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Abstract

Urban plant biodiversity is crucial for maintaining ecosystem
functioning, yet it faces numerous serious threats such as
infrastructure development, habitat fragmentation, pollution,
and climate change. Species inventory is also challenging due
to limited data and changes in scientific nomenclature. To
address this, various conservation efforts are being carried out,
all of which require accurate species identification. However,
manual classification is often inefficient and inaccurate due to
similarities between species as well as variations within a
single species. Therefore, automated approaches based on
machine learning, such as Convolutional Neural Networks
(CNN) are used to assist plant classification, although
challenges remain, including data imbalance and high image
variability. Various CNN architectures have been developed,
and no single model outperforms others in all situations.
Therefore, the choice must be tailored to the characteristics of
the task and the dataset being used. This study aims to
compare the performance of several pretrained models and
determine the most optimal one for classifying plant species
in natural images from the Balikpapan Botanical Garden
(BBGS2). The focus of this research is to evaluate the
performance of four CNN architectures (ResNet50,
DenseNet121, MobileNetV3 Large, and ConvNeXt Tiny), all
of which are pretrained models with weights obtained from
training on the ImageNet dataset. This study employs two
configurations (without additional hidden layers and with the
addition of one hidden layer) to examine the effect of the
number of hidden layers on model performance, and evaluates
them based on accuracy, F1-score, and computation time. The
results of this study show that ConvNeXt Tiny with the added
hidden-layer configuration is the most optimal model for plant
species classification on the BBG52 dataset, achieving the
highest accuracy (94.66%), the highest F1-score (0.946), and
the fastest computation time (0.0098 seconds) using a GPU.
These findings provide practical guidance for selecting
efficient and high-performing CNN architectures for real-
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world plant species classification in biodiversity conservation
contexts.

Keywords: Plant Species Classification; Comparative Deep
Learning Models; Convolutional Neural Networks (CNN);
Balikpapan Botanical Garden.

1. Introduction

Urban biodiversity, particularly plants in green spaces, plays
a vital role in maintaining ecosystem function, mitigating
climate change, and improving human physical and mental
well-being. However, this biodiversity is threatened by
infrastructure development, pollution, and weak green space
governance, which trigger habitat degradation [I1]
Conservation challenges are further compounded by obstacles
to research and documentation, such as data uncertainty and
taxonomic changes, which can put species at risk of extinction
before they can be properly identified and protected [2] .

As a first step in conservation, accurate species
identification is essential. However, traditional methods
relying on manual morphological observations are considered
inefficient and time-consuming. These methods often struggle
with fine-grained classification due to visual variation within
a species or similarities between different species. Therefore,
automated approaches using machine learning and image
processing are a necessary solution, although their
implementation still faces technical challenges such as data
imbalance and high visual variation in images, which affect
model generalization [3] .

Several studies have demonstrated the effectiveness of
CNN-based methods for plant species classification while
also highlighting the context-dependent nature of model
performance. For instance, Araujo et al. proposed a fine-
grained classification approach based on a two-view leaf
representation and hierarchical strategy based on botanical
taxonomy. Siamese Convolutional Neural Network (S-CNN)
method is used to measure image similarity through global
features (shape and color) at genus level, and local features
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(texture and vein) at species level. This approach effectively

reduces dependence on large training data and supports

scalability of new species without the need for retraining.

Based on testing, this architecture achieves an accuracy of

0.87 on PlantCLEF 2015 dataset and 0.96 on LeafSnap [3] .

Evaluation of the models used should be based on the No-
Free-Lunch (NFL) principle, which is often misinterpreted as
the claim that all machine learning algorithms are equal and
lack formal justification. However, this interpretation ignores
the crucial distinction between data-only and model-
dependent algorithms. The NFL theorem strictly applies to
data-only algorithms, that is, algorithms that do not
encapsulate explicit inductive biases regarding the data
structure. In practice, standard algorithms such as Empirical

Risk Minimization (ERM) do not operate solely on data but

rely on the selection of models or classes of hypotheses that

represent specific structural assumptions. Therefore, the
effectiveness of an algorithm is relative and is largely
determined by the match between the model's inductive biases

(e.g., network architecture or representation complexity) and

the underlying regularities of the processed image data. Thus,

the NFL theorem does not negate the value of commonly used
learning algorithms, but rather emphasizes that the
justification for their performance is local and conditioned on
the selection of architectures and parameters appropriate to
the characteristics of the data and the context of the image

classification task at hand [4] .

This study aims to conduct a comparative analysis of the
performance of several pretrained models in plant species
classification on the BBG52 dataset using accuracy and F1-
score metrics, and to analyze the effect of adding hidden
layers on model performance. In summary, the main
contributions of this study are as follows:

1. Comparing the performance of pretrained models for
plant species classification on the BBG52 dataset based
on accuracy and F1-score, and the effect of adding hidden
layers.

2. Comparing the computation time of pretrained models
based on the number of parameters, and the effect of
adding hidden layers.

Determining the most optimal model for plant species
classification on the BBG52 dataset based on performance
and computation time.

2. Related Works

Previous studies that discuss the problem of image-based
plant species classification, it can be concluded that deep
learning, especially the Convolutional Neural Networks
(CNN) and transfer learning approaches, consistently show
superior performance in overcoming the complexity of plant
morphological variations in natural images. Ramadhani et al.
[5] in their study introduced a new BBG52 dataset, which
contains 5200 natural images of 52 different plant species
captured using mobile devices. ResNet variants (ResNet-34,
ResNet-50, and ResNet-101) were used as pretrained models
for plant species classification. All models were tested by
varying the number of hidden layers, namely without hidden
layers, one hidden layer, and two hidden layers. The results
showed that ResNet-50 without hidden layers achieved the
best performance with an accuracy of 96.88% and an F1-score
of 0.9689, while the addition of one or two hidden layers
tended to decrease the performance of all ResNet variants. In
addition, the manual split method produces better
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performance, shown by ResNet-34 without hidden layers with
an accuracy of 95.12% and an Fl-score of 0.9512, and in
terms of computational efficiency, ResNet-34 is the fastest
model with a computational time of 0.0765 seconds compared
to ResNet-50 (0.0861 seconds) and ResNet-101 (0.0916
seconds) on GPU devices.

Salsabila et al. [6] focused on identifying 3,500 images
of medicinal plants using Deep Learning CNN Transfer
Learning models such as MobileNet, VGG16, DenseNet121,
ResNet50V2, and NASNetMobile. The dataset used was the
"Indonesian Herb Leaf Dataset 3,500" which consists of 10
classes of medicinal plants. This study compared the
performance of the five models with data sharing schemes of
80:10:10 and 70:20:10, and compared augmented and
unaugmented data. The results showed that MobileNet
provided the best performance with accuracy, precision, recall,
and F1-score of 98.86%.

A study Bui et al. [7] compared leaf image classification
using deep artificial neural networks (DNNs) and manual
feature extraction methods on public datasets to develop smart
solutions in agriculture. Manual feature extraction methods
(SIFT, HOG, and DWT) and CNN models (AlexNet, ResNet-
50, Inception-v3, and DenseNet-201) were optimized and
applied to accurately classify leaf images. The results showed
the highest classification accuracy of 94% on the grayscale
Plant Village dataset, 97.78% on the color Plant Village
dataset, and 95.53% on apple leaf disease images using
DenseNet-201. This study concluded that DNNs are more
efficient and robust in leaf image classification compared to
manual feature extraction methods.

Dey et al. [8] applied seven Deep Convolutional Neural
Network (DCNN) architectures, namely VGG16, VGG19,
DenseNet201, ResNet50V2, Xception, InceptionResNetV2,
and InceptionV3 for automatic identification of 30 medicinal
plant species from leaf images. Model training was carried out
using two dataset scenarios: public data (P:) with a uniform
background and a combination of public and field data (PF:)
with a complex background. All images were preprocessed by
scaling the size to 224x224 pixels. The models were evaluated
using accuracy, precision, recall, and F1-score metrics, and
normalized by the leverage factor (yw) for comprehensive
comparison. The evaluation results showed that DenseNet201
recorded the best performance in both dataset scenarios, with
an accuracy of 99.64% and a precision of 98.31% on the P:
data, and an accuracy of 97% on the PF: data. This model also
had the highest yo values (0.19 for P: and 0.15 for PF),
indicating superior stability and reliability compared to other
models. These findings confirm that DenseNet201 is the most
effective  architecture for medicinal plant species
identification, even under varied and complex image
backgrounds.

Zhou et al. [9] examined various deep learning
approaches for plant image classification comprehensively
evaluated using five plant image datasets consisting of four
public datasets (Flavia, Swedish Leaf, Oxford Flower102, and
D-leaf) and one custom-built Camellia@clab dataset
specifically for cultivar-level testing. Six DL models (LeNet,
AlexNet, ResNet, InceptionNet, DenseNet, and MobileNet)
were tested using 10-fold cross-validation to assess prediction
accuracy and classification loss. The results showed that
DenseNet provided the best stable performance across all
datasets, with a median accuracy of over 90%, while LeNet
also showed good and stable performance with a median
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accuracy above 82.3%. Overall, most models achieved a
median classification accuracy above 62%, with DenseNet
achieving nearly 100% accuracy. The study also highlighted
that datasets with a larger number of images per species tend
to improve the classification accuracy of the models.

Mehdipour Ghazi et al. [10] applied a transfer learning
method by utilizing three pretrained deep convolutional
neural network (CNN) architectures, namely AlexNet,
GooglLeNet, and VGGNet, for plant species identification
using the LifeCLEF 2015 dataset. To improve performance
and reduce overfitting, data augmentation was performed
through image transformations such as rotation, translation,
reflection, and scaling, as well as optimization of parameters
such as the number of iterations, batch size, and the number
of extracted patches. The results showed that fine-tuning the
pretrained models significantly outperformed training from
scratch, with VGGNet achieving the highest validation
accuracy of 78.44% and GoogLeNet at 76.87%. Through
score-based fusion of the two best models, the combined
system successfully achieved an overall accuracy of 80.18%
on the validation set and an inverse rank score of 0.752 on the
test set, outperforming the LifeCLEF 2015 winner by 15%
points in accuracy. Parameter analysis also revealed that
increasing the number of iterations had the most significant
impact on performance, followed by data augmentation, while
increasing the batch size had a more limited impact.

Hama et al. [11] proposed a deep learning-based
ornamental plant leaf classification system by modifying the
ResNet-50 architecture. The applied method involved
creating a new dataset containing 2,500 images of 10
ornamental plant leaf species, which was then expanded to
12,000 images through data augmentation techniques such as
rotation, flipping, zooming, and shifting. The ResNet-50
model was modified by performing hyperparameter fine-
tuning and selective layer freezing to reduce the number of
parameters and training time. Evaluation results showed that
this improved model achieved an accuracy of up to 99% on
the augmented dataset and 98.60% on the unaugmented
dataset, outperforming the original ResNet-50 model and
MobileNet v2, thus proving the effectiveness of the proposed
approach in automatic ornamental plant leaf classification.

Khalid et al. [12] applied transfer learning and fine-
tuning methods to a ResNet-50 model pretrained on the
ImageNet dataset to classify images of two local Malaysian
herbal plant species from a subset of the MYLPherbs-1
dataset. Two main approaches were explored: using the
pretrained model as a feature extractor with different
classifiers, and fine-tuning by unfreezing certain layers in the
ResNet-50 architecture, specifically in Block 1 and Block 3 in
Stage 4. Experimental results showed that fine-tuning by
unfreezing layers starting from Stage 4 Block 1 produced the
best performance, achieving the highest accuracy of 97.08%
with an input hyperparameter of 224x224x3 shape, 150
epochs, and a batch size of 64, while using transfer learning
as a feature extractor only achieved the lowest accuracy of
88.45%. These findings confirm that deep layer adaptation
through fine-tuning significantly improves the model's ability
to recognize specific characteristics of the herbal plant dataset,
with increasing the number of epochs also contributing
positively to classification accuracy.

Gustineli et al. [13] proposed a transfer learning
approach utilizing a self-supervised trained Vision
Transformer (DINOv2) model to handle multi-label
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classification of plant species on the PlantCLEF 2024 dataset.
The proposed method involves feature embedding extraction
using both baseline and fine-tuned DINOv2 models, followed
by linear classifier training on the embedding. To address the
large data scale, a distributed processing pipeline with Apache
Spark is implemented that includes image preprocessing
(cropping and resizing to 128%128 pixels), conversion to
Parquet format, and efficient feature extraction. In the
inference stage, two strategies are applied: full-image
prediction and a grid-based approach by dividing the image
into tiles that are then classified independently. Experimental
results show that the fine-tuned DINOv2 model combined
with grid-based inference (3%3) and argmax aggregation per
tile yields the best performance, with significant
improvements in the Macro F1 Averaged Per Plot (17.76) and
Macro F1 Averaged Per Species (44.76) metrics compared to
the full-image approach. These findings confirm the
effectiveness of utilizing the fine-tuned DINOv2 embedding
and grid processing strategies in handling the complexity of
multi-label classification on large-scale vegetation plot
images.

Aratjo et al. [3] proposed a new method for fine-grained
plant species classification using a two-view leaf image
representation and a hierarchical classification strategy. This
method uses botanical taxonomy as the basis for a coarse-to-
fine strategy in identifying plant genera and species. The two-
view representation provides complementary global and local
features of leaf images, and a deep metric based on Siamese
Convolutional Neural Networks (S-CNN) is used to reduce
the dependence on many training samples and make the
method scalable to unknown plant species. Experimental
results on the PlantCLEF 2015 and LeafSnap datasets
demonstrate the effectiveness of the proposed method,
achieving recognition accuracies of 0.87 and 0.96,
respectively.

Lapkovskis et al. [14] proposed an innovative
multimodal deep learning approach for plant identification by
applying automatic fusion using the Multimodal Fusion
Architecture Search (MFAS) algorithm. This method
integrates four plant organs (flower, leaf, fruit, and stem) as
fixed input modalities, which are processed through a
pretrained unimodal model based on MobileNetV3Small. To
overcome the limitations of existing multimodal datasets, the
authors developed a preprocessing pipeline that transforms
the PlantCLEF2015 dataset into Multimodal-PlantCLEF,
consisting of 979 classes. The architecture fusion process is
performed automatically by MFAS to determine the optimal
fusion points and strategies between modalities, supported by
the multimodal dropout (MD) technique to improve the
model's robustness to missing modalities. Evaluation results
show that the proposed model achieves an accuracy of
82.61%, outperforming the baseline late fusion by 10.33%
and other state-of-the-art methods on the same dataset.
Furthermore, the MD model demonstrated significant
robustness when tested on an incomplete subset of modalities,
with consistent performance improvements compared to the
baseline. The statistical superiority of this model was also
confirmed by McNemar's test (p < 0.001), further confirming
the validity of the results.

Mareta et al. [15] in their research used the TensorFlow-
based Convolutional Neural Network (CNN) method to
classify three types of ornamental plants, namely Aglonema,
Coleus, and Croton. The data used consisted of 300 images of
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ornamental plants divided into training and testing data. The
implemented CNN has three feature extraction layers that
include convolution, pooling, and fully connected, with
several convolutional layers whose filters increase from 16 to
96 kernels, resulting in 55,392 final parameters. The model
was trained for 50 epochs. The results showed a high level of
accuracy, namely 98.30% for training and 98.75% for testing.
Specifically, the testing accuracy for Aglonema was 92.16%,
Coleus 97.25%, and Croton 92.94%, which indicates the
effectiveness of this method in automatically recognizing
ornamental plant types.

In summary, the problem of plant species classification
in natural images is most effectively solved by utilizing
pretrained CNN models with appropriate architectural
configurations, selecting models that balance performance
and computational efficiency, and supporting adequate
datasets. These findings emphasize that there is no single,
universally superior model; rather, model effectiveness
depends heavily on dataset characteristics, training scenarios,
and application objectives.

3. Methods

3.1 ResNet50

One of the models used in this study is ResNet model, which
is a residual convolutional neural network (CNN) architecture
that introduces skip connections (shortcut connections) to
facilitate the flow of information for image recognition. This
model has the ability to train very deep networks without
degradation problems by preserving the original signal
through the residual path [16] .

This model is divided into four main stages with varying
numbers of residual blocks, namely 3, 4, 6, and 3 blocks at
each stage, and is equipped with shortcut projections at the
beginning of each stage when there is a change in spatial
dimensions or the number of channels. For the ResNet50
variant, it has 50 layers with a bottleneck structure consisting
of 1x1, 3x3, and 1x1 convolutions in sequence, which
efficiently reduces the channel dimension before the spatial
convolution operation. In this study, the model is used as a
reference or basic architecture that will be used to compare
other pretrained models [16] .

3.2 DenseNetl121

Next is the DenseNet model proposed by Huang et al. [17] , a
densely connected convolutional neural network architecture
in which each layer is connected to all subsequent layers
through feature concatenation. This dense connectivity
improves information flow, encourages feature reuse,
mitigates the vanishing-gradient problem, and significantly
enhances parameter efficiency. Due to these characteristics,
DenseNet is less prone to overfitting, even when trained on
limited data, and is capable of extracting rich hierarchical
features while preserving fine visual details such as leaf
texture and vein patterns.

DenseNetl21 is a variant of the DenseNet architecture
implemented with 121 layers and specifically designed for
large-scale 1image classification such as ImageNet.
DenseNet121 consists of four consecutive dense blocks with
6, 12, 24, and 16 convolutional layers, respectively, and is
equipped with transition layers between blocks that perform
1x1 convolution and 2x2 average pooling to reduce spatial
dimensionality. Each layer in the dense block uses a
bottleneck structure (BN-ReLU-Conv(1x1)-BN-ReLU-Conv
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(3%3)) and a compression factor of 6=0.5 in the transition
layer, making it part of the DenseNet-BC family that has
proven to be the most efficient in parameter usage. With a
growth rate of k=32, each layer adds 32 new feature maps to
the network's collective representation [17] .

3.3 MobileNet V3 Larger
Next is the MobileNet model, which is a convolutional neural
network architecture built on the foundation of depthwise
separable convolution, which is a factorization of standard
convolution into two separate layers: depthwise convolution,
which applies one filter to each input channel, and pointwise
convolution (a 1x1 convolution), which combines the outputs
of depthwise convolutions to form new features. This
factorization significantly reduces computational complexity
and the number of parameters compared to regular
convolutions. Each convolutional layer in this architecture is
followed by batch normalization and ReLU, except for the
final fully-connected layer, which is connected with a softmax
activation function for classification purposes [18] .
MobileNetV3 Large was developed through a hybrid
approach that combines platform-aware neural architecture
search (NAS) and the NetAdapt algorithm to find the optimal
global architecture while locally adjusting the number of
filters per layer based on real-world device latency targets.
The architecture is built on an inverted residual block with a
linear bottleneck enriched by a fixed 1:4 Squeeze-and-Excite
module and h-swish activations selectively applied to the
middle to late layers to balance computational efficiency and
accuracy. Early layers were redesigned by reducing the
number of first-filter convolutions from 32 to 16 without any
loss in accuracy, while late layers were optimized by moving
the expansive 1x1 convolutions after global pooling,
significantly reducing computational costs. As a result,
MobileNetV3 Large achieved 75.2% top-1 accuracy on
ImageNet with a latency of only 75 ms at Pixel 1, making it a
superior backbone in efficiency and feature representation for
classification, detection, and segmentation tasks in resource-
constrained environments [19] .

3.4 ConvNeXt Tiny

ConvNeXt was proposed by Liu et al. [20] , is a purely
convolutional neural network architecture that modernizes
ResNet wusing design principles inspired by Vision
Transformers, enabling it to achieve performance comparable
to transformer-based models such as Swin Transformer while
maintaining a simpler, fully convolutional structure. The
model demonstrates high accuracy and computational
efficiency, making it effective in capturing detailed visual
features such as leaf texture and shape. Its fully convolutional
design also allows flexible adaptation to different image
resolutions and efficient training and inference on limited
computational resources.

ConvNeXt Tiny is the smallest variant of the ConvNeXt
architecture built entirely from standard convolutional
modules without an attention mechanism. This model adopts
a four-stage hierarchical design with a channel configuration
of (96, 192, 384, 768) and a block distribution of (3, 3, 9, 3).
Each residual block consists of a 7x7 depthwise convolutional
layer, two 1x1 convolutional layers with an expansion ratio of
4, as well as a GELU activation function and a LayerNorm
normalization layer placed minimally. ConvNeXt Tiny uses a
4x4 stride 4 patchify stem and a separate downsampling layer
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in the form of a 2x2 stride 2 convolution between stages. With
a computational complexity of 4.5 GFLOPs and 28.6 million
parameters, this model is designed to balance efficiency and
representation capabilities at medium computing scales [20] .

3.5 Experimental Settings

The experiments were conducted on four pretrained models
with weights from ImageNet. The backbone of each model
was frozen which means that the parameters are not updated
based on the gradient. The classifier attached to the backbone
was experimented with or without additional hidden layer and
updated via loss values.

Each model was evaluated under two different scenarios:
one without a hidden layer and one with an additional hidden
layer. In this study, the training hyperparameters were
determined as shown in Table 1. The training and testing
process in this study was conducted on a device running the
Windows 11 operating system, using an NVIDIA GTX 1650
Ti graphics card with 4GB of memory and supporting CUDA
computational acceleration.

Table 1: Hyperparameter Settings

Hyperparameter Value
Epoch 50

Optimizer Adam

Learning Rate 0.001
Batch Size 32
Random Seed 42
Hidden Layer 512

Neurons

Dropout 0.5

The process begins with data preprocessing. This stage
involves preparing the dataset to meet modeling requirements,
including normalization, augmentation, and data division into
training and test sets. This study used the BBG52 dataset with
a 60:40 data split ratio following the organized split from the
original paper. In the experimentation, the data division was
also set to a manual division, as it is considered more reliable.

The experiment evaluated the performance of each model
on the BBG52 dataset. Each model trained and tested in two
scenarios: one without adding a hidden layer and one with
adding a hidden layer. The goal of this testing was to
determine the performance of each pretrained model on the
dataset used, determine the best model, and evaluate the effect
of adding a hidden layer.

The next experiment was conducted using a GPU to
measure the computation time required for each model to
perform inference on several images. The test consisted of
100 images randomly selected from the validation data. The
goal of this testing was to evaluate the efficiency of each
model in performing classifying, as well as the effect of
adding hidden layers.

The final stage is determining the optimal model, which
is done by comparing the results of the two previous tests:
performance testing and computational time testing. This
comparison aims to assess the balance between model
performance in producing accurate predictions and the
computational efficiency of each pretrained model.
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3.6 Evaluation Metrics

In this study, model performance evaluation focused on
accuracy and F1-score, while other metrics were not the main
focus. Accuracy is the ratio of the number of correct
predictions (positive and negative) by the model to the total
amount of data. The accuracy formula is shown in Equation 1.

TP+TN (1)

accuracy = ——————
Y TP+TN+FP+FN

Precision is expressed as the ratio between the number of
correct positive predictions (True Positive) to the total number
of positive predictions made by the model, which includes
both correct positive predictions (True Positive) and incorrect
positive predictions (False Positive). The precision formula
can be seen in Equation 2.

precision = % ()
Recall or sensitivity is used to measure the ability of a
classification model to detect all events that are truly included
in the positive class. The recall formula can be seen in
Equation 3.

_Tr 3)

TP+FN

recall =

Fl-score is the harmonic or aligned average of precision
and recall, which provides a balanced picture when there is an
imbalance between the two. F1-score formula can be seen in
Equation 4.

PrecisionxRecall
Flgcore = 2% —etonxzecar 4)

Precision+Recall

4. BBGS2 Dataset

The Balikpapan Botanical Gardens is a nature
conservation area located in North Balikpapan District,
Balikpapan City. Inaugurated in 2014, the area also serves as
a research, education, and natural tourism site [21] .

From this area, images of 52 plant species were captured
using mobile devices. All images were captured under various
lighting conditions, angles, and distances to represent natural
conditions in the field This collection of native plant images
is used as the BBG52 dataset. This dataset is expected to make
a significant contribution to plant species classification
research, particularly in natural image processing [5] .

5. Result and Discussions

5.1 Pretrained Model Performance Testing

This testing was conducted on four pretrained models with
two different scenarios: one with no hidden layer and one with
an additional hidden layer. Performance evaluation was
conducted using two main metrics: accuracy and Fl-score,
which are presented graphically to facilitate comparative
analysis between models and scenarios.

Figure 1 shows that the ConvNeXt Tiny model with the
addition of a hidden layer achieved the best performance, with
a validation accuracy of 94.66%. This superiority is driven by
the adoption of modern CNN designs, such as a wider
receptive field and efficient parameter allocation, which
allows it to consistently learn global features of plant species.
In contrast, ResNet50 without a hidden layer had the lowest
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accuracy among the other best models, at 89.85%. This is
because the direct connection of the backbone to the
classification layer limits the capacity for fine-grained feature
separation and non-linear representation in the final stage.

Comparison of Accuracy Validation between Models

95

Accuracy Validation

Models & Scenarios

- = ResNet50 (no hidden) - max 89.856 @ 41

~—— ResNet50 (with hidden) - max 89.952 @ 37
== DenseNet121 (no hidden) - max 90.048 @ 47
~—— DenseNet121 (with hidden) - max 90.288 @ 48
70 - = MobileNetV3 (no hidden) - max 90.913 @ 45
—— MobileNetV3 (with hidden) - max 90.000 @ 49
== ConvNeXt (no hidden) - max 94.423 @ 29
—— ConvNeXt (with hidden) - max 94.663 @ 35

[ 10 20 30 40 50
Epoch

Figure 1: Comparison of Accuracy Validation

Analysis of the impact of adding a single hidden layer
showed varying results across models. In ResNet50,
DenseNetl21 and ConvNeXt Tiny, the additional layer
provided a limited but consistent improvement in accuracy by
providing a non-linear space to strengthen generic features.
However, the addition of the same layer actually decreased
accuracy in MobileNetV3 Large. This decrease indicates that
the backbones of models already produce compressed and
optimal feature representations, so the addition of a hidden
layer actually impairs their generalization ability.

Comparison of F1-Score

0.90

o
®
&

F1-Score Validation
°
@
3

1
l’ Models & Scenarios
U = ResNet50 (no hidden) - max 0.896 @ 25
—— ResNet50 (with hidden) - max 0.899 @ 37
==+ DenseNet121 (no hidden) - max 0.896 @ 47
I —— DenseNet121 (with hidden) - max 0.901 @ 48
0.70 == MobileNetV3 (no hidden) - max 0.908 @ 45
—— MobileNetV3 (with hidden) - max 0.897 @ 49
—=—. ConvNeXt (no hidden) - max 0.943 @ 29
—— ConvNeXt (with hidden) - max 0.946 @ 35

0.75

0 10 20 30 0 50
Epoch

Figure 2: Comparison of F1-Score Validation

The first test also included F1-score validation, shown in
Figure 2. Based on the results, the ConvNeXt Tiny model with
the addition of a hidden layer performed best, achieving a
score of 0.946 thanks to its architecture's ability to produce
stable global feature representations, thus improving
precision and recall. Conversely, the lowest performance was
achieved by ResNet50 and DenseNetl21 in the scenario
without a hidden layer, with identical scores of 0.896. This
indicates that the final feature representations of both models
were less effective in separating classes of plant species with
high visual similarity, resulting in the balance between
precision and recall not being achieved optimally.
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Further analysis showed that the addition of a single
hidden layer did not provide consistent performance
improvements across all architectures. The exception was
MobileNetV3 Large, where the Fl-score decreased from
0.908 to 0.897 after the addition of the layer. This decrease
indicates that the model's feature representation was already
compressed and relatively optimal, so the addition of the layer
no longer helped class separation but instead disrupted the
precision-recall balance compared to other models with a
wider representation space.

5.2 Computation Time Testing

This test was conducted using a GPU device to measure the
computation time required by each model to perform
inference on several images. The evaluation results for the
computation time testing of all pretrained models are shown
in Figure 3.
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Figure 3: Comparison of Computational Time

Based on the graph in Figure 3, a comparison of
computational times indicating that DenseNet121 had the
slowest processing time among all tested models, with an
average time of approximately 0.0335 seconds in the hidden
layer addition scenario. This is related to its architectural
characteristics, which utilize dense connectivity, resulting in
a relatively large-dimensional final feature vector.
Consequently, the classifier stage must handle feature vectors
with high complexity, making matrix operations on the fully
connected layer more expensive than other backbones that
produce more compressed features.

Conversely, ConvNeXt Tiny was the model with the
fastest computational time, with an average of 0.0098 seconds
in the hidden layer addition scenario. This is due to the
ConvNeXt Tiny backbone design, which produces compact
and computationally efficient final features. The controlled
feature dimensionality means that adding a single hidden
layer to the classifier adds very little overhead. Furthermore,
its simple and easily parallelizable design allows for efficient
GPU execution, so adding layers does not significantly impact
inference time.

Meanwhile, MobileNetV3 Large demonstrated stable
and relatively efficient computation times in both scenarios.
The graph shows its performance is faster than ResNet50 and
significantly more efficient than DenseNetl121, although still
behind ConvNeXt Tiny. Its compact architectural design,
through depthwise separable convolution and an inverted
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residual bottleneck, produces small-dimensional final features,
resulting in a relatively low computational burden in the
inference stage.

ResNet50, on the other hand, exhibits intermediate
computation times compared to the other models. The graph
shows its performance is slower than ConvNeXt Tiny and
MobileNetV3 Large, but faster than DenseNet121. This is

related to the summation-based residual connection
characteristic, which results in moderate feature
dimensionality.

Furthermore, the addition of one hidden layer did not
significantly improve computational efficiency for any model.
Of the four models, only DenseNet121 experienced a slight
slowdown after the addition of a hidden layer, from an
average of 0.0322 seconds to 0.0335 seconds. This suggests
that adding hidden layers to a model with large-dimensional
final features tends to increase the computational bottleneck
in the classifier, primarily due to the increased processing load
of the fully connected layer and the memory access overhead
of the feature concatenation mechanism inherent in the
DenseNet121 architecture.

5.3 Optimal Model Determination

Before determining the optimal model, a comparison is
necessary based on the results of two previous tests:
performance testing and computation time testing. This
determination is based on the results of tests using a manual
dataset. The following comparison of the results can be seen
in Figures 4 and Figure 5.
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Figure 4: Comparison of Validation Accuracy and Computational
Time

Figure 4 shows a graph comparing validation accuracy
and computation time. The results show that the superior
model is ConvNeXt Tiny with the addition of a hidden layer.
It achieved the highest validation accuracy of 94.66% and an
average computation time of approximately 0.010 seconds.

Conversely, the weakest model, based on the graph, is the
DenseNet121 model without the addition of a hidden layer. It
achieved a validation accuracy of 90.04% and a computation
time of approximately 0.032 seconds. Although these models
appear close to each other, the very small difference in
computation time warrants greater focus on the difference in
validation accuracy.

Figure 5 shows a graph comparing the results between the
validation F1-score and computation time. The results show
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that the ConvNeXt Tiny model with the addition of a hidden
layer holds the highest position, with the highest validation
Fl-score of 0.946 and an average computation time of only
around 0.010 seconds.

Conversely, the weakest model is DenseNet121 without
the addition of a hidden layer, with a validation F1-score of
0.896 and a computation time of around 0.032 seconds.
Although the models appear close to each other, the very
small difference in computation time warrants a closer focus
on the difference in the validation F1-score.
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Figure 5: Comparison of Validation F1-Score and
Computational Time

Considering the overall results, it can be concluded that
the ConvNeXt Tiny model in the added hidden layer scenario
is the most optimal among the four pretrained models tested.
This model achieved the highest accuracy and F1-score while
maintaining the most efficient computation time. This prove
empirically that ConvNeXt Tiny not only excels in
generalization capabilities on natural plant images but also
has excellent computational efficiency for implementation in
large-scale classification systems. In contrast, DenseNet121
in the scenario without hidden layers is in the bottom-right
side of the graph, meaning this model is the weakest among
the four pretrained architectures tested. Meanwhile, the
ResNet50 and MobileNetV3 Large models show quite
efficient performance despite their relatively low performance.

6. Result and Discussions

Based on the research results, all pretrained models showed
quite good performance in plant species classification on the
BBGS52 dataset, but ConvNeXt Tiny with the addition of one
hidden layer proved to be the most superior with the highest
validation accuracy of 94.66%, the highest validation F1-
score of 0.946, and the fastest computation time of 0.0098
seconds. In contrast, ResNet50 without the addition of a
hidden layer showed the lowest performance in terms of
accuracy (89.85%) and F1-score (0.896). The test results also
showed that the addition of one hidden layer did not always
provide a significant increase in performance or
computational efficiency, even in some models such as
DenseNet121 and MobileNetV3 Large actually caused a
decrease in performance or slower computational time, with
DenseNet121 being the model with the slowest computational
time in that scenario. By considering the balance between
classification performance and computational efficiency,
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ConvNeXt Tiny with the addition of a hidden layer can be
concluded as the best model under the experimental setup
used in this study for plant species classification on the
BBGS52 dataset.

For future studies, it is recommended to test the model on
datasets with larger sizes and levels of variation to improve
generalization capabilities to natural image diversity, as well
as adding a more in-depth analysis of computational
efficiency, including testing on GPUs with different
specifications to obtain a more accurate picture of the
performance ratio and resource requirements. In addition,
exploration of more ConvNeXt architecture variants, such as
ConvNeXt Small, Base, and Large, as well as comparisons
with state-of-the-art pretrained transformer-based models
such as Vision Transformer (ViT) and Swin Transformer, is
important to understand the effect of complexity and
architectural differences on plant species classification
performance. Furthermore, the development of the model into
a real web-based or mobile application is also recommended
so that the research results can be directly utilized by the
public, researchers, and conservation institutions.
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