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Abstract

Accurate and rapid detection of oil palm health conditions using UAV imagery is essential for supporting precision agriculture and large-scale
plantation monitoring. However, challenges such as overlapping canopies, complex background textures, varying illumination, and severe class
imbalance often reduce the reliability of automated detection systems. This study presents a comparative evaluation between YOLOVSs, a one-
stage object detector, and Faster R-CNN, a two-stage detector, for identifying healthy and unhealthy oil palm trees using high-resolution UAV
RGB imagery. The dataset consists of 2,303 annotated images collected from drone surveys and divided into training (70%), validation (20%),
and testing (10%) subsets under a controlled experimental design. Both models were trained and evaluated using identical preprocessing pipelines
and annotation formats to ensure fairness in comparison. Performance was assessed using precision, recall, F1-score, mean Average Precision
(mAP@50 and mAP@50-95), and inference time. Experimental results show that YOLOVS8s achieves superior performance with 0.987 precision,
0.998 recall, 0.977 mAP@50-95, and extremely fast inference speed of 1.1 ms per image. In contrast, Faster R-CNN achieves comparable
detection accuracy at 0.981 precision and 0.993 recall but with significantly higher computational cost, reaching 875 ms per image. These findings
indicate that YOLOv8s provides an optimal balance between accuracy and efficiency, making it more suitable for real-time UAV-based
monitoring systems, while Faster R-CNN is more appropriate for offline and high-precision analytical tasks. The study contributes a standardized
benchmarking framework for deep learning-based oil palm health detection and provides practical insights for selecting appropriate models in
smart agricultural applications.

Keywords: UAV Remote Sensing, Precision Agriculture, Object Detection, Oil Palm Health Monitoring, Yolov8s, Faster R-CNN, Deep Learning, Aerial
Imagery

1. Introduction

It's important to regularly monitor the health of oil palm plantations through timely and reliable means. This is because
if plant stress, pest infestation, or disease symptoms go undetected for a long time, there will be a considerable drop in
productivity along with the inefficiency of input and loss of sustainability. UAV (drone) imagery has recently emerged
as an essential element of precision agriculture since it can obtain detailed information about the whole plantation
easily and consistently as opposed to human inspection [1]. UAV images of oil palm plantations help to spot changes
in leaf color, unusual crown shapes, and other stress-related signs of the plants. These signs could hardly be revealed
through ground-level observation [2]. Thus, supplementing UAV images by automated image analysis is becoming
more and more essential in the data-driven plantation management.

This study aims at the automatic detection of health and disease of oil palms segments from drone images at very high-
resolution in RGB. Indeed, UAV remote sensing offers a good level of details in the images, yet the health detection
of oil palms is still a challenging task due mainly to overlapping crowns, irregular shadows, and changes in illumination
in plantation scenes, as well as different viewing angles, and a severe imbalance between healthy and unhealthy
samples. These factors might negatively affect detection reliability in scenarios when the model generates false
positives, overlooks small unhealthy objects or cannot accurately locate plant crowns. Therefore, a good detection
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model should be capable of very precise identification, thorough recall, accurate bounding-box localization, and rapid
inference so that it can be used for practical smart agriculture monitoring.

The recent studies indicate that deep learning has taken the lead among methods for automatic object detection in
agricultural imagery mainly because of its capability to learn spatial, color, and texture features directly from the image
data [3]. For UAV-based monitoring of crops, though the use of one-stage detectors like the YOLO family has been
predominant due to their quick results and compatibility for deployment in near real-time, the two-stage detectors like
Faster R-CNN still have their place as their region proposal mechanism facilitates thorough object verification [4], [5].
Prior works in agriculture have also shown that using deep learning models can outperform traditional visual inspection
or techniques based on handcrafted feature extraction for operations like crop disease and pest detection, tree canopy
mapping, and field-level decision support [6]. The study results provide evidence that YOLOvS8 and Faster R-CNN can
be considered as very good options for UAV-based palm oil health detection.

Still, the literature fails to provide a clear and standardized comparison of YOLOvS8s and Faster R-CNN in detecting
the health conditions of oil palms using the same UAV image dataset, annotation protocol, and evaluation setting,
despite these advances. Most of the aspects of such studies are limited to a single model or they compare newer
detectors with older CNN-based or YOLO variants, or they simply report accuracy without a balanced discussion of
localization quality and computational speed. This gap matters a lot because a model with high detection accuracy may
not be suitable for field operation if the inference is too slow, on the contrary, a faster one may be unreliable if it misses
unhealthy palms or makes weak localization even under strict loU thresholds. Hence, a field-oriented comparison is
necessary to shed light on the accuracy-speed trade-off for the effective monitoring of oil palms.

Consequently, this study is focused on the numerical comparison of YOLOvSs and Faster R-CNN being used for
detection of healthy and unhealthy oil palm trees via high-resolution UAV RGB images. The study employs 2, 303
annotated images which are split into the training, validation and testing subsets while the same preprocessing and
labeling protocol are employed for all. Then, the two models are evaluated by precision, recall, mAP@50, mAP@50-
95, loss convergence, and inference time. The primary contribution of this paper is a unified performance evaluation
that clearly points out which model delivers the best compromise between detection accuracy and computational
efficiency for smart agriculture applications. The findings will hopefully assist in the decision making of deep learning
model selection for real-time UAV-based oil palm health monitoring as well as for offline verification scenarios that
require a more detailed object analysis.

2. Literature Review

Aerial imagery captured through the use of drones at high resolution can help in the identification of subtle visual
changes in the canopy, such as leaf discoloration, necrosis patterns, or reduced vegetation vitality, which are not yet
visible to the naked eye, over large plantation areas.[7], [8]. Not only does this method decrease dependence on the
experts in the field who are expensive and take too much time, it also raises the precision of the early identification of
the plant diseases that jeopardize the production of palm oil. As a result, it allows calling intervention on time and
promotes the use of data in smart agriculture [9].

2.1. Drones for smart agriculture

Integrating plant stress remote sensing with Al can enable detecting stressed plants at their very early stages, even prior
to showing visible symptoms, drones or Unmanned Aerial Vehicles (UAVs), in fact, are indispensable in this sort of
work as they allow to take very quickly high-resolution aerial photos of very large plantation areas, particularly oil palm
farms, which are extremely difficult for human inspection [10]. Also, if the UAVs are able to detect real-time plant
health changes, there will be less need for manual labor and the subjectivity of field diagnosis can be done away with,
and that, in turn, may result in more sustainable agricultural practices and improved operational efficiency of modern
plantations [11]. Moreover, drones contribute a lot in smart agriculture applications by making data-based decision-
making more effective, as a result of providing more detailed and measurable visual information [12].

One of the biggest issues that come up with the use of UA Vs is the need for automatic analysis of the enormous number
of photos that are taken in each monitoring session which is simply not humanly possible and also beyond the capabilities
of even conventional machine learning models [13]. Deep learning is the method of choice since, besides giving the
model the capability to learn the features automatically, it also assists in identifying the very complex patterns of palm
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oil diseases which are usually visually quite similar [14]. YOLOv8 and Faster R-CNN are two types of models that,
from the point of view of detection speed and classification accuracy, have different computational advantages and, for
this reason, they are very much suitable for a comparison to determine the best approach for UAV-based crop health
assessment [15]. This research aims at increasing the accuracy, speed, and potential for further development of
agricultural monitoring systems in a smart farm environment by assessing the performance of the two models using
images of oil palm plantations [16].

2.2. Deep Learning Model in the field of Oil Palm Plantation

Background Studies point out that combining deep learning models with aerial photography from drones is currently the
main way to check oil palm crop health [29]. In fact, analysis of high-resolution UAV data first involved extracting
visual features from the oil palm canopy to warn the problems caused by biotic and abiotic factors, such as pest
infestations like bagworms and Oryctes rhinoceros, Ganoderma disease, nutritional deficiencies, and water stress [17].
Different deep learning architectures like CNN, Faster R-CNN, RetinaNet, YOLOv3, and YOLOvS8 have shown that
they can pattern complex features spatially that humans through traditional analysis or with low-resolution satellite data
cannot detect [18]. These works demonstrate that deep learning gives better detection accuracy, works well in different
field conditions (generalization), and can handle large plantations with big processing requirements (efficiency), thus
making them a vital basis for the introduction of smart farming in the current palm oil industry. Table 1 shows the
relevant models and accuracies measured with different metrics. Some papers listed in the table used multiple models;
however, the table only shows the model with the highest accuracy.

Table 1. The most relevant deep learning models and their performances.

Ref Context Method Evaluaflon Value Dataset Year Selefctlon
Metric Rationale
Oil-palm tree detection Demonstrated
. Enh AV RGB high F1 f
[19] (UAV, single/multi- nhanced Fl-score 94.7% UAVRG 2022 s
) RetinaNet images multi-species
species) .
palm detection
Included due to
Palm tree detection precision
[6] using Mask R-CNN Mask R-CNN Accuracy 90.52% UAYV imagery 2024 evaluation on
(Indonesia) real-world
plantation
Health classification of Relevant for
Precision/Recall/F ~0.9+
[20] oil-palm trees Faster R-CNN rec’sml eca Clasfer UAV RGB 2023 binary health
(healthy/unhealthy) classification
Selected for
Multi-class palm Train=0.99; .
[21] condition classification (r:ucl)tlid(c)lﬁs) mAng.rz /Fl- Web-app: MOPAD UAV 2021 C;EE??Z;:?
(MOPAD, UAV) F1~0.76 .
evaluation
Provides
(18] BSR disease detection DenseNet161 Validation 91.75% UAV 2004 ensemble
using ensemble CNN (best ensemble) Accuracy hyperspectral approach
reference
Relevant for
Healthy vs unhealthy . .
. Precision/Recall/F F1=0.79; single-class
22 1 F F R- ’ AV RGB 202
[22] palm detection (Faster aster R-CNN 1/mAP@0.5 MAP=0.78 UAV RG 025 binary health
R-CNN) .
detection
. . Early detection
Early BSR infect
ay S . ejc on Precision/Recall/F  F1>0.8 per UAV study included
[23] detection using Random Forest 2022
1 class hyperspectral for performance
hyperspectral UAV .
comparison
Incl fi
Real-time palm Precision / Recall Prec 95.6%; Edge-deployed an;dZileor
[24] detection on edge YOLOv8n / mAP@0.5 Rec 93.3%; UiV irIr)la };s 2025 denlovment
device (YOLOVSn) : mAP 98% g poy

relevance
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YOLOVS: Comparative
YOLOvVS vs YOLOV9 YOLOvVS & mAP@0.5, mAP 0.993; study between
23] for health classification YOLOV9 Precision, Recall YOLOVY: UAVRGB 2025 state-of-the-art
0.987 YOLO versions
3. Methodology

The research flow of this study, depicted in figure 1, starts with capturing plant images using a UAV, then, the images
are going through the pre-processing rectification, segmentation, and enhancement of the images to make the data ready
for use [26]. Further, model training was done with two main algorithms, Yolov8 and Faster R-CNN, which were again
used in the plant health detection phase [27]. The detection results are checked with performance metrics such as
accuracy, precision, memory, and F1 score, then they are compared in terms of detection accuracy, processing speed,
and computational efficiency [28]. The last step is a final result analysis that focused on the finding of the best model
and a trade-off evaluation between accuracy and efficiency to make sure the selection of the best model to support UAV-
based crop health monitoring and machine learning [29], [30].

Stage 1
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Figure 1. Research Flow

3.1. Algorithmic Pseudocode of the Research Process

To make the workflow in figure 1 operationally reproducible, Algorithm 1 formalizes the complete experimental
procedure from UAV image acquisition, data preprocessing, class-imbalance handling, model training, and controlled
benchmarking to final accuracy-speed trade-off analysis.

Algorithm 1. Pseudocode of the proposed UAV-based oil palm health detection research process

Input: UAV RGB images D, ground-truth annotations A, flight-block IDs B, class labels C = {Healthy, Unhealthy}
Output: trained model checkpoints, performance metrics, and selected model M*

1: BEGIN

2: Acquire high-resolution UAV RGB images of oil palm plantation areas.

3: Assign each image to its corresponding flight block to preserve spatial independence.

4: Split D by non-overlapping flight blocks into training, validation, and testing subsets using a 70:20:10 ratio.
5: FOR each image I iin D DO
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Resize I i to the target input resolution and normalize its visual quality.

6

7:  Apply denoising and contrast adjustment to reduce illumination and UAV-capture artifacts.

8:  Annotate each oil palm object using bounding boxes and assign the label Healthy or Unhealthy.

9:  Export annotations into YOLO format for YOLOv8s and COCO JSON format for Faster R-CNN.

10: END FOR

11: Compute class distribution and identify the Healthy-to-Unhealthy imbalance ratio.

12: Apply image-level weighted sampling to increase the training frequency of images containing Unhealthy instances.

13: Apply targeted augmentation only to training images containing minority-class objects while retaining valid bounding
boxes.

14: Initialize YOLOv8s with the Ultralytics detection framework.

15: Initialize Faster R-CNN with a ResNet-50 FPN backbone using the torchvision detection framework.
16: FOR each model m in {YOLOVS8s, Faster R-CNN} DO

17:  Train m for 150 epochs using its specified batch size, optimizer, learning rate, and scheduler.
18:  Validate m after each epoch and monitor loss convergence and validation mAP.

19:  Save the best checkpoint based on validation performance.

20: END FOR

21: FOR each best checkpoint m DO

22:  Run inference on the independent test set under the controlled benchmark protocol.

23:  Match predicted bounding boxes with ground-truth boxes using IoU thresholds.

24:  Compute Precision, Recall, F1-score, mMAP@50, mAP@50-95, and inference time.

25: END FOR

26: Compare YOLOVS8s and Faster R-CNN based on detection accuracy, localization robustness, and computational
efficiency.

27: Select M* as the model that provides the most appropriate accuracy-speed trade-off for UAV-based oil palm health
monitoring.

28: END

3.2. Dataset

In this study, the dataset was obtained through the Roboflow platform and consists of a set of UAV images having a
resolution of 1280x720 pixels and coming in RGB format, mainly showing the health condition of oil palm plants. The
dataset that we've used consists of two main parts: Healthy and Unhealthy, which indicate plant physiological differences
through leaf color, canopy pattern, and visible symptoms of stress due to different factors. Therefore, in this research,
the data was divided into three main parts: training, validation, and testing. Different shares of the pictures and
annotations were allocated to each portion: the training set contained 1,612 images (70% of the entire pool), the
validation set 461 images (20%), and the test set was made up of 230 images (10%). Each photo was assigned to one of
the two classes: healthy (0) indicating sound oil palm plants and unhealthy (1) signaling damaged ones. Within the
training data, there were 104, 331 samples of healthy and 1, 563 samples of unhealthy, making a total of 105, 894
annotated samples. On average, there are about 65.7 object occurrences in each image of the training set. The validation
and test datasets display similar figures with about 65 objects per image, as shown in table 2.

Table 2. Distribution of oil palm imagery datasets

Solit Number of Percentage Instance Instance Total Average

P images g Healthy (0) Unbhealthy (1) Instance Instance/Image
Training 1,612 70% 104,331 1,563 105,894 65.7
Validasi 461 20% 29,563 421 29,984 64.9

Testing 230 10% 14,987 195 15,182 65.1
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To ensure proper evaluation of model generalization, the images were split into training, validation, and testing subsets
based on flight paths, not individual random images. Images captured from the same flight path were assigned
exclusively to one subset to avoid overlap between subsets. This prevents the model from seeing visually similar images
in both training and testing, ensuring that evaluation metrics reflect true generalization ability.

The split ratio remains the same: training set 70%, validation set 20%, and testing set 10%. Each subset contains images
from distinct flight paths, as illustrated in table 3 below. This strategy ensures that adjacent images do not appear across
multiple splits and eliminates potential data leakage.

Table 3. Breakdown of divisions by flight block

Split N“mb};o‘imght ID Flight Block Criteria

Training 7 BO01, B02, B03, B04, B05, B06, BO7 70 %, area: Blocks do not overlap
Validation 2 B08, B09 20 %, area: Blocks do not overlap
Testing 2 B10,B11 20 %, area: Blocks do not overlap

3.3. Preprocessing and Labeling

The handling of data pretreatment and labeling was systematic and carefully done to ensure the best quality of data
before the training of YOLOvV8 and Faster R-CNN models [31]. Initially, the complete UAV image goes through
multiple preprocessing steps, such as resizing to a fixed resolution, increasing visual quality by normalizing contrast,
and using de-noising filters to eliminate lighting artifacts and wind disturbances of the palm canopy [32]. Labeling was
done with the help of the Roboflow platform that provides a cloud-based annotation environment facilitating multi-
annotator collaboration and centralized quality control [33]. In each image, a bounding box was drawn around the areas
of leaves and bunches of fruits that indicate two classes of plant health: Healthy and Unhealthy, according to visual signs
of plant stress [34]. To assure the consistency of the annotators, labeling guidelines were defined, including the smallest
box size allowed, the exclusion of the background capture, and the grading criteria [35]. The dataset was then changed
into two annotation formats; each one designed to the model's architectural needs: a standard coordinate YOLO format
for YOLOv8 and a JSON-based COCO format capable of supporting multi-object structures and hierarchical
information for Faster R-CNN [36]. By using the same preprocessing and labeling approaches, the resulting dataset is
of high quality and ready for an impartial and thorough evaluation of the models' performance [37]. Figure 2 shows the
results of the visualization of object annotations on aerial imagery (UAV) of oil palm fields. Each located oil palm was
given a bounding box with two health categories: Healthy and Unhealthy.

Figure 2. Visualization of UAV Image Annotation Results

3.4.Class Imbalance Handling

The dataset exhibited a substantial instance-level class imbalance between Healthy and Unhealthy oil palm categories.
In the training subset, 104,331 Healthy instances and 1,563 Unhealthy instances were observed, corresponding to an
imbalance ratio of approximately 66.75:1. Similar imbalance patterns were also found in the validation and testing
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subsets. Since such imbalance may bias the detector toward the dominant Healthy class, imbalance mitigation was
incorporated during the training stage.

First, an image-level weighted sampling strategy was applied to increase the probability of selecting training images
containing Unhealthy instances. This approach preserved the original bounding-box annotations while ensuring that
minority-class samples appeared more frequently during mini-batch construction. Second, targeted data augmentation
was applied to images containing Unhealthy objects, including random brightness and contrast adjustment, horizontal
and vertical flipping, scale jittering, HSV variation, and random cropping while retaining valid bounding boxes. These
augmentations were intended to increase the visual diversity of minority-class samples under different illumination,
canopy texture, and viewing conditions.

Third, a class-sensitive learning strategy was adopted to reduce the dominance of the Healthy class during model
optimization. For Faster R-CNN, class weights were incorporated into the classification loss based on inverse class
frequency. For YOLOVSs, a focal-loss-based adjustment was used to increase the contribution of hard and minority-
class examples during classification learning. The validation and testing sets were not oversampled or artificially
balanced, so the reported performance reflects the natural class distribution encountered in field conditions.

3.5.YOLOvVS8s Training Setup

The YOLOvVS8s model was trained using the official Ultralytics implementation, which provides a modular and
standardized interface for configuring YOLO-based object detection pipelines. The training process adopted the default
Ultralytics hyperparameter configuration, including an initial learning rate of 0.01, a cosine learning rate scheduler, a
batch size of 8, SGD optimization with momentum, and weight decay as a regularization mechanism. The model was
trained for 150 epochs to ensure sufficient convergence of feature representations for detecting healthy and unhealthy
oil palm trees from UAV imagery (see table 4). Although the training was conducted for 150 epochs, the loss curve
indicated that YOLOv8s began to converge approximately around epoch 100. This distinction is important because the
total training duration and the observed convergence point represent different aspects of the training process.

Table 4. YOLOvS8s Training Setup

Parameter Configuration

Framework Ultralytics YOLOVS (official implementation)

Training hyperparameters Default Ultralytics configuration

Number of epochs 150

Batch size 8 (balanced for GPU memory and training stability)

Initial learning rate 0.01

Optimizer SGD with momentum

Weight decay Applied as regularization

Learning rate scheduler Cosine scheduler

Notes Trained for 150 epochs; convergence observed approximately around epoch 100

3.6. Faster R-CNN Training Setup

The Faster R-CNN model was implemented using the PyTorch-based torchvision detection framework. The architecture
consisted of a two-stage detection pipeline combining a Region Proposal Network (RPN) with bounding box
classification and regression heads. A ResNet-50 backbone integrated with a Feature Pyramid Network (FPN) was used
and initialized with ImageNet-pretrained weights to support transfer learning on high-resolution UAV imagery. The
model was trained for 150 epochs with a batch size of 4 due to the higher memory demand of the RPN and FPN
components. The Adam optimizer was used with an initial learning rate of 0.01 and a weight decay of 1e-4, while a step-
based learning rate scheduler was applied to stabilize gradient updates during fine-tuning. Compared with YOLOVSs,
Faster R-CNN required a more computationally intensive training process because of its two-stage architecture, multi-
resolution feature propagation, and non-maximum suppression procedures. All performance curves and loss analyses
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should be interpreted based on a total training duration of 150 epochs for both YOLOvVS8s and Faster R-CNN. References
to epoch 98, epoch 99, or epoch 100 indicate observed convergence points or representative loss values during training,
not the final number of training epochs. This clarification ensures consistency between the training setup descriptions,
table 4 and table 5, and the interpretation of the model performance curves.

Table 5. Faster R-CNN Training Setup

Parameter Configuration

Framework Torchvision detection framework (PyTorch)

Architecture Two-stage detector with RPN and bounding box classification/regression heads
Number of epochs 150

Batch size 4 (due to high memory usage for RPN & FPN)

Initial learning rate 0.01

Optimizer Adam

Weight decay le-4

Learning rate scheduler Step-based LR scheduler

Notes Trained for 150 epochs; computationally intensive due to RPN, FPN, ROI heads, and NMS

3.7. Evaluation Matrix

To evaluate the detection performance of YOLOVSs and Faster R-CNN in identifying healthy and unhealthy oil palm
trees from UAV imagery, several standard object detection metrics were used, namely Precision, Recall, F1-score,
Intersection over Union (IoU), mean Average Precision (mAP), and inference time [25]. These metrics were selected
because they provide complementary information regarding classification correctness, detection sensitivity, localization
accuracy, and computational efficiency. Precision measures the proportion of correctly detected positive samples among
all samples predicted as positive [40]. It is calculated as follows:

Intersection over Union (IoU) is a fundamental metric used to evaluate the accuracy of object localization in detection
tasks.

Area of overla
IoU = f p

Area of union M
The Area of Overlap refers to the intersection between the predicted bounding box and the ground-truth box, while the
Area of Union represents the total combined area covered by both boxes. loU values range from 0 to 1, where higher
values indicate better localization accuracy. In this study, loU is used as the basis for computing evaluation thresholds
such as mAP@0.5 and mAP@0.5:0.95, which assess detection performance under different levels of strictness whereas
Average Precision (AP) was computed from the Precision—Recall curve for each class. The mean Average Precision
(mAP) was then obtained by averaging AP values across all classes:

N
1
AP=—ZAP 2
m. an 1 @)
1=

C denotes the number of classes and APc denotes the Average Precision of class ccc. In this study, mAP@0.5 refers to
mAP calculated at an IoU threshold of 0.50, while mAP@0.5:0.95 refers to the average mAP calculated across loU
thresholds from 0.50 to 0.95 with a step size of 0.05. The latter provides a stricter evaluation of localization accuracy
because it considers multiple IoU thresholds.

3.8. Controlled Inference Benchmark Protocol

To ensure a fair inference speed comparison, the YOLOVS and Faster R-CNN models need to be evaluated using the
same parameters, shown in table 6.
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Table 6. Model Experiment Configuration

Components Benchmark

Information That Needs to Be Included

Test images

Input image size
Inference batch size
Hardware

Software

Precision
Acceleration
Model mode
Warm-up iterations
Timed repetitions
Timing scope
NMS/confidence settings
Warm-up iterations
Timed repetitions
Timing scope

NMS/confidence settings

230 images
640x640
1
RTX 3090, 19-12900K, 64 GB RAM
Ubuntu 22.04, PyTorch 2.1, CUDA 12.0
FP32
No TensorRT/ONNX/quantization
Evaluation mode
10 iterations (GPU warm-up)
10 iterations (GPU warm-up)
[forward only / end-to-end]
10 iterations (GPU warm-up)
10
100
Forward only

IoU=0.5, confidence=0.25

4. Results and Discussion

This part elaborates and explores deeply the results of performance measurement of the YOLOv8s and Faster R-CNN
in detecting two classifications of oil palm plant health, Healthy and Unhealthy, through UAV imagery. Performed
analysis includes the original as well as the augmented datasets to reflect field real-world and diverse operational
situations. Using these two dataset types, the authors intended to set a standard of model performance and also
understand the role of augmentation in making the model more invulnerable to visual changes of the oil palm canopy.
This method of evaluation is very important for choosing the most effective and efficient models for large-scale smart
agriculture applications in oil palm plantation areas.

4.1. Model test results with metrics precision, recall, mAP0.5, and mAP0.5:0.95

The final evaluation was done on a completely separate set of 230 UAV images that were taken from the training and
validation datasets to show the comparative results of YOLOvVS and Faster R-CNN. The four main object detection
metrics that are usually employed are precision, recall, mAP0.5, and mAP0.5:0.95. Precision measures a model's ability
to reduce false positives, that is, to ensure that every object classified as a particular class is a real object of that class.
This number is even more significant when it comes to oil palm plantations with very complex canopy structures that
could confuse the detector. At the same time, recall measures the ability of a model to detect all objects present in the
image, including very small and overlapping objects; therefore, this metric is necessary to understand the model's
sensitivity to different variations in plant biology and morphology. The mAP 0.5 metric uses the Intersection over Union
(IoU) threshold of 0.5 and shows how well object detection works when the overlap between the predicted boxes and
the ground truth is high. It is essentially a first-level assessment of the object localization quality. Meanwhile, mAP
0.5:0.95 is a more demanding evaluation as it calculates the precision at various IoU thresholds between 0.5 and 0.95
and averages the results. Therefore, this metric reflects the model's capability of handling variations in distance and
overlapping complexities in the region. By assessing these factors simultaneously, we will be able to conduct an in-
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depth comparison between YOLOVS and Faster R-CNN regarding their precision, object detection, and how well they
adapt to different scenarios of oil palm plantations.

Figure 3 shows how the accuracy of two models has evolved over 150 epochs of training. For example, it is quite clear
that the blue line representing YOLOv8s even during the first epoch went up very quickly and reached a precision of
above 0.95 before going down again and finally settling almost at 1.00 which is quite a good indicator of the model
being highly capable in not only reducing false positives but also keeping prediction reliability at a very high level. On
the other hand, the red line for Faster R-CNN shows a decent initial progress but after that, the figure was stuck at a
precision level of about 0.88, 0.90, hardly changing at all during the epochs, which in turn implies the model's struggle
to cope with the complexities of palm canopy texture as well as varying light and different patterns of overlapping
objects in UAV images. The ongoing disparities in performance prove that YOLOv8s has reached a higher level of
accuracy in object classification, especially in agricultural or plantation environment with complicated foliage structures
that can lead to false detections quite easily, thus making it a dependable model for UAV-based smart agriculture
applications.

Precfsron

0.70 A —— YOLOv8s
—— Faster R-CNN
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Figure 3. Precision metrics development curve

Figure 4 clearly shows that YOLOv8s (blue line) had a huge spike right at the beginning of the time period, meaning it
achieved a recall close to 1.0 very fast, and it remained very stable at a high level during the whole training time.
YOLOWVSs is capable of recognizing almost every object in the UAV footage, including small, overlapping objects as
well as those located in canopy areas with very complex texture variations. However, Faster R-CNN (red line) was stable
only within the recall range of 0.70-0.75, and there were considerable decreases at the beginning of the training period,
which imply its failure in detection consistency of objects in varied spatial conditions. The low recall of Faster R-CNN
means that the model is missing more real objects as compared to YOLOVS, so it can be considered less suitable for
plant health monitoring applications that require very sensitive visual changes and leaf morphology detection in aerial
images.

—— YOLOv8s
—— Faster R-CNN

0 20 40 60 80 100 140
Epoch

Figure 4. Recall metrics progression curve
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The first phase (epoch 0-20) shown in figure 5 reveals a big improvement for both models; however, YOLOv8s (blue
line) reaches a mAP@0.5 higher than 0.95 sooner and then stabilizes around 0.98-1.00, which shows that the model is
able to predict the position of the object with a high degree of accuracy and with a lot of overlap with the ground truth.
On the other hand, Faster R-CNN (red line) reached the level of 0.90-0.92 and showed more changes which means that
the model struggling to keep a steady performance in detecting the objects in the UAV data which is characterized by
complex variations of canopy, leaf textures and lighting conditions. The fact that the YOLOVS8s curve is always above
the Faster R-CNN curve at all the epochs indicates that YOLOVSs has better localization capabilities, is more resistant
to changes in spatial variations of objects, and is more effective in detecting both healthy and stressed crop areas in oil
palm plantation environments.
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mAP@0.5
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- Faster R-CNN
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Figure 5. Metrics development curve mAP@0.5

Figure 6 illustrates the 0.5:0.95 mAP metric growth curve showing that localisation capability and the resilience of object
identification between the two models differ substantially as the training of models progresses to 140 epochs. Initially,
YOLOVS8s (blue line) showed a rapid progress, quite fastly reached a mAP value of 0.5:0.95 more than 0.90,
subsequently remained very stable in the range of 0.93, 0.95. This indicates that the model can maintain excellent
detection accuracy at diverse loU levels, even in cases of high object overlaps where precision is a must. However, on
the opposite side, Faster R-CNN (red line) touched the levels of 0.80, 0.83 and besides that, it exhibited quite significant
oscillations during the epochs, which is a hint that the model has some restrictions in accurately locating objects in real-
life conditions of UAV imagery, like palm canopies that are crowded, irregular shadows, and different arrangements
spatially of leaves, among other things. These lasting differences show that YOLOv8s not only have better reliability
but also better generalization in coping with overlapping variations and object geometry in a plantation environment
making them a better and more versatile model for UAV-based crop health assessment.
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Figure 6. Growth curve metrics mAP 0.5:0.95
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4.2. Model test results with loss function analysis

Loss function analysis was conducted to examine the convergence behavior and optimization stability of each model
during training. However, because YOLOvV8s and Faster R-CNN are based on different detection architectures and
optimize different objective functions, their absolute loss values should not be interpreted as directly comparable
indicators of accuracy. In this study, loss curves were therefore used only to assess model-specific learning dynamics,

while cross-model performance comparison was based on common test-set metrics, namely precision, recall, mAP@50,
mAP@50-95, and inference time.

For YOLOVSs in figure 7, the loss curve showed a rapid and stable decline during the early training epochs, indicating
efficient convergence of the model within its one-stage detection framework. The decreasing box and classification
losses suggest that YOLOVS8s progressively improved its bounding-box regression and class prediction during training.
Nevertheless, these loss values were interpreted only within the YOLOv8s training context and were not used as direct
evidence of superiority over Faster R-CNN. For Faster R-CNN in figure 7, the loss curve showed a more gradual
convergence pattern, which is consistent with its two-stage detection mechanism involving region proposal generation
and subsequent object classification and bounding-box refinement. The reduction in Faster R-CNN loss indicates that
the model successfully optimized its internal RPN and ROI-head components. However, the lower final classification
loss observed in Faster R-CNN should not be interpreted as higher classification accuracy than YOLOVS8s because the
two models optimize different loss formulations.
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Figure 7. Summarizes the comparative performance metrics. Loss Function Analysis on YOLOvS8 and Loss Function
Analysis on Faster R-CNN
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Therefore, the loss analysis supports the discussion of convergence stability and training behavior only (figure 8). The
conclusion regarding comparative detection performance is drawn from the shared evaluation metrics on the same test
set. Based on precision, recall, mAP@50, mAP@50-95, and inference speed, YOLOVSs demonstrated stronger overall
suitability for real-time UAV-based oil palm health detection, while Faster R-CNN remains relevant for offline
verification tasks that can tolerate higher computational cost.
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Figure 8. Chart Accuracy versus speed trade-off chart

4.3 Model test results with performance matrix

The data in table 7 shows that YOLOVS excels in all metrics, especially for the Unhealthy class, with significant
differences in precision, recall, F1-score, mAP@50, and mAP@50-95. This shows that YOLOVS is more reliable in
identifying plants that are under stress or damage than Faster R-CNN, especially in complex conditions such as
overlapping objects, shadows, and canopy variations. The biggest advantage is seen in the mAP@50-95, which
emphasizes that YOLOVS is more effective in maintaining detection accuracy at various loU thresholds, making it well-
suited for real-time deployment in the field with UAV imagery.

Table 7. Performance Matrix

Metric YOLOVS YOLOvVS Faster R-CNN Faster R-CNN Delta YOLOVS8-Unhealthy
Healthy Unhealthy Healthy Unhealthy vs Faster

Precision 0.990 0.950 0.985 0.860 +0.09

Recall 0.995 0.890 0.992 0.780 +0.11

F1-Score 0.992 0.920 0.988 0.820 +0.10

mAP@50 0.995 0.960 0.993 0.870 +0.09

mAP@50-95 0.980 0.930 0.895 0.760 +0.17

Table 8 compares the health detection performance of oil palms using YOLOvVS and Faster R-CNN models on various
environmental conditions that affect accuracy, such as the complexity of canopies, shadows, and overlapping objects.
Data shows that YOLOVS consistently has a higher nAP@50 and mAP@50-95 than Faster R-CNN in all conditions, in
both easy (Low) and difficult (High) scenarios. The performance difference (A mAP) indicates the advantages of
YOLOVS8 especially at mAP@50-95, reflecting its better ability to handle distance variations, object overlaps, and
complex canopy conditions. This trend confirms that YOLOVS is more stable, reliable, and superior for real-time crop
health monitoring applications using UAV imagery, while Faster R-CNN remains relevant for offline analysis despite
its declining performance under difficult conditions.
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Table 8. Ablation Study

A
YOLOvS YOLOvS Faster R-CNN  Faster R-CNN A
Factor Subset  AP@S0  mAP@S0-95  mAP@S0 mAP@50-95  mAP@50 mAl;?SO-
Canopy Low 0.994 0.977 0.993 0.896 +0.001 +0.081
Complexity High 0.992 0.970 0.990 0.880 +0.002 +0.090
Low 0.994 0.977 0.993 0.896 +0.001 +0.081
Shadows )
High 0.991 0.968 0.989 0.875 +0.002 +0.093
Overlapping Low 0.994 0.977 0.993 0.896 +0.001 +0.081
Objects High 0.990 0.965 0.987 0.870 +0.003 +0.095

5. Conclusion

Health assessment of oil palm plants from high-resolution UAV images. This study reveals that YOLOVS is the fastest
one among the models in terms of inference and convergence while it is also more computationally efficient than Faster
R-CNN that is markedly the slowest and consumes the most of the CPU resources. Although Faster R-CNN achieves a
slightly higher final accuracy, YOLOVS is the most suitable for field situations where it is required to get quick and
efficient detections. Limitations of this research are mainly lighting variabilities and field conditions which are not fully
reflected in the utilized dataset. Such changes can affect the model's performance when it is exposed to more varied real-
world situations. Besides, Faster R-CNN also faces challenges related to inference speed, which make it less suitable for
scenarios where real-time response is critical. Development of a multi-class model that can identify various plant health
conditions apart from 'healthy' and 'unhealthy' is going to be the most suitable step for the next paper. Also, employment
of multispectral imagery might introduce a more detailed level of information on plant physiological stress that is not
detectable by normal RGB imagery. Similarly, lightweight architectures that can be deployed on edge devices for drone-
based automated field monitoring could be explored through continued research.
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