GNDVI NIR−GREEN

NIR+GREEN

Blue Normalized Difference Vegetation Index BNDVI NIR−BLUE

NIR+BLUE
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2.3.3 � Band‑based image and vegetation indices combinations as model inputs

To compare the accuracy of DL models in identifying the presence of BXW, an input dataset (DT) consisting of 3-band-
based images was used. These images contain three bands of information, such as Red, Green, and Blue (RGB) or similar 
multi-band representations. For RGB orthomosaics, the visible bands of dataset 1 (DT1) were used. For MS images, seven 
vegetation indices (VIs) were computed using the Pheno-I protocol [10, 39] to enhance vegetation health (See Table 2). To 
create the 3-band images as an input, the VIs bands from DT2 to DT7 were combined, as detailed in Table 3. The last input 
dataset (DT8) is the PAN orthomosaic, which uses the 3-band combination NIR, R, and G. Next, the orthomosaics were 
split into smaller images using the GTD point shapefile. Finally, a polygon shapefile was created using a Python script to 
identify a boundary box of the healthy or unhealthy stem, converting them to XML files suitable for DL training (Fig. 5).

2.4 � Object detection using deep learning

2.4.1 � Data augmentation

A challenge arises in multiple agricultural deep-learning projects due to the limited instances representing the minor 
class, resulting in unbalanced datasets [40]. This imbalance implies an unequal data distribution across different classes 
when training the DL model. Specifically, most training data for infected crops contain more healthy crop instances than 
unhealthy ones, making it difficult to accurately identify the minority class using DL techniques [41].

In this context, the project employed data augmentation (DA) as an artificial alternative to increase elements in the 
minority class [42]. The project used six DA techniques that were combined and applied randomly to create more images 
of the minority class. The techniques used were:

(i) Image scale variation: Images are made to seem closer or farther away. (ii) Image rotation: Images are rotated to 
a random number of degrees between 0 and 60 to the left or right. (iii) Image translation: Images are moved along the 
horizontal and vertical axis. (iv) Image flipping: Images are flipped over their vertical axis, creating a mirror effect. (v) 
Pixel-brightness variation: Pixel brightness is multiplied by a random number, making the image darker or lighter. (vi) 
Noise addition: Random Gaussian noise or Gaussian blur is added to the image.

Fig. 5   Data labeling using QGIS software and banana disease detection classes: a Healthy and Sick stem labeling using vector points, b Poly-
gon generation on each stem, c BXW infected banana stem d healthy banana stem
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2.4.2 � Faster R‑CNN overview

Faster R-CNN is an object-detection system that combines two modules to achieve accurate and efficient detection [43]. 
The first module is a deep convolutional network, acting as a region proposal network (RPN). In the Region Proposal 
Network, anchors characterized by predetermined ratios and scales are produced through a sliding window mechanism 
applied to the upper feature maps of a Convolutional Neural Network (CNN) [44]. This network learns anchor coordinate 
offsets and objectness scores (distinguishing foreground from background) directly from these feature maps. Subse-
quently, proposals are formulated by modifying these anchors with the learned coordinate offsets [44]. These proposals 
are then ranked based on foreground scores and subjected to a selection process through non-maximum suppression. 
This method effectively filters out redundant proposals, ensuring that only the most relevant proposals are retained for 
further processing [43].

The second module is the Fast R-CNN detector, which uses the proposed regions and their associated features for 
precise object classification and bounding box regression. Both modules share convolutional layers, reducing redun-
dant computations and improving computational efficiency. The unified network is trained using alternating training 
or approximate joint-training approaches, where the RPN is initially trained, and its proposals are used to train the Fast 
R-CNN. Figure 6 displays a general overview of the architecture.

2.4.3 � Yolo‑V8 overview

Joseph Redmon introduced the YOLO (You Only Look Once) architecture [45, 46] in 2016, gaining prominence for its 
efficient feature fusion and high-accuracy detection capabilities. The latest iteration, YOLOv8, was unveiled in 2023. This 
architecture is structurally composed of three primary segments: the backbone, neck, and head, as seen in Fig. 7 [47].

The backbone of YOLOv8 resembles that of its predecessor, YOLOv5, employing a modified CSPDarknet53 backbone. 
However, it introduces the C2f module as a replacement for the CSPLayer used in YOLOv5 [46, 47]. YOLOv8 integrates 
a Spatial Pyramid Pooling Fast (SPPF) layer to enhance computational efficiency. This layer consolidates features into 
a uniform map, effectively circumventing issues like image distortion from scaling image regions and cropping. This 
improvement also notably augments the model’s generalization capacity [48].

The neck component of YOLOv8 adopts the combined feature fusion approach of the Path Aggregation Network [46, 
49] and the principles of the Feature Pyramid Network (FPN) [46, 50]. In a significant design evolution, the head module 
of YOLOv8 incorporates a mainstream Decoupled Head structure. This structure distinctly separates tasks related to 
target detection, splitting the classification and detection heads to independently extract target location and category 
information. By conducting fusion post-learning through different network branches, the model mitigates the additional 
latency typically associated with convolution in the decoupled head. This strategic design choice not only enhances the 
generalization capability but also bolsters the robustness of the model [46, 47].

Fig. 6   Faster R-CNN architecture overview
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2.4.4 � Model training conditions

For model training, a transfer-learning approach was used, utilizing pre-trained models from the COCO (Common Objects 
in Context) dataset [51] through TensorFlow object-detection API zoo models with Falcon CV 2.0 [52] for the Faster R-CNN 
model and directly using Python and the ultralytics library for the Yolo-V8 model.

The model development process was executed on a remote server with the following specifications: NVIDIA Tesla M60 
graphics card, Linux Ubuntu operative system, and Python 3.7 (see Table 4 for more details).

2.4.5 � Model validation

The evaluation of the DL models involved assessing various performance metrics, including precision, recall, loss 
function, F1 score, and MissedGTError. The Intersection over Union (IoU) method was used to determine the accu-
racy of the model’s predictions. The IoU measures the overlap between the predicted bounding box (B2) and the 

Fig. 7   Yolo-V8 architecture overview
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ground-truth bounding box (B1) using Eq. 1. For this evaluation, a threshold of 0.5 was set. The prediction is correct 
if the IoU is greater than 0.5 and the predicted label matches the ground-truth label.

In detection models, precision and recall are two important metrics used to evaluate model performance in iden-
tifying positive and negative instances (Healthy and BXW in this case).

Precision refers to the ratio between true-positive instances and the total number of instances the model identifies as 
positive. In other words, precision measures the model’s accuracy in identifying positive instances [53]. Conversely, Recall 
measures the fraction of true-positive detections among all actual positive instances in the dataset [53]. The F1 score com-
bines precision and recall and provides a more general metric of the model performance. A high F1 score indicates that a 
model has both high precision and high recall and, therefore, is a good overall performer [53].

The loss function serves as a statistical representation of the training process and helps diagnose how well the model 
fits the data. We extracted the loss function data using [54, 55] and the TensorFlow’s visualization toolkit (TensorBoard) 
to track and visualize metrics such as loss during the DL training process.

MissedGTError (MGTE) is a performance metric used to evaluate the accuracy of object detection models. It calculates 
the ratio of ground-truth images that were not detected and the total number of ground-truth images in the dataset [56]. 
While other metrics such as the confusion matrix, precision, and recall provide information on the accuracy of correctly 
detected ground-truth labels per class, MGTE focuses on the number of ground-truth instances that the model missed 

(1)IoU =
B1 ∩ B2

B1 ∪ B2

(2)precision =
True Positive

True Positive + False Positive

(3)recall =
True Positive

True Positive + False Negative

(4)f1 score =
2 × precision × recall

recall + precision

Table 4   Hardware and 
software used in this study

Hardware and software Specifications

Image acquisition hardware
 Quadcopter UAV 3DR Solo
 Quadcopter UAV Phantom 4 pro
 RGB Camera FC6310
 Phantom 4 RGB camera Sony Qx1
 Multispectral camera MicaSense RedEdge

Image processing software
 Orthomosaic Generation Agisoft MetaShape
 Vegetation Indices extraction Pheno-i

DL Modeling hardware
 RAM Memory 128 GB
 Processor Intel Xeon E5-2667 v4 @ 3.20 GHz × 16
 GPU NVIDIA Tesla M60

DL Modeling software
 OS Ubuntu Linux
 Programming language Python 3.7
 Labelling software QGIS
 Deep learning libraries FalconCV with TensorFlow 2.0 and 

TensorFlow object detection API
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detecting. This metric helps distinguish between two types of errors: misclassifications and missed detections. Misclas-
sifications occur when an object is detected but assigned to the wrong class (e.g., identifying a healthy stem infected 
with BXW). On the other hand, missed detections happen when ground-truth objects are not detected at all, regardless 
of their class (healthy or infected). A 0% score indicates that all ground-truth objects were detected, while a score of 
100% indicates that none were detected, representing the worst-case scenario.

A workflow shows the methodology pipeline as a summary in Fig. 8.

3 � Results

3.1 � UAV dataset collection and preprocessing

Collecting reliable and accurate images from disease hotspots and precise data annotation is crucial in developing any DL 
detection model. This project created MS and RGB image datasets using UAV (Unmanned Aerial Vehicle) images collected 
in Eastern Congo. The RGB dataset comprises approximately 16,195 annotations, with 86% healthy stem annotations 
and 14% sick annotations. The MS distribution is roughly 75% healthy and 25% sick stems. Both datasets are imbalanced, 
which is common in agriculture due to the smaller number of BXW-infected stems (minority class) compared to healthy 
stems in the field. This imbalance can sometimes lead to difficulties in identifying the minority class in DL models [41]. 
Data augmentation techniques are employed to address this and improve model performance to increase the number 
of instances in the minority class [42].

Among the available six augmentation techniques, two were randomly selected and applied to each annotation of 
BXW-infected stems as seen in Fig. 9. This procedure generated 2281, 2804, and 1809 new annotations for sick stems in 
the RGB, MS, and PAN datasets, respectively. As a result, the distribution of healthy to sick stem annotations in the RGB 
dataset changed from 86% healthy and 14% sick to 75% healthy and 25% sick. In contrast, both the MS and PAN datasets 
witnessed an increase in BXW-infected stem annotations from 25 to 35% of the entire dataset. The distributions of the 
original and new datasets are presented in Table 5 for visual comparison.

3.2 � Model training

The transfer learning model training was conducted over 100,000 steps for the Faster R-CNN model and 200 steps for the 
Yolo-V8 model. The data was divided into an 80% training and 20% training validation split. Table 5 provides the exact 
number of annotations for each dataset.

An additional dataset of unseen stem annotations was used to evaluate the model’s performance. This dataset 
included annotations from images taken at 100 m and 60 m heights. For the 100 m height images, there were 2026 RGB 
annotations (1546 Healthy–480 BXW), 3,310 MS annotations (2485 Healthy–825 BXW), and 890 PAN annotations (581 
Healthy–309 BXW). Similarly, for the 60 m height images, there were 1,581 annotations (1084 Healthy–497 BXW) for 
both RGB and MS. Additionally, for 60 m PAN, 1179 annotations (815 Healthy–364 BXW) were considered. These unseen 
annotations provided a comprehensive test dataset to evaluate the model’s performance.

3.3 � Dl‑based detection models for healthy and BXW‑infected banana stems

Eight distinct models were created using the Faster R-CNN ResNet-50 architecture and another eight using the Yolo-V8 
architecture, all aimed at distinguishing between healthy and BXW-infected banana stems within complex mixed systems. 
These models include one RGB model (DT1), one PAN model (DT8), and six MS models (DT2 to DT7). During the training 
phase, a portion of the data, specifically 20%, was used for validation to enable the model to assess its learning progress. 
This validation process involves various loss functions to evaluate the model’s performance. These functions include clas-
sification loss and localization loss, which measure the model’s confidence in making accurate predictions and its ability 
to accurately determine object positions within the input data [57]. A comprehensive total loss function was derived by 

(5)MGTE =
Nondetected Annotations

Total number of ground truth Annotations
100%
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combining the classification and localization losses, offering a broader perspective of the training process and helping 
monitor the model’s overall performance. As shown in Fig. 10, the loss curves of the models during training consistently 
decrease with each step. This suggests that the models can benefit from further training epochs, enhancing performance.

3.4 � Performance metrics for dl model testing with unseen data at 100 m

After developing and validating the DL models with suitable datasets, the models were tested using real-world images. 
These images were selected carefully to ensure they differed from those used in training, effectively representing unfamil-
iar or “unseen” data for the models. This testing phase allowed us to assess how well the models perform and generalize 
under real-world conditions, providing valuable insights beyond the training context.

Tables 6 and 7 detail the MissedGTError (MGTE), precision, recall, and F1 score values for the 100 m data for the Faster 
R-CNN and Yolo-V8 architectures, respectively. Among the various models for Faster R-CNN seen in Table 6, the RGB model 
showcases the best performance, with an MGTE of 11.2%, followed by PAN with 18.7% and DT3 with 20.33%. However, 
DT7 and DT5 exhibited higher MGTE rates at 33 and 29%, respectively. These rates imply that, on average, approximately 
1 out of every 10 annotations in the RGB model goes undetected, while DT5 and DT7 fail to detect approximately 1 out 
of every 3 detections. Additionally, the PAN model fails to detect 1 out of every 5 annotations. Figure 11 illustrates the 

Fig. 8   Methodology pipeline
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confusion matrix for the unseen data. It reveals a significant count of false positives for the MS models, indicating that they 
identify many healthy stems as having BXW symptoms. This suboptimal performance of the MS models is also reflected 
in the metrics shown in Table 6. For instance, F1 scores for DT5 and DT7 vary from 0.40 to 0.31 for healthy stems and 0.04 
to 0.06 for BXW-infected stems. Similar patterns emerge for the other MS models. On the other hand, the RGB and PAN 
models (DT1 and DT8) demonstrated good performance in detecting healthy and BXW-infected stems. Their F1 scores 
are 0.88 and 0.91 for healthy detections and 0.74 and 0.82 for BXW annotations, respectively. This indicates that, overall, 
these models successfully detect each stem corresponding to its ground truth annotation.

For the Yolo-V8 models shown in Table 7, the MGTE of DT1 and DT8 present lower values than the Faster R-CNN model, 
with values of 7.8% and 9.8%, respectively, while all the other MS models present values from 49 to 79% showcasing 
difficulties to identify both healthy and sick stems for the MS images. Regarding precision, recall, and F1-Score, most met-
rics present high values, mostly over 0.9, except for the DT6 recall. These results confirm Yolo-V8 as the best-performing 
model for the 100 m RGB and PAN datasets.

Fig. 9   Data Augmentation on RGB orthomosaic split images: (a) Original image (Left), rotation and augmented brightness (Right), (b) Origi-
nal image (Left), mirroring and noise addition (Right), (c) original image (Left), mirroring and translation (Right), (d) Original image (Left), 
image rotation and decreased pixel brightness (Right)

Table 5   Dataset class distributions before and after data augmentations

Label Vegetation indexes Before data augmentation After data augmentation

% Healthy 
annotations

% Sick 
annotations

Total annotations % Healthy 
annotations

% Sick 
annotations

Total annotations

DT1 RGB 86 14 16195 75 25 18476
DT2 NDVI, NDRE, CARI 78 22 13766 65 35 16570
DT3 NDRE, NDVI, NPCI 78 22 13766 65 35 16570
DT4 GRVI, NDVI, GNDVI 78 22 13766 65 35 16570
DT5 NPCI, BNDVI, GRVI 78 22 13766 65 35 16570
DT6 NPCI, NDVI, BNDVI 78 22 13766 65 35 16570
DT7 NPCI, NDRE, BNDVI 78 22 13766 65 35 16570
DT8 PAN (NIR, RED, GREEN) 78 22 8283 64 36 10092
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Fig. 10   Total loss function 
for RGB (DT1), MS (DT2-DT7), 
and PAN models (DT8) for (a) 
Faster R-CNN, (b) Yolo-V8
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Fig. 11   Confusion Matrix for 
RGB (DT1), MS (DT2-DT7), 
and PAN models (DT8) with 
unseen 100 m data for (a) 
Faster R-CNN, (b) Yolo-V8
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Fig. 12   Confusion Matrix for 
RGB (DT1), MS (DT2-DT7), 
and PAN models (DT8) with 
unseen 60 m data for (a) 
Faster R-CNN, (b) Yolo-V8
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3.5 � Performance metrics for Dl model testing with unseen data at 60 m height

The images collected by drone at 60 m altitude were used to validate the models previously trained and assess the 
impact of the newly attained resolution. Figure 12 and Table 8 present this scenario’s confusion matrix and performance 
metrics. When considering precision, recall, and F1 score, the models exhibit improved performance for the 60 m images 
compared with the 100 m images for Faster R-CNN. This improvement applies to the MS and RGB models, while the PAN 
metrics slightly decrease. In the case of DT1, the F1 score experiences a slight boost for healthy stem detection and wit-
nesses an increase of nearly 10% for sick stem F1 score. The MS models show significant improvement in F1 score for 
detecting healthy stems, where recall and precision values range from 0.5 to 0.8. PAN achieves an F1 score between 0.78 
and 0.88 for BXW and healthy stems, respectively.

When assessing undetected instances for the Faster R-CNN models in the 60 m images, as shown in Table 8, the RGB 
and PAN models exhibit similar MGTE values for 100 and 60 m data. In the case of the MS models, there is an improve-
ment in MGTE, particularly noticeable for DT5 and DT7, where the non-detection rate decreased by around 12% each. 
Similarly, DT2, DT3, and DT4 demonstrate lower MGTE, indicating that these models successfully detect more MS images.

Contrary to the improvement from Faster-RCNN, Yolo-V8 models perform poorly with all the 60 m images. As seen 
in Table 9, the lowest MGTE is DT1, which has increased from 7.8 to 52.2%; the other MGTE values for the rest of the 
models are between 89 and 99%, showing that the model is not detecting most images. The rest of the metrics pre-
sent high values, especially the precision, recall, and f1 score for the sick stems, which are all perfect. On the other 
hand, the Healthy stem F1 score ranges from 0.5 to 1, depending on the model. However, due to the high number 
of missed detections for models DT2 to DT7, the detection metrics are irrelevant since these models cannot detect 
the vast majority of the ground truth images.

4 � Discussion

4.1 � BXW detection using UAV remote sensing & DL models

Banana cultivation, particularly in Africa, confronts significant challenges due to pests and diseases, notably the destruc-
tive Xanthomonas Wilt of bananas (BXW). Timely and accurate disease detection is crucial for minimizing crop losses. 
Traditional methods relying on visual evaluations and manual indicators lack consistency and rigor. This study captures 
images of banana stems affected by BXW using UAV-mounted RGB and MS cameras within mixed-complex production 
landscapes.

As a result, models based on Faster R-CNN and YOLO-V8 were trained to distinguish between healthy and infected 
stems using the collected UAV images. Testing these models with real-world unseen data yielded promising results. 
Notably, for detecting healthy stem at 60 m height, specific multispectral VI combinations, such as DT3 (NDRE, NDVI, 
NPCI), DT4 (GRVI, NDVI, GNDVI), and DT5 (NPCI, BNDVI, GRVI), showed better performance. These combinations focus on 
chlorophyll content and its variations, important indicators of stem health [58–60]. However, the MS models exhibited 
limited effectiveness in detecting BXW-infected stems, attributed to inadequate spatial resolution. Conversely, RGB and 
PAN models better identified healthy and BXW-infected stems. The RGB model detected annotated stems at a rate of 
86.5%, while PAN achieved 84.3%. The challenges of incomplete field labeling (Fig. 13) and stem density variations in 
mixed complex landscapes (Fig. 14) impacted model training and detection accuracy.

Various DL models have encountered challenges with partially labeled images, especially when dealing with images 
that contain multiple objects, making annotation a difficult and time-consuming task. This challenge is particularly 
prominent in microscopical and pathological datasets [61, 62]. Nonetheless, model calibration techniques like positive-
unlabeled learning [62] and probability-based image similarity methods [63], have shown promising results in improving 
DL-model performance. Additionally, adopting strategies like complete labeling and considering the characteristics of 
complex landscapes can further enhance model performance in such scenarios.

The performance of Faster R-CNN models in this project, utilizing PAN and RGB, has demonstrated accurate detection 
of both healthy and diseased stems (Fig. 15). This observation aligns with previous studies that have highlighted the 
effectiveness of Faster R-CNN in accurately detecting diseases across various crops. For example, in a study by Zhang 
et al. [64], a similar approach addressed the challenge of limited datasets for soybean leaf-disease detection by creating 
synthetic-image datasets, achieving an average mean accuracy of 83.34% through a fusion of multiple Faster R-CNN 
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functions. In another study by Parvathi and Selvi [65], proposed an improved Faster R-CNN algorithm with the ResNet-50 
network for detecting maturity stages in coconuts, outperforming other detection methods. The diagnosis of rice leaf 
diseases has also been accomplished using the Faster R-CNN framework, showcasing high accuracy (ranging from 98 
to 99%) in identifying common rice leaf diseases and healthy leaves [66]. Furthermore, Ghoury utilized transfer learning 
with two pre-trained DL models, namely Single Shot MultiBox Detector (SSD) with MobileNet v1 and Faster R-CNN with 
Inception v2, to differentiate between healthy and diseased grapes and grape leaves [67]. The Faster R-CNN Inception 

Fig. 13   Partially Annotated Banana Fields: a RGB, b multi-spectral, c PAN

Fig. 14   Banana Plantation 
Density in Mixed Complex 
Landscapes

Fig. 15   Banana BXW detection using UAV-DL based model: a RGB, b multi-spectral, c PAN
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v2 model achieved a classification accuracy of 95.57% for all testing images, surpassing the SSD_MobileNet v1 model’s 
accuracy of 59.29% despite having a longer processing time.

Faster R-CNN, adopts a distinct two-step approach as a two-stage detection algorithm, compared to the one-stage 
detectors. Regions of interest (ROIs) are first identified in the two-stage framework using selective search algorithms. 
These regions are then processed by a DL model to generate bounding box predictions for objects. In contrast, one-
stage detectors predict bounding boxes directly in a single pass of the DL model. Recent studies in remote sensing have 
primarily focused on using one-stage detectors, such as YOLO, RetinaNet, and CenterNet [19]. Nonetheless, there are 
still instances where two-stage detectors, such as Faster R-CNN, still have their applications [43, 68]. The choice between 
detectors depends on the specific needs of the task and the desired balance between accuracy and efficiency. It is crucial 
to recognize that both two-stage and one-stage detectors possess unique strengths and limitations.

The results obtained in this research exhibit both scenarios in which Faster R-CNN and Yolo-V8 perform well. Yolo-V8 
tends to detect healthy and sick stems better than Faster R-CNN in scenarios with high spatial resolution, and the images 
are very similar to those used for training (100 m height). On the other hand, Faster R-CNN tends to perform better with 
MS images and is more robust when facing RGB and PAN images at different heights. This differential performance 
between the two models can be attributed to the inherent design and processing characteristics of one-stage and two-
stage detectors.

Although one-stage detectors like Yolo-V8 are known for their efficient design, faster speeds, and reasonably good 
accuracy [69], they have faced accuracy challenges compared to two-stage detectors like Faster R-CNN. Two-stage detec-
tors, by design, operate on a smaller number of proposals, allowing for a larger head network dedicated to proposal 
classification and regression. This setup facilitates more comprehensive feature extraction. Moreover, two-stage detectors 
utilize the RoIAlign operation to ensure high-quality feature extraction for each proposal and maintain location consist-
ency [70]. In contrast, one-stage detectors may encounter feature misalignment issues when different region proposals 
share the same feature or high feature variations due to their coarse and spatially implicit representation of proposals 
[70]. Additionally, two-stage detectors perform object location regression twice, once in each stage, leading to refined 
bounding boxes and improved precision in object localization [70]. As observed in our study, these advantages collec-
tively contribute to the superior accuracy of two-stage detectors across various object detection tasks.

The detection of healthy and BXW-infected banana stems in this project benefits from the accuracy provided by a 
two-stage model such as Faster R-CNN and the performance of a one-stage model under specific conditions. Neverthe-
less, differentiating BXW from other banana diseases or biotic stresses with similar symptoms remains challenging for 
model-based identification. Enhancements in MS models can aid in identifying spectral differences between BXW and 
other conditions. Additionally, MS models can help distinguish BXW from yellowing caused by abiotic stresses like heat, 
drought, and nutrition disorders. Addressing these challenges requires advancements in data collection, annotation 
techniques, and spectral analysis. Overcoming these obstacles will improve model performance, enable effective disease 
management strategies, and boost banana production in mixed-complex African systems. To ensure greater accuracy in 
specific disease detection, such as BXW, models should be validated using more targeted diagnostic methods [69, 70].

4.2 � Dl model performance with higher‑resolution images

The performance of the MS models in detecting healthy and infected stems is less effective when using images cap-
tured at 100 m altitude for the Faster R-CNN model. This could be attributed to the limited spatial resolution of the 
images resulting from high-altitude flights and the specific sensor used [71]. A combination of physical adjustments 
and post-processing techniques can be employed to improve detection performance. Lowering the flight altitude is 
an effective way to enhance spatial resolution. Operating the flights at lower altitudes allow for closer proximity to the 
target, resulting in clearer and more detailed images [72]. In this study, flights were conducted at 60 m altitude, and the 
resulting higher-resolution images showed improved performance metrics for the MS Faster R-CNN models compared 
to the 100 m images.

Furthermore, panchromatic fusion techniques by integrating RGB and MS sensor data can provide an additional 
boost to spatial resolution. Panchromatic fusion combines high-resolution panchromatic imagery from the RGB sen-
sor with multispectral data from the MS sensor, resulting in improved spatial details and overall image resolution. The 
incorporation of PAN images in training a new model (DT8) demonstrated good detection performance for both healthy 
and BXW-infected stems, surpassing the performance of RGB model at 100 m and maintaining good metrics at 60 m for 
the two-stage model. PAN sharpening techniques contribute to the improved detection of both healthy and diseased 
stems in image analysis and DL applications, offering more accurate insights for informed decision-making in agriculture.
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While higher-resolution images offer advantages in BXW detection, there are associated tradeoffs to carefully consider. 
Lower altitude flights, although improving spatial resolution, may result in longer flight times and increased processing 
duration due to the larger number of data points collected [72]. Additionally, post-processing techniques like PAN sharp-
ening require higher computational power. Therefore, the optimal orthomosaic resolution should be determined by a 
balanced consideration of flight and processing costs. Our study underscores that improving spatial resolution through 
strategies like lower altitude flights and panchromatic fusion techniques significantly enhances the performance of DL 
models in detecting healthy and infected stems. These advancements directly contribute to more precise identification 
and classification of various land-cover types, vegetation indices, and specific stem traits, ultimately supporting more 
effective decision-making in agricultural practices.

4.3 � BXW surveillance system in Africa

Developing UAV-based DL models to detect BXW in Central Africa can potentially bring about significant positive changes 
in BXW management and prevention within the region. Utilizing cost-effective UAV-RGB/MS tools and DL models, this 
detection system offers effective and practical support for monitoring BXW across diverse landscapes.

The impact of this technology manifests in several notable ways. Firstly, the developed DL models exhibit remarkable 
proficiency in accurately detecting healthy and BXW-infected banana stems. This proficiency facilitates early detection 
of BXW outbreaks, enabling swift intervention and targeted management strategies to curtail the disease’s propagation. 
This approach minimizes crop losses and plays a crucial role in safeguarding food security in the region.

Secondly, using UAV-RGB/MS tools enables the acquisition of high-resolution aerial images, facilitating comprehen-
sive monitoring of banana plantations across extensive areas. This technique provides a holistic understanding of BXW’s 
distribution and severity, facilitating the identification of hotspots and areas that require immediate attention. Moreover, 
the developed airborne platform can be complemented with in-field scouting, sampling, and PCR testing [68, 73], as 
well as integration with other technological resources like the AI-driven banana app, Tumaini, [20] and GPS mapping 
of healthy and diseased banana crops (Fig. 16). These additional tools further contribute to establishing robust early 
warning alert systems across African banana production landscapes. Overall, integrating UAV-based DL models and 
related technologies holds immense potential for improving BXW management and prevention efforts. This approach 
can enhance disease control, minimize crop losses, and promote sustainable banana production in Central Africa by 
enabling early detection, precise monitoring, and complementary tools.

Regarding our objectives, our study achieved a professional annotation dataset from BXW at UAV images in Africa, 
the first time this kind of dataset has been obtained for future training or studies in the region. Secondly, this dataset 
uses different combinations of vegetation indices, bands, and fusion data (pansharpening) to allow us to understand the 
importance of spatial and spectral resolution to object detection, focusing on banana diseases. For example, an important 
characteristic to enhance is the flight height to get data because we obtain a better spatial resolution at a lower flight 
height. The influence of the deep learning model is not the most important in most cases; an important part involves 
the analysis of input data, in this case, images with their characteristics. Our study involves the analysis of input data to 

Fig. 16   Multiplatform Early 
Warning Alert System for 
Banana Production
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continue with DL modeling using advanced techniques (Faster R-CNN and Yolo-V8); they were compared with the same 
dataset, having better results with Yolo-V8 in some cases.

In summary, the Faster-RCNN models performed better with the 60 m height images, demonstrating improved pre-
cision, recall, and F1 score for both MS and RGB models. Notably, the MS models significantly improve the detection 
of healthy stems, while the PAN model maintains relatively stable performance. These findings suggest that two-stage 
models capitalize on the improved resolution provided by the 60 m images, leading to enhanced disease-detection 
capabilities. However, Yolo-V8 models present top performance for detecting healthy and infected stems for RGB and PAN 
images at 100 m heights. However, images at lower altitudes confuse the model, drastically affecting the model’s detect-
ing capabilities. Additionally, this model presents difficulties detecting stems for all MS images regardless of the height.

The technical analysis is one of the significant steps in our project; however, our best contribution is to have a meth-
odological section for an early warning system and an automated disease management system for BXW in DR Congo and 
other African countries with similar conditions and limitations. It will give us a background to facilitate the implementa-
tion of the Tumaini AI-powered mobile app database, enabling proactive measures for disease control and management.

5 � Conclusions and future directions

In summary, this research has greatly improved the detection of banana diseases, specifically BXW in diverse African 
systems. A precise model for symptomatic stem detection was developed, and expert-annotated datasets were compiled 
for future studies. Advanced DL algorithms have increased detection accuracy, equipping farmers with efficient tools for 
early disease identification and management.

Despite the promising outcomes, numerous domains stand to gain from additional in-depth investigation and refine-
ment. Collecting images at lower altitudes or utilizing equipment with resolutions capable of achieving similar resolu-
tions to RGB is crucial to improving the performance of MS-DL models or using pansharpening techniques. Additionally, 
further research should focus on expanding dataset expansion and comprehensive field annotations to enhance the 
accuracy of diseased stem identification.

By integrating the UAV-RGB pipeline with other digital tools, such as satellite imagery, AI-powered smartphone apps 
like Tumaini (https://​play.​google.​com/​store/​apps/​detai​ls?​id=​ciat.​cgiar.​org.​tumai​ni&​hl=e), along with linked disease 
mapping databases, advanced early warning systems can continue to be further developed across banana production 
landscapes.

This research sets the stage for future crop-disease detection and management advancements within mixed-complex 
African systems. By leveraging UAV remote sensing, DL models, and digital tools, agricultural practices can be further 
enhanced, and food security in Africa and beyond can be strengthened.
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