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1 Abstract

Classifying human lumbar vertebrae (L1-L5) in images traditionally relies on expert analysis, achieving accu-
racy between 68% and 84%[1]. This work explores a Convolutional Neural Network (CNN) based approach
to automate the process. The study investigates the impact of image preprocessing (brightness adjustment,
alignment, and standardization) and data augmentation with Generative Adversarial Networks (GANSs) on
classification accuracy. A pre-trained InceptionV3 architecture with transfer learning is employed within
the CNN model. The model is trained and tested on a dataset of images of L1-L5 vertebrae, and exper-
imented with several scenarios, using the original images, the preprocessed images, and the preprocessed
images augmented with GAN-generated data. The results demonstrate that the model achieves the highest
accuracy when classifying vertebrae in the preprocessed data augmented with GAN-generated samples. The
Occlusion Sensitivity Analysis technique is used to identify image regions crucial for classification. This re-
search suggests that image preprocessing and data augmentation with GANs can significantly improve CNN

performance for human lumbar vertebrae classification.



2 Introduction

The main purpose of this thesis is to classify human vertebrae using machine learning. More specifically, the
classification of photographs of human lumbar vertebrae (L1-L5) using neural networks.

Human vertebrae classification is an open problem. Currently[l], in order to classify the lumbar vertebrae,
experts are required to have at least some simple measures of the vertebrae, such as the linear distances or
landmarks on the vertebrae images. Correct classification of human lumbar vertebrae ranges from 68% to
about 84%, although current methods are not very consistent[2]. Experts often use manual or semi-automated
computer-aided tools to extract measurements from vertebrae images. They must manually analyze images
to identify and measure relevant features. This process is somewhat subjective, as different experts may
interpret the images differently. These methods might be affected by human error or by the quality of the
images.

Machine learning algorithms offer a potential solution to these challenges. Machine learning algorithms
can be trained to automatically identify and measure features in images. This can make the assessment
process more objective and efficient.

Pattern recognition is the ability of machines to identify patterns in data, and then use those patterns
to make decisions or predictions using computer algorithms. It is a vital component of modern artificial
intelligence (AI) systems. Humans are natural pattern recognizers. Even young children can recognize digits
and letters, regardless of their size, style, or orientation. However, we do not fully understand how humans
recognize patterns. Current classification methods might be inconsistent and sometimes inaccurate, making
it difficult for humans to interpret. This is driving the need for machines that can identify patterns quickly
and accurately, in our case, human vertebrae classification.

This study proposes an automated vertebrae classification using CNN. Different data sources were used
in the study. As part of the effort to correctly classify the vertebrae, the classification model was built
according to this problem, changes were made to the original images, new samples were generated, and

various experiments were performed on the base model.



SARA ELLA MARC

Figure 2: Colors Differences

3 Data Prepossessing

The dataset used for the research contains 765 photographs of L1-L5 vertebrae with similar proportions of
L1, L2, L3, L4, and L5. The photographs have been segmented and the background has been rendered black.
See Fig. 1 for an example of 5 dataset samples.

The dataset contains 3 data sources: SARA, ELLA, MARC, contributed by three researchers. The
photographs have been divided into classes (L1-L5), and split into train set and test set. The test set
includes about 10% of the data.

There were inconsistencies in the format of the images across the three data sources. The size and type of
the item images varied: SARA images were the largest at 920 x 922 pixels and 589KB in PNG format. ELLA
images were smaller at 452 x 449 pixels and came in TIF format, while MARC images were the smallest at
720 x 720 pixels and used JPG format. All three have color differences (see Fig. 2).

To ensure consistency between all images, the following modifications were done:



Figure 3: PCA before Histogram Equalization

Figure 4: PCA after Histogram Equalization

3.1 Orientation

The vertebrae were not vertical: some vertebrae had to be rotated in order to be perfectly vertical. First,
the algorithm extracts two contours for each vertebra: one for the bone itself and another for the hole in
the center. Then, it creates a buffer for a technique called Principal Component Analysis (PCA). PCA is
a common tool in data analysis that simplifies complex information by reducing its dimensionality while
preserving key details. Using this analysis, the algorithm rotates each vertebra along its main axis. Initially,
17% of these rotations were incorrect (see Fig. 3). The issue stemmed from poorly lit images where the
algorithm could not properly extract the contours of the vertebrae. To address this, the images required
adjustments to become brighter and have more even light distribution. This is achieved through a technique
called histogram equalization.

Histogram equalization enhances image contrast by manipulating the distribution of pixel intensities. An
advanced version of this technique, called Contrast Limited Adaptive Histogram Equalization (CLAHE), was
applied. After applying CLAHE, the rotation algorithm's accuracy improved by 40% (see Fig. 4).

Finally, in a small number of cases (around 4%), the algorithm still did not perform perfectly, and manual

rotation of the vertebrae in the image was necessary (see Fig. 5).
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Figure 5: Manual Rotation

Figure 6: Centered

3.2 Center

Some vertebrae were not perfectly centered, and some images had different relationships between the back-

ground and the vertebra.
First, it was necessary to get the contours of the vertebra. Then, find the minimum bounding rectangle
that encloses the contour, measure the width and height of the rectangle, and calculate a square according

to the maximum value. Finally, crop a square around the vertebra (see Fig. 6).

3.3 Resize

All images have the same proportions (240 X 240).

3.4 Image Type

Save all images as JPG type.



After data preprocessing, all the vertebrae have uniform brightness, are vertical, centered, and have the

same proportions and image type.



4 The Classification Model

As part of this work, various tools and techniques were used:

4.1 CNN

CNN, or Convolutional Neural Network, is a specific type of deep learning neural network architecture
excelling at analyzing grid-like data, primarily images and videos.

CNN layers:

1. Input Layer: The input to a CNN is a 3D array representing an image (width, height, and channels for

color images).

2. Convolutional Layers: These layers apply filters to the input, extracting features like edges, lines, and
shapes. Each filter learns to detect a specific feature in the image. The output of a convolutional layer

is called a feature map.

3. Pooling Layers: Pooling layers down-sample the feature maps, reducing their dimensionality. This helps

to control overfitting and computational costs.

4. Activation Layers: These layers introduce non-linearity into the network, allowing it to learn more
complex relationships between features. A common activation function used in CNNs is the ReLLU

(Rectified Linear Unit) function.

5. Fully Connected Layers: After the convolutional and pooling layers, the network typically has one or
more fully connected layers similar to those found in standard neural networks. These layers combine

the extracted features to make classifications or predictions.

6. Output Layer: For image classification, the final layer might have multiple neurons corresponding to

different classes, with the highest output neuron indicating the predicted class.

4.2 Data augmentation

Data augmentation is a technique used in machine learning, particularly computer vision, to artificially
expand the training dataset. It involves creating new training examples from existing data through various
transformations. This is especially beneficial when dealing with limited datasets, as it helps the model
generalize better and avoid overfitting.

The importance of Data Augmentation:

o Limited data: Acquiring large, labeled datasets can be expensive and time-consuming. Data augmen-

tation helps overcome this limitation by creating more training data from existing samples.



o Improved generalization: By exposing the model to variations of the same data (e.g., rotations, flips,
brightness changes), data augmentation helps it learn features that are robust to these variations. This

leads to a model that performs well on unseen data, not just the training data it was shown.

e Reduced overfitting: With a larger and more diverse dataset, the model is less likely to overfit to the

specific details of the training data and can learn more generalizable patterns.

4.3 Transfer learning

Transfer learning is a powerful technique in machine learning that leverages knowledge gained from a pre-
trained model on one task (source task) to improve performance on a new, related task (target task). It is
particularly beneficial when dealing with limited data for the target task [3].

Transfer learning with pre-trained image networks has been successfully applied to many applications,
for example, object detection in self-driving cars [4]. Pre-trained models are used to detect objects like
pedestrians, vehicles, and traffic lights on the road. This is crucial for autonomous vehicles to navigate their
environment safely.

Benefits of Transfer Learning:

1. Reduced Training Time: By leveraging pre-trained knowledge, transfer learning can significantly reduce

training time for the target task, especially when dealing with limited datasets.

2. Improved Performance: Transfer learning often leads to better performance on the target task compared

to training a model from scratch, particularly when the source and target tasks are related.

3. Efficient Use of Data: It allows effective use of limited data for the target task, as the pre-trained model

already has a strong foundation of knowledge.

4.4 InceptionV3

InceptionV3 is a convolutional neural network (CNN) architecture specifically designed for image recognition
and analysis[5].

Key Features:

¢ Convolutional Architecture: Like most CNNs, InceptionV3 processes images through a series of convo-
lutional layers that extract features from the data. These features become progressively more complex

as the network progresses through deeper layers.

e Inception Modules: InceptionV3 utilizes a specific building block called the "Inception module." This
module incorporates multiple convolutional and pooling operations within itself, allowing the network
to learn features at different scales and resolutions simultaneously. This approach improves the model's

ability to capture diverse information within an image.

10



e Pre-trained Model: InceptionV3 is widely available as a pre-trained model, meaning it has already been
trained on a massive dataset. This pre-trained model can be a valuable starting point for various image

recognition tasks through transfer learning.

4.5 Google Colaboratory

Google Colaboratory, often shortened to Colab, is a cloud-based platform for data analysis and machine

learning. It essentially provides a virtual workspace to run code without preliminary work.

4.6 Keras

Keras is a deep learning library used on top of other frameworks like TensorFlow. It essentially provides a
simpler and more user-friendly interface for building and experimenting with deep learning models. Keras is
known for its straightforward API (Application Programming Interface) which makes it easier to learn and
use. Keras models can be deployed across various platforms and devices, making them adaptable to different
project needs. It also provides access to a collection of pre-trained models that can be used as a starting
point for new projects. This can save developers significant time and effort compared to building models

from scratch.

4.7 Model stages

The process begins by loading the training and test images. Next, a pre-trained InceptionV3 model is loaded
and its convolutional blocks are frozen, essentially turning it into a feature extractor. This ensures the model
focuses on learning from the newly added layers instead of retraining the entire InceptionV3 architecture.
The final activation feature map from InceptionV3 provides bottleneck features, which are then flattened and
fed to a fully connected deep neural network classifier.

Data augmentation is then applied to the training data. This technique involves creating variations of
the training data through random modifications. By ensuring the model never sees the exact same image
twice, data augmentation helps prevent overfitting and improves the model's ability to generalize to unseen
data. Keras' "ImageDataGenerator" class is a useful tool for achieving this.

Following data preparation, the model architecture is built. The model architecture is defined as a
sequential model, where layers are added sequentially. The pre-trained model is incorporated as the very first
layer. Following this, a dense layer with 256 neurons and a ReLLU activation function is added to introduce
non-linearity. To prevent overfitting, a dropout layer with a 20% dropout rate is introduced. This is followed
by another dense layer with 64 neurons and a ReLU activation, along with another dropout layer with a 20%
dropout rate. Finally, the output layer is added, containing a number of neurons equal to the number of
classes the model is predicting for.

The model is then trained using the prepared data. Model performance is evaluated by plotting the
accuracy and loss curves after each training epoch. Ideally, the training and validation accuracy should be

close, indicating a good fit (see Fig. 7).
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Figure 7: Model Loss and Accuracy

Once trained, the model can be used to make predictions on unseen test data. The model outputs
probabilities for each class, and the class with the highest probability is chosen. Finally, these class numbers
are converted back to class names.

To further analyze the model's performance, we compute the confusion matrix, that provides a clear
breakdown of how the model classified the data (see Fig. 8). We also compute a classification report that
provides various metrics to assess how well the model classified each category (see Fig. 9). The classification

report includes:
e Precision: the proportion of correct positive predictions.
¢ Recall: the proportion of actual positive cases that the model identified correctly.

e Fl-score: combines precision and recall, giving a balanced view of the model's performance.
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5 GAN
Conditional GAN

Generative artificial intelligence (generative AI) is an artificial intelligence capable of generating text,
images, videos, or other data using generative models, often in response to prompts. Generative Al models
learn the patterns and structure of their input training data and then generate new data that has similar
characteristics.

A Generative Adversarial Network (GAN) is a class of machine learning frameworks and a prominent
framework for approaching generative AI. A GAN consists of two neural networks competing against each
other: a generator and a discriminator. The generator tries to create new data, while the discriminator
attempts to determine if the data is real or generated. This competition helps the generator improve its
ability to create realistic data[6].

DCGAN, which stands for Deep Convolutional Generative Adversarial Network, is specifically designed
to generate new data that closely resembles real-world data like images. Unlike regular GANs, DCGAN
uses convolutional layers in both the generator and discriminator. These layers are particularly useful for
processing image data, allowing the DCGAN to capture the spatial features of images, like edges and shapes.

GANSs generate novel image data, video data, or audio data from a random input. The random input
is sampled from a normal distribution, before going through a series of transformations that turn it into
something plausible (image, video, audio, etc.).

While a simple DCGAN offers generated samples, it lacks control over their specific characteristics (e.g.,
class). In this case, a GAN creating vertebrae images was necessary. A basic DCGAN wouldn't allow
choosing the type of vertebra generated. To influence the output, the GAN needs additional information,

like the image's class, to condition its generation process.

5.1 Model stages

The process begins by loading the training images for the Conditional Generative Adversarial Network
(CGAN). Next, the dataset is preprocessed, which involves defining constants and hyperparameters like
batch size, number of channels, number of classes, and image size.

A key difference in Conditional GANs compared to regular GANs is the incorporation of class labels.
This is achieved by calculating the number of input channels for both the generator and discriminator to
accommodate these labels. The number of classes is added to the standard noise input dimension for the
generator and the generated image input dimension for the discriminator.

Following data preparation, the generator and discriminator architectures are defined:

The generator starts with random noise in the latent space, projects it to a higher dimension, and
uses deconvolutional layers to progressively increase the resolution and detail of the generated image. The
generator network utilizes a sequential model architecture, where layers are stacked linearly. The first layer

is the input layer, which defines the dimensionality of the latent space. This essentially represents the
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number of random numbers used as input to create the image. Following the input layer is a dense layer.
This layer takes a vector of random numbers as input and uses a Leaky ReLU activation function with a
small negative slope to prevent "dying neurons' (neurons that always output zero). The size of this layer's
output is equal to the number of channels in the image. This dense layer transforms the random noise from
a lower-dimensional latent space into a higher-dimensional space suitable for reshaping into an image-like
representation. A reshape layer then takes the output from the dense layer and converts it into a 3D tensor
with specified dimensions. This creates an initial low-resolution activation map. The core functionality of
the generator comes from deconvolutional layers, also known as transposed convolution layers. These layers
progressively upscale the feature maps, essentially learning to generate increasingly higher-resolution and
detailed features. Each deconvolutional layer is followed by a Leaky ReLU activation with a small negative
slope (0.2) to introduce non-linearity.

The discriminator aims to distinguish between real images and images generated by the GAN's generator
network. The discriminator network is built using a sequential model architecture. The first layer is the
input layer, defined with parameters for image size (height, width) and channels. Following the input layer
are convolutional layers. Each convolutional layer uses 64 filters. A ReLU activation function is applied
after each convolutional layer to introduce non-linearity. Pooling layers are then introduced, each with a
stride of 2 to reduce the spatial dimensions of the data. This helps capture higher-level features and reduces
model complexity. A dropout layer with a 50% dropout rate is placed after the third convolutional layer
to prevent overfitting. The convolutional layers are flattened into a one-dimensional vector to prepare the
data for fully-connected layers. Two dense layers with 800 neurons each are added, with ReLU activation
following each layer. Dropout with a rate of 50% is used again after each dense layer for regularization.
Finally, the model ends with a single neuron output layer. No activation function is applied here because the
discriminator typically outputs a value between 0 and 1, representing the likelihood of the input being real
data.

These components are then combined to create the complete CGAN model. The CGAN model effectively
combines pre-built discriminator and generator architectures with conditional training using class labels. It
facilitates training a model that can generate new data conditioned on specific class information.

Once the model is built, the training process begins. After training, the CGAN's capabilities are explored
by interpolating between classes with the trained generator. This involves sampling noise from a normal
distribution, reshaping it appropriately, and then uniformly distributing it along with the desired class

identities.

¢ Conditional GAN Aspect - Conditioning on Labels: The "one hot labels" are used to condition the
generation process. These labels are first expanded with dummy dimensions and then repeated to
match the image dimensions. This allows them to be concatenated with the images as extra channels.
When training the generator, the random noise from the latent space is concatenated with the class
labels before being fed to the generator. This injects class information into the generation process,

allowing the generator to produce images specific to the provided class labels.
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Figure 10: removed images

Figure 11: similar images

e Training Loop: The training loop has two main parts: training the discriminator and training the
generator.
Discriminator Training: combines real and fake images (generated by the generator) with their corre-
sponding class labels. Then, trains the discriminator to distinguish between real and fake images.
Generator Training: samples new random noise from the latent space, concatenates the noise with class
labels to provide conditional information to the generator, generates fake images using the conditioned
noise, and trains the generator to fool the discriminator by making the generated images appear realistic

for the given class labels.

e Monitoring Losses: after each training step, the losses for both the generator and discriminator are

calculated and stored in the internal metrics for monitoring purposes.

5.2 Generate Vertebrae Samples

Creating more samples using Conditional GAN allows to control the amount of samples that will be created
for each class. The goal was to produce a maximum of effective samples for each class. The new samples
were added only to the training set, so the test set includes only real vertebrae images.

100 images were generated for each label, some had to be removed due to poor quality (see Fig. 10).

For more than 100 images for each label, the Conditional GAN generated almost the same images, with
only slight differences. The similar images had to be removed too (see Fig. 11).

New samples were generated for each class using Conditional GAN. After adding the new samples, the

train set increased by 40% (see Table 1).
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Train | GAN | Total
L1 | 152 57 209
L2 | 153 47 200
L3 | 126 65 191
L4 | 121 42 163
L5 | 125 58 183

Table 1: Conditional GAN - Training Data

6 Results

The model's performance was compared using three scenarios:

1. Original Images

Evaluation with the unprocessed dataset.

2. Preprocessed Data

Evaluation with the preprocessed dataset.

3. Preprocessed Data with GAN generated examples
Evaluation with the preprocessed dataset supplemented by synthetic samples generated by the CGAN.

The results demonstrated that the model achieved the highest test-accuracy when classifying vertebrae
in the preprocessed data with GAN-generated samples (see Table 2).
The results likely showed the highest accuracy for that data for a few key reasons:

1. Improved Image Quality
Preprocessing addresses issues like inconsistent lighting and positioning. This standardization allows
the model to focus on the relevant features of the vertebrae, reducing noise and improving its ability

to learn accurate patterns.

2. Data Augmentation Diversity
The data augmentation technique introduced variations in the generated images, such as slight rotations,
scaling, or noise. This exposes the model to a wider range of possible vertebral appearances, making it

more robust to real-world variations in the data.

3. Transfer Learning with InceptionV3
By leveraging the pre-trained InceptionV3 architecture, the model benefits from its ability to recognize
general image features. Fine-tuning InceptionV3 for the specific task of vertebrae classification further

improves its ability to identify the key features that differentiate the vertebrae.
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Original Data | After Data Preprocessing | Add GAN Samples
Train Accuracy 93% 95% 96%
Validation Accuracy 75% 78% 84%
Test Accuracy 78% 84% 88%

Table 2: Results

4. Increased Training Data
The CGAN generated new, realistic images of vertebrae. This effectively expands the training dataset,
providing the model with more examples to learn from. A larger and more diverse dataset helps the

model generalize better to unseen data during evaluation.

In essence, the combination of preprocessing, GAN-generated data augmentation, and transfer learning
provides the model with a cleaner, more diverse, and informative dataset. This allows the model to learn

more robust and accurate representations of the vertebrae, leading to superior classification performance.
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7 Analysis
Occlusion Sensitivity

This method involves systematically occluding (blocking out) different regions of the image and observing
the change in the model's classification output. Regions that cause a significant drop in accuracy or a shift
in the predicted class are likely to be important for the model's decision.

One way to do so is to divide the image into (N x N) cells and measure the performance of the trained
model if a single cell is "deleted" (mask with a black square). Then, plot the accuracy of the model for each
deleted cell. The expectation is that "deleting" cells outside the vertebrae boundary will have no effect on
performance, and cells that reside on the boundary of the vertebrae should have a more significant effect.

In this analysis, the changes were made on the test set, while the training set remained as it was. Then,
measure the test accuracy for each deleted cell, to see which part of the image is most important for the

classification.

7.1 Evaluate a single cell

The goal is to examine which cell has the most influence on the classification. 3 cell sizes were evaluated:
(64, 64), (32, 32), and (16, 16). For each cell size, the image is divided into (N x N) cells. Then, iterate for
each cell location, "delete" a single cell on each image in the test set, and measure the test accuracy of the

trained model. Finally, display the accuracy for all cells (see fig. 12).

7.2 Evaluate symmetric cells

The assumption is that a vertebra is somewhat symmetric, so it must be examined whether deleting symmetric
cells will have a different effect on the classification. Same as above, 3 cell sizes were evaluated: (64, 64),
(32, 32), and (16, 16). For each cell size, the image is divided into (N x N) cells. Then, iterate for each
2 symmetric cells location, "delete" 2 symmetric cells on each image in the test set, and measure the test

accuracy of the trained model. Finally, display the accuracy for all cells (see fig. 12).

7.3 Results

Analysis results in two scenarios. First scenario is deleting a single cell for each image, and the second

scenario is deleting 2 symmetric cells for each image.

For a single cell evaluation:
1. for mask size (64, 64) the lowest accuracy is 0.58 in coordinates (96, 96)
2. for mask size (32, 32) the lowest accuracy is 0.75 in coordinates: (48, 80), (94, 128), (128, 128)

3. for mask size (16, 16) the lowest accuracy is 0.77 in coordinates (112, 176)
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For 2 symmetric cells evaluation

1. for mask size (64, 64) the lowest accuracy is 0.57 in coordinates (0, 96), (160, 96)
2. for mask size (32, 32) the lowest accuracy is 0.69 in coordinates (80, 80), (128, 80)
3. for mask size (16, 16) the lowest accuracy is 0.74 in coordinates (48, 96), (176, 96)

As expected, deleting cells on the vertebrae boundary has less effect than residing on the boundary of the
vertebrae. In addition, the larger the mask, meaning the cell size, the lower the test accuracy, as it covers a

larger area on the vertebra.

Reference[7].
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8 Summary

Improving Vertebrae Classification with Preprocessing and Generative Adversarial Networks

(GANS)

This study addressed the challenge of classifying human lumbar vertebrae (L1-L5) in photographs using
machine learning. Traditionally, this task relies on expert analysis of simple measurements, resulting in
accuracy ranging from 68% to 84%. These methods are subjective, time-consuming, and prone to human
erTor.

This study proposes a novel approach utilizing a Convolutional Neural Network (CNN) model for au-
tomated classification, and investigated the impact of image preprocessing and data augmentation on the
accuracy of human vertebrae classification using this model.

The research began with a dataset of vertebrae images. These images underwent a preprocessing pipeline:

1. Brightness adjustment - images were normalized to improve clarity using CLAHE - Contrast Limited

Adaptive Histogram Equalization.

2. Alignment - vertebrae were rotated and centered within the image frame for consistent positioning. For
orientation, the algorithm used PCA (Principal Component Analysis), and for centering the algorithm

used the minimum bounding rectangle.

3. Standardization - images were converted to grayscale format to avoid color differences, resized to a

uniform size and modified the data type to avoid differences between image types.

The CNN model leverages transfer learning by employing the pre-trained InceptionV3 architecture. This
approach utilizes the powerful feature extraction capabilities of InceptionV3, while fine-tuning the final layers
for the specific task of human lumbar vertebrae classification. Additionally, the model incorporates data
augmentation techniques to artificially expand the training dataset and improve model generalizability.

Following, the CNN model was trained and evaluated on the processed data. The model's performance

was then compared using three scenarios:
e Original Images
e Preprocessed Data

e Preprocessed Data with additional GAN samples

The results demonstrated that the model achieved the highest test-accuracy when classifying vertebrae
with the preprocessed data combined with GAN-generated samples.
The results likely showed the highest accuracy for the model using preprocessed data augmented with

GAN-generated samples due to:
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e Improved Image Quality
e Data Augmentation Diversity
e Transfer Learning with InceptionV3

e Increased Training Data

Finally, the study employed additional analyses to identify the image regions most crucial for accurate
classification by the CNN model. We saw that deleting cells on the vertebral border has less effect than
deleting cells near the vertebral border. Also, the larger the deleted cell, the lower the test accuracy.

This research suggests that image preprocessing and data augmentation with GANs can significantly

improve the performance of CNNs in classifying human vertebrae from images.
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9 Additional Sources

e Lumbar Vertebrae Classification

e Lumbar vertebrae

o Differentiation and classification of thoracolumbar transitional vertebrae
o Computational techniques to segment and classify lumbar compression fractures
o How to convert an image to Black and White in Python

o Histogram Equalization

e Carnivores Image Classification using Google Colab

e Conditional GAN

e Deep Convolutional Generative Adversarial Network

o Wikipedia

e Tensorflow

o Keras

e Gemini
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