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Abstract - India is known for its incredible plant diversity,
especially when it comes to medicinal species. For
generations, plants have been at the heart of traditional
healing practices like Ayurveda, Siddha, and Unani, offering
a wide range of natural remedies. Today, as more people
turn to nature-based solutions, medicinal plants are
becoming increasingly popular as affordable, eco-friendly,
and generally safer alternatives to chemical-based
medicines. Still, one of the biggest challenges lies in
accurately identifying and classifying these plants. With so
many species that often look alike, it's easy to make
mistakes—even for experts. Misidentifying a plant can lead
to using the wrong one, which might not only reduce the
treatment’s effectiveness but could also be harmful. This
challenge highlights the need for a dependable and easy-to-
use identification method. In response, this research aims to
develop intelligent software that can accurately recognize
medicinal plants using image processing and advanced deep
learning technologies. By combining computer vision with
modern neural networks, the project hopes to make plant
identification both faster and more reliable. Such a tool
could be incredibly helpful—not just for researchers and
botanists, but also for everyday users, herbal medicine
enthusiasts, and community health workers who rely on the
safe and effective use of medicinal plants
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1. INTRODUCTION

India stands out as one of the world’s most biologically
rich nations, thanks to its vast and varied plant life. Among
this natural abundance, medicinal plants have held a place
of importance for centuries, serving as the backbone of
traditional healing systems like Ayurveda, Siddha, and
Unani. Known for their natural healing properties, these
plants are now gaining renewed attention as
environmentally friendly and sustainable alternatives to
modern pharmaceuticals.

However, to truly benefit from these valuable resources,
it's crucial to accurately identify each plant and
understand its specific qualities. Despite the wealth of
traditional and modern knowledge available, the large
number of plant species—many of which look strikingly
similar—makes manual identification a slow, difficult, and
often unreliable task. Mistakes in recognizing the right

plant can lead to ineffective remedies or even pose health
risks.

To address these challenges, an innovative software
solution is being developed that uses image recognition
and advanced deep learning techniques. This intelligent
tool aims to transform how medicinal plants are identified
and used. By analyzing plant images, the system will be
able to accurately distinguish between species and
provide detailed insights into their health benefits,
medical uses, and safety guidelines.

At the heart of this platform are powerful deep learning
models like ResNet50 and VGG16, trained on large
collections of plant images. In addition, the platform will
feature a rich database of medicinal plants, offering users
easy access to essential information such as active
compounds,  therapeutic  purposes, and  usage
precautions—all presented in a user-friendly and
accessible way.

2. RELATED WORKS

1. L. D. S. Pacifico, L. F. S. Britto, and collaborators [14]
emphasize the crucial role that medicinal plants play
in healthcare, while also acknowledging the challenges
in identifying them accurately due to the sheer
number and diversity of species. They point out that
many existing recognition systems lack the precision
and adaptability needed for reliable identification. To
tackle this issue, the team created a specialized
dataset focused on capturing key leaf characteristics
such as texture and color. They then developed an
automated recognition system powered by five
different machine learning algorithms. Their most
successful model achieved over 97% accuracy,
proving that carefully selected visual features can
significantly boost identification performance. Their
findings demonstrate the powerful synergy between
traditional botanical knowledge and modern Al tools,
with promising implications for both accurate
identification and conservation of medicinal plants.

C. Sivaranjani, L. Kalinathan, R. Amutha, and their
team [4] addressed the common problem of
segmenting plant leaves in photos taken under
varying lighting conditions. They introduced an
innovative technique using the ExG-ExR index, which
blends Excess Green and Excess Red components for
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more reliable vegetation detection. With its zero-
threshold approach, the method simplifies the
segmentation process and maintains accuracy
regardless of lighting differences. Once the leaf
regions are isolated, color and texture features are
extracted and analyzed using Logistic Regression,
achieving an impressive accuracy of 93.3%. This
streamlined preprocessing approach not only
enhances data quality but also supports more accurate
performance in deep learning models used for
medicinal plant recognition.

3. R.Janani and A. Gopal [12] explored the use of deep
learning, specifically Convolutional Neural Networks
(CNNs) and pretrained models like VGG16 and VGG19,
to identify native Ayurvedic medicinal plants. Their
research is especially impactful for healthcare
professionals, pharmacies, public health
organizations, and communities. It also has practical
applications in remote areas where drones can
capture plant images for identification purposes. Their
dataset includes leaf images from 64 medicinal plant
species found in Kerala. The CNN model alone
achieved an accuracy of 95.79%, while the VGG16 and
VGG19 pretrained models delivered even better
results, with 97.8% and 97.6% accuracy, respectively.
These findings highlight the effectiveness of using
pretrained deep learning models in identifying
medicinal plants, especially in real-world applications.

3. METHODOLOGY
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Dataset Collection & Exploratory Data Analysis (EDA)
For this project, we used the Indian Medicinal Leaves
Dataset available on Kaggle. It features a wide variety of

commonly used Ayurvedic plant species. As a first step, we
performed Exploratory Data Analysis (EDA) to better
understand the dataset—looking into aspects like class
distribution, image quality, and consistency in image
resolution. During this phase, we also identified challenges
such as class imbalance and the subtle visual similarities
between some plant species.

Preprocessing

To prepare the images for model training, we resized all of
them to 224x224 pixels to match the input size expected
by Convolutional Neural Networks (CNNs). To improve the
model's ability to generalize and reduce the risk of
overfitting, we applied several data augmentation
techniques, including image rotation, flipping, zooming,
and brightness changes. In addition, pixel values were
normalized to a 0-1 range to standardize input and
improve model performance.

Dataset Splitting

The dataset was split into three subsets: 70% for training,
15% for validation, and 15% for testing. This split allowed
us to train the models effectively while also testing their
ability to perform well on new, unseen data.

Model-selection
We evaluated two popular pretrained CNN architectures:

e ResNet50 - A deeper network with residual
connections, well-suited for handling relatively
smaller datasets while maintaining high accuracy.

e VGG16 - A straightforward and deep model,
known for its strength in fine-grained image
classification tasks.

Both models were fine-tuned by adjusting their final
layers to match the number of medicinal plant classes in
our dataset.

Training & Evaluation

Model training was carried out using categorical cross-
entropy as the loss function. We experimented with both
the Adam and SGD optimizers. To prevent overfitting, we
incorporated techniques like dropout and early stopping.
Performance was evaluated using accuracy and other key
metrics to ensure the models were both effective and
reliable.

Web Interface & Deployment

To make the system user-friendly, we created a simple
web interface using HTML, allowing users to upload plant
images and view identification results. The backend was
built using Flask, which handled image processing and
model predictions. Finally, the application was deployed
on Heroku, making it easily accessible to the public.
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4. RESNET50

ResNet50 is a powerful deep convolutional neural
network made up of 50 layers, and it's part of the broader
Residual Network (ResNet) family. It was introduced by
He et al. in their groundbreaking 2015 paper, "Deep
Residual Learning for Image Recognition." What makes
ResNet unique is its use of residual connections, also
known as skip connections, which allow the model to learn
differences (or "residuals") from previous layers rather
than trying to learn entirely new features from scratch.
This clever approach helps solve common problems in
deep networks, such as vanishing gradients and
performance degradation as networks get deeper.
ResNet50 is often pre-trained on massive datasets like
ImageNet, where it learns to recognize general visual
features like edges, textures, and shapes. Thanks to this
broad knowledge base, ResNet50 is highly effective for
transfer learning—making it a great fit for specialized
tasks like medicinal plant identification, even when
working with limited data.

ResNet50 Model Architecture

Output

=

Zero Padding
CONV
RelLu

Max Pool
Conv Block
ID Block
Conv Block
ID Block
Conv Block
ID Block
Conv Block
ID Block
Avg Pool
Flattening

e o e

Stage 1 Slage?2  Staged Staged Stage 5
Fig - 1: ResNet50 Architecture
How ResNet50 Is Used for Medicinal Plant Identification:
1. Dataset Preparation:

The first step involves collecting a diverse and high-quality
image dataset of medicinal plant leaves, captured in
various lighting and environmental conditions. Each image
is resized to 224x224 pixels and converted to RGB format
to match ResNet50’s input requirements.

2. Input Formatting:

To maintain the spatial structure of the image and prevent
loss of detail around the edges, *zero-padding* is applied
before feeding the image into the model.

3. Initial Feature Extraction:

The image is passed through the first convolutional layer,
which detects basic visual elements like edges and texture.
Batch normalization follows to stabilize and accelerate the
learning process by standardizing the activations from the
previous layer.

4. Activation Function (ReLU):

A ReLU (Rectified Linear Unit) function introduces non-
linearity, allowing the network to understand more
complex patterns in the data.

5. Downsampling (Max Pooling):

A max-pooling layer helps shrink the size of the feature
maps by keeping only the most important details, making
the model more efficient without losing key
information.This helps the model run faster and more
efficiently.

6. Deep Feature Learning:

The network continues with a series of convolutional and
identity blocks. Convolutional blocks include filters, batch
normalization, activation, and shortcut connections that
help the network adjust as it learns. Identity blocks carry
information directly across layers via skip connections,
helping the model retain both new and old features as it
learns.

7. Overcoming Deep Network Challenges:

These residual connections are vital—they prevent
problems like vanishing gradients and help the model
learn better as it gets deeper. As the model progresses
through more layers, it learns to pick up on finer details
such as unique leaf shapes, patterns, and surface textures,
which are essential for distinguishing between similar-
looking species.

8. Learning at Multiple Levels:

Skip connections allow the model to learn simple and
complex features at the same time, which is especially
important for identifying medicinal plants that may look
very similar to each other.

9. Feature Pooling and Classification:

Once feature extraction is complete, average pooling
compresses the data into a manageable format without
losing valuable information. These features are then
flattened into a vector and passed through a fully
connected layer, where the network maps them to specific
plant categories. The final output uses a Softmax function
to convert scores into probabilities, showing the most
likely plant species.

10. Final Prediction:

In the last step, the model provides its best guess for the
plant's identity. This prediction helps botanists,
researchers, and everyday users correctly identify
medicinal plants. It also supports broader efforts in
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conservation, education, and the documentation of herbal
medicine.

5. VGG16

VGG16 is a well-established deep learning model
developed by the Visual Geometry Group at the University
of Oxford. It was introduced in the landmark paper *"Very
Deep Convolutional Networks for Large-Scale Image
Recognition."* This architecture includes 16 layers with
learnable parameters—13 of which are convolutional
layers, followed by 3 fully connected layers. A standout
feature of VGG16 is its consistent use of 3x3 convolutional
filters, which gives it a clean, straightforward structure
that’s easy to understand and apply. Known for its strong
performance in image classification, VGG16 is often used
with pre-trained weights from the ImageNet dataset.
These pre-trained weights help the model recognize
common visual elements like edges, textures, and patterns.
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Fig - 2: VGG16 Architecture
How VGG16 Helps in Identifying Medicinal Plants:
1. Image Collection and Preparation:

The process begins with gathering a varied and high-
quality dataset of medicinal plant images, captured under
different lighting and environmental conditions. Each
image is resized to 224x224 pixels with three color
channels (RGB) to match the model’s input requirements.

2. Image Enhancement and Augmentation:

Preprocessing techniques are applied to enhance image
clarity—this includes normalization and noise reduction.
To further strengthen the model’s ability to generalize
across different plant types and conditions, data
augmentation techniques like rotation, flipping, and
zooming are used. These artificially expand the dataset
and help the model adapt to real-world variations.

3. Feature Extraction Through Convolution:

The preprocessed images pass through a series of
convolutional layers. Initially, the network identifies basic
features such as edges and corners.As the image moves
deeper into the network, more intricate details such as leaf
shape, vein patterns, textures, and color differences are
recognized. ReLU activation functions follow each layer,
adding non-linearity to help the network capture complex
visual patterns.

4. Reducing Complexity with Max-Pooling:

To manage computational load and reduce the risk of
overfitting, max-pooling layers are introduced after some
convolutional blocks. These layers reduce the size of the
feature maps while preserving important features,
shrinking them from 224x224x64 to 7x7x512. This
enhances the model's efficiency and helps it stay focused
on the most important features.

5. Transition to Classification:

The processed feature maps are transformed into a single-
dimensional vector, making them ready for the
classification stage.This vector is passed through a series
of fully connected (dense) layers, where the model starts
associating patterns with specific plant species.

6. Fully Connected Layers and Custom Output:

The dense layers known as fc6 and fc7 each contain 4096
units with ReLU activations, helping the network identify
detailed traits unique to each plant. The final fully
connected layer, originally set up to classify 1000
ImageNet classes, is customized to match the number of
medicinal plants in the dataset.

7. Generating Predictions with Softmax:

A Softmax function is applied to the final output,
converting raw model outputs into probability scores for
each plant class. This helps the system make confident and
interpretable predictions.

8. Leveraging Transfer Learning:

To accelerate training and improve performance, VGG16 is
initialized with weights learned from the ImageNet
dataset. This allows the model to build on its existing
knowledge of general visual patterns and tailor it to the
specific task of medicinal plant identification. After
training, its performance is evaluated using accuracy,
precision, recall, and F1-score to ensure reliability. Once
validated, the model can be deployed in user-friendly
applications—like web tools or mobile apps—making
medicinal plant recognition accessible to researchers,
educators, and nature enthusiasts.
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6. RESULTS AND DISCUSSION

A comparison was made between the pre-trained CNN
models, RESNET50 and VGG16, and a simple CNN model.
The study used leaf images from 64 different plant species,
with a dataset of 64,000 images—1,000 samples per
species. The data was broken down into 70% for training
the model, 10% for validation, and the final 20% for
testing its performance. The models were trained for 25
epochs with a batch size of 16, and the final accuracy was
measured after testing.

As mentioned earlier, the first step was to build a basic
convolutional neural network from scratch, train it on the
dataset, and assess its performance. The CNN architecture
consisted of three convolutional layers, each using a 3x3
kernel with ReLU activation, followed by 2D max-pooling
layers of 2x2. The first three convolutional layers focused
on feature extraction, and the output was then passed to a
fully connected dense layer for classification. In addition,
the pre-trained VGG16 model, which had already learned
from a vast and varied dataset, was employed to extract
features and classify the images.
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Fig - 4: Accuracy and Loss Graphs of VGG16

The training loss values, training accuracy values,
validation loss values, and validation accuracy values at
successive epochs of ResNet50 and VGG16 as presented in
Figures 3 and 4 respectively. The progress of accuracy and
loss functions, during the training process and validation
process, are shown in the graphs. The blue line shows the
training loss. The orange line shows training accuracy. The
green line shows validation loss, and the red line shows
validation accuracy.

Table 1: Resnet50 Classification Report

Class Precision Recall F1l-score | Support
Leaf-images 0.99 1.00 0.99 70
Unknown 1.00 0.99 1.00 120
Accuracy 0.99 190
Macro avg 0.99 1.00 0.99 190
Weighted avg | 0.99 0.99 0.99 190

The above table ResNet50 classification report shows
outstanding performance with an overall accuracy of 99%.
It achieved a precision of 0.99 and recall of 1.00 for leaf
images, and perfect precision (1.00) with a recall of 0.99
for unknown classes. The high F1-scores and consistent
macro and weighted averages highlight the model's strong

balance and reliability across the dataset.

Table 2-VGG16 classification report

Class Precision | recall | Fl-score Support
Aloevera 1.00 1.00 1.00 15
Amla 1.00 091 0.95 11
Amruthaballi 1.00 0.73 0.85 15
Arali 1.00 1.00 1.00 19
Astma weed 0.76 0.93 0.84 14
Badipala 091 0.67 0.77 15
Balloon Vine 1.00 1.00 1.00 7
Bamboo 0.94 1.00 0.97 16
Beans 0.95 1.00 0.97 18
Betel 1.00 1.00 1.00 12
Bhrami 1.00 091 0.95 11
Bringaraja 0.79 0.92 0.85 12
Caricature 1.00 1.00 1.00 8
Casrtor 1.00 0.93 0.97 15
Catharanthus | 1.00 0.96 0.98 27
Chakte 0.88 1.00 0.93 14
Accuracy 0.94 1000
Macro avg 0.94 0.94 0.93 1000
Weight avg 0.95 0.94 0.94 1000

The above table represents the VGG16 classification
report. The model reached a total accuracy of 94%. The
balanced macro and weighted averages (both at 0.94)
indicate strong and consistent performance across the
diverse medicinal plant dataset.
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Table 3: Results with accuracy

result

Input image

accuracy
Aloevera

Eucalyptus

The table illustrates sample results of the medicinal plant
detection system, showcasing correct identification of
plants like Aloe Vera, Amla, Betel, and Eucalyptus along
with their medicinal uses and achieved accuracy. This
demonstrates the model's effectiveness in accurate
classification and informative output for each plant
species.

Table 4: Comparision table to other papers

The table presents a comparative analysis of existing
models with the proposed ResNet50 and VGG16 hybrid
approach, which outperforms others by achieving 95%
accuracy and 98.5% F1-score using a larger dataset.

7. CONCLUSION

The development of a medicinal plant detection system
using the ResNet50 deep learning model offers an accurate
and efficient method for identifying medicinal plant
species from images. By leveraging convolutional neural
networks and transfer learning, the model effectively
captures complex features such as leaf patterns, textures,
and shapes. Preprocessing techniques like resizing and
normalization ensured high-quality inputs, while skip
connections and batch normalization helped maintain
performance and mitigate challenges like vanishing
gradients. The system provides a scalable, automated
solution for botanists and researchers, enhancing plant
identification = and  conservation efforts.  Future
improvements with larger datasets and further
optimizations can expand its applicability to a wider range
of plant species.

8. FUTURE SCOPE

The future of medicinal plant detection using deep
learning holds immense potential across various domains.
Expanding the system with larger, globally sourced
datasets covering a wider variety of plant species and
diverse environmental conditions will greatly improve the
model's accuracy and generalizability. Integration with
mobile applications and 10T devices can facilitate real-
time, field-based identification, making the technology
accessible to farmers, botanists, and practitioners
worldwide. Additionally, incorporating multi-modal
data—such as geographical location, soil composition, and
climatic conditions—can enhance the system's predictive
capabilities, The incorporation of augmented reality (AR)
can offer interactive identification experiences, enhancing
educational efforts and supporting field research.

Advancements in model optimization, including refined
transfer learning techniques and the adoption of emerging
architectures like Vision Transformers, can further elevate
performance and efficiency. Beyond species identification,
the model can be extended to predict medicinal properties
and detect plant diseases, increasing its utility in
agriculture, pharmacology, and natural medicine. The
system also offers valuable support for conservation
efforts by monitoring rare and endangered medicinal
plants in their natural habitats. Finally, the development of
a comprehensive, Al-powered medicinal plant database
can serve as a vital resource for researchers, educators,
and conservationists, promoting sustainable use and
preservation of plant biodiversity.

F1-
Auth Model / Dataset Accuracy Precision Recallfis
uthors core
Approach Size (%) (%) (%)
(%)
CNN-based
Ayesha 1,200
custom 90.50 89.30 88.70 89.00
Khan images
model
) VGG16
Michael 2,000
transfer 92.30 91.50 91.00:91.20
Lee . images
learning
Priya InceptionV3 3,000
93.10 92.00 91.80 91.90
Natarajan model images
Hybrid
Carlos 1,800
. CNN-SVM 91.70 90.80 90.30 .90.50
Martinez images
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Method images
transfer
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© 2025,IRJET | ImpactFactor value: 8.315

ISO 9001:2008 Certified Journal | Page 1625



’,/ International Research Journal of Engineering and Technology (IRJET)  e-ISSN: 2395-0056

JET

Volume: 12 Issue: 05 | May 2025

www.irjet.net

p-ISSN: 2395-0072

9. REFERENCE

1.

10.

11.

M. E. Rahmani, A. Amine, and M. R. Hamou, “Plant
leaves classifica tion,” ALLDATA 2015, vol. 82,
2015.

Sabu, K. Sreekumar, and R. R. Nair, “Recognition of
ayurvedic medicinal plants from leaves: A
computer vision approach,” in Image Information
Processing (ICIIP), 2017 Fourth International
Conference on. IEEE, 2017, pp. 1-5.

G. Agarwal, P. Belhumeur, S. Feiner, D. Jacobs, W.].
Kress, R. Ra mamoorthi, N. A. Bourg, N. Dixit, H.
Ling, D. Mahajan et al, “First steps toward an
electronic field guide for plants,” Taxon, vol. 55,
no. 3, pp. 597-610, 2006.

C. Sivaranjani, L. Kalinathan, R. Amutha, R. S.
Kathavarayan and K. ]J. Jegadish Kumar, "Real-
Time Identification of Medicinal Plants using
Machine Learning Techniques," 2019
International Conference on Computational
Intelligence in Data Science (ICCIDS), Chennai,
India, 2019, pp. 1-4, doi:
10.1109/1CCIDS.2019.8862126.

Dr. Ayesha Khan ,‘A Lightweight CNN
Architecture for Medical Image Classification.”

Mallah, J. Cope, and J. Orwell, “Plant leaf
classification using probabilistic integration of
shape, texture and margin features,” Signal
Processing, Pattern Recognition and Applications,
vol.5,no0.1,2013.

Prof. Michael Lee, “Transfer Learning with VGG16
for Disease Detection in Medical Imaging.”

Sahay and M. Chen, “Leaf analysis for plant
recognition,” in Software Engineering and Service
Science (ICSESS), 2016 7th IEEE International
Conference on. IEEE, 2016, pp. 914-917.

G. Cerutti, L. Tougne, ]. Mille, A. Vacavant, and D.
Coquin, “Un derstanding leaves in natural images-
a model-based approach for tree species
identification,” Computer Vision and Image
Understanding, vol. 117, no. 10, pp. 1482-1501,
2013.

Y. Sun, Y. Liu, G. Wang, and H. Zhang, “Deep
learning for plant identification in natural
environment,” Computational intelligence and
neuroscience, vol. 2017, 2017.

Sabu and K. Sreekumar, “Literature review of
image features and classifiers used in leaf based
plant recognition through image analysis

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

approach,” in Inventive Communication and
Computational Technologies (ICICCT), 2017
International Conference on. IEEE, 2017, pp. 145-
149.

R. Janani and A. Gopal, "Identification of selected
medicinal plant leaves using image features and

ANN," 2013 International Conference on
Advanced Electronic Systems (ICAES), Pilani,
India, 2013, Pp. 238-242, doi:

10.1109/1CAES.2013.6659400.

Venkataraman and N. Mangayarkarasi, “Computer
vision based feature extraction of leaves for
identification of medicinal values of plants,” in
Computational Intelligence and Computing
Research (ICCIC), 2016 IEEE International
Conference on. IEEE, 2016, pp. 1-5.

L. D. Pacifico, V. Macario, and J. F. Oliveira, “Plant
classification using artificial neural networks,” in
2018 International Joint Conference on Neural
Networks (IJCNN). IEEE, 2018, pp. 1-6.

Transfer learning with fine-tuned deep CNN
ResNet50 model for classifying COVID-19 from
chest X-ray images - ScienceDirect

Ben Rahman, Djarot  Hindarto (PDF)
Implementation of ResNet-50 on End-to-End
Object Detection (DETR) on Objects

Mohit Chhabra; Rajneesh Kumar, “An Efficient
ResNet-50 based Intelligent Deep Learning Model
to Predict Pneumonia from Medical Images.”

Jiahui Tao; Yuehan Gu;JiaZheng Sun; Yuxuan
Bie; Hui Wang, “Research on vggl6 convolutional
neural network feature classification algorithm
based on Transfer Learning.”

K Kiran; Arpanpreet Kaur, Deep Learning-Based
Plant Species Identification using VGG16 and
Transfer Learning: Enhancing Accuracy in
Biodiversity and Agricultural Applications

Dr. Priya Natarajan , “Deep Feature Extraction
Using InceptionV3 for Medical Diagnosis.”

Dr. Carlos Martinez , “Hybrid CNN-SVM Model for
Enhanced Medical Image Classification.”

T. M. Mitchell et al, “Machine learning. wcb,”
1997.

S. A. Dudani, “The distance-weighted k-nearest-
neighbor rule,” IEEE Transactions on Systems,
Man, and Cybernetics, vol. 1, no. 4, pp. 325 327,
1976.

© 2025, IRJET |

Impact Factor value: 8.315

ISO 9001:2008 Certified Journal |

Page 1626


https://www.sciencedirect.com/science/article/pii/S235291482200065X
https://www.sciencedirect.com/science/article/pii/S235291482200065X
https://www.sciencedirect.com/science/article/pii/S235291482200065X
https://www.researchgate.net/profile/Ben-Rahman?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6InB1YmxpY2F0aW9uIn19
https://www.researchgate.net/profile/Djarot-Hindarto?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6InB1YmxpY2F0aW9uIn19
https://www.researchgate.net/publication/370531243_Implementation_of_ResNet-50_on_End-to-End_Object_Detection_DETR_on_Objects
https://www.researchgate.net/publication/370531243_Implementation_of_ResNet-50_on_End-to-End_Object_Detection_DETR_on_Objects
https://www.researchgate.net/publication/370531243_Implementation_of_ResNet-50_on_End-to-End_Object_Detection_DETR_on_Objects
https://ieeexplore.ieee.org/author/37089371385
https://ieeexplore.ieee.org/author/37085825364
https://ieeexplore.ieee.org/author/37089212581
https://ieeexplore.ieee.org/author/37089213133
https://ieeexplore.ieee.org/author/37089211979
https://ieeexplore.ieee.org/author/37089214391
https://ieeexplore.ieee.org/author/37089214391
https://ieeexplore.ieee.org/author/37086289506
https://ieeexplore.ieee.org/author/843424897815303
https://ieeexplore.ieee.org/author/520776190724739

International Research Journal of Engineering and Technology (IRJET)
Volume: 12 Issue: 05 | May 2025 www.irjet.net

e-ISSN: 2395-0056
p-ISSN: 2395-0072

25.

26.

27.

28.

29.

30.

31

. Criminisi, J. Shotton, and E. Konukoglu, “Decision

forests for clas sification, regression, density
estimation, manifold learning and semi
supervised learning [internet],” Microsoft
Research, 2011.

E. Rumelhart, G. E. Hinton, and R. ]. Williams,
“Learning internal representations by error
propagation,” California Univ San Diego La Jolla
Inst for Cognitive Science, Tech. Rep., 1985.

S. S. Haykin, Neural networks: a comprehensive
foundation. Tsinghua University Press, 2001.

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel,
B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer, R.
Weiss, V. Dubourg, ]. Vander plas, A. Passos, D.
Cournapeau, M. Brucher, M. Perrot, and E. Duch
esnay, “Scikit-learn: Machine learning in Python,”
Journal of Machine Learning Research, vol. 12, pp.
2825-2830, 2011.

L. Buitinck, G. Louppe, M. Blondel, F. Pedregosa, A.
Mueller, O. Grisel, V. Niculae, P. Prettenhofer, A.
Gramfort, J. Grobler, R. Layton, ]J. Van derPlas, A.
Joly, B. Holt, and G. Varoquaux, “API design for
machine learning software: experiences from the
scikit-learn project,” in ECML PKDD Workshop:
Languages for Data Mining and Machine Learning,
2013, pp. 108-122.

F. Chollet et al,, “Keras: The python deep learning
library,” Astrophysics Source Code Library, 2018.

M. Friedman, “The use of ranks to avoid the
assumption of normality implicit in the analysis of
variance,” Journal of the american statistical
association, vol. 32, no. 200, pp. 675-701, 1937.

P. Nemenyi, “Distribution-free multiple
comparisons,” in Biometrics, vol. 18, no. 2.
INTERNATIONAL BIOMETRIC SOC 1441 I ST, NW,
SUITE 700, WASHINGTON, DC 20005-2210, 1962,
p. 263.

© 2025,IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal

Page 1627



