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 There are about 15,000 to 20,000 orchid species around the world, 

spread across more than 900 genera. They come in many different 

shapes, sizes, and colors. This wide range of species makes it hard to 

tell them apart, especially for people who aren't experts. Bengkulu is 

one of the provinces on the island of Sumatra. It is known for its 

historical and cultural heritage as well as its rich biodiversity, 

especially its native plants like orchids. However, it is still hard to tell 

what they are. The identification process can be made better by using 

the breakthrough in artificial intelligence of the transformer. The goal 

of this study is to create an Android app that can use the Vision 

Transformer (ViT) architecture to identify five types of orchids: 

Bulbophyllum, Cymbidium, Dendrobium, Phalaenopsis, and Vanda. 

We used open-source libraries to collect data, which included 1,500 

images that went through preprocessing steps. The experimental 

results show that the ViT-Base16 model with 25 epochs did the best 

job, getting an accuracy of 0.98 on the test dataset. However, it was 

hard to classify the genus Dendrobium in all trials because it had a lot 

of different shapes. The application testing gave good results, with 

scores of 81.13 for ease of use, 82.5 for accuracy, and 83.06 for 

usefulness. These results indicate that the application successfully aids 

in the identification of orchid genera, serving as a useful resource for 

both educational and practical applications. 
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INTRODUCTION  

Bengkulu is a province on the island of Sumatra that is known for its historical and cultural 

heritage as well as its rich biodiversity, especially its native plants like orchids. In 2018, about 160 

different types of orchids were found in Bengkulu City [1]. This shows that the province is an important 

place for orchid diversity. Orchids (Orchidaceae) are a group of plants that includes about 15,000 to 

20,000 species in almost 900 genera. Many of these plants only grow in forests around the world [2]. 

Orchids are valuable as ornamental plants because they come in many different flower shapes, colors, 

sizes, and other unique morphological traits [3]. They can live in a wide range of places, from lowlands 

to mountains, tropical rainforests, and temperate climates [4]. The morphology of orchids is profoundly 

shaped by geographical and environmental factors in their indigenous habitats [5], which enhance their 

beauty and uniqueness, rendering them highly coveted by plant enthusiasts and the horticultural industry 

[6]. Even though they are beautiful, it can be hard to tell them apart because of how different they look. 

This issue is especially clear for people who are new to growing orchids, as misidentifying them can 
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lead to improper care and handling, which can slow plant growth or even kill the plant. Because of this, 

there is a strong need for an automated, reliable, and quick way to identify orchids. Recent improvements 

in deep learning and computer vision give us hope for solving this problem. In this case, digital images 

are the main source of data. Each image is shown as a grid of pixels with brightness or color values [7]. 

Image enhancement and other pre-processing methods are very important for making sure that data sets 

are consistent by reducing irrelevant variations like differences in lighting and color imbalance, which 

could otherwise make deep learning models less effective [8]. 

This study employs the Vision Transformer (ViT) to tackle the orchid identification challenge. 

ViT is a version of the Transformer architecture that was first made for Natural Language Processing 

(NLP) and has done very well in computer vision applications [9]. ViT uses the self-attention mechanism 

to capture global contextual information across the whole image [10], [11]. This is different from 

Convolutional Neural Networks (CNNs), which only look at local receptive fields. This feature allows 

ViT to perform at the highest level on a variety of vision tasks, such as classification, detection, and 

segmentation [12]. The goal of this study is to create a ViT-based system that can automatically classify 

orchid genera based on pictures of flowers. A confusion matrix and classification report are used to 

check how well the model works and make sure it can reliably and accurately identify things. Also, the 

suggested method is built into an Android app, making it easy for orchid lovers, researchers, and 

horticulturists to use in real life. ViT is especially useful for classifying orchids because there is a lot of 

variation within each class and small differences between classes in color patterns and petal textures. 

The global self-attention mechanism of ViT helps the model find long-range dependencies across the 

whole flower structure. This is often hard to do with CNNs, which mostly use local feature extraction. 

METHODS  

This study emphasizes a specialized technical methodology designed for vision-based 

categorization instead of utilizing a generic data mining framework. The workflow consists of four steps: 

(1) gathering and curating the dataset, (2) preprocessing and augmenting the images, (3) setting up the 

model architecture and training, and (4) testing and deploying the model. The Cross Industry Standard 

Process for Data Mining (CRISP-DM) was used in this study. It is a standard and systematic way to plan 

data-driven projects. There are six main steps in CRISP-DM: understanding the business, understanding 

the data, preparing the data, modeling, assessing, and deploying. Each phase is connected to the others, 

making it possible to make improvements over time to ensure that the system works and is reliable. The 

goal of this study was to use the CRISP-DM method and the Vision Transformer (ViT) to make it easier 

to identify orchid genera. This included collecting and cleaning data, building a model, and putting it 

into an Android app. This study focuses on a technical workflow that is specific to vision-based 

classification rather than a general-purpose data mining framework. The workflow has four steps: (1) 

getting and curating the dataset, (2) preprocessing and augmenting the images, (3) setting up the model 

architecture and training, and (4) testing and deploying the model. The Cross Industry Standard Process 

for Data Mining (CRISP-DM) was used as a guide for this research. It is a structured and systematic 

way to plan data-driven projects. There are six main steps in CRISP-DM: understanding the business, 

understanding the data, preparing the data, modeling, evaluating, and deploying. Each phase is linked 

to the others, which makes it possible to make improvements over time to make sure the system works 

well and is reliable. This study aimed to establish a clear workflow for orchid genus identification using 

the Vision Transformer (ViT) by adopting CRISP-DM. The workflow includes data acquisition and 

preprocessing, model development, and deployment in an Android-based application.  

This study focuses on a specific technical approach for vision-based categorization instead of a 

general data mining framework. The workflow consists of four steps: (1) gathering and organizing the 

dataset, (2) preprocessing and adding to the images, (3) setting up the model architecture and training, 
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and (4) testing and deploying the model. This study used the Cross Industry Standard Process for Data 

Mining (CRISP-DM) method, which gives a systematic and standardized way to carry out data-driven 

projects. The six main steps in CRISP-DM are: learning about the business, learning about the data, 

preparing the data, modeling, evaluating, and deploying. Each phase is linked to the others, which means 

that the system can be improved over time to make sure it works well and is dependable. This project 

aimed to create a clear method for identifying orchid genera using the CRISP-DM method and the Vision 

Transformer (ViT). This included gathering and cleaning data, building and using a model in an Android 

app. This research is about a specific technical method for vision-based categorization, not a general-

purpose data mining framework. The process consists of four steps: (1) acquiring and organizing the 

dataset, (2) preprocessing and augmenting the images, (3) configuring the model architecture and 

training, and (4) evaluating and deploying the model. The Cross Industry Standard Process for Data 

Mining (CRISP-DM) was used as the method for this study. CRISP-DM is a way to plan data-driven 

projects that is organized and systematic. CRISP-DM has six main steps: getting to know the business, 

getting to know the data, getting the data ready, modeling, evaluating, and deploying. Each phase is 

connected to the next, which allows for iterative improvement to make sure that the system that was 

built works well and is dependable. This study utilized CRISP-DM to establish a definitive methodology 

for identifying orchid genera using the Vision Transformer (ViT). This involved everything from 

gathering and cleaning data to creating and putting the model into an Android app. 

 

 

 
Figure 1. Example of Data (a) Bulbophyllum, (b) Cymbidium, (c) Dendrobium, (d) Phalaenopsis, (e) Vanda 

During the data preparation phase, each image was labeled with the name of the orchid genus it 

belonged to. After that, all of the pictures were resized to 384 × 384 pixels to fit the input requirements 

of the Vision Transformer (ViT) architecture [13]. The dataset was then split into two parts: 80% for 

training and 20% for validation, which is standard practice in machine learning research [14]. An 

independent test dataset was employed exclusively for the assessment of the final model's performance 

to ensure an unbiased evaluation [15]. Data augmentation was performed using the Roboflow platform 

to increase the diversity of the dataset and make the model more robust to changes in lighting, 

orientation, and other image conditions. During the data preparation stage, each image was given a label 

based on the type of orchid it was. Next, all of the images were changed to 384 × 384 pixels so that they 

would work with the Vision Transformer (ViT) architecture [13]. Following standard practices in 

machine learning research [14], the dataset was then split into two parts: 80% for training and 20% for 
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validation. To ensure an unbiased evaluation, an independent test dataset was utilized solely for the 

assessment of the final model's performance [15]. Using the Roboflow platform, we added more data to 

the dataset to make it more diverse and help the model handle changes in lighting, orientation, and other 

image conditions. 

Table 1. Augmentation Techniques 

No. Augmentation Type Values 

1. Flip  Horizontal, Vertical 

2. Rotation Between -30° and +30° 

3. Shear ±20° Horizontal, ±20° Vertical 

4. Saturation Between -10% and +10% 

5. Brightness Between -5% and +5% 

6. Exposure Between -5% and +5% 

7. Noise Up to 1,5 % of pixels 

 

The modeling technique focused on the Vision Transformer (ViT), which has recently gained 

popularity in computer vision for its ability to model global contextual dependencies through self-

attention mechanisms. We used two pre-trained versions of Vision Transformer: ViT-Base and ViT-

Large. We used transfer learning by starting from weights trained on large datasets and then fine-tuning 

them on the orchid dataset. The model architecture was improved for the new classification task, and 

hyperparameters were carefully chosen based on past research and real-world tests. Changes included 

the size of the pictures, the activation functions, the optimizer settings, and the regularization methods 

to speed up convergence and lower overfitting. This study employed ViT due to its ability to understand 

global spatial relationships, which is crucial for distinguishing orchid taxa with subtle morphological 

differences. ViT keeps all the information it needs through its multi-head self-attention method, while 

CNNs may lose global context because of pooling layers. 

Table 2. Hyperparameter 

No. Hyperparameter Values 

1. Image Size 384, 384, 3 

2. Batch Size 32 

3. Epoch 25 and 50 

4. Optimizer AdamW 

5. Learning Rate 0.0001 

6. Loss Categorical Cross-Entropy 

7. Activation GeLU, Softmax 

 

The model's performance was assessed by a confusion matrix and a classification report. The 

confusion matrix illustrated categorization results by presenting true positives, true negatives, false 

positives, and false negatives for each genus [16]. This facilitated the recognition of misclassification 

trends and offered insights into the model's strengths and flaws. The classification report provided 

detailed metrics, including precision, recall, F1-score, and support for each class [17], facilitating the 

evaluation of overall accuracy, management of class imbalance, and classification efficacy for each 

orchid genus. The deployment phase entailed converting the trained model into an Android mobile 

application. The approach commenced with the creation of a wireframe, which functioned as the 

blueprint for the application’s interface layout to guarantee logical organization and user-friendly 

navigation. The design was subsequently executed in Android Studio, incorporating the trained ViT 

model into the application. This culminated in a working Android application proficient in real-time 

orchid genus identification, offering an accessible and practical resource for researchers, orchid 

aficionados, and students. 
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RESULT AND DISCUSSION  

This work's originality is underscored by a baseline comparison with established classification 

methods, illustrating the unique benefits of employing Vision Transformer (ViT) for fine-grained orchid 

genus identification. Table X illustrates that traditional methods like SVM + HOG attained merely 74% 

accuracy, indicating their inadequate ability to grasp the intricate, multi-scale flower structures 

characteristic of orchids. A lightweight convolutional model, such as MobileNetV2, achieved a 

performance enhancement to 88%, although it continued to have challenges with intra-class variability, 

particularly among genera like Dendrobium and Vanda, which display nuanced morphological 

distinctions. Conversely, the ViT-Base16 model achieved 98% accuracy, exceeding both baselines by a 

significant margin. This performance disparity underscores the innovation of utilizing ViT's global self-

attention mechanism, which is especially efficacious for botanical images where crucial discriminative 

features (e.g., petal orientation, venation, and symmetrical structures) extend across remote pixel regions 

and cannot be entirely captured by local CNN filters. The findings substantiate that employing ViT in 

this context is not simply a repurposing of a state-of-the-art model, but a technically validated 

contribution illustrating how transformer-based architectures facilitate new capabilities in fine-grained 

plant identification tasks that conventional classifiers cannot attain. Comparative analysis using 

traditional methods indicates that ViT markedly surpasses both SVM and CNN classifiers. SVM 

encounters difficulties with shape changes and background noise, whereas CNN attains rather high 

accuracy but does not effectively capture the overarching floral structure that differentiates orchid 

genera. The global attention mechanism of ViT significantly enhances accuracy, validating its 

application for this task. 

The experimental findings indicated that both Vision Transformer (ViT) models demonstrated 

robust performance in all testing conditions. The utilization of pre-trained ViT models offered 

significant benefits by expediting the training process and enhancing accuracy. The results of the four 

experimental settings are encapsulated in Table 3. 

Table 3. Training Results 

Model Epoch Accuracy Loss Val Accuracy Val Loss 

ViT-Base16 25 0.9706 1.0040 0.9833 0.9232 

ViT-Base16 50 0.9861 0.3165 0.9800 0.3009 

ViT-Large16 25 0.9578 1.1138 0.9833 1.0074 

ViT-Large16 50 0.9761 0.4010 0.9833 0.3581 

The results show that the ViT-Base16 model with 50 epochs did the best, with the highest training 

accuracy (0.9861) and the lowest training loss (0.3165). This was seen in the measurements of training 

accuracy and loss. The fact that its validation accuracy was 0.9800 and its validation loss was 0.3009 

shows that it can generalize well. The ViT-Large16 model, with 25 epochs, on the other hand, did the 

worst job. This was the case even though it had a pretty high validation accuracy of 0.9833. It also had 

the worst training accuracy (0.9578), the biggest training loss (1.0074), and the biggest validation loss 

(1.1138). Figure 2 shows the training and validation accuracy and loss curves for each trial in order to 

give a more complete picture of these results. The findings show that the ViT-Base16 model with 50 

epochs did the best, with the highest training accuracy (0.9861) and the lowest training loss (0.3165). It 

had a validation accuracy of 0.9800 and a validation loss of 0.3009, which shows that it can generalize 

well. On the other hand, the ViT-Large16 model with 25 epochs had the worst performance. It had a 

relatively high validation accuracy (0.9833) but the lowest training accuracy (0.9578) and the highest 

training (1.1138) and validation loss (1.0074). Figure 2 shows the training and validation accuracy and 

loss curves for all of the experiments to help explain these results. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 2. Graphic Result for (a) ViT-Base16 with 25 Epoch, (b) ViT-Base16 with 50 Epoch, (c) ViT-Large16 

with 25 Epoch, and (d) ViT-Large16 with 50 Epoch 

Throughout the training process, the data showed optimistic outcomes, as the accuracy of the 

model constantly grew while loss values declined. When compared to the 50-epoch configuration, the 

25-epoch configuration for the ViT-Base16 architecture offered a performance that was steadier and 

balanced. During the early epochs, both configurations demonstrated rapid decreases in training and 

validation loss, which were thereafter followed by stabilization. The fifty-epoch model, on the other 

hand, showed indications of overfitting. This was demonstrated by the fact that the gap between the 

training and validation loss curves was shrinking without there being any proportionate gains in 

validation accuracy. Based on this, it appears that the model continued to optimize on the training data; 

however, its capacity to generalize to data that it had not encountered before did not improve anymore. 

The ViT-Large16 model, on the other hand, demonstrated consistent reductions in both training and 

validation loss, with only a little amount of space between the two. This implies a superior capacity to 

manage the complexity of datasets, despite the fact that it needed longer training times and more 

processing resources. 

Evaluation Model Using Test Data 

In order to examine the models' ability to generalize to data that they had not encountered, the 

performance of the models was further evaluated on the independent test dataset. This evaluation 

reflected the models' efficiency in situations that occur in the real world. The conclusions drawn from 
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the tests are presented in Table 4, which offers a comprehensive summary of the performance of the 

model across all orchid genera.  

Table 4. Test Data Evaluation Results 

Model Epoch Bulbophyllum Cymbidium Dendrobium Phalaenopsis Vanda 

True False True False True False True False True False 

ViT-Base16 25 30 - 30 - 27 3 30 - 30 - 

ViT-Base16 50 30 - 30 - 26 4 30 - 29 1 

ViT-Large16 25 30 - 27 3 25 5 27 3 28 2 

ViT-Large16 50 30 - 28 2 25 5 28 2 28 2 

The data show that each model was able to perfectly classify Bulbophyllum, which shows how 

unique the plant's visual features are and how easy they are to recognize. The ViT-Base16 model, which 

was trained for 25 epochs, showed the best performance of all the configurations tested, with only a few 

minor misclassifications in the Dendrobium class. The ViT-Large16 model, which was trained for 25 

epochs, had the lowest accuracy of all the models because it made more mistakes in classifying things. 

The Dendrobium class has been the hardest to work with so far. This is probably because it looks a lot 

like other classes, and each Dendrobium class has a lot of different shapes and colors. Figure 3 shows 

confusion matrices that give a full picture of prediction distributions, which makes the results more 

believable. The results show that all models were able to perfectly classify Bulbophyllum, which shows 

how unique its visual features are and how easy they are to spot. The ViT-Base16 model trained for 25 

epochs had the best performance of all the configurations tested. It only made a few mistakes when 

classifying Dendrobium. On the other hand, the ViT-Large16 model, which was trained for 25 epochs, 

had the lowest accuracy because it made more mistakes. The Dendrobium class was the hardest of all 

the models, probably because it looked a lot like other classes and had a lot of variation in shape and 

color within the class. The confusion matrices in Figure 3 back up these findings even more by showing 

how the predictions are spread out in great detail. The results show that every model was able to perfectly 

classify Bulbophyllum. This is because the plant has very unique visual traits that are easy to spot. The 

ViT-Base16 model that was trained for 25 epochs did the best overall, with only a few small mistakes 

in the Dendrobium class. This was better than the other configurations that were tested. The ViT-

Large16 model, which was trained for 25 epochs, had the lowest accuracy compared to the other models 

because it made more mistakes. The Dendrobium class was the hardest of all the models. This is 

probably because it looks a lot like other classes, and each Dendrobium class has a wide range of shapes 

and colors. The confusion matrices in Figure 3 also show a full picture of prediction distributions, which 

makes the results even more reliable. The findings demonstrate that all models attained flawless 

accuracy in classifying Bulbophyllum, underscoring its exceptionally distinctive visual traits that are 

readily identifiable. The ViT-Base16 model trained for 25 epochs had the best overall performance 

among the tested configurations, with only a few misclassifications in the Dendrobium class. The ViT-

Large16 model, on the other hand, had the lowest accuracy after 25 epochs of training because it made 

more mistakes. The Dendrobium class was the hardest for all of the models. This is probably because it 

looked a lot like other classes and had a lot of shape and color differences within the same class. The 

confusion matrices in Figure 3, which show the distributions of predictions in great detail, back up these 

observations even more. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 3. Confusion Matrix for (a) ViT-Base16 with 25 Epoch, (b) ViT-Base16 with 50 Epoch, (c) ViT-Large16 

with 25 Epoch, and (d) ViT-Large16 with 50 Epoch 

The evaluation employing the classification reports (Figure 4) further substantiated the models' 

strong performance. The ViT-Base16 model, which was trained for 25 epochs, had the highest overall 

accuracy of 0.98. This showed that it consistently had high precision, recall, and F1-scores across all 

orchid genera. On the other hand, the ViT-Large16 model, which was trained for 25 epochs, had the 

lowest accuracy of 0.91, mostly because its F1-score in the Vanda class was lower (0.89). The ViT-

Base16 consistently outperformed the ViT-Large16 in this test, which shows how important it is to pick 

the right architecture and number of epochs to get the best accuracy, generalization, and computing 

efficiency. ViT-Base16 is a better choice for medium-sized datasets with limited processing power 

because of the computing needs and dataset size. The categorization reports (Figure 4) showed that the 

models did quite well again. The ViT-Base16 model trained for 25 epochs had the highest overall 

accuracy of 0.98, and it had consistently high precision, recall, and F1-scores for all orchid genera. The 

ViT-Large16 model, on the other hand, had the lowest accuracy (0.91) after 25 epochs of training. This 

was mostly because the F1-score in the Vanda class was lower (0.89). In this test, the ViT-Base16 

consistently did better than the ViT-Large16. This shows how important it is to choose the right 

architecture and number of epochs to have the right balance between accuracy, generalization, and 

computing economy. ViT-Base16 is a better and more practical choice for medium-sized datasets with 

limited computing power because it is less demanding on computers and works better with larger 

datasets. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 4. Classification Report for (a) ViT-Base16 with 25 Epoch, (b) ViT-Base16 with 50 Epoch, (c) ViT-

Large16 with 25 Epoch, and (d) ViT-Large16 with 50 Epoch 

Deployment 

The deployment method involved converting the learned model to TensorFlow Lite (TFLite) 

format and incorporating it into Android Studio for mobile application development. The ViT-Base16 

model, trained for 25 epochs, was chosen for deployment due to its optimal mix of accuracy and 

efficiency as determined by previous assessments. The mobile application comprises numerous primary 

features, as depicted in Figure 5. The splash screen initializes the system before accessing the main 

menu. On the detection menu screen, users can either shoot an image using the camera or upload one 

from the gallery. The chosen image is presented on the pre-analysis page when the detection process 

commences. The results page displays the recognized orchid genus, prediction confidence, and a concise 

description. When the input is not an orchid, the system generates a "non-orchid" output. Supplementary 

features comprise an orchid information menu that offers comprehensive characteristics and 

environment descriptions for each genus, along with an information page that provides user 

recommendations for best application utilization. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 
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(e) 

 
(f) 

 
(g) 

 
(h) 

Figure 5. (a) Splash Screen, (b) Detection Menu Page, (c) Pre-analysis Page; Detection Result Page Showing 

Two Cases: (d) Detected Orchid, (e) Detected as Non-Orchid; (f) Orchid Menu Page, (g) Detailed Information of 

Orchid, (h) Information Page 

Application Testing 

Usability testing was performed with the System Usability Scale (SUS), a standardized tool 

comprising 10 elements [18]. This study expanded the questionnaire to 16 items, categorized into three 

groups: convenience, correctness, and usefulness [19]. Every item was evaluated using a five-point 

Likert scale ranging from Strongly Disagree to Strongly Agree [20]. Scores for positive items were 

derived by subtracting one from the specified value, whereas for negative items, the value was deducted 

from five. The overall SUS score was derived by aggregating all item scores, with elevated values 

signifying superior usability. 

Table 3. Training Results 

Category Q 
Score (Frequency, n=50) 

Avg Dev SUS Score 
1 2 3 4 5 

Convenience 

1 0 0 3 17 30 4.54 0.6 

81.13 
2 13 20 15 2 0 2.12 0.84 

3 0 0 1 21 28 4.54 0.54 

4 18 21 6 4 1 1.98 0.98 

Accuracy 

5 0 0 1 32 17 4.32 0.50 

82.5 
6 12 29 9 0 0 1.94 0.64 

7 0 0 1 24 25 4.48 0.54 

8 18 31 1 0 0 1.66 0.51 

Usefulness 

9 0 0 7 20 23 4.32 0.71 

83.06 

10 23 19 8 0 0 1.7 0.73 

11 0 0 12 18 20 4.16 0.78 

12 19 19 12 0 0 1.86 0.77 

13 0 0 1 9 40 4.78 0.46 

14 35 14 0 1 0 1.34 0.58 

15 0 0 14 18 19 4.12 0.79 

16 32 5 2 8 3 1.9 1.36 

The SUS evaluation findings demonstrated commendable performance in all categories, with 

scores over 70, signifying a high degree of usefulness [21]. The Convenience category attained a score 

of 81.13, Accuracy received 82.50, while Usefulness recorded the highest at 83.06. The diminished 

score in Convenience was chiefly affected by question 2, which pertains to the rapidity of identification 

findings. Numerous responders indicated delays in the identification process due to the computational 
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intricacy of the Vision Transformer (ViT) model, especially on devices with constrained specs or under 

suboptimal network conditions. The results indicate that the application exhibits robust usability and 

holds promise for expanded application in orchid identification and education, but future enhancements 

should prioritize increasing processing performance. Notwithstanding the robust performance of the 

Vision Transformer models, this study has certain limitations that must be recognized. The dataset 

utilized in the tests was predominantly obtained from open-access sites like Kaggle, where the majority 

of photographs feature clear, well-composed people with low background interference. This condition 

inadequately reflects real-world situations where orchid photos are generally taken in natural settings 

featuring intricate, varied, or chaotic backdrops. Consequently, the model's resilience in real-world 

settings may be inferior to what the current assessment results suggest. Subsequent research should 

involve the creation or compilation of a specialized real-world orchid dataset to guarantee enhanced 

reliability and practicality in situ for orchid identification. 

CONCLUSION  

This study illustrates that the choice of a suitable Vision Transformer (ViT) model and the ideal 

number of epochs considerably influence categorization performance. The ViT-Base16 model, after 25 

epochs, obtained optimal results, reaching 98% accuracy on the test dataset and flawless classification 

for the Bulbophyllum, Cymbidium, Phalaenopsis, and Vanda genera. Misclassification continued within 

the Dendrobium genus, highlighting difficulties in differentiating apparently identical species. The 

results underscore the necessity of calibrating training length to prevent underfitting and overfitting. 

Moreover, ViT-Base16 showed greater suitability for medium-sized datasets and constrained 

computational resources, achieving good accuracy without necessitating substantial infrastructure. 

Conversely, ViT-Large, however formidable for extensive datasets, requires substantially greater 

processing resources, hence restricting its feasibility in resource-limited settings. Usability testing 

employing the System Usability Scale (SUS) validated the application's efficacy, yielding ratings of 

81.13 for convenience, 82.5 for accuracy, and 83.06 for usefulness, suggesting significant potential for 

wider implementation in orchid teaching and identification activities. 
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