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ABSTRACT

Automatic plant species classification is crucial for advancing education and biodiversity conservation. Deep
learning models, such as Vision Transformer (ViT), have demonstrated strong performance in plant species clas-
sification tasks. However, limited research explored the impact of hyperparameters in the Multi-Layer Perceptron
(MLP) head of ViT models for plant-species classification. This study investigated the influence of learning rates,
number of neurons, and activation functions on model performance. It also evaluated efficiency in both CPU and
GPU environments. The objective was to determine the optimal configuration by analyzing accuracy, Fl-score,
and computation time. Two ViT models, ViT-B/16 and ViT-L/16, were tested using the VNPlant-200 dataset, which
contains 200 plant species. Thirteen activation functions, multiple learning rates, and neuron configurations were
examined. The results showed that the Tanh activation function, combined with a learning rate of 10 and 1024
neurons, yielded the best performance on the ViT-B/16 model, achieving an accuracy of 0.9692 and FI-score of
0.9684. Meanwhile, the Hard Tanh activation function, with a learning rate of 10 and 256 neurons, delivered the
best results on the ViT-L/16 model, achieving an accuracy of 0.9855 and an FI-score of 0.9854. Computational
analysis showed that ViT-B/16 achieved an average inference time of 0.0159 seconds on a GPU and 0.8902 sec-
onds on a CPU, while ViT-L/16 took 0.0492 seconds on a GPU and 2.8335 seconds on a CPU. These findings
highlight the importance of selecting suitable activation functions, learning rates, and neuron configurations to
optimize model performance while maintaining computational efficiency.

Keywords: deep learning, fine-grained classification, plant species classification, transfer learning, vision trans-
former.

1. INTRODUCTION

LANT classification is a fundamental task in agriculture, biodiversity monitoring, and
Penvironmental science. Accurate systems for classifying plant species are imperative for

researchers, farmers, and policymakers, with applications ranging from identifying crop diseases
to conserving endangered species [1]. However, fine-grained plant classification remains challenging
due to subtle morphological differences between species, variations in lighting, occlusion, and the
presence of complexity of natural backgrounds [2].

Conventional approaches to automatic plant classification rely heavily on Convolutional Neural
Networks (CNNs), which have shown remarkable results in general image recognition tasks [3]. Deep
models like ResNet and DenseNet are widely used to extract features from plant datasets. Despite their
success, CNN-based methods often struggle to capture global dependencies within an image, which are
essential for fine-grained classification tasks such as distinguishing plant species with highly similar
morphological features [4].

The advent of the Vision Transformer (ViT) has introduced a transformative shift in computer vision.
Unlike CNNs, ViTs process images by dividing them into smaller patches and applying self-attention
mechanisms, allowing them to model both local and global relationships within the data [5]. This
capability makes ViTs well-suited for fine-grained classification tasks, including plant species
identification. However, the performance of the ViT model is sensitive to parameter configurations,
including learning rate, the number of neurons in the hidden layer, and the choice of activation functions.
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Proper hyperparameters optimization is critical for maximizing performance.

Recent advancement in ViT architectures have introduced variants such as Swin Transformer [5],
DeiT [6], and MobileViT [7], which aim to improve computational efficiency and scalability across
different visual tasks. These developments highlight the growing relevance of ViT not only for large-
scale vision problems but also for resource-constrained environments and mobile deployments.

Despite significant advances in plant classification, much of the existing research focuses on CNN-
based models. For example, Yang et al. [8] utilized a NASNetLarge model enhanced with attention
mechanisms for fine-grained plant diseases classification, achieving high accuracy but requiring
substantial computational resources. Roy et al. [9] employed a DenseNet-integrated YOLOv4 model for
fine-grained object detection in tomato plant disease classification, showcasing improved accuracy but
facing challenges with inter-class variability. Aratjo et al. [10] explored Siamese Convolutional
Network for fine-grained plant species classification, improving inter-class recognition but struggling
with computational efficiency.

Recent studies have started exploring the application of Vision Transformers architectures for plant
classification. Nhut et al. [11] demonstrated the potential of ViT and BEiT models in plant species
classification task. In particular, Nhut et al. successfully trained a ViT model on the VNPlant-200
dataset, achieving an accuracy of 98.24 percent using a training protocol with a learning rate of 10°.
However, their research did not explore the impact of alternative hyperparameters, such as variations in
learning rates, neuron configurations, or activation functions, which could further improve performance
or reduce computational costs.

This study aims to address these gaps by investigating the performance of two Vision Transformer
models, ViT-B/16 (base model) and ViT-L/16 (large model), by tuning the hyperparameter in the MLP
head on the VNPIlant-200 dataset. We tuned the learning rate, number of neurons, and type of activation
functions to unveil both model’s capabilities. In addition, we investigated the average running time to
analyze latency between the models' predictions. The dataset contains 200 plant species with 20,000
images captured under diverse natural conditions, posing significant challenges due to high intra-class
similarity and visual variability [12]. This study evaluates the impact of key hyperparameters on model
performance. Computational efficiency is also assessed on both CPU and GPU devices to determine

practical applicability.
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The main contribution of this study lies in advancing the performance and efficiency of Vision
Transformer—based plant species classification. First, we present an optimized learning rate
configuration for the ViT/16 model on the VNPIlant-200 dataset, which demonstrates faster convergence
compared to previous work [11]. Second, we introduce a baseline design for the MLP head—covering
the number of neurons and activation functions—that achieves improved performance over prior studies
and produces results competitive with BEiT architectures [11]. Finally, we provide a detailed
computational efficiency analysis by reporting average inference times on both CPU and GPU,
highlighting the strong dependency of ViT models on GPU resources for real-time plant species
classification.

II. RESEARCH METHOD

This study investigates the impact of hyperparameter optimization on the performance of Vision
Transformer (ViT) models for fine-grained plant classification. The research stages to be undertaken are
illustrated in Figure 1 through a flowchart diagram that presents the experimental procedure. The process
consists of four stages: dataset preparation, model configuration, hyperparameter optimization, and
evaluation metrics.

A. Dataset and Preprocessing

The VNPlant-200 dataset, consisting of 20,000 images from 200 medicinal plant species, was used in
this study. The images were captured under natural conditions, exhibiting variability in lighting, angles,
and backgrounds [12]. Various CNN models have been evaluated on the VNPlant-200 images [13],
including VGG16, ResNet50, InceptionV3, DenseNetl121, and Xception. Among these, the Xception
model achieved the highest accuracy, exceeding 88%. Due to this strong performance, the VNPlant-200
dataset is widely regarded as a benchmark for fine-grained plant classification research [13].

1) Data Division

The dataset was divided into training data (60%) and testing data (40%) subsets using stratified
sampling to maintain class distribution in both subsets [13]. The training data was used for model
training, while the testing data was reserved for performance evaluation.

2) Data Augmentation

To improve generalization and address overfitting, RandAugment was applied to the training set with
a magnitude of 30. Augmentation techniques included random rotations, scaling, cropping, and noise
addition to simulate diverse conditions [14].

3) Data Normalization

Images were resized to 384x384 pixels for ViT-B/16 model and 512x512 pixels for the ViT-L/16
model. Pixel values were normalized using the mean [0.485, 0.456, 0.406] and standard deviation
[0.229, 0.224, 0.225], aligned with preprocessing for ImageNet pre-trained weights.

B. Vision Transformer

The Vision Transformer (ViT) is a deep learning architecture inspired by transformer networks
originally developed for machine translation. Similar to transformers, ViT learns embeddings through
positional encoding followed by a multi-head self-attention mechanism. An image is split into fixed-
size patches that undergo linear projection with positional embeddings. Multi-head self-attention is
applied to the processed patches, followed by traditional feed-forward networks or a Multi-Layer
Perceptron (MLP).

Concretely, the model starts by splitting the image into flattened 2D patches xpeRN X (P*.0) where
N = HW /P?. H and W denote the height and width of the image, while P refers to the resolution of each
image patch. In ViT-B/16, P is 16, which represents the patch resolution (P?). Meanwhile, C is the
number of channels, typically the RGB channels at the input layer.

The flattened patches x;, are projected through trainable parameters (E), followed by positional
embedding (Ejos), as shown in (1). The multi-head self-attention mechanism is then applied as shown
in (2), using layer normalization (LN) from the previous layer, followed by the MLP as expressed in
(3). Final classification is performed in the MLP head represented in (4).
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The Multi-Head Self-Attention (MSA) block is constructed by concatenating multiple Self-Attention
(SA) mechanisms. The embedding z is projected into query (q), key (k), value (v) vectors using matrix
Ugkv as shown in (5). Attention scores are computed using the SoftMax normalization of the dot product
between g and k as expressed in (6). The SA output is obtained by multiplying the attention matrix with
the value (v), as shown in (7). MSA is produced by concatenating the outputs of multiple SA heads and
applying a projection matrix, as formulated in (8).

Two ViT models, ViT-B/16 and ViT-L/16, were used for feature extraction and classification tasks.
These models differ in architecture complexity, with ViT-B/16 serving as the base model and ViT-L/16
as the larger, more complex model. Both models were initialized with pre-trained weights from the
IMAGENETIK SWAG_E2E V1 dataset, fine-tuned using supervised weakly annotated tags (SWAG)
to provide rich visual feature representations. The final classification head of each ViT model was
replaced with a custom Multi-Layer Perceptron (MLP) consisting of one hidden layer. The number of
neurons and activation function in this layer varied depending on the experimental configuration.

C. Model Training and Experimental Procedure

Both ViT models were trained using the AdamW optimizer with betas set to (0.55, 0.9). The training
process ran for 100 epochs to test balance computational efficiency and convergence, with mini-batches
of size 16. The study systematically evaluated the impact of three hyperparameters (learning rate,
number of neurons in the Multi-Layer Perceptron or MLP, and activation function) to determine their
influence on the performance of Vision Transformer models. The learning rate was evaluated first to
identify the optimal configuration for stable and efficient training. Four learning rates (10, 10, 104,
and 107%) were tested to assess their effect on accuracy and F1-score. The number of neurons in the MLP
was optimized next using the best performing learning rate identified from the previous experiment.
Configurations of 64, 128, 256, 512, and 1024 neurons were tested to examine their influence on the
model’s capacity to learn and represent patterns in the dataset. Finally, activation functions were
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TABLE 1
LEARNING RATE PERFORMANCE COMPARISON

Model Learning Rates Accuracy F1 Score
ViT-B/16 10° 0.8842 0.8743
ViT-B/16 10% 0.9555 0.9525
ViT-B/16 10+ 0.9597 0.9580
ViT-B/16 107 0.9529 0.9512
ViT-L/16 10¢ 0.9267 0.9219
ViT-L/16 103 0.9809 0.9806
ViT-L/16 10+ 0.9811 0.9810
ViT-L/16 107 0.9752 0.9751

evaluated using the best learning rate and the optimal neuron configuration. Thirteen commonly used
activation functions, including ReLU, Leaky ReLU, Tanh, Hard Tanh, and Sigmoid, were analyzed to
identify their impact on model performance.

D. Evaluation Metrics

The evaluation of the models in this study was conducted to assess their performance in fine-grained
plant species classification tasks. Key evaluation metrics, such as the confusion matrix, accuracy, and
F1-score, were used to comprehensively analyze the models' performance. The confusion matrix was
used to analyze performance at the individual class level. It details the number of correct predictions
(true positives), incorrect predictions classified as other classes (false positives), and instances that were
not recognized as the correct class (false negatives) [15]. This matrix provides valuable insights into the
strengths and weaknesses of the model for specific plant species, aiding in understanding
misclassification patterns [16].

Accuracy measures the proportion of correctly classified samples to the total number of samples, as
defined in (9). Precision evaluates the proportion of true positive predictions among all samples
predicted as positive, calculated using (10). Recall measures the proportion of true positive predictions
out of all actual positive samples, providing insight into the model’s ability to detect all relevant
instances of a class, calculated using (11). The Fl1-score is the harmonic mean of precision and recall,
balancing the trade-off between these two metrics. It is especially valuable when dealing with
imbalanced datasets, with the calculation shown in (12).

III. RESULT AND DISCUSSION

A. Result

This subsection presents the results of the experiments conducted on the ViT-B/16 and ViT-L/16
models using the VNPlant-200 dataset. The evaluation metrics include accuracy, F1 Score, and
computation time.

1) Learning Rate Evaluation

The effect of varying the learning rate on the ViT-B/16 and ViT-L/16 models was evaluated using the
VNPIlant-200 dataset. Learning rates ranging from 10 to 10 were systematically tested. The results,
summarized in Table 1, show that a learning rate of 10 consistently yielded the highest accuracy and
F1-score for both models. Specifically, ViT-B/16 achieved a maximum accuracy of 0.9597 and an F1-
score of 0.9580, while ViT-L/16 achieved a maximum accuracy of 0.9811 and an F1-score of 0.9810 at
the same learning rate. This configuration facilitated faster convergence compared to lower learning
rates, which often led to underfitting.

Significant because it demonstrates that a learning rate of 10"-4 not only provides better stability and
faster convergence compared to other learning rates but also outperforms previous research that used a
learning rate of 10, Prior studies that trained ViT models on the VNPlant-200 dataset with a 10
learning rate reported a maximum accuracy of 0.9824. By comparison, this study achieves higher
accuracy with a more efficient learning rate configuration, highlighting the importance of
hyperparameter optimization in fine-grained classification tasks.

Figures 2 and 3 illustrate the training progress of all learning rates across both ViT-B/16 and ViT-
L/16. In both figures, the x-axis represents the number of epochs and the y-axis represents accuracy,
where 0 corresponds to 0 percent and 1.0 corresponds to 100 percent accuracy. The figures show that a
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TABLE 2
NEURON PERFORMANCE COMPARISON
Model Number of Neurons ~ Accuracy  F1 Score

ViT-B/16 64 0.9470 0.9455
ViT-B/16 128 0.9564 0.9546
ViT-B/16 256 0.9574 0.9553
ViT-B/16 512 0.9567 0.9550
ViT-B/16 1024 0.9586 0.9568
ViT-L/16 64 0.9708 0.9704
ViT-L/16 128 0.9776 0.9774
ViT-L/16 256 0.9800 0.9799
ViT-L/16 512 0.9795 0.9794
ViT-L/16 1024 0.9796 0.9795
1.0
— e

0.8 1

0.6

Accuracy

0.4 1

0.2+ —— Learning Rate = 0.001
Learning Rate = 0.0001
— Learning Rate = 1le-05
—— Learning Rate = 1e-06
0.0 @ Highest Accuracy: 0.9597 (LR=0.0001)

6 Zb 4‘[) 6‘0 ﬂb 160
Epoch
Figure 2. Val Accuracy Over epochs for Different Learning Rates on ViT-B/16

1.0

0.8

0.6

Accuracy

0.4 1

0.2 —— Learning Rate = 0.001
Learning Rate = 0.0001
—— Learning Rate = 1e-05
— Learning Rate = 1le-06
0.04 @ Highest Accuracy: 0.9811 (LR=0.0001)

0 20 0 60 80 100
Epoch
Figure 3. Val Accuracy Over epochs for Different Learning Rates on ViT-L/16

learning rate of 10 enables the models to achieve optimal performance in significantly fewer epochs
compared to other configurations. Models trained with 10 converge rapidly, reaching peak accuracy
within the first 10-20 epochs, while lower learning rates such as 10 exhibit a slower learning curve and
require longer training durations to approach similar performance levels.
2) Neuron Configuration Evaluation

The model performance was further evaluated by varying the number of neurons in the Multi-Layer
Perceptron (MLP) layers using a learning rate of 10, The results, summarized in Table 2, indicate that
ViT-B/16 performed best with 1024 neurons, achieving a maximum accuracy of 0.9586 and an F1-score
0f 0.9568. In contrast, ViT-L/16 achieved its best performance with 256 neurons, reaching a maximum
accuracy of 0.9800 and an F1-score of 0.9799. These findings suggest that increasing the number of
neurons beyond these configurations often results in overfitting, particularly on the VNPIlant-200
dataset.
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TABLE 3
ACTIVATION FUNCTION PERFORMANCE COMPARISON
Model Activation Function  Accuracy  F1 Score
ViT-B/16 ELU 0.9627 0.9608
ViT-B/16 Hard Sigmoid 0.9585 0.9562
ViT-B/16 Hard Tanh 0.9691 0.9675
ViT-B/16 Leaky ReLU 0.9586 0.9571
ViT-B/16 PReLU 0.9566 0.9547
ViT-B/16 ReLU 0.9595 0.9578
ViT-B/16 RReLU 0.9601 0.9580
ViT-B/16 SeLU 0.9652 0.9637
ViT-B/16 Sigmoid 0.9603 0.9583
ViT-B/16 SiLU 0.9567 0.9556
ViT-B/16 Softplus 0.9570 0.9554
ViT-B/16 Softsign 0.9688 0.9675
ViT-B/16 Tanh 0.9692 0.9684
ViT-L/16 ELU 0.9793 0.9791
ViT-L/16 Hard Sigmoid 0.9821 0.9819
ViT-L/16 Hard Tanh 0.9855 0.9854
ViT-L/16 Leaky ReLU 0.9780 0.9778
ViT-L/16 PReLU 0.9807 0.9805
ViT-L/16 ReLU 0.9800 0.9798
ViT-L/16 RReLU 0.9797 0.9795
ViT-L/16 SeLU 0.9811 0.9809
ViT-L/16 Sigmoid 0.9817 0.9815
ViT-L/16 SiLU 0.9787 0.9785
ViT-L/16 Softplus 0.9782 0.9780
ViT-L/16 Softsign 0.9847 0.9846
ViT-L/16 Tanh 0.9852 0.9851
GPU 2.8335
CcPU
25
fg' 2.0
=
=
g 13
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Figure 4. Average Computation Time Comparison

3) Activation Function Experimentation

Various activation functions commonly used in deep learning, including Sigmoid, Tanh, ReLU, and
Hard Tanh, were tested in conjunction with each model's optimal number of neurons from the previous
experiment. The results in Table 3 show that ViT-B/16 achieved its best performance using the Tanh
activation function, with a maximum accuracy of 0.9692 and an F1-score of 0.9684. Meanwhile, ViT-
L/16 performed best with the Hard Tanh activation function, achieving a maximum accuracy of 0.9855
and an F1-score of 0.9854. These findings highlight the importance of selecting activation functions that
align with the complexity of the dataset and the architecture of the Vision Transformer models.
4) Computation Time

The computational efficiency of the models was compared across CPU and GPU environments,
visually represented in Figure 4. In the figure, the bars represent models running on either the CPU
(orange) or GPU (blue), while the y-axis indicates the latency or running time in seconds. Computation
time was measured by processing 100 random images from the VNPlant-200 dataset. These images
were randomly selected from different classes to ensure representative results. The evaluation was
conducted using the best performing configuration for each architecture: ViT-B/16 using a learning rate
of 104, 1024 neurons, and the Tanh activation function, and ViT-L/16 using a learning rate of 10, 256
neurons, and the Hard Tanh activation function.
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To ensure reproducibility and consistency, all experiments conducted using Google Colaboratory.
The hardware environment consisted of an NVIDIA T4 GPU with 16 GB VRAM, an Intel Xeon
processor running at 2.20 GHz, and 12.7 GB of system RAM. The software environment included
Ubuntu 22.04 as the operating system and Python 3.10 as the programming language. The models were
implemented using the PyTorch framework, version 2.5.1 with CUDA 12.1 support (cu212), along with
supporting libraries such as NumPy, Matplotlib, scikit-learn, and Torchvision. This configuration
reflects a realistic cloud-based deployment setting and enables reliable benchmarking of computational
performance across different hardware types.

B. Discussion

The results demonstrate that a learning rate of 10 provides the best balance between model stability
and convergence speed. Lower learning rates, such as 107, led to slower generalization, while a higher
learning rate of 10 caused oscillations and reduced generalization performance. This finding aligns
with previous studies indicating the importance of appropriately tuning learning rates for transformer-
based models. This study also shows that using 10 as the learning rate results in superior accuracy
compared to previous research that utilized 10°°.

The number of neurons in the Multi-Layer Perceptron (MLP) head significantly influence model
performance. ViT-B/16, with its simpler architecture, required a larger hidden layer (1024 neurons) to
effectively capture complex patterns. In contrast, ViT-L/16, which already possesses a more complex
architecture, performed best with fewer neurons (256 neurons). Increasing the number of neurons
beyond the optimal configuration led to overfitting, especially for ViT-L/16. These findings suggest that
the optimal neuron configuration depends on the complexity of the model architecture. Simpler
architectures benefit from a larger hidden layer, while more complex models require fewer neurons to
maintain generalization and efficiency.

The selection of activation functions played a crucial role in model performance. Tanh and Hard Tanh
outperformed widely used functions such as ReLU and Leaky ReLU. This indicates that activation
function selection must align with dataset complexity and model architecture. Tanh and Hard Tanh
effectively manage non-linear relationships, contributing to superior performance in fine-grained
classification tasks. Unlike ReLU based functions, which can suffer from dead neurons, Tanh and Hard
Tanh maintain smooth gradients that help the models capture subtle visual differences more effectively.

The computational efficiency analysis shows a clear trade-off between model accuracy and processing
time. ViT-L/16 demonstrated higher accuracy but required 3.1 times more computation time than ViT-
B/16 on GPU devices. This trade-off is critical for real-world applications, where resource availability
and latency requirements must be considered.

The ViT models in this study surpassed the performance of previous CNN-based approaches, which
struggled with fine-grained classification tasks due to their limitations in capturing global dependencies.
While this study optimizes learning rates, neuron configurations, and activation function, further
research could explore additional hyperparameters such as weight decay and optimizer setting or the
number of hidden layers. Testing these configurations on other fine-grained classification datasets could
also provide a broader understanding of generalization capabilities.

1) Comparison with Previous Study

In this section, we highlight a comparison between our experiments and the previous study conducted
by Nhut et al. [11]. In terms of learning rate, our results showed that a learning rate of 10 results in
slower learning. Based on our empirical findings, a learning rate of 10 improved the performance while
providing faster convergence for both ViT-B/16 and ViT-L/16. Therefore, we recommend 10 as the
primary choice for training ViT models due to their computational complexity.

Regarding performance, the modifications applied to the MLP head improved both accuracy and F1-
score. The accuracy achieved in this study reached approximately 0.9855 [11], which is higher than the
0.9824 reported in previous experimentation, an improvement of roughly 0.31%. Additionally, we
evaluated the latency of both models, which was not examined in the prior study.

2) Limitations

Despite the promising results achieved in this study, several limitations should be acknowledged.

First, the hyperparameter tuning process was performed sequentially, where each hyperparameter was
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optimized independently based on the best result from the previous stage. This approach, while efficient,
may have overlooked potential interactions between hyperparameters that could further improve
performance if tuned jointly.

Second, the experiments were conducted using the VNPIlant-200 dataset, which, although diverse and
representative, reflects a specific domain of medicinal plants from Vietnam. Therefore, the
generalizability of the findings to other plant classification datasets or broader fine-grained classification
tasks remains to be validated.

Third, the evaluation of computational performance was limited to a single environment using Google
Colaboratory with a T4 GPU and standard CPU settings. Different hardware setups, particularly those
with lower specifications or edge devices, might yield different performance trade-offs.

Lastly, this study did not explore the effects of advanced optimization techniques such as learning
rate schedulers, weight decay regularization, or different ViT architectures, which could potentially
enhance the efficiency and robustness of ViT models in real-world scenarios.

IV. CONCLUSION

This study successfully identified the optimal configurations of Vision Transformer (ViT) models for
fine-grained plant species classification using the VNPlant-200 dataset. A learning rate of 10 provided
the best performance for both ViT-B/16 and ViT-L/16. ViT-B/16 achieved peak performance with 1024
neurons and the Tanh activation function, while ViT-L/16 performed optimally with 256 neurons and
the Hard Tanh activation function, achieving an accuracy of 0.9855 and an F1-score of 0.9854. Despite
ViT-L/16 outperforming ViT-B/16 in accuracy, it required significantly more computation time,
highlighting a trade-off between performance and efficiency.

Future research can explore advanced ViT architectures such as ViT-H/16, open-set recognition for
unseen species, and smaller patch sizes to improve feature extraction. Additionally, lightweight models
like Mobile ViT and Neural Architecture Search (NAS) can optimize performance and efficiency for
real-time applications. Expanding the model's evaluation to diverse datasets with higher inter-class
variability will further validate robustness for real-world biodiversity monitoring and agricultural tasks.
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