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ABSTRACT: Efficient banana crop detection is crucial for precision agriculture; however, traditional remote sensing
methods often lack the spatial resolution required for accurate identification. This study utilizes low-altitude Unmanned
Aerial Vehicle (UAV) images and deep learning-based object detection models to enhance banana plant detection. A
comparative analysis of Faster Region-Based Convolutional Neural Network (Faster R-CNN), You Only Look Once
Version 3 (YOLOv3), Retina Network (RetinaNet), and Single Shot MultiBox Detector (SSD) was conducted to evaluate
their effectiveness. Results show that RetinaNet achieved the highest detection accuracy, with a precision of 96.67%,
a recall of 71.67%, and an F1 score of 81.33%. The study further highlights the impact of scale variation, occlusion,
and vegetation density on detection performance. Unlike previous studies, this research systematically evaluates multi-
scale object detection models for banana plant identification, offering insights into the advantages of UAV-based
deep learning applications in agriculture. In addition, this study compares five evaluation metrics across the four
detection models using both RGB and grayscale images. Specifically, RetinaNet exhibited the best overall performance
with grayscale images, achieving the highest values across all five metrics. Compared to its performance with RGB
images, these results represent a marked improvement, confirming the potential of grayscale preprocessing to enhance
detection capability.
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1 Introduction
Remote sensing imagery can effectively provide relevant information regarding crops and their sur-

roundings, facilitating the analysis of crop growth and health. In particular, satellite imagery enables the
monitoring of the type, quantity, and productivity of crops. Recent studies have focused on precise crop
classification with satellite remote sensing imagery [1–3]. Precision agriculture increasingly relies on high-
resolution remote sensing to optimize farm management. Though widely used, traditional satellite imagery
often lacks the spatial resolution needed to detect individual plants, particularly in complex agricultural
environments with mixed cropping systems. Satellite images have low resolution, potentially compromising
algorithm performance and resulting in errors in crop classification [4]. Moreover, satellite images cannot
be used to detect small crops due to its low spatial resolution and susceptibility to atmospheric disturbance.
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Compared with satellite platforms, Unmanned Aerial Vehicles (UAVs) enable real-time, low-altitude
image acquisition unaffected by clouds and fog, thereby presenting unprecedented opportunities for agri-
cultural applications. UAV imagery provides on-demand, high-resolution data, overcoming the limitations
of satellite-based monitoring. Deep learning-based object detection has significantly improved crop mon-
itoring, enabling the identification and classification of plants from aerial images. In recent years, the
rapid advancement of artificial intelligence (AI) and machine vision, along with other related technologies,
has spurred a demand for heightened intelligence capabilities in UAV [5]. UAVs are lightweight aerial
vehicles equipped with observation sensors and can be operated through various ground-based control
systems [6]. UAVs comprise three main systems: the aircraft, a payload system, and a ground control station.
Without the payload system, the aircraft is a complete aerial vehicle system capable of flying, takeoff, and
landing. The payload system encompasses various equipment such as cameras, observation sensors, light
detection and ranging (LiDAR) [7], multispectral, hyperspectral, and thermal infrared sensors, tailored
for specific missions. The ground control station, situated on the ground, receives real-time information
transmitted by the UAV and its payload system, providing the operator with UAV-related information for
operational purposes.

UAVs can comprehensively capture the morphological and physiological characteristics of crops,
providing valuable support for crop planning, analysis, growth and health assessment, as well as agricultural
monitoring and management. Small UAVs, in particular, serve as an economically practical solution for
capturing high-quality images throughout the growth stages of crops with centimeter-level spatial resolution,
unaffected by stringent weather conditions, facilitating more effective crop management or monitoring [8].
While UAVs inherently cover smaller areas per flight compared to satellites or manned aircraft, their unique
flexibility enables multiple coordinated flights to achieve comprehensive coverage of localized study areas at a
fraction of the operational cost of manned aircraft, which still lag behind UAVs in spatial resolution (typically
10–30 cm/pixel vs. 2–3 cm/pixel). Crucially, UAVs offer unparalleled advantages for precision agriculture:
they operate below cloud cover to ensure weather-resilient data acquisition, execute on-demand flights
timed to critical crop growth stages, and maintain cost-effectiveness—thereby overcoming inherent satellite
limitations such as rigid revisit cycles and susceptibility to atmospheric interference. This combination
of high resolution, adaptability, and operational efficiency makes UAVs uniquely suited for fine-grained
agricultural monitoring. Therefore, high-resolution UAV imagery is extensively employed in precision
agriculture tasks. For example, UAV multispectral images were used to calculate NDVI, creating crop vigor
maps, while bivariate LISA cluster analysis revealed significant positive spatial autocorrelation between cover
crops and vineyards [9]. UAV multispectral images were also utilized in deep learning for canopy delineation,
linking NDVI and canopy area to agronomic data [10].

Deep learning has become a critical technology for processing UAV imagery in precision agriculture,
providing robust solutions for tasks such as crop classification, yield estimation, growth stage monitoring,
and disease detection. Unlike traditional machine learning, deep learning can automatically extract complex
spatial and spectral features from high-resolution UAV images, capturing fine-scale variations in crop health
and development [11]. For example, deep learning models like Convolutional Neural Networks (CNNs) and
their advanced variants (e.g., Mask R-CNN, U-Net) have been widely used to identify and map different
crop types, leveraging their ability to recognize intricate patterns in aerial imagery [10]. The deep learning
models can process multispectral, hyperspectral, and thermal UAV data to distinguish between healthy and
stressed plants, classify growth stages, or even detect specific diseases at the leaf or canopy level [12]. In recent
studies, deep learning has been successfully applied to classify complex agricultural landscapes, improve
weed detection, and enhance crop yield estimation by integrating UAV data with agronomic information [13].
Moreover, the combination of deep learning and UAVs enables real-time crop monitoring and automated
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decision-making, significantly improving agricultural productivity and sustainability. For instance, CNN-
based models have been shown to outperform traditional vegetation indices in detecting early crop stress,
while Transformer-based models are emerging as powerful tools for large-scale crop mapping [14]. This
synergy between UAV imagery and deep learning not only reduces the need for manual field inspections but
also provides more precise and timely insights into crop health, supporting precision farming practices at
scale [15].

Banana orchards in Taiwan are often intercropped with tall betel nut to lessen typhoon damage. This
practice creates dense, overlapping canopies whose leaves are nearly identical in colour, texture, and shape,
leading to severe occlusion and background confusion in UAV images. Year-round cultivation introduces
plants at multiple growth stages, resulting in a wide range of crown sizes and high intra-class diversity.
Seedlings, in particular, are easily mistaken for surrounding weeds because of their small stature and
morphological similarity. These factors together undermine the accuracy of crop-detection algorithms.
Although deep learning is widely adopted in agricultural monitoring, few studies have systematically
compared object detection models for bananas within mixed banana–betel nut systems. This highlights the
need for a comprehensive and comparative assessment of detection methods that can handle scale variation
and occlusion in real-world scenarios.

The integration of deep learning with UAV imagery can further facilitate the extraction of contextual
or semantic information, proving feasible for image classification problems and for detecting banana growth
stages and mixed-cultivation crops with high accuracy. UAVs equipped with cameras have emerged as
effective tools for rapidly surveying large agricultural areas and capturing high-resolution imagery. These
images can be analyzed using deep learning-based object detection methods to automatically identify and
count individual banana plants, offering significant labor and time savings. Although recent advancements
in CNNs have produced powerful object detection models, their applicability to domain-specific scenarios
such as banana plant detection, especially under conditions of scale variation, occlusion, and dense canopy,
has not been systematically studied. The objective of this study is to evaluate and compare the performance of
four widely adopted object detection models—Faster R-CNN, YOLOv3, RetinaNet, and SSD—in detecting
banana plants under real-world UAV imagery conditions. This comparison is highly relevant because banana
plants, depending on the UAV’s altitude, camera angle, and growth stage, exhibit significant variation
in their apparent size, shape, and visibility. Such multi-scale and occluded appearances pose substantial
challenges to current detectors, directly impacting the reliability of UAV-based monitoring systems. While
prior research has applied individual models to banana detection tasks [16], a research gap remains in
conducting a structured, side-by-side evaluation of detection algorithms under consistent environmental
and data conditions. This study addresses the existing gap by systematically evaluating the strengths and
limitations of each model in handling scale variation under varying levels of spatial complexity, factors that
are critical for practical deployment in agricultural environments. The selected models represent diverse
architectural paradigms: Faster R-CNN (a two-stage detector known for high accuracy), YOLOv3 and SSD
(single-stage detectors optimized for real-time performance), and RetinaNet (a single-stage model with
enhanced capability for small-object detection). Furthermore, considering the practical constraints of UAV-
based operations in real-world agricultural fields, such as limited onboard computational resources and the
need for near real-time inference, these models offer a practical balance between detection accuracy and
computational efficiency. Ultimately, this study aims to provide actionable insights into model selection for
UAV-based banana crop monitoring, with broader implications for applications in precision agriculture.

This study aims to fill that gap by comprehensively evaluating CNN-based object detection models on a
new dataset of low-altitude UAV images of banana plantations. We focus on standard RGB imagery captured
from a UAV flying at low altitude, where banana plants are visible in varying sizes. The novelty of this work
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lies in assessing multiple detection algorithms under consistent conditions to identify their strengths and
weaknesses for banana crop monitoring. This is a comparative study of deep learning models for multi-scale
banana plant detection in UAV imagery. Its main contributions are:

• First systematic comparison of CNN-based object detection models for banana crop detection using
UAV imagery in an intercropped environment, analyzing their performance in terms of detection
accuracy, scalability, and computational efficiency.

• Evaluation of multi-scale detection challenges, particularly assessing how different models perform
when detecting banana crops at different growth stages, from small seedlings to fully mature plants.

• Assessment of occlusion effects and mixed cropping environments, focusing on detecting banana plants
in zones where they are interspersed with betel nut trees, leading to complex canopy overlaps.

• Analysis of UAV imaging advantages over satellite-based remote sensing, explaining why UAV imagery
is essential for detecting individual banana plants and overcoming the resolution limitations of
satellite platforms.

The remainder of this paper is organized as follows: Section 2 (Related Work) provides a literature
review on deep learning techniques for crop detection. Section 3 (Materials and Methods) details the UAV
data acquisition process, dataset preparation, and model implementation. Section 4 (Results and Discussion)
presents the experimental findings, analyzes the performance of four deep learning models across Zones A, B,
and C, and interprets the results with respect to three banana canopy levels. Finally, Section 5 (Conclusions)
summarizes the study’s main contributions and suggests potential directions for future research.

2 Related Work
There are many pixels with the same luminance but significantly different chrominance in a color

image [17]. Hence, high-quality and abundant image data are crucial for developing and evaluating deep
learning’s detection performance. UAVs are low-cost and highly flexible tools that can effectively capture
images of the various growth stages of crops and can be utilized to realize deep learning–based crop detection.
Low-altitude UAVs yield high-spatial-resolution images with high classification and detection accuracy [18].

In recent years, the integration of deep learning into UAV remote sensing has yielded efficient methods
for crop detection and crop health assessment. For example, Yang et al. [19] proposed a deep CNN
architecture for low-altitude UAV imagery to estimate rice yield. Chen et al. [20] utilized UAVs and Faster
R-CNN to detect and count mature and immature strawberries. Feng et al. [21] employed a pre-trained deep
learning model (Resnet18) to estimate cotton stand count and canopy size using the data in each UAV image.
Maimaitijiang et al. [22] assessed the capability of UAV-based multimodal data fusion to estimate soybean
yield using deep neural networks.

Computer vision–based precision agriculture tasks typically involve detecting objects of interest (e.g.,
crops, weeds, and fruits) and distinguishing them from their surroundings [23]. Object detection algorithms
in deep learning frameworks have rapidly emerged as a method for processing images captured by UAVs [24].
Therefore, incorporating UAV imagery for object detection in computer vision applications may facilitate
the automation of crop detection. For example, Neupane et al. [25] employed a Faster R-CNN based on
Inception-V2 to detect and count banana plants in high-resolution UAV RGB images, achieving excellent
detection performance (F1 score) ranging from 85.67% to 97.82% at different altitudes. Santos et al. [26]
employed three object detection algorithms (RetinaNet, YOLOv3, and Faster R-CNN) to detect individual
trees in high-resolution RGB images captured by UAVs and evaluated their detection performance. He
et al. [27] used the YOLOv4 algorithm to detect wheat spikes in densely populated areas in UAV aerial
images, achieving an F1 score and average precision (AP) of 96.71% and 77.81%, respectively. Osco et al. [28]
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proposed another CNN-based approach (Faster R-CNN and RetinaNet) to identify and estimate the quantity
of citrus trees in dense fields from multispectral UAV imagery. Tian et al. [29] compared YOLOv3 against
Faster R-CNN in detecting apples at different growth stages in orchards.

Table 1 provides a comprehensive comparison of object detection methods used in UAV imagery
for agricultural applications. It highlights various detection algorithms, target crops, UAV types, dataset
sizes, and performance metrics from different studies, offering valuable insights into crop detection. These
studies employ deep learning methods to identify a wide range of crops, including bananas, strawberries,
trees, wheat, citrus, and apples. The evaluations utilize different types of UAV imagery, including high-
resolution RGB and multispectral images, each providing unique advantages depending on the target crop
and detection requirements. Multispectral images, in particular, capture data beyond the visible spectrum,
including near-infrared (NIR) light, which can be especially useful for assessing plant health, monitoring
stress, and distinguishing between different crop types. In terms of model performance, Faster R-CNN
has demonstrated strong stability across various crops and environmental conditions. For instance, Chen
et al. [20] achieved an F1 score of 0.97 in detecting mature strawberries using high-resolution UAV images,
while Neupane et al. [25] reported F1 scores ranging from 0.86 to 0.98 for banana detection across different
altitudes, highlighting the model’s robustness in diverse flight conditions. Similarly, Osco et al. [28] achieved
a mean Average Precision (mAP) of 0.85 for detecting citrus trees in dense field settings using multispectral
UAV data, demonstrating the model’s effectiveness in complex agricultural environments.

Table 1: Comparison of object detection methods for agricultural applications in UAV imagery

Author Algorithm Target crop UAV type Dataset size Performance metrics
Chen et al. [20] Faster R-CNN Strawberry High-resolution

UAV
1000 images F1 score: 0.97 (mature

strawberries)
Neupane et al. [25] Faster R-CNN

(Inception-V2)
Banana High-resolution

UAV
500 images F1 score: 0.86–0.98

(various altitudes)
Santos et al. [26] RetinaNet,

YOLOv3, Faster
R-CNN

Trees (e.g.,
individual trees)

High-resolution
UAV

1000 images Precision: 0.91, Recall:
0.85 (average)

He et al. [27] YOLOv4 Wheat UAV 800 images F1 score: 0.97, AP: 0.78
Osco et al. [28] Faster R-CNN,

RetinaNet
Citrus trees Multispectral

UAV
600 images mAP: 0.85 (Detection

in dense fields)
Tian et al. [29] YOLOv3 Apple UAV 1200 images Precision: 0.9, Recall:

0.88

3 Materials and Methods
Accurate crop detection relies heavily on the detailed features of the objects, making high-resolution

images essential for capturing fine-grained characteristics. The dimensions and shape of banana leaves differ
between growth stages, necessitating high-spatial-resolution images for accurate recognition. Specifically,
distinguishing between different growth stages and environmental conditions requires the highest possible
image quality. With their ability to capture high-resolution imagery at low altitudes, UAVs are well-suited
for this task, as they enable detailed, real-time monitoring of crop conditions.

The main processes of this study include UAV data collection, image preprocessing and orthomosaic
generation, dataset annotation, dataset splitting, deep learning model training, object detection, model
evaluation, and banana crop health monitoring (Fig. 1).
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Figure 1: Workflow of the study’s main processes

3.1 Image Processing in the Study Area
The study area is situated in Pingtung, Taiwan, with latitude ranging from 22○38′12.2′′N to 22○38′11.8′′N

and longitude from 120○33′14.5′′E to 120○33′20.3′′E. Banana and betel nut are the primary crops in this
region. The UAV conducted aerial operations under clear sky conditions on 16 July 2024, from 14:30 to
14:50 local time. UAV mapping involved meticulously designed low-altitude flight missions and utilized
Structure from Motion technology to generate RGB band orthomosaics of the flight area [30]. In this study,
a DJI-FC3411 UAV was flown at an altitude of 132 m above ground level, with a flight speed of 10 km/h,
a front overlap of 85%, and a side overlap of 80%. These overlap percentages were selected based on best
practices in UAV photogrammetry to ensure high-quality image stitching and orthomosaic generation. To
ensure accurate spatial referencing of UAV imagery, this study utilized GPS-based geotagging and performed
photogrammetric processing using DroneDeploy’s proprietary cloud-based engine. Although no external
Ground Control Points (GCPs) were manually deployed, the system relied on high-resolution UAV metadata
and internal camera calibration parameters for geolocation. The root mean square error (RMSE) of the
camera GPS location was approximately 0.59 m (X-axis), 0.69 m (Y-axis), and 0.32 m (Z-axis), resulting
in an overall planimetric RMSE of 0.55 m. The image alignment rate was 99%, and camera optimization
showed only a 0.02% deviation from reference intrinsics, indicating stable calibration. The ground sampling
distance (GSD) of the orthomosaic was approximately 1.73 cm/pixel, and the point cloud achieved a density of
738 points/m2. Given these metrics, the spatial accuracy was sufficient for the object detection tasks in this
study, including the identification of individual banana plants and small seedlings.

In the aerial mission, 470 images were captured, each with dimensions of 5472 × 3648 pixels. In
aerial photogrammetry, the first step in processing UAV images is the mosaic stitching of overlapping
images. DroneDeploy was used to make geometric and radiometric adjustments. The pixels with a common
perspective were extracted from the images to generate a 3D point cloud and orthomosaic. A series of quality
control and validation measures was implemented to ensure the accuracy of the orthomosaic generated
by DroneDeploy. These measures, including relative distance validation, overlap assessment, seam line
inspections, and DSM cross-validation, ensured that the orthomosaic was highly accurate and reliable.
The final orthomosaic maintained a spatial accuracy within ±5 cm, making it suitable for high-resolution
object detection tasks. These validation steps were designed to verify both spatial accuracy and geometric
consistency, ensuring that the UAV-derived imagery provided a reliable basis for detecting banana crops.

The banana crop dataset used in this study was created using 470 high-resolution UAV images, each with
manually annotated bounding boxes of banana plants captured at various growth stages and under diverse
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environmental conditions. To ensure the quality and reliability of the training dataset, this study utilized
the Imagery—Label Object for Deep Learning tool in ArcGIS Pro to annotate UAV imagery manually.
The annotation workflow consisted of the following three steps: (1) Image Cropping: The original UAV
images were first cropped to focus on regions of interest, including banana seedlings, mature banana plants,
and intercropping scenes of bananas and betel nut trees. Cropping helped eliminate irrelevant background
information, allowing the model to learn banana-specific features more effectively. (2) Image Resizing: To
maintain consistency in input dimensions, all cropped images were resized to a fixed size of 64 × 64 pixels
for banana seedlings, and 128 × 128 pixels for mature banana plants and banana–betel nut intercropping.
This preprocessing step ensured uniform input for both training and inference stages, thereby enhancing
computational efficiency and training stability. (3) Image Annotation: All banana plants were manually delin-
eated with tight bounding boxes and assigned a single class label—“banana,” irrespective of growth stage.
This unified scheme streamlines the training pipeline and alleviates class imbalance arising from the limited
number of samples at specific growth stages and canopy conditions, such as banana seedlings, mature banana
plants, and bananas intercropped with betel nut trees (Fig. 2). However, the trade-off is reduced phenological
granularity: stage variability is only implicitly encoded, rather than explicitly represented by subclasses.
While this choice enhances detection robustness across heterogeneous field scenes, it restricts quantitative
analysis of canopy development. The present annotations intentionally retain intra-class diversity, yet future
work targeting phenological monitoring would benefit from stage-specific labels.

(b) Zone A 

(b) Zone B 

(c) Zone C 

Figure 2: The dataset in this study consists of: (a) banana seedlings, (b) mature banana plants, and (c) banana and betel
nut mix

To prepare the dataset for model training and evaluation, all annotated banana images were divided into
three subsets: training set (80%), validation set (10%), and test set (10%). The division was performed using
a random sampling strategy to ensure that each subset contained a representative mix of banana instances
across different growth stages, lighting conditions, and canopy densities. To reduce potential sampling
bias, the random splitting process was repeated several times, and the configuration with the most even
distribution of object counts across subsets was selected. Specifically, the training set comprised 5792 objects,
the validation set contained 724 objects, and the test set consisted of 724 objects, ensuring proportionality
with the total of 7240 annotated instances (Table 2). This sampling strategy was designed to maximize the
diversity within each subset while preserving consistency in object distribution, thereby supporting robust
model training and fair performance evaluation.
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Table 2: Composition of the annotated dataset

Label type Description Image count Visual characteristics
Banana seedlings Early-stage small plants with sparse canopies 2397 images Small size, low height, less shadow overlap
Mature bananas Fully grown banana plants 1599 images Larger canopy, distinct leaf shape, and density

Intercropped Bananas with betel nut tree interference 3244 images Partial occlusion, overlapping foliage

Regarding the potential risk of overfitting due to the relatively small size of the validation and test sets—
a common concern when applying CNNs to moderately sized datasets—we implemented several strategies
to mitigate this issue. During model training, early stopping was applied based on validation loss: training
was terminated if the validation loss did not improve over 15 consecutive epochs, effectively preventing the
model from overfitting to the training data. In addition, a series of data augmentation techniques—including
random flipping, rotation, scaling, and brightness adjustment—were applied to the training set to increase
data diversity and enhance the model’s generalization capability.

The orthomosaic image was segmented into five zones: banana seedlings (Zone A), mature banana trees
(Zone B), banana and betel nut mix (Zone C), other tree species (Zone D), and weeds with bare ground
(Zone E) (Fig. 3). Santos et al. [26] highlighted several challenges in object detection; first, detecting smaller
objects requires the extraction of more contextual semantic information; second, objects of the same category
may exhibit scale variations; third, objects are often occluded by other objects or background obstacles. Thus,
banana crops with different characteristics in regions A, B, and C were examined through deep learning–
based object detection. Specifically, Zone A comprises banana seedlings (small objects) with a planting area
of 1310.45 m2; Zone B encompasses mature banana plants (scale variations within the same category) covering
an area of 2569.32 m2; and Zone C involves mixed cultivation of bananas and betel nuts, covering an area of
4426.13 m2 with occlusion (Table 3).

Figure 3: Orthomosaic of the study area showing banana seedlings (a), mature banana trees (b), intercropped banana
and betel nut (c), other tree species (d), and weeds with bare ground (e)
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Table 3: Areas of different crops in the study regions

Zone Class Area (m2) Percentage (%)
A Banana seedlings 1310.45 11.21
B Mature banana trees 2569.32 21.98
C Banana and betel nut mix 4426.13 37.87
D Other tree species 1208.95 10.34
E Weeds with bare ground 2173.82 18.60

Pingtung County is Taiwan’s largest banana-producing region, accounting for approximately 40% of
the national cultivation area. This study selected a representative banana plantation intercropped with betel
nut palms and defined three distinct zones to capture varying levels of complexity relevant for image-based
detection: Zone A (newly planted banana seedlings), Zone B (maturing banana plants), and Zone C (bananas
intercropped with taller betel nut trees). These zones were specifically chosen to evaluate object detection
models under realistic agricultural scenarios, ranging from straightforward identification tasks with clearly
visible seedlings to challenging cases involving complex canopy structures and intercropping conditions.

3.2 Object Detection Models
In recent years, deep learning has significantly advanced object detection in UAV-based agricultural

monitoring, enabling precise and efficient analysis of high-resolution aerial imagery. Faster R-CNN employs
a two-stage pipeline that combines a Region Proposal Network (RPN) with subsequent classification,
achieving high accuracy at the expense of increased computational load and inference time [31]. Conversely,
one-stage models such as YOLO, RetinaNet, and SSD perform direct predictions of bounding boxes and
class probabilities in a single pass, substantially enhancing inference speed and suitability for real-time UAV
applications. YOLO excels in real-time tasks through multi-scale feature extraction, although its accuracy
diminishes for very small or heavily occluded objects [32,33]. RetinaNet addresses class imbalance via Focal
Loss and improves detection accuracy for smaller targets using Feature Pyramid Networks, but at increased
computational complexity [34]. SSD leverages multi-scale feature maps and default anchor boxes for varying
object sizes; however, the resolution of deeper layers limits its precision for extremely small objects [35].

In this study, Faster R-CNN, YOLOv3, RetinaNet, and SSD were selected for comparison based on
their widespread use in object detection and their demonstrated effectiveness in agricultural applications.
However, each of these models presents distinct advantages and limitations, which influenced their inclusion
in this study. As a region-based convolutional network, Faster R-CNN offers high detection accuracy
and precise localization, making it well-suited for complex agricultural scenes with dense foliage and
overlapping crops. However, it suffers from high computational costs and longer inference times, which can
be impractical for real-time UAV applications. Known for its speed and efficiency, YOLOv3 is a single-stage
detector that simultaneously predicts object bounding boxes and class probabilities. It achieves real-time
processing speeds but often sacrifices detection accuracy for smaller or partially occluded objects, which can
be a challenge in dense crop fields. Newer versions, like YOLOv11, have improved accuracy but at the cost of
increased model complexity and computational requirements, which may not always be feasible for real-time
UAV applications in remote environments. RetinaNet addresses the class imbalance issue common in UAV
crop datasets through its Focal Loss function, making it particularly effective in detecting smaller objects
or rare crop types. Unlike two-stage detectors, it adopts a single-stage architecture, allowing it to perform
both object classification and bounding box regression in a single forward pass. SSD accelerates inference
by predicting class scores and bounding boxes on a pyramid of feature maps at multiple depths, which helps
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it cope with objects of different sizes. However, the progressively coarser resolution of the deeper feature
maps—and the use of preset anchor boxes—reduces localisation precision for very small targets, limiting
SSD’s effectiveness for early-stage crops or other fine-scale features in UAV images.

The deep learning-based object detection models employed in this study were configured with specific
backbone architectures to optimize feature extraction and enhance detection performance in UAV-acquired
banana crop imagery (Table 4). Faster R-CNN utilized a ResNet-50 backbone with a FPN to improve multi-
scale feature representation, while YOLOv3 was implemented with the Darknet-53 architecture, which
provides a balance between computational efficiency and detection accuracy. RetinaNet, similar to Faster R-
CNN, incorporated ResNet-50 with FPN to facilitate robust object localization across varying scales, whereas
SSD was equipped with a VGG-16 backbone, a widely adopted architecture known for its efficiency in single-
stage object detection. To ensure a fair comparison among these models, a standardized training protocol
was employed. The learning rate was set to 0.001 for YOLOv3 and SSD, whereas a lower learning rate of
0.0001 was applied to Faster R-CNN and RetinaNet to accommodate their more complex architectures.
Adam optimization was used for YOLOv3 and RetinaNet to enhance convergence stability, while Stochastic
Gradient Descent (SGD) was adopted for Faster R-CNN and SSD to maintain training consistency with
prior research. All models were trained using a batch size of 16 over 50 epochs to ensure sufficient parameter
updates without excessive computational overhead. Furthermore, a set of data augmentation techniques,
including random horizontal flipping, rotation within a range of±5○, and brightness adjustment of±10%, was
applied to improve model generalization and robustness against variations in illumination and perspective
distortions inherent in UAV imagery. These configurations were carefully selected based on empirical
tuning and prior literature to maximize the models’ effectiveness in detecting banana crops under diverse
environmental conditions.

Table 4: Architectures and parameters of the four deep learning models used in this study

Algorithm Backbone Architecture Anchor sizes/Aspect ratios
Faster R-CNN ResNet-50 - Convolutional Layers: conv1 to conv5

- RPN Layers: 3 × 3 convolution, 1 × 1
convolution for anchor classification and

regression
- ROI Pooling: Converts proposed regions to

fixed size for classification
- Fully Connected Layers: 2 fully connected

layers (fc6, fc7)
- Output: Softmax classification, bounding box

regression

Multiple scales (128, 256, 512) 3
aspect ratios (1:1, 1:2, 2:1)

YOLOv3 Darknet-53 - Convolutional Layers: 53 convolutional layers
with batch normalization and leaky ReLU

- Residual Blocks: 23 residual blocks for feature
reuse

- Detection Heads: 3 heads (13 × 13, 26 × 26,
52 × 52) for multi-scale detection

- Output: 3 bounding boxes per cell, each with
4 coordinates, objectness score, and class

probabilities

9 anchors across 3 scales (small,
medium, large)

(Continued)
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Table 4 (continued)

Algorithm Backbone Architecture Anchor sizes/Aspect ratios
RetinaNet ResNet-50 - Convolutional Layers: conv1 to conv5

- FPN Layers: Lateral connections from each
ResNet block, merged with top-down pathway
- Classification Subnet: 4 convolutional layers,

each with 256 filters, followed by focal loss
- Regression Subnet: 4 convolutional layers,

each with 256 filters, for bounding box
coordinates

- Output: Focal Loss for classification, Smooth
L1 Loss for bounding box regression

Multiple scales (32, 64, 128, 256,
512) 3 aspect ratios (1:1, 1:2, 2:1)

SSD VGG-16 - Base Layers: Standard VGG-16 layers (conv1
to conv5)

- Additional Convolutional Layers: 6 layers
added for deeper feature maps (conv6, conv7,

conv8, conv9)
- Multi-scale Feature Maps: 6 feature scales
(38 × 38, 19 × 19, 10 × 10, 5 × 5, 3 × 3, 1 × 1)

- Output: Class predictions and bounding box
regressions at each scale

Multiple default anchor boxes per
feature map cell, covering a range

of sizes and aspect ratios

In this study, four deep learning techniques (Faster R-CNN, YOLOv3, RetinaNet, and SSD) are
employed to detect banana crops in low-altitude UAV imagery, assessing their respective capabilities in crop
detection. Evaluation metrics encompass Precision, Recall, F1 score, Intersection over Union (IoU), and
average precision (AP), which are based on true positive (TP), false negative (FN), and false positive (FP)
classifications. Predictions for banana detection are based on the spatial location of objects in images, with
each detected bounding box aligned to a ground truth object. If a crop is labeled as class A and is classified
as class A, it is considered a TP. If a crop is labeled as class A but remains unclassified (assigned to another
class), it is categorized as a FN. In the case where a crop is not present but is classified, it is treated as a FP.
We anticipate higher TP, lower FN, and lower FP to achieve increased accuracy.

Precision (P) = TP
TP + FP

(1)

Recall (R) = TP
TP + FN

(2)

F1 score = 2RP
P + R

(3)

IoU = TP
TP + FP + FN

(4)

Average Precision (AP) = ∫
1

0
Precision (Recal l) d (Recal l) (5)

Precision is calculated as the percentage of TPs among detected bounding boxes, gauges the model’s
efficacy in identifying actual bananas (Eq. (1)). Recall is defined as the percentage of TPs, representing the
proportion of successfully detected actual bananas (Eq. (2)). F1 score, the harmonic mean of Precision and
Recall, is calculated per Eq. (3). IoU (Eq. (4)) is defined as TP/(TP + FN + FP). AP is defined as the mean
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precision across recalls at various IoU thresholds from 0 to 1 (Eq. (5)), interpreted as the area under the
precision-recall curve.

4 Results and Discussion

4.1 Detection Results
Faster R-CNN, YOLOv3, RetinaNet, and SSD were compared with each other for the detection of

banana seedlings, mature banana trees, and mixed cultivation of bananas and betel nuts. The red, yellow,
blue, and purple boxes indicate banana plants detected by Faster R-CNN, YOLOv3, RetinaNet, and SSD,
respectively. Table 5 demonstrates RetinaNet’s superior banana seedling detection performance in Zone A,
with all metrics exceeding 0.9 and an IoU of 0.87. Faster R-CNN delivered the second-best results, achieving
the highest true positives (TP = 188) and lowest omission rate (FN = 19). Conversely, YOLOv3 and SSD
showed markedly inferior performance, registering only 2 and 13 TPs, respectively. YOLOv3 exhibited the
highest omission rate (FN = 227), while SSD produced the highest commission errors (FP = 17). YOLOv3’s
spatial constraints on bounding box predictions (Fig. 4) further explain its difficulty in detecting small
objects, such as banana seedlings.

Table 5: Detection performance of four algorithms for Zone A (Banana Seedlings)

Algorithm Precision Recall F1 score AP IoU TP FP FN
Faster R-CNN 0.95 0.74 0.83 0.73 0.72 151 8 52

YOLOv3 0.50 0.01 0.02 0.00 0.01 2 2 227
RetinaNet 0.94 0.92 0.93 0.91 0.87 188 12 17

SSD 0.52 0.07 0.13 0.05 0.07 13 12 170

(a) Original RGB image for Zone A (b) Ground truth for Zone A 

(c) Overlay of Faster R-CNN and ground truth in Zone A (d) Overlay of YOLOv3 and ground truth in Zone A 

Figure 4: (Contiuned)
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(e) Overlay of RetinaNet and ground truth in Zone A (f) Overlay of SSD and ground truth in Zone A 

Figure 4: Detection results of four deep learning techniques and ground truth for Zone A

As illustrated in Table 6, RetinaNet accurately identified 214 bananas (TP) in Zone B, with the lowest
FP at 5 and the lowest omission rate, indicated by an FN of 117. Furthermore, RetinaNet achieved the highest
Precision at 0.98, with YOLOv3 exhibiting the second-highest Precision at 0.84. Compared with banana
seedlings, YOLOv3 demonstrated a notable improvement in detecting mature banana trees. By contrast,
SSD exhibited suboptimal detection performance for both banana seedlings and mature banana trees. As
depicted in Fig. 5, all four deep learning techniques demonstrated considerably improved detection of mature
banana trees.

Table 6: Detection performance of four algorithms in Zone B (Mature Banana Plants)

Algorithm Precision Recall F1 score AP IoU TP FP FN
Faster R-CNN 0.81 0.46 0.59 0.41 0.41 140 33 165

YOLOv3 0.84 0.52 0.64 0.49 0.47 166 31 156
RetinaNet 0.98 0.65 0.78 0.65 0.64 214 5 117

SSD 0.78 0.34 0.47 0.29 0.31 111 32 220

(a) Original RGB image for Zone B (b) Ground truth for Zone B 

Figure 5: (Contiuned)
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(c) Overlay of Faster R-CNN and ground truth in Zone B (d) Overlay of YOLOv3 and ground truth in Zone B 

(e) Overlay of RetinaNet and ground truth in Zone B (f) Overlay of SSD and ground truth in Zone B 

Figure 5: Detection results of four deep learning techniques and ground truth for Zone B

In some parts of Zone C, the canopy of betel nut palms cast shadows or partially occluded the banana
plants underneath. This led to a few missed detections (false negatives) where banana plants under heavy
shadow were not detected. Moreover, due to the intermixing of banana and betel nut crowns in the imagery,
the model occasionally produced a slightly imprecise bounding box that covered a cluster of leaves from
both a banana and an adjacent betel nut sapling. We emphasize that we did not explicitly train the model
to recognize betel nut trees as a separate class; they were effectively part of the background clutter. The
presence of another crop species (betel nut) in the scene is thus a test of the model’s robustness to non-target
objects. For the most part, the model focused on the banana plant features and ignored betel nut crowns,
but the few errors indicate that there is room for improving how context is handled by the detector in mixed
cropping environments.

Fig. 6 illustrates the detection performance of four deep learning techniques for bananas in Zone C,
where taller betel nut plants partially obscured the bananas. Particularly, RetinaNet accurately detected 426
banana trees in Zone C, exhibiting the lowest FP and FN rates of 8 and 314, respectively. RetinaNet’s IoU was
the only one exceeding 0.5 (Table 7). Although SSD typically achieves higher real-time detection speed, it is
more sensitive to changes in object position and size. Thus, its detection performance was relatively poor in
scenarios involving object occlusion and deformation.
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(a) Original RGB image for Zone C (b) Ground truth for Zone C 

(c) Overlay of Faster R-CNN and ground truth in Zone C (d) Overlay of YOLOv3 and ground truth in Zone C 

(e) Overlay of RetinaNet and ground truth in Zone C (f) Overlay of SSD and ground truth in Zone C 

Figure 6: Detection results of four deep learning techniques and ground truth for Zone C
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Table 7: Detection performance of four algorithms for Zone C (Bananas and Betel Nuts)

Algorithm Precision Recall F1 score AP IoU TP FP FN
Faster

R-CNN
0.84 0.45 0.59 0.42 0.41 316 62 386

YOLOv3 0.95 0.37 0.54 0.36 0.37 263 13 444
RetinaNet 0.98 0.58 0.73 0.58 0.57 426 8 314

SSD 0.68 0.21 0.32 0.17 0.19 150 70 581

The red, yellow, blue, and purple bounding boxes represent the three types of banana scenes detected by
Faster R-CNN, YOLOv3, RetinaNet, and SSD, respectively (Fig. 7). The results indicate that Faster R-CNN
and RetinaNet performed well in banana crop detection. In this study, RetinaNet demonstrated outstanding
performance, achieving a Precision of 0.91, Recall of 0.66, F1 score of 0.76, AP of 0.64, and IoU of 0.62
(Table 8). Among all models, RetinaNet recorded the highest number of true positives (TP = 838) and the
lowest number of false negatives (FN = 435). Notably, it showed superior capability in detecting smaller
banana crops during their early growth stages.

(a) Faster R-CNN (b) YOLOv3 

(c) RetinaNet (d) SSD 

Figure 7: Banana crop detection using four deep learning techniques

Table 8: Detection performance of four algorithms on banana crops

Algorithm Precision Recall F1 score AP IoU TP FP FN
Faster

R-CNN
0.83 0.50 0.62 0.46 0.45 614 128 626

YOLOv3 0.89 0.36 0.51 0.33 0.34 435 53 790
RetinaNet 0.91 0.66 0.76 0.64 0.62 838 80 435

SSD 0.70 0.22 0.34 0.18 0.2 275 119 972

4.2 Comprehensive Evaluation
Fig. 8 compares the performance of four detection models (Faster R-CNN, YOLOv3, RetinaNet, and

SSD) across three cultivation zones using Precision, Recall, F1 score, and AP metrics. RetinaNet demonstrates
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consistent superiority in all zones, achieving near-perfect scores (≈1.0) in Zone A. Although performance
slightly declines in Zones B and C, it remains the highest-performing model. Faster R-CNN ranks second
overall, with competitive Precision but marginally lower Recall and F1 scores than RetinaNet. YOLOv3
demonstrates moderate capability, showing localized improvement in Zone C, yet underperforming relative
to the leading models. SSD consistently yields the weakest results across all evaluation zones and metrics.

Figure 8: Performance of four deep learning models in three zones

Fig. 9a,b compares Precision and AP across four deep learning models in three cultivation zones.
RetinaNet demonstrates superior performance, maintaining Precision > 0.94 across all zones (peaking at
0.98 in Zones B-C) and achieving the highest AP values (0.91 in Zone A, 0.65 in B, 0.58 in C). Though its AP
shows a modest decline in Zones B-C, it consistently outperforms competitors. Faster R-CNN exhibits stable
Precision (0.81–0.95) but significant AP variability: second-highest in Zone A (0.73) vs. substantially lower
values in Zones B (0.41) and C (0.42). YOLOv3 shows marked zonal divergence, with severely compromised
performance in Zone A (Precision = 0.50, AP = 0.0044) despite improvement in Zones B-C (Precision =
0.84/0.95, AP = 0.49/0.36). SSD delivers the weakest overall results, demonstrating both instability and poor
capability (e.g., Zone A Precision = 0.52, AP = 0.051). The consistently lower metrics in Zone A across models
indicate inherent challenges in detecting small objects.

Figure 9: Heatmaps of Precision and AP for four deep learning models
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Overall, RetinaNet exhibited superior performance in detecting the three characteristics of banana
crops. The mean values for Precision, Recall, F1 score, AP, and IoU were 96.66%, 71.67%, 81.33%, 71.33%,
and 66.67%, respectively. Furthermore, the maximum values and upper quartiles of each evaluation metric
almost exceeded 90% and 75%, respectively. RetinaNet’s validation results were promising, indicating better
detection integrity and accuracy relative to the other three deep learning techniques (Fig. 10). Faster R-
CNN exhibited the second-best detection performance, with maximum values and upper quartiles of each
evaluation metric surpassing 70% and 60%, respectively. The various evaluation metrics for YOLOv3 had
minimum values close to 0, with lower quartiles not exceeding 15%. Moreover, YOLOv3 yielded the largest
interquartile range (IQR) among the four deep learning techniques, indicating variability in detection
performance across different characteristics of banana crops. SSD demonstrated the poorest performance
in detecting the three characteristics of banana crops. Although the median for Precision was 66.9%, the
medians for other evaluation metrics did not exceed 35%.

Figure 10: Evaluation metric values for banana crop detection through four deep learning

Fig. 10 presents the computed metric values for the evaluation dataset, stratified into three geographic
zones (A–C). Each zone was analysed using train/validation/test splits obtained from repeated stratified
random sampling of the whole dataset (80%, 10%, and 10%). Consequently, the dispersion captures stochastic
variation across folds arising from (a) Dataset heterogeneity: Zone A is dominated by seedlings, Zone B by
mature banana trees, and Zone C by banana–betel-nut intercropping with heavy shadowing and occlusion.
This spectrum of object sizes and visual clutter yields markedly different TP/FN patterns, especially for
single-stage detectors with fixed anchors. (b) Environmental factors: Uneven illumination and shadows cast
by taller betel-nut palms in Zone C, together with subtle leaf-colour shifts between sunlit and shaded crowns,
generate fold-to-fold fluctuations even after augmentation. (c) Occlusion and overlap: The mixed canopy in
Zone C often obscures banana leaves, inflating false-negative counts for all four deep-learning models and
widening their performance spread across folds.

This study incorporates crown detection by classifying canopy areas into three categories: <1.8 m2,
1.8–3.5 m2, and >3.5 m2. These categories represent different growth stages and spatial extents of the crop
canopy, which directly influence the visual features captured in UAV imagery, such as texture and shape.
This classification aids the detection process by enabling deep learning models to distinguish between small,
medium, and large canopy structures, thereby improving detection accuracy under multi-scale conditions.
Four deep learning models were applied to detect banana plants across these canopy classes.



Comput Mater Contin. 2025;84(3) 4645

Fig. 11 illustrates the ground truth for the canopy classification of banana crops, alongside the detection
results of Faster R-CNN, YOLOv3, RetinaNet, and SSD for different canopy levels. Additionally, the
capabilities of the four deep learning techniques were quantified by counting TP, FP, and FN. As shown
in Fig. 12, RetinaNet detected the most number of banana canopies (TP = 490), and the quantities were
similar across the three levels. The second-most optimal algorithm was Faster R-CNN (TP = 397). YOLOv3
and SSD exhibited poorer detection capabilities for canopies smaller than 1.8 m2, although both had lower
FP counts. YOLOv3 had the lowest FP count (FP = 20) for canopies larger than 3.5 m2, while SSD also had
a relatively small FP count (FP = 23) for canopies between 1.8 and 3.5 m2. RetinaNet had a lower FN count
(FN = 49) for canopies smaller than 1.8 m2, while SSD had the highest FN count (FN = 335) for canopies
between 1.8 and 3.5 m2.

Figure 11: Detection of banana crops by four deep learning in three canopy levels
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Figure 12: Number of detected positive and negative examples for different banana canopy levels using the four
machine learning

In-depth evaluation of the detection performance of the four deep learning techniques for the three
canopy levels was conducted using metrics such as Precision, Recall, F1 score, and IoU. As depicted in Fig. 13,
RetinaNet and Faster R-CNN exhibited relatively minor differences in detection performance across the
three canopy levels. Specifically, RetinaNet excelled in detecting canopies smaller than 1.8 m2. By contrast,
YOLOv3 and SSD exhibited notable variations in detection capabilities across the three canopy levels. These
two deep learning techniques demonstrated superior detection capabilities for larger canopies. Notably,
SSD excelled in detecting canopies larger than 3.5 m2, while YOLOv3 exhibited the worst performance in
detecting canopies smaller than 1.8 m2.
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Figure 13: Evaluation metric values for different banana canopy levels using the four machine learning
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4.3 Grayscale Image for Improved Banana Detection
Deep learning has significantly advanced object detection and become an essential tool for crop

monitoring. However, the intercropping of banana and betel nut trees, along with the visual similarity
between banana seedlings and surrounding weeds, presents notable challenges for accurate detection. To
address these issues, this study implemented grayscale conversion as an additional preprocessing step.
This transformation reduces spectral complexity by converting RGB images into single-channel luminance
representations, thereby mitigating chromatic inconsistencies that may interfere with feature extraction and
classification. Grayscale values were computed using the standard luminance-preserving formula: Gray =
0.299 × R + 0.587 × G + 0.114 × B. This preprocessing method serves two main purposes: (1) it reduces
computational complexity by lowering input dimensionality, thus improving training efficiency on hardware-
constrained UAV platforms; and (2) it suppresses colour-based noise, enabling detection models to exploit
better structural and textural cues essential for identifying small, partially occluded banana plants.

Since the detection models selected for evaluation (YOLOv3, Faster R-CNN, RetinaNet, and SSD)
require three-channel inputs, each single-channel grayscale image was replicated across the RGB chan-
nels, producing a three-channel grayscale image compatible with the models’ pretrained CNN backbones
(Darknet-53, ResNet-50, and VGG-16). This replication preserves network architecture, maintains pretrained
weights, and supports efficient training. Consequently, the models can effectively learn luminance-based
structural and textural features, crucial for accurate detection in visually complex agricultural environments.

To compare the performance differences of deep learning methods in banana detection using RGB and
grayscale images, this study evaluates the convergence of the cost function for each model by examining the
loss. As shown in Fig. 14, RetinaNet begins to converge around the 300th batch, with the final training loss
and validation loss remaining close to each other. This indicates a stable learning process, with the training
and validation loss curves aligning well and no evident signs of overfitting. In contrast, Faster R-CNN and
SSD exhibit overfitting, as evidenced by significant discrepancies between training and validation loss curves,
suggesting notable learning errors and instability between the training and validation datasets. When the
training and validation loss curves are inconsistent, it often implies insufficient generalization capability
of the model on unseen images, thereby reducing its reliability in real-world applications. Specifically, the
validation loss curve of Faster R-CNN shows considerable fluctuations, reflecting instability during training.
SSD, on the other hand, demonstrates an incomplete convergence of the loss curve, indicating a potential
risk of overfitting as well. Although YOLOv3 does not exhibit severe overfitting, a slight difference still exists
between its training and validation losses, suggesting that the model’s performance is not entirely consistent
across datasets. Moreover, YOLOv3 has the highest loss among the four models, possibly indicating its limited
capability in detecting certain banana features. Overall, all four detection models show better training and
validation performance when using grayscale images compared to RGB images. This is attributed to the
reduction of color interference and the enhancement of shape and texture features in grayscale imagery.
Notably, RetinaNet not only achieves the lowest loss value on grayscale images but also successfully avoids
overfitting. It effectively balances the detection of bananas of various sizes, demonstrating the robustness of
single-stage models combined with Focal Loss in addressing class imbalance and small object detection tasks.
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Figure 14: Training and validation loss of the four models on RGB and grayscale image
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Fig. 15 presents the results of banana detection using grayscale images across the four models examined
in this study. Overall, the experimental findings indicate that detection performance with grayscale images
generally surpasses that with RGB images, particularly in identifying banana seedlings, where notable
improvements were observed. Among the models, RetinaNet demonstrated the most significant enhance-
ment under grayscale input. Specifically, the number of true positives (TP) increased by 120, while false
positives (FP) decreased by 20. Although false negatives (FN) slightly increased by 18, the overall detection
performance still showed an upward trend.
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Figure 15: Banana detection results using four models on grayscale images
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To further evaluate the impact of image type on banana detection performance, this study compared
five standard metrics: Precision, Recall, F1 score, AP, and IoU, across four object detection models using both
RGB and grayscale images (Table 9). The results demonstrate that all models exhibited superior performance
with grayscale images, indicating enhanced detection stability and accuracy when color information was
minimized. Among the models, RetinaNet achieved the highest performance across all metrics under
grayscale input, with a Precision of 94%, Recall of 68%, F1 score of 0.79, and AP of 0.66. These results
represent a significant improvement over its performance on RGB images, highlighting the efficacy of
grayscale preprocessing for enhancing object detection. Faster R-CNN and YOLOv3 also showed noticeable
performance gains with grayscale inputs, particularly in Recall, reflecting improved sensitivity to banana
targets. In contrast, SSD consistently yielded the lowest detection performance among the four models across
both image types. Nevertheless, SSD exhibited marginal performance improvements when utilizing grayscale
images, suggesting that grayscale preprocessing can benefit even less robust architectures.

Table 9: Performance metrics of the four models on RGB and grayscale images

Models Precision (%) Recall (%) F1 score AP IoU
RGB + Faster R-CNN 83 50 0.62 0.46 0.45

Grayscale + Faster R-CNN 72 84 0.77 0.72 0.63
RGB + YOLOv3 89 36 0.51 0.33 0.34

Grayscale + YOLOv3 73 81 0.77 0.69 0.62
RGB + RetinaNet 91 66 0.76 0.64 0.62

Grayscale + RetinaNet 94 68 0.79 0.66 0.65
RGB + SSD 70 22 0.34 0.18 0.20

Grayscale + SSD 74 44 0.55 0.34 0.38

The observed performance enhancement with grayscale images is particularly relevant given the high
visual similarity in both color and shape between banana and betel nut leaves in the study context. This
similarity makes object discrimination using RGB images more challenging. By retaining luminance while
removing color information, grayscale images enabled the models to distinguish shape and texture features
of the target crops more effectively. As a result, all four models achieved their highest overall performance
with grayscale inputs, yielding a mean Average Precision (AP) of 0.78 and an average F1 score of 0.72. These
results indicate that incorporating grayscale conversion improved classification performance under high-
noise conditions, with higher AP, F1 score, and precision compared to using RGB inputs alone.

4.4 Practical Implications and Limitations
The findings of this study offer several valuable implications for precision agriculture and UAV-based

crop monitoring in real-world agricultural settings. The demonstrated advantage of grayscale prepro-
cessing in enhancing detection performance, especially for small and visually similar objects such as
banana seedlings, highlights a promising direction for improving object recognition accuracy in complex
planting environments, including densely vegetated or intercropped systems. Therefore, in combination
with lightweight preprocessing techniques such as grayscale conversion, the proposed approach presents a
cost-effective and scalable solution for crop surveillance, particularly in resource-constrained rural areas.
By reducing computational complexity and enhancing model convergence, this strategy enables on-site
or near-real-time monitoring, which supports timely decisions in farm management, pest control, and
yield estimation.
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While the results of this study provide valuable insights into the performance of deep learning-based
object detection models for banana crop detection, several limitations must be acknowledged. First, the
entire dataset was collected from a single site located in Pingtung County, Taiwan, under homogeneous
environmental conditions. Although this controlled setting enabled consistent image quality and reliable
evaluation, it also limits the generalizability of the findings to other regions or cropping systems with different
climatic, topographic, or agronomic characteristics. Second, the banana varieties, cultivation practices,
and intercropping patterns (with betel nut trees) analyzed in this study are representative of southern
Taiwan’s agricultural context but may differ significantly from those in other banana-producing regions.
Third, the UAV imagery was collected during a single flight under clear-sky conditions and consistent
lighting. Variations in lighting, weather, or seasonal conditions, which are common in real-world agricultural
monitoring, were not explicitly evaluated. Additionally, model training and evaluation were based on
standard RGB images, with grayscale conversion applied as a preprocessing strategy. While this showed
performance benefits in the current setting, its effectiveness in broader contexts remains to be validated.
Finally, due to resource limitations, we did not explore domain adaptation techniques or transfer learning
strategies that could help generalize the models across different environmental or geographic conditions.
Future work should include multi-site data collection, varying agro-climatic conditions, and more diverse
crop management scenarios to validate and extend the applicability of the proposed approach.

5 Conclusion
This study investigated the effectiveness of deep learning-based object detection models for banana

crop identification using UAV-acquired imagery. By systematically evaluating Faster R-CNN, YOLOv3,
RetinaNet, and SSD, we assessed their performance in detecting banana plants across different growth
stages and under complex intercropping conditions with betel nuts. The results demonstrated that RetinaNet
achieved the highest detection accuracy across all zones, particularly in identifying smaller and partially
occluded banana plants. While this study successfully demonstrates the use of low-altitude UAV imagery and
deep learning for banana crop detection, several limitations should be noted. The models struggled with small
banana seedlings, particularly in Zone A, due to their small size and visual similarity to weeds, indicating
that higher-resolution imaging or specialized detection techniques may be necessary. In Zone C, occlusions
from betel nut trees and shadows reduced detection accuracy, which could potentially be improved through
grayscale image processing technology. Lastly, since the model was trained specifically for banana plantations
in Taiwan, expanding its application to other crops or regions would require additional training data and
model adaptation.

Insights gained from this study may serve as a foundation for developing more advanced hybrid models
that combine the strengths of both CNN-based and Transformer-based architectures. Recent advancements
in object detection, particularly the emergence of YOLOv10/YOLOv11 and Transformer-based models such
as DEtection TRansformer (DETR) and Swin Transformer, have demonstrated superior performance in
complex scenes and small-object detection. These newer architectures will be incorporated into future work
to further expand upon the findings of this study. In addition, multispectral imaging holds significant
potential for improving the differentiation between banana and betel nut crops, particularly in intercropped
environments. By capturing key vegetation indices and infrared reflectance characteristics, multispectral
data enables more accurate and robust classification of crops with similar visual features. Therefore,
integrating multispectral data into deep learning workflows could further enhance model performance in
complex agricultural landscapes. Future research should explore hybrid approaches that combine UAV-based
multispectral imaging with deep learning–based spectral analysis, aiming to improve classification accuracy
under heterogeneous cropping conditions.
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