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Abstract— Nutrient deficiencies during the seedling stage of chili plants can reduce crop productivity, while
conventional identification methods remain subjective and costly. This study compares YOLOv5 to YOLOv11
object detection models for detecting nutrient deficiency symptoms in Bonita chili seedling leaves, including
complete nutrition, nitrogen deficiency, phosphorus deficiency, potassium deficiency, and NPK deficiency. The
final dataset comprised 4,173 images derived from 1,739 original annotated leaf images through controlled
dataset preparation, including split-before-augmentation, laboratory validation of nutrient conditions, and
expert-reviewed labeling. All YOLO models were trained and evaluated using the same dataset partition and
comparable experimental settings. Performance was assessed using mAP@0.5, computational complexity
(FLOPs), inference speed, and model size. The results show that all evaluated models achieved high detection
performance, with differences mainly appearing in computational efficiency and the balance between accuracy
and speed. YOLOv10s and YOLOv11s obtained the highest mAP@0.5 in this experiment, whereas YOLOv8s
showed a competitive balance between accuracy, inference speed, and model compactness. These findings
indicate that recent YOLO developments are promising for fine-grained nutrient deficiency detection in
computer vision-based precision agriculture.

Keywords: Chili Leaves, Comparison, Nutrient Detection, YOLO.

Intisari— Kekurangan unsur hara pada fase pembibitan cabai dapat menurunkan produktivitas tanaman,
sementara metode identifikasi konvensional masih bersifat subjektif dan mahal. Penelitian ini
membandingkan model deteksi objek YOLOv5 hingga YOLOv11 untuk mendeteksi gejala defisiensi hara pada
daun bibit cabai Bonita, meliputi kondisi nutrisi lengkap, defisiensi nitrogen, fosfor, kalium, dan NPK. Dataset
akhir terdiri atas 4.173 citra yang berasal dari 1.739 citra daun beranotasi asli melalui proses persiapan
dataset terkontrol, termasuk pembagian data sebelum augmentasi, validasi laboratorium kondisi hara, dan
peninjauan anotasi oleh pakar. Seluruh model YOLO dilatih dan dievaluasi menggunakan partisi dataset yang
sama serta pengaturan eksperimen yang sebanding. Kinerja dievaluasi menggunakan mAP@0.5, kompleksitas
komputasi (FLOPs), kecepatan inferensi, dan ukuran model. Hasil menunjukkan bahwa seluruh model yang
diuji mencapai performa deteksi tinggi, dengan perbedaan utama pada efisiensi komputasi dan keseimbangan
antara akurasi dan kecepatan. YOLOv10s dan YOLOv1ls memperoleh nilai mAP@0.5 tertinggi pada
eksperimen ini, sedangkan YOLOv8s menunjukkan keseimbangan yang kompetitif antara akurasi, kecepatan
inferensi, dan kekompakan model. Temuan ini menunjukkan bahwa perkembangan terbaru arsitektur YOLO
menjanjikan untuk deteksi defisiensi hara yang bersifat fine-grained dalam sistem pertanian presisi berbasis
visi komputer.

Kata Kunci: Daun Cabai, Perbandingan, Deteksi Nutrisi, YOLO
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INTRODUCTION

Chili is an important horticultural
commodity in Indonesia because it contributes to
food supply, farmer income, and national
agricultural value [1], [2], [3]. However, chili
seedlings are highly sensitive to nutrient availability
during the early growth stage. Nutrient deficiency
can alter leaf morphology, suppress growth, reduce
fruit formation, and ultimately decrease crop
productivity [4]. Early and reliable identification of
nutrient deficiency symptoms is therefore
important for efficient and sustainable chili
cultivation. In conventional practice, nutrient
deficiency identification still relies largely on visual
observation and laboratory analysis. Visual
assessment is subjective, depends on farmer
experience, and is prone to misinterpretation
because several nutrient deficiencies exhibit similar
morphological symptoms [5], [6]. Laboratory
analysis is more reliable, but it requires additional
cost, time, and supporting facilities that are often
unavailable to small-scale farmers [7], [8].

These limitations motivate the development
of faster and more objective image-based detection
methods. In this study, the chili seedling leaf dataset
was established through controlled experiments,
laboratory analysis of the growing medium and leaf
tissue, and expert validation to support reliable
labeling. Recent advances in deep learning-based
computer vision have enabled automated analysis
of plant conditions from leaf images [9]. Among the
available approaches, the You Only Look Once
(YOLO) family is widely used for object detection
because it combines high detection performance
with efficient inference [10], [11], [12]. As the YOLO
family has evolved, newer versions have introduced
design refinements intended to improve feature
extraction, efficiency, and practical deployment
[13], [14], [15]- YOLO formulates object detection as
a single regression task by predicting bounding
boxes and class probabilities directly from the
entire image in one forward pass [16], [17], [12].
This single-stage formulation makes YOLO suitable
for real-time applications and has encouraged its
broad adoption in agricultural vision tasks.

Earlier YOLO generations established the
technical foundation for later developments across
different detection settings [18]. YOLOv3
introduced multi-scale detection with the Darknet-
53 backbone [19], while YOLOv4 improved training
efficiency and detection robustness through
CSPDarknet-based design and optimized training
strategies [20]. These developments provided an
important baseline for subsequent comparisons.
Modern YOLO variants from YOLOv5 onward
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further diversified the design space. YOLOv5
popularized a modular PyTorch-based workflow
that simplified experimentation and deployment
[21], [22]. Later versions, including YOLOv6 and
YOLOv7, emphasized efficiency and improved
feature aggregation [23], [24], [25], whereas
YOLOv8 adopted an anchor-free design within the
Ultralytics framework [26]. Subsequent variants,
including YOLOv9, YOLOv10, and YOLOv11,
introduced additional refinements aimed at
improving training efficiency, inference behavior,
and feature representation [27], [19], [28], [29],
[30], [31], [32]. These advances have enabled YOLO
to evolve as one of the leading approaches to object
detection, as reflected in its iterations summarized
in Table 1.

Table 1. Evolution of YOLO Models
Release  Key Contribution Framework
Year
2018

Model

YOLOv3 Multi-scale detection Darknet
with Darknet-53
backbone
CSPDarknet-53
backbone and
optimized  training
strategies

Modular PyTorch
implementation  for
efficient training and
deployment
Efficiency-oriented
design for real-time
object detection
Improved feature
aggregation and
training optimization
Anchor-free
Ultralytics
architecture

PGI and GELAN-based
design

Design refinements to
reduce post-
processing
dependency

Further efficiency-
oriented refinements
in the Ultralytics
model family

YOLOv4 2020 Darknet

YOLOv5 2020 PyTorch

YOLOv6 2022 PyTorch

YOLOv7 2022 PyTorch

YOLOv8 2023 PyTorch

YOLOvV9 2024 PyTorch

YOLOv10 2024 PyTorch

YOLOv1l 2024 PyTorch

Source: (Fathurrahman [17], 2025)

Table 1 summarizes the main development
trajectory from YOLOv3 to YOLOv11. In this study,
YOLOvV5 to YOLOv11 were selected because these
versions represent the modern YOLO family, are
openly available, and are widely used in current
experimentation workflows, including the official
Ultralytics documentation [28]. Earlier versions
were retained only as historical context [17].
Several previous studies have demonstrated the
usefulness of YOLO-based models in agricultural
and non-agricultural detection tasks. In agriculture,
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[33] compared YOLOv5 to YOLOv11 for detecting
Coleoptera-related damage on bean leaves under
natural field conditions. Their results showed that
performance differences across YOLO variants can
depend strongly on dataset characteristics and
optimization choices. However, the study focused
on pest-related symptoms rather than nutrient
deficiency patterns, which are usually subtler and
more visually overlapping.

In the urban domain, [17] compared YOLOv3
to YOLOv11 for empty parking-slot detection and
reported a different trade-off pattern, with YOLOv7
emphasizing accuracy and YOLOv5 emphasizing
inference speed. This comparison is relevant
because it shows that newer YOLO versions are not
automatically superior across all tasks, especially
when the visual characteristics of the target objects
differ substantially. Based on recent literature,
several research gaps remain. First, many
agricultural studies focus on pests or diseases with
more explicit visual markers, while nutrient
deficiencies often appear as subtle changes in color,
chlorosis, and leaf morphology. Second, systematic
comparison of YOLOv5 to YOLOv11 for nutrient
deficiency detection in chili seedlings remains
limited. Third, prior comparisons often use different
datasets, validation protocols, and performance
settings, making direct interpretation difficult.
These gaps justify a controlled comparison using
the same dataset and evaluation procedure.

Most existing studies also evaluate only one
or two YOLO variants, such as YOLOv5 or YOLOVS,
so the effect of YOLO architectural evolution on fine-
grained nutrient deficiency detection is still not well
documented. This issue is important because
differences in feature extraction, multi-scale fusion,
and computational efficiency may affect the ability
of a model to recognize subtle symptoms on small
seedling leaves. Therefore, this study benchmarks
YOLOVS5 to YOLOv11 for single-object bounding-box
detection of nutrient deficiencies in Bonita chili
seedling leaves. The evaluation uses precision,
recall, and mean Average Precision (mAP) on a
homogeneous dataset and standardized testing
protocol. The study is intended to contribute
empirical evidence for selecting YOLO architectures
in fine-grained agricultural detection tasks.

YOLOv5 was chosen as the starting point of
the comparison because it marks the transition to
the modern PyTorch-based YOLO ecosystem and
provides a stable baseline for later versions [21],
[34]. From YOLOV5 onward, many implementations
report comparable evaluation outputs such as
precision, recall, mAP, FLOPs, and inference speed,
which supports a more consistent benchmark
setting. Accordingly, this study focuses on YOLOv5
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to YOLOv1l as the most relevant range for
contemporary comparative analysis. Accordingly,
this study analyzes the comparative performance of
YOLOv5 to YOLOv1ll for detecting nutrient
deficiencies in Bonita chili seedling leaves under the
same dataset partition and evaluation settings. The
expected contribution is both theoretical, through
empirical mapping of YOLO architectural
development, and practical, through identification
of models that are more suitable for accurate and
efficient nutrient deficiency detection.

MATERIALS AND METHODS

This research was conducted through
several systematic stages, as illustrated in Figure 1.

Problem Identification and Literature Review

+

Dataset Preparation

| |

| |

v

| Model Training |

I l
|

3

Implementation to System
3

| Evaluation and Conclusion

Source: (Research Results, 2026)
Figure 1. Research Stages

The workflow in Figure 1 summarizes the
main stages of the study, including problem
identification, literature review, dataset
preparation, model training, and comparative
evaluation. The dataset was developed to represent
nutrient deficiency conditions in Bonita chili
seedling leaves wunder controlled acquisition
settings. Next, YOLOv5 to YOLOv11 were trained
and evaluated using the same dataset partition and
the same main training settings to support a fair
comparison. Model performance was analyzed
using precision, recall, mean Average Precision
(mAP), and inference speed, followed by
comparative interpretation of accuracy and
computational efficiency across model versions. In
this study, the task is defined consistently as single-
object bounding-box detection. Each image contains
one primary leaf object, and the model predicts the
bounding box and the corresponding nutrient
deficiency class in a single forward pass.

System Design

The workflow of the nutrient detection
system design on chili leaves used in this study is
presented in Figure 2.
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Leaf Nutrient Yes
Labeling Input image chili
Required? seedling leaves

A 4

Labeling images and
saved coordinate leaf
nutrient use pickle

Nutrient deficiency
detection process

)

Detect and output
nutrient deficiency status

Source: (Research Results, 2026)
Figure 2. Design System Workflow

A

Figure 2 outlines the methodological
workflow of the proposed nutrient deficiency
detection system. The process begins with
controlled image acquisition, continues with
manual annotation of leaf objects and dataset
preparation, and proceeds to model training and
inference, where the system predicts the nutrient
class, confidence score, and bounding-box location
for each input image.

1. Image Acquisition

Leaf images are collected under controlled

lighting conditions to preserve symptom-

relevant visual features, including color,
texture, and chlorosis patterns.
2. Annotation and Label Verification

Each image is reviewed to ensure that the leaf

object has been annotated with a single

bounding box and the appropriate nutrient
class before being used for model
development.

3. Dataset Preparation

The annotated images are organized for

preprocessing, augmentation of the training

subset, and partitioning into training,
validation, and testing data.
4. Model Training

The labeled images are used to train YOLO

models so that the network can learn the

spatial and visual characteristics associated
with each nutrient condition.
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5. Inference
During inference, the trained model detects
the leaf object and predicts the
corresponding nutrient category from the
visual features in the input image.

6. Detection Output
The final output consists of a predicted
nutrient class, confidence score, and
bounding-box visualization to support
interpretation of nutrient conditions in
Bonita chili seedlings.

Dataset

The dataset used in this study was compiled
through controlled experimental stages to ensure
reliable class labels. Biological experiments were
conducted using a Completely Randomized Design
(CRD) on Bonita chili seedlings under five nutrient
treatments: complete nutrition (NPK), no nitrogen
(-N), no phosphorus (-P), no potassium (-K), and
no NPK. These treatments were designed to
generate systematic variation in nutrient status as
the basis for the image classes.

1. Image Acquisition

To verify the actual nutrient conditions of the
plants, laboratory analysis of the growing medium
was performed before and after treatment, together
with leaf tissue analysis. The results of these
laboratory measurements were used as biological
ground truth, so the assigned labels were not based
solely on visual inspection. During annotation, the
whole visible leaf was enclosed by a single bounding
box and assigned one nutrient class. Images with
unclear visual presentation or ambiguous labeling
were reviewed during quality control to maintain
annotation reliability [19], [35]. The image dataset
in this study was obtained through an image
acquisition system with controlled lighting, where
each image represents one leaf as a unit of analysis.
The scheme of the image acquisition system with
controlled lighting and the configuration of the
camera distance to the object is shown in Figure 3.

L
Penyangga Smartphone / ﬁ Kamera Smartphone / Mirrorless

Kamera Mirrorless / | N A
femmo 10 cm
e v
» Lampu LED Putih
—»20cm
B 7/"’ 20 cm
x°——- Tempat meletakkan sampel

Source: (Research Results, 2026)
Figure 3. Image capture system scheme
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And here is an example of an image of chili
seedling leaves acquired using controlled lighting,
shown in Figure 4.

Daun Dibit Cabai

Sistem Pencabayaan (LED)

Source: (Research Results, 2026)
Figure 4. [llustration of leaf image results

All images collected were then annotated
using a bounding box approach to mark leaf areas as
detection objects. Although each image generally
contains a single leaf object, an object detection
approach using bounding boxes was selected
instead of a pure image classification approach. This
decision was made to allow the model to explicitly
learn the spatial localization of leaf regions that
exhibit nutrient deficiency symptoms. In practical
agricultural scenarios, leaf images may contain
background elements, partial leaves, or multiple
leaves captured in a single frame. The object
detection framework enables the model to
simultaneously localize and classify nutrient
deficiency symptoms, improving robustness and
enabling potential extension to more complex field
conditions. This annotation approach is commonly
used in object detection dataset development
because it represents both object location and class
information simultaneously [36].

~ Dataset Details

4173 Toal images

Ble]-T-Tal-1.

Dataset Spat —
TRAR L 4

3651 Images

Source: (Research Results, 2026)

348 Images

The final dataset used in this study
comprised 4,173 leaf images distributed across five
nutrient classes: complete nutrition, nitrogen
deficiency, phosphorus deficiency, potassium
deficiency, and NPK deficiency. This final total
included augmented training images. The original
dataset contained 1,739 annotated images obtained
from controlled experimental observations. To
improve training diversity and generalization, the
original dataset was first split into training,
validation, and testing subsets using a
70%/20%/10% ratio. This produced 1,217 original
training images, 348 validation images, and 174
testing images. Data augmentation was then applied
only to the training subset, with three outputs
generated per training image, resulting in 3,651
training images. Because the validation and testing
subsets were kept in their original form, the final
dataset size became 4,173 images. Across the five
nutrient classes, the dataset remained relatively
balanced before and after augmentation, so no
single class dominated the training or evaluation
subsets.

In addition, the dataset was collected using
nine different camera devices with varying sensor
resolutions and imaging characteristics. The use of
multiple camera devices introduced variation in
image resolution, color rendition, and sensor
response. This variability increased dataset
diversity and helped improve model robustness
under different image acquisition conditions. The
final data partition used in model development
therefore consisted of 3,651 training images, 348
validation images, and 174 testing images. The split
was performed before augmentation to avoid
leakage between subsets, so no augmented
derivative of a validation or testing image was
included in the training data. The data were
stratified to maintain a relatively balanced class
distribution across all subsets [37], [35].

View All Images —»

/—'P T TaEY [ - )

174 images

Figure 5. Collection of research dataset

Before model training, all images
underwent preprocessing consisting of auto-
orientation and resizing to 640 x 640 pixels using a
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fit-with-white-edges strategy. Data augmentation
was applied only to the training subset to increase
visual diversity and reduce overfitting. The
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augmentation settings included horizontal and
vertical flipping, hue adjustment between -5° and
+5°, saturation adjustment between -15% and
+15%, brightness adjustment between -15% and
+15%, blur up to 2 px, noise up to 0.04% of pixels,
90° clockwise and counter-clockwise rotation of the
bounding box, and additional rotation between
-15° and +15° These settings followed common
practices in YOLO-based object detection dataset
development.

Experimental Setup

The research experiment setup integrates
software and hardware to evaluate the performance
of various versions of YOLO in detecting nutrient
deficiencies in chili seedling leaves, with the
following specifications:

Table 2. Hardware Specification

Component Specification

Intel® Core™ Ultra 5 Processor 125H with Al
Processor

Boost
Graphics Intel® Arc™ Graphics (7 Xe Cores, 2.2 GHz)
RAM 16 GB LPDDRS5X Dual Channel Memory
Storage 512 GB SSD NVMe Gen4
Display 14.0-inch 2.8K IPS Display (2880 x 1800),

16:10, sRGB 100%
Operating System Windows 11 Home

Source: (Research Results, 2026)

Table 3. Software Specification

Software Description
Operating System Windows 11 64-bit
Programming Language Python
Development Platform Google Colab

Source: (Research Results, 2026)

Table 4. Equipment Specifications for data
collection and laboratory testing:
Specification
Fuyjifilm X-20 Mirrorless Camera (12 MP), iPhone
13 Pro Max (12 MP), iPhone 11 (12 MP), Xiaomi

Category

g:j‘liz 12T (108 MP), Redmi Note 11 Pro (108 MP), Redmi
Note 8 (48 MP), Samsung Galaxy A73 (108 MP),
Xiaomi 9 (48 MP), and Infinix X687 (64 MP)

Stud.lo Studio box

Equipment

Planting Growing media, seedling trays, N, P, and K

Equipment fertilizers

Source: (Research Results, 2026)

Table 5. Laboratory Test Methods

Method Purpose
Titrimetry DeterminaFion of nitrogen (N)
concentration
. D inati f phosph P
Gravimetry etermination of phosphorus (P)
and potassium (K) concentration
Spectrophotometry Analysis of nutrient concentration
. . lidati f i
Atomic Absorption Validation . o . nutrient
concentration as biological ground
Spectroscopy (AAS) truth

Source: (Research Results, 2026)
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The dataset was collected through controlled
image acquisition using nine camera devices,
including mirrorless and smartphone cameras with
different sensor resolutions. Images were captured
inside a studio box to maintain consistent
illumination and minimize background
interference. This setting was used to preserve leaf
color, texture, and symptom appearance while still
introducing moderate variability from different
sensors.

To guarantee the reliability of the nutritional
labels, chili seedlings were cultivated under
controlled experimental conditions wusing a
Completely Randomized Design (CRD) with specific
nutrient treatments, including complete nutrition
(NPK), nitrogen deficiency (-N), phosphorus
deficiency (-P), potassium deficiency (-K), and
combined nutrient deficiency (-NPK). The
nutritional conditions of the plants were validated
through laboratory analysis of the growing media
and leaf tissues using titrimetry, gravimetry,

spectrophotometry, and Atomic Absorption
Spectroscopy (AAS). These laboratory
measurements served as the biological ground truth
for dataset labeling.

All images were resized to 640 x 640 pixels
and formatted for the YOLO training pipeline. The
original 1,739 annotated images were first split into
1,217 training images, 348 validation images, and
174 testing images using a 70%/20%/10% ratio.
Augmentation was applied only to the training
subset, generating three outputs per original
training image, so the final partition used for
modeling consisted of 3,651 training images, 348
validation images, and 174 testing images. This
split-before-augmentation protocol was used to
prevent leakage between training and evaluation
subsets.

For model training, all YOLO variants were
trained under the same main experimental
conditions to support a fair comparison. Each model
was trained for 100 epochs using an input size of
640 x 640 pixels and a batch size of 16. Transfer
learning with pretrained weights was used to
accelerate convergence. The optimizer was AdamW
with an initial learning rate of 0.001111,
momentum of 0.9, and weight decay of 0.0005. A
cosine learning-rate scheduler with a warm-up
phase was used to stabilize the early stage of
training. Although different YOLO versions rely on
version-specific publicly available implementations,
all models were evaluated under the same dataset
partition, the same image size, the same main
training configuration, and the same evaluation
thresholds to reduce procedural variation across
architectures.
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The training process used standard detection
loss components for bounding-box regression,
classification, and localization refinement. In the
implementation used in this study, these
components included Complete Intersection over
Union (CloU) loss for bounding-box regression,
Binary Cross Entropy (BCE) loss for classification,
and Distribution Focal Loss (DFL) for localization
refinement. Automatic Mixed Precision (AMP) was
enabled to improve computational -efficiency.
During evaluation, the confidence threshold was set
to 0.25 and the Intersection over Union (IoU)
threshold to 0.5. A fixed random seed of 42 was
applied to maintain consistent data shuffling and
initialization. Each YOLO configuration was trained
once using the same data split and the same main
hyperparameter settings. All FPS measurements
were obtained using the same input resolution (640
x 640) and the same runtime environment so that
the reported inference speed reflected comparable
benchmarking conditions across models.

Performance Metrics

To evaluate the detection performance of the
YOLO models, several standard object detection
metrics were employed, including Precision, Recall,
mean Average Precision (mAP), and inference
speed measured in frames per second (FPS).
Precision represents the proportion of correctly
predicted positive detections, while Recall
measures the ability of the model to detect all
relevant objects in the dataset. These metrics are
derived from the number of True Positive (TP),
False Positive (FP), and False Negative (FN)
predictions.

The primary evaluation metric used in this
study is mean Average Precision (mAP). Two
variants of mAP are reported: mAP@0.5 and
mAP@0.5:0.95. The mAP@0.5 metric evaluates
detection performance when the Intersection over
Union (IoU) threshold is set to 0.5, indicating
whether predicted bounding boxes sufficiently
overlap with the ground truth annotations.
Meanwhile, mAP@0.5:0.95 represents the mean
average precision calculated across multiple IoU
thresholds ranging from 0.5 to 0.95 with a step size
of 0.05. This metric provides a more comprehensive
evaluation because it considers both object
localization accuracy and detection robustness
across different loU levels.

In addition to detection performance,
computational efficiency was also evaluated using
inference speed measured in frames per second
(FPS). All evaluation metrics were computed using
the standard YOLO evaluation protocol during the
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validation process to ensure fair and consistent
comparison across all tested YOLO architectures.

Table 6. Measurement Scenario

Measurement Quantity
True Positive (TP) A chili seedling leaf exhibiting a
specific nutrient deficiency

condition is correctly localized by
a bounding box and classified into
the corresponding nutrient class
with sufficient IoU overlap.

A chili seedling leaf is incorrectly
detected or classified into a
nutrient deficiency class that does
not correspond to its actual
nutritional condition.

A chili seedling leaf with a specific
nutrient deficiency condition is not
detected by the model or is
misclassified into an incorrect
nutrient class.

False Positive (FP)

False Negative (FN)

Source: (Research Results, 2026)

Note: In multi-class object detection, True
Negative (TN) is not explicitly emphasized, because
the evaluation focuses on object localization and
correct class assignment. This evaluation metric
provides a comprehensive overview of the YOLO
model's performance in identifying and classifying
the nutritional status of chili seedling leaves, taking
into account object detection success, nutritional
class accuracy, and detection errors, as formulated
in Equation (1):

TP+TN

Accuracy = (1)
TP+TN+FP+FN

In addition, the detection speed of each
YOLO version is evaluated through FPS according to
Equation (2):

N
FPS = P (2)
Description:

N: total number of frames processed in one
detection session.

T: total time required to process N frames,
measured in seconds.

The selection of detection performance
metrics together with inference speed reflects their
relevance for evaluating nutrient deficiency
detection systems intended for real-time
agricultural applications. Precision, recall, and mAP
describe how reliably the model localizes and
classifies nutrient deficiency symptoms, whereas
inference speed reflects operational efficiency
during deployment [38]. Inference speed is
especially important in practical monitoring
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scenarios because faster image processing supports
more timely interpretation of crop conditions and
more responsive decision-making in nutrient
management [39].

Taken together, these metrics provide a
broader basis for judging whether a model is both

Image Detection Results
The image detection results are shown in Figures 6:

(a) Bonita ili leaf image

Source: (Research Results, 2026)

(b) Detection result of complete
nutrient condition on chili
leaves

accurate and practically deployable in precision
agriculture.

RESULTS AND DISCUSSION

The experimental results are presented in
the following subsections.

(c) Detection result of
phosphorus deficiency on chili
leaves

Figure 6. Examples of chili leaf images and detection results: (a) Bonita chili leaf image, (b) detection
result of complete nutrient condition, and (c) detection result of phosphorus deficiency.

Figure 6 illustrates representative detection
outputs for Bonita chili seedling leaves under
different nutrient conditions. The figure includes
the original leaf image and two example predictions
corresponding to complete nutrition and
phosphorus deficiency. The original image shows a
clearly visible leaf separated from the background,
providing a representative input for the detection
model. In the complete-nutrition example, the
model generates a bounding box that covers the leaf
area accurately and assigns the class with a
confidence score of 0.90.

The predicted result is consistent with the
visual appearance of a healthy leaf, including
uniform green coloration and intact leaf structure.
In the phosphorus-deficiency example, the model
also localizes the leaf accurately and predicts the
class with a confidence score of 0.97. The predicted
class is consistent with visible deficiency symptoms,
such as paler coloration and reduced visual
prominence of the leaf surface and vein structure.
These examples indicate that the model can localize
and classify leaf nutrient conditions under the
controlled imaging setup used in this study. They
also illustrate that visually distinctive nutrient
patterns can be detected with high confidence.

Data preparation and Data Augmentation
Data preparation and augmentation were
performed to improve the robustness and
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generalization ability of the YOLO-based model in
detecting nutrient deficiencies (N, P, K, and NPK) in
Bonita chili seedling leaves. Given that nutrient
deficiency symptoms are highly dependent on
subtle visual cues, particularly leaf color, texture,
and vein patterns, each preprocessing and
augmentation strategy was carefully selected to
avoid altering critical characteristics that could lead
to object detection errors.

Data preparation

The data preparation stage aims to
standardize the input images while preserving the
original morphology and color distribution of chili
leaves. First, an automatic orientation process is
applied to correct inconsistencies caused by camera
metadata. This step ensures that all images are
consistently aligned before model training,
preventing orientation bias during feature learning.

Next, all images are resized to 640 x 640
pixels using a “fit with white edges” strategy. This
approach is chosen to meet YOLO's square input
requirements while avoiding geometric distortion
of leaf shapes. Unlike cropping-based resizing,
adding white edges preserves the intact leaf
structure and maintains accurate bounding box
alignment. This method is particularly suitable for
close-up leaf datasets, where even minor shape
deformations can affect detection accuracy.
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The dataset consisted of five classes:
complete  nutrition, potassium  deficiency,
phosphorus deficiency, NPK deficiency, and
nitrogen deficiency. Before augmentation, the
original dataset of 1,739 images was split into 1,217
training images, 348 validation images, and 174
testing images. The validation subset was used to
monitor model performance during training,
whereas the testing subset was reserved for final
evaluation.

The chili seedling leaf image dataset has been
annotated using the YOLO annotation format, where
each object is described in a text file (.txt) that
includes class information and bounding box
coordinates in the following format: (class_id),
(x_center), (y_center), (width), (height). All
coordinates are normalized based on image
dimensions, so that the values are in the range of 0-
1. Annotations are done manually using image
labeling software, then validated by agronomists to
ensure that the visual symptoms on the leaves
match the defined nutrient deficiency categories.

In this study, labeling rules were determined
based on the visual characteristics of nutritional
deficiency symptoms in chili seedling leaves,
including leaf discoloration, chlorosis patterns,
necrosis, and modifications in leaf tissue shape.
Each leaf object displaying specific symptoms was
assigned a label corresponding to the detected
nutritional category. To overcome the limited size of
the original dataset, a 3x augmentation strategy was
applied in Roboflow only to the training subset. In
this setting, each original training image generated
three outputs in total, producing 3,651 training
images after augmentation. Because the validation

and testing subsets were not augmented, the final
dataset used in the study contained 4,173 images.
This strategy preserved evaluation independence
while improving training diversity.

Improvements in Boundary Box Levels

Augmentation was designed to improve
spatial robustness and orientation invariance while
preserving symptom characteristics. Horizontal and
vertical flipping, rotation between -15° and +15°,
90° clockwise and counter-clockwise rotation, hue
adjustment between -5° and +5°, saturation and
brightness adjustment between -15% and +15%,
blur up to 2 px, and noise up to 0.04% of pixels were
applied to the training images.

Overall Impact

Overall, the data preparation and
augmentation strategy is designed to maximize
dataset diversity while preserving the intrinsic
visual characteristics of nutrient deficiency
symptoms. By maintaining color integrity, avoiding
geometric distortion, and introducing realistic
variations, the augmented dataset allows the YOLO
model to learn more general and robust feature
representations. This configuration effectively
reduces overfitting, improves stability during
training, and enhances detection performance
across various shooting conditions, making it highly
suitable for automated nutrient detection in chili
seedling cultivation systems.

Comparison Table Results
The following is a comparison table of YOLOvV5 to
YOLOv11

Table 7. Comparison Results

Version mAP@0.5 FLOPs (GFLOPs) FPS (inference) Parameter (M) Model Size (MB)

YOLOVSs 0.984 15.8 ~170 FPS 7.02 M ~28 MB

YOLOvV6 0.985 4517 ~88 FPS 18.50 M ~74 MB

YOLOv7 0.871 105.2 ~68 FPS 37.21M ~149 MB

YOLOvSs 0.988 28.7 ~131FPS 11.13 M ~44 MB

YOLOV9 (gelan-c) 0.982 102.5 ~30 FPS 25.41M ~102 MB

YOLOv10s 0.991 214 ~67.6 FPS 7.22M ~29 MB

YOLOv11s 0.991 21.3 ~82 FPS 9.41M ~38 MB

Source: (Research Results, 2026)

Table 7 summarizes the comparative contrast, YOLOv7 produced the lowest mAP@0.5,

performance of YOLOv5 to YOLOv11 in terms of
detection accuracy, computational complexity,
inference speed, parameter count, and model size.
Together, these metrics describe the trade-off
between predictive performance and deployment
cost. The models achieved generally high mAP@0.5
values, ranging from 0.871 to 0.991. YOLOv10s and
YOLOv11s obtained the highest mAP@0.5 in this
single-run comparison, while YOLOv8s, YOLOvVS5s,
and YOLOv6 also showed competitive results. By
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indicating that higher architectural complexity did
not translate into better performance on this
dataset. Clear differences were also observed in
computational complexity. YOLOv7 and YOLOv9
(GELAN-C) required more than 100 GFLOPs,
whereas YOLOv10s and YOLOv1lls operated at
approximately 21 GFLOPs while maintaining high
detection performance. A similar pattern appeared
in parameter count and model size. YOLOVS5s,
YOLOv10s, and YOLOv1lls were comparatively
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compact, whereas YOLOv7 and YOLOv9 required
substantially larger parameter budgets and storage
capacity.

These findings indicate that model selection
should consider both accuracy and efficiency.
Within the present experiment, YOLOv10s and
YOLOv11s provided the strongest overall balance
among the evaluated models; however, the
observed differences among the top-performing
models were small and should be interpreted as
comparative tendencies rather than definitive
superiority. Class-level inspection indicated that
NPK deficiency was the most challenging category
to distinguish, especially when combined symptoms
produced diffuse visual transitions between healthy
and deficient tissue. This difficulty likely arose from
overlapping color changes, mixed symptom
patterns, and less distinct visual boundaries
compared with single-element deficiencies.

YOLOv5-v11 Comparison Chart Results

This section presents a  graphical
comparative analysis between YOLOv5 and
YOLOv11 based on key performance indicators,
including mAP@0.5, computational complexity
(FLOPs), inference speed (FPS), number of model
parameters, and estimated model size. This
graphical visualization provides more intuitive
insights into the performance trade-offs between
YOLO variants when applied to the detection of
nutrient deficiencies in Bonita chili seedlings using
the npk_v15 dataset.

mAP@0.5 Comparison

mMAP@O0.5 Comparison
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Source: (Research Results, 2026)
Figure 9. mAP@0.5 comparison chart image

Figure 9 compares mAP@0.5 across the
evaluated models. YOLOv10s and YOLOvlls
achieved the highest values, while YOLOv8s also
remained highly competitive. Because the gap
among the top models was small, the figure is better
interpreted as showing relative ranking under the
present experimental setting rather than a large
practical performance separation.
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FLOPs Comparison

FLOPs Comparison
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Figure 10. Comparison of computational
complexity (GFLOPs) across YOLO models

Figure 10 shows that computational cost
varied substantially across architectures. YOLOv7
and YOLOV9 required the largest GFLOPs, whereas
YOLOv5 was the lightest model and YOLOv10-
YOLOv11l remained comparatively efficient. This
pattern suggests that architectural refinement can
improve the accuracy-efficiency trade-off without
simply increasing computational burden.

FPS Inference Comparison

Inference FPS Comparison
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Source: (Research Results, 2026)
Figure 11. Comparison of inference speed (FPS)
across YOLO models

Figure 11 shows that YOLOvV5 achieved the
highest FPS, whereas YOLOv9 produced the lowest.
YOLOv10 and YOLOv11 occupied an intermediate
position, indicating that their higher accuracy was
achieved with a moderate speed cost rather than
maximum throughput.

Comparison of Parameter Quantity

Figure 12 indicates that YOLOv7 had the
largest parameter count, while YOLOv5 and
YOLOv10 remained relatively compact. This result
is consistent with the broader observation that
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parameter growth alone did not guarantee superior
detection performance on the nutrient deficiency
dataset.

Parameter Count Comparison
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Figure 12. Comparison of trainable parameter
counts across YOLO models
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Comparison of Estimated Model Sizes

Figure 13 shows that model size followed a
pattern similar to parameter count. Large models
such as YOLOv7 and YOLOvV9 may be less suitable
for memory-limited deployment, whereas YOLOVS5,
YOLOv10, and YOLOv11 provide a more practical
balance between model size and performance.

Confusion Matrix
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Figure 13. Comparison of model size (MB) across
YOLO architectures

Overall Graphic Interpretation

The combined graphical analysis indicates that no
single model simultaneously maximized every
criterion. YOLOv10s and YOLOv11s offered strong
accuracy with moderate computational demand,
YOLOv5s emphasized inference efficiency, and
YOLOv8s remained competitive across multiple
metrics. This pattern is relevant for deployment
decisions because the preferred model depends on
whether the priority is absolute accuracy, model
compactness, or inference speed.
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Figure 14. Confusion matrices of the evaluated YOLO models: (a) YOLOVS5, (b) YOLOvS, (c) YOLOv7, (d)
YOLOvVS, (e) YOLOVY, (f) YOLOvV10, and (g) YOLOv11.

The confusion matrices show that most
models achieved strong class discrimination, as
reflected by the dominance of diagonal values.
However, the distribution of errors was not uniform
across classes. In YOLOv5 and YOLOv6, most errors
were concentrated in the Complete Nutrition class,
which was occasionally confused with background
or mild deficiency patterns. YOLOv7 displayed a
more dispersed error distribution than the other
models, particularly for NPK deficiency and
potassium deficiency, indicating greater difficulty in
separating visually similar classes. Newer models
such as YOLOvS8, YOLOv9, YOLOv10, and YOLOv11
showed more stable diagonal patterns, although
minor confusion between NPK deficiency, nitrogen
deficiency, and Complete Nutrition remained.

Across the evaluated models, NPK deficiency
and Complete Nutrition were the most error-prone
classes. This pattern is plausible because combined
nutrient deficiency can produce overlapping
symptoms, while healthy leaves may still resemble
mildly deficient leaves in early stages. Overall, the
confusion matrices suggest that YOLOv10,
YOLOv11, and YOLOv8 achieved the most stable
class separation in this experiment. Nevertheless,
these results should be interpreted together with
the small numerical differences in mAP@0.5 and the
absence of repeated-run uncertainty estimates.

Speed Accuracy Results

This section analyzes the trade-off between
inference speed and detection accuracy of YOLOv5-
YOLOv11l using a graphical representation of
speed-accuracy in the form of a bubble chart. This
graph displays three main aspects simultaneously:
inference speed (FPS) on the horizontal axis,
detection mAP@0.5 on the vertical axis, and model
complexity represented by bubble size, where
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larger bubbles indicate a higher number of model
parameters.

Speed-Accuracy Trade-off (Bubble = Parameter Count)
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Figure 15. Speed-Accuracy Analysis

The speed-accuracy graph illustrates the
trade-off between detection performance and
inference speed across the evaluated YOLO variants.
Models in the upper-right area of the plot combine
relatively high mAP@0.5 with relatively high FPS,
whereas models in the lower-left area reflect a less
favorable balance. YOLOv8s occupies a competitive
position in this trade-off space because it combines
high accuracy with high throughput. Although its
mAP@0.5 is slightly lower than that of YOLOv10s
and YOLOvlls, its overall balance remains
attractive for practical deployment.

YOLOv9 (GELAN-C) provides strong
detection accuracy but at the cost of considerably
lower inference speed and higher model
complexity, indicating that its performance
advantage is limited by deployment efficiency.
YOLOV7 occupies a less favorable region of the plot,
with lower mAP@0.5 and relatively high
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computational burden. This result reinforces the
observation that larger model capacity was not
advantageous for the present dataset. In contrast,
YOLOv5s achieved the highest FPS, showing that
lightweight architectures can still remain useful
when real-time throughput is the main
consideration. Overall, the speed-accuracy trade-
off suggests that YOLOv10s and YOLOv11s were the
strongest performers in this single experimental
setting, while YOLOv8s and YOLOv5s remain
practical alternatives depending on deployment
priorities. These differences should be interpreted
as relative tendencies rather than definitive
rankings.

CONCLUSION

This study compared YOLOv5 to YOLOv11
for detecting nutrient deficiencies in Bonita chili
seedling leaves across nitrogen deficiency,
phosphorus deficiency, potassium deficiency, NPK
deficiency, and complete nutrition classes. All
evaluated models achieved high detection
performance, but they differed in computational
efficiency and class-level error patterns. In this
experimental setting, YOLOv10s and YOLOvlls
achieved the highest mAP@0.5, while YOLOv8s also
remained highly competitive with a favorable
balance between accuracy, speed, and model size.
Class-level analysis indicated that single nutrient
deficiencies were generally easier to recognize than
combined deficiency patterns. NPK deficiency
remained the most challenging class because its
symptoms overlapped visually with several single-
deficiency patterns, while the Complete Nutrition
class was sometimes confused with mild deficiency
cases. Overall, the results suggest that recent YOLO
variants offer promising performance for nutrient
deficiency detection in controlled chili seedling
imagery. However, because the present comparison
is based on one dataset partition and single training
runs, the findings should be interpreted as
empirical comparative evidence within this study
rather than as universal rankings for all agricultural
detection tasks.
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