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Abstract

Plant species identification plays a crucial role in biological research, ecosystems, and related studies.
With recent advancements in artificial intelligence and deep learning, these technologies provide
powerful alternatives to manual plant identification. However, previous research lacks comprehensive
studies on the combination of CNN models and optimizers for plant species identification. In this study,
convolutional neural network (CNN) models, namely ResNet50, VGG16, and EfficientNetB0, were
utilized for plant species classification, and their performance was further investigated by integrating
different optimizers, including Adam, SGD, and RMSProp. The models were evaluated on two fern
species, namely Nephrolepis biserrata and Nephrolepis cordifolia. The dataset comprises 360 images
for each class. The experimental results reveal that the fusion of EfficientNetB0 with Adam achieved the
highest accuracy of 95.59%. Overall, based on average performance across optimizers, EfficientNetB0
proved to be the most effective model, while RMSProp emerged as the most consistent optimizer. These
findings demonstrate that the combination of EfficientNetBO and Adam is particularly suitable for plant
species classification.
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1. Introduction

Plant species taxonomy is a fundamental aspect of ecological research and a cornerstone of
biodiversity conservation. It plays a critical role in various fields, including conservation biology and
agriculture. Accurate identification of plant species is essential for monitoring biodiversity, maintaining
healthy ecosystems, and implementing effective farming practices. Many plant species also serve as
valuable sources of therapeutic compounds, making precise classification vital for advancing medical
research [1]. Reliable plant taxonomy facilitates the exploration of medicinal properties, potentially
leading to the discovery of novel drugs and treatments that enhance public health. In addition, the rise
of automated plant classification techniques empowers citizen scientists and local communities to
actively participate in biodiversity monitoring and conservation efforts.

Traditional plant identification methods rely heavily on morphological characteristics and expert
knowledge, making them often labour-intensive and susceptible to human error. As highlighted by
Figueroa-Mata et al. [2], the manual and expert-driven approaches can be both time-consuming and
subjective. In contrast, recent advances in machine learning (ML) and deep learning (DL) have
introduced automated techniques that enhance the accuracy and efficiency of plant species
classification.
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In the field of deep learning, numerous approaches have been explored for plant species
classification. For instance, ResNet-50, a convolutional neural network (CNN) that employs residual
learning to train a deeper network, was utilized in [3], achieving an accuracy of 99% with data
augmentation and 98.60% without it. This method enhanced classification performance by enabling the
training of deep networks. However, despite its high accuracy, ResNet-50 has notable limitations,
including high computational demands requiring substantial hardware resources, a risk of overfitting on
small datasets, and interpretability challenges that make its decision-making process difficult to
understand.

To enhance classification accuracy and leaf segmentation, Rashid et al. [4] proposed a hybrid
model called the Plant Species Detection Stacking Ensemble Deep Learning Model (PSD-SE-DLM),
which integrates MobileNetVV2 and UNET, achieving over 90% accuracy. This approach combines
lightweight architecture for efficiency with strong image segmentation capabilities. However, its
implementation is complex and heavily reliant on high-quality training data, often requiring extensive
tuning and adjustments.

Using hyperspectral images, Liu et al. [5] introduced a Lightweight Convolutional Neural
Network (LtCNN), achieving an accuracy of over 85%. This model is optimized for identifying leaf
characteristics using hyperspectral data and is less complex than traditional CNNs. Nevertheless, its
performance is highly dependent on the quality of hyperspectral images and may struggle to generalize
to other datasets.

Similarly, Barhate et al. [6] employed a Hybrid Classification Method that achieved over 97%
accuracy on the Flavia dataset and 98.85% on the Swedish dataset. This method combined Enhanced
Spearman's Principal Component Analysis (ESPCA) for dimensionality reduction with Deep CNN and
VGG-16 for feature extraction. It required multiple steps, including dataset loading, noise removal, and
data augmentation, but its complexity and heavy data dependency may affect practical implementation
and performance.

In another study, Sardogan et al. [7] classified tomato leaf diseases using a CNN combined with
Learning Vector Quantization (LVQ), which processed RGB channels to capture colour information
essential for plant leaf disease detection.

In order to address the “black box™ issue in plant identification using CNN, Lee et al. [8]
employed Deconvolutional Networks (DN) to visualize learned features and enhance interpretability.
This approach improved the understanding of leaf venation patterns; overall interpretability challenges
persisted. However, the study did not specify the achieved accuracy, and the approach faced challenges
with computational efficiency and generalization.

LeafNet, a CNN-based plant identification system developed by Barre et al. [9], demonstrated
the ability to identify multiple plant species. However, the algorithm depends on comprehensive training
datasets.

Other CNN models that were utilized by Ambarwari et al. [10] for plant species identification
were InceptionV3 and Xception. The models achieved an accuracy of nearly 90%. However, the models
required high computational requirements and reliance on large and high-quality datasets.

For essential oil plant classification, Carnagie et al. [11] developed a customized CNN with
transfer learning using the Xception model, which achieved high accuracy (unspecified in the study)
but required fine-tuning to generalize effectively.

The methods that discussed above are recently developed using deep CNN algorithms to identify
plant species. This shows how important CNN in plant species classification. One of the crucial
components in training deep neural network models is the optimizer. An optimizer determines how the
model's parameters are updated. The performance of optimizers depends on various factors, including
the dataset, model architecture, hyperparameters, and loss function [12] - [14]. Consequently, selecting
the optimal optimizer to achieve the best results is often challenging.

Although the promise of deep learning for plant species identification has been demonstrated in
numerous studies, a thorough study into the combination of various deep learning models and optimisers
is lacking. Hence, this study is important to find the best combination of deep learning models and
optimisers in terms of accuracy and efficiency in plant species identification.
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In comparison with existing studies in this area, the contributions of the research presented in this
paper are:
o Development of algorithms for plant species identification, specifically for fern species,
using combinations of CNN models and optimizers
e Rigorous experimental study and analysis on combinations of CNN models and deep
learning optimizers for plant species identification, specifically for fern species
classification.

The remainder of this paper is organized as follows: Section 2 describes the development of the
proposed study. Experimental results are presented in Section 3. Section 4 concludes the paper.

2. Methodology

Figure 1 illustrates the process flow diagram of the method employed in this study. The first step
in training a deep learning model is data collection or acquisition. Once the data is gathered,
augmentation is applied to expand the dataset and enhance training performance. Next, several models
are selected and implemented using Python, TensorFlow, Keras, and other deep learning libraries.
Optimizers are then integrated into each model, followed by training with separate training and
validation sets. Finally, inference evaluation is conducted to assess model performance.

2.1. Data Collection and Augmentation

In this paper, we use fern species to investigate the best combination of models and optimizers
for plant species identification. The fern species that involved in this research are Nephrolepis Biserrata
and Nephrolepis Cordifolia, which were collected from websites in [15] and [16]. These species are not
yet used for plant species identification. These websites offer information related to the species, such as
ecological information, taxonomy, and distribution. The images collected from those websites are 360-
degree images per species. The images come in various sizes; hence, they are resized to 240 x 240 before
applying the augmentation process.

Small datasets can adversely affect the classification process, as observed in this study. Therefore,
data augmentation is employed to enhance the adaptability and generalization capability of machine
learning models by artificially expanding the training dataset through various transformations applied
to existing images. Common augmentation techniques used in this paper include rotation, width and
height changes, shear, zoom, and horizontal flipping. By providing a broader range of training examples,
data augmentation helps reduce the risk of overfitting, a common issue with limited datasets. Moreover,
it strengthens the model’s ability to distinguish between closely related species and improves feature
extraction [17], ultimately leading to significant performance gains.

2.2 CNN Models

In this study, we propose three CNN models to be combined with optimizers: ResNet-50, VGG16,
and EfficientNetB0. ResNet [18] is one of the most widely known CNN architectures. It was developed
to address challenges in deep learning training, which is often time-consuming and limited by the
number of layers that can be effectively trained. ResNet introduces shortcut or skip connections to
overcome these limitations. Unlike many deep architectures that suffer from degraded accuracy as
complexity increases, ResNet maintains strong performance while improving network training
efficiency and simplifying computations. In this work, we employed ResNet-50, which consists of 50
layers, including the input and output layers.
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Figure 1. The process flow diagram.

The second CNN model that we propose in this paper is VGG16. The VGG16 model has achieved
significant progress in image categorisation [19]. Since its initial presentation at the ILSVRC at the
2014 conference, the model has been a commonly used benchmark for a variety of computer vision
applications. The VGG-16 architecture consists of 13 convolutional layers and three fully connected
layers. The VGG16 model is based on the non-linear transformations using convolutional filters of
smaller sizes (3x3) in each layer. The choice of this design strategy was motivated by the realisation
that using several layers with smaller filters provides more expressive possibilities while producing a
receptive field that is equivalent to that of a single layer with bigger filters. The simplicity and
uniformity of the VGG-16 model's design are notable because it keeps the pooling layers and filter sizes
constant throughout the network.

Another model applied in this study is EfficientNetB0O, the baseline architecture of the
EfficientNet series introduced in [20]. This model is designed to maximize accuracy while maintaining
computational efficiency in image classification tasks. It employs a compound scaling strategy that
proportionally scales the network’s depth, width, and resolution, thereby optimizing performance while
reducing computational cost. EfficientNetB0 is built using depthwise separable convolutions, which
require fewer parameters and computations compared to standard convolutions. This design allows the
model to effectively learn distinctive features from input images. With approximately 5.3 million
parameters, the architecture incorporates batch normalization and the Swish activation function to
improve training stability and generalization. EfficientNetBO0 has been widely adopted in plant disease
classification studies and has demonstrated excellent performance, as reported in [21~23].
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All the models, ResNet-50, VGG16, and EfficientNetB0, have dropout layers to avoid overfitting.
In addition, EfficientNetBO has the DropConnect and squeeze and excitation (SE) blocks to further
overcome the overfitting problems.

2.3 Optimizers

In this study, we utilize three optimizers, namely Stochastic Gradient Descent (SGD), Root Mean
Square Propagation (RMSProp), and Adaptive Moment Estimation (Adam). SGD is widely recognized
for its simplicity and effectiveness. It updates model parameters using a small subset of the training
data, allowing for faster iterations and reduced memory usage [24]. However, despite its straightforward
approach, SGD can sometimes struggle with convergence due to its sensitivity to the learning rate. This
issue is especially critical in deep networks with many layers and complex connections. The purpose of
using SGD in this work is twofold: to establish a baseline for comparison with more advanced
optimizers, and to evaluate its effectiveness in plant species classification. According to [25], the update
rule for Stochastic Gradient Descent (SGD) is expressed as follows:

O =1 —a.g(®) 1)

where:
e o is the learning rate
o g(1) represents the gradient at time ¢.
o 0, is the updated parameter at time z.

In this study, we set a = 0.01, which is the default value in TensorFlow and Keras, and a common
practice when using SGD.

The second optimizer that we employ in this work is the RMSProp. It was introduced to overcome
the limitations of standard gradient descent by adapting the learning rate for each parameter
individually. It achieves this by maintaining a moving average of the squared gradients, which helps
normalize the parameter updates. This mechanism prevents the learning rate from becoming too large
and causing divergence, while also avoiding excessively small updates that slow down training. As a
result, RMSProp is particularly effective for handling non-stationary objectives and deep neural
networks with complex architectures. The use of RMSProp in this work is intended to improve stability
and convergence speed in plant species classification tasks. The update rule for RMSProp is given in
[26] as follows:

ve =B v+ (1 +B) gt
(2)

where:

o v(t) is the accumulated moving average of squared gradients at time t.
e [ isadecay rate

e g(t) represents the gradient at time

This results in the following update rule for each parameter 6;:

Oy = 01— \/%'gt (3)
where:
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e « is the learning rate.
e ¢ is a small constant added to prevent division by zero.
e 6, is the updated parameter at time .

In this work, the hyperparameters for RMSProp are set to: a = 0.001, g = 0.9, ¢ = 107. The
hyperparameter settings are based on TensorFlow and Keras default values, and a common practice
when using RMSProp.

Adaptive Moment Estimation (Adam) is another key optimizer employed in this study. By
maintaining both the squared gradients and a moving average of past gradients, Adam combines the

Require: o: Stepsize
Require: (3,32 € [0, 1): Exponential decay rates for the moment estimates
Require: f(#): Stochastic objective function with parameters #
Require: 6g: Initial parameter vector
g < 0 (Initialize 1°* moment vector)
vg < 0 (Initialize 2" moment vector)
t <= 0 (Initialize timestep)
while 4, not converged do
t+—t+1
gr < Vo fi(8,_1) (Get gradients w.r.t. stochastic objective at timestep ¢)
my < B -my—1 + (1 — 51) - g (Update biased first moment estimate)
U — Po - U1 + (1 - ,6’2) - gf (Update biased second raw moment estimate)
my <+ my /(1 — 51) (Compute bias-corrected first moment estimate)
Dy +— vy /(1 — B8%) (Compute bias-corrected second raw moment estimate)
Gy — 0,1 — - r‘n;/(\/ﬁ + €) (Update parameters)
end while
return 9; (Resulting parameters)

Figure 2. The Adam optimizer algorithm [27]

strengths of momentum and RMSProp. This allows it to adaptively adjust learning rates for different
parameters, which accelerates convergence and improves overall performance [24]. In this study, Adam
is applied to optimize model training and enhance classification accuracy on the target dataset. The
Adam algorithm is illustrated in Figure 2. In this study, the hyperparameters for Adam are set to: a =
0.001, g1 = 0.9, B = 0.999, € = 10”". The hyperparameter settings are based on TensorFlow and Keras
default values, and on common practice when using Adam.

3. Experimental Results and Discussion

All the proposed models have to go through a training process by inputting an image that has
224x224 pixels into a model. The batch size and the epochs were set to 32 and 30, respectively. The
batch size was chosen to determine the number of samples that could be processed before adjusting the
model's trainable parameters. A lower batch size improves generalisation, whereas a higher batch size
speeds up
training but risks overfitting. The model was set up for two classes to represent the number of plant
species being classified. A categorical cross-entropy loss function was used as it is ideal for multi-class
classification tasks.

Data generators were configured using Keras' ImageDataGenerator to allow real-time image
augmentation. The augmentation process will increase the diversity of the training dataset. The common
augmentation techniques, including rotation, width and height changes, shear, zoom, and horizontal
flipping, were performed in this experiment. The dataset was split into training and validation with 75%
for training, 15% for validation, and 10% for testing. The training validation is necessary for assessing
model performance throughout the training process.
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A comprehensive comparison of ResNet50, VGG16, and EfficientNetBO using Adam, RMSProp,
and SGD optimizers shows varying performance levels across the reported accuracies in Table 1.
Notably, EfficientNetBO combined with Adam achieved the highest accuracy of 95.59%. Furthermore,
the combination of EfficientNetBO and all the optimizers also achieved the highest average accuracy
(93.14%). This shows the suitability of the model for plant species identification. Conversely, VGG16
with Adam yielded the lowest accuracy, and overall, VGG16 performed the worst across all optimizer
combinations.

For the optimizer, the RMSProp produced the best average accuracy of the optimizer on all types of
models, and its combination with EfficientNetBO achieved the second-best result with an accuracy
94.12%, which is slightly lower than the combination of EfficientNetB0 and Adam.

Since the combination of EfficientNetB0 with the Adam optimizer achieved the highest accuracy,
we further examined its training performance to evaluate the model’s ability to generalize to unseen
image sets. Figure 3 presents the training and validation loss curves, which demonstrate that the
validation loss closely follows the trend of the training loss as the number of epochs increases. This
indicates that the model does not suffer from underfitting or overfitting. In the case of underfitting, the
validation loss would decrease but fail to follow the downward trajectory of the training loss.
Conversely, in overfitting, the validation loss would increase while the training loss continues to decline.
For comparison, Figure 4 illustrates a well-fitted model, while Figure 5 presents examples of underfitting
and overfitting during training. The trend in Figure 3 is very similar to the ideal well-fitted model shown
in Figure 4, indicating that it does not suffer from underfitting or overfitting. This suggests that the
generated model achieves a fit that is close to the ideal well-fitted condition.

Table 1. The accuracy comparison between combinations of the models and optimizers

Adam RMSProp SGD Average Accuracy
of Model
(%) (%) (%)
(%)
ResNet50 [3] (%) 88.24 91.18 92.30 90.57
VGG16 [19] (%) 82.35 86.76 85.55 84.89
EfficientNetBO [30] (%) 95.59 94.12 89.71 93.14
Average Accuracy of 88.73 90.69 89.19
Optimizer (%)
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6. Conclusion

In this paper, we examine the fusion of convolutional neural network models with different
optimizers for plant species identification. A fern species dataset was employed to evaluate the
performance of various model-optimizer combinations. Specifically, EfficientNetB0, VGG16, and
ResNet50 were paired with Adam, SGD, and RMSProp.

The experimental results indicate that the combination of EfficientNetBO with Adam achieved
the highest accuracy (95.59%), demonstrating the suitability of this pairing for plant species
classification. Furthermore, the loss curve indicates that the model—optimizer combination is well-fitted
and suitable for identifying unseen fern species. Moreover, EfficientNetBO consistently outperformed
the other models across all three optimizers, highlighting its robustness. This is due to Mobile Inverted
Bottleneck Convolution (MBConv) and Squeeze-and-Excitation (SE) blocks employed in the
EfficientNetBO0. These two types of layers in EfficientNetB0O help to focus on important features and
improve channel-wise attention.

In terms of optimizers, RMSProp emerged as the best overall performer, surpassing both Adam
and SGD. This result underscores the strength of RMSProp in effectively updating trainable parameters.

For future work, improvements may be explored by integrating the mechanisms of Adam and
RMSProp to leverage their complementary advantages. Additionally, further experiments could be
conducted on higher versions of EfficientNet, from B1 to B7, to assess potential performance gains.
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