
Table 1. Dataset Information Table 2. Numeric Classification Metrics

Class Precision Recall F1-Score AUC

Daisy 0.91 0.80 0.85 0.89

Dandelion 0.73 0.82 0.77 0.86

Rose 0.80 0.83 0.81 0.88

Sunflower 0.82 0.75 0.78 0.86

Tulip 0.71 0.71 0.71 0.83

Fig. 1 & 2 Data augmentation and normalization adaptive learning rate Fig. 3 & 4 Data oversampling with adaptive learning rate

Daisy Dandelion Rose Sunflower Tulip Total

Training 499 685 509 476 638 2807

Validation 154 211 157 147 197 866

Testing 116 156 118 111 149 650
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Conclusions
The comparison of the training results of the three 
models demonstrated that the model with the 
highest accuracy implemented  data augmentation 
and normalization. This model achieved a training 
accuracy of 95.30%, and validation accuracy of 
73.90%. This model also has the lowest training loss 
value but it does not have the lowest validation loss 
value. The model with the lowest validation loss 
value applies oversampling of data. Further model 
evaluation includes analyzes of  confusion matrix, 
ROC-AUC curve as well as precision-recall curve. As 
all 3 models use the same optimizer, activation 
function, and topology,  these loss and accuracy 
values allow us to make the conclusion that using 
augmentation and normalization of input data along 
with an adaptive learning rate lead to more accurate 
models then those using augmentation and 
standardization, or oversampling with an adaptive 
learning rate. 
Note: This research is part of my Honors Project 
presented in December 2019.
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Fig. 7 CNN topology

Methodology
The experiments were designed to 
produce and evaluate the 
classification results on large dataset 
by using different approaches, such 
as data normalization, initialization, 
data augmentation, adaptive 
learning, data resampling, in order to 
achieve the most accurate results. 
The number of hidden layers for 
each experiment presented here is 4, 
each having a convolutional, pooling 
and batch normalization layer. The 
batch size takes values of 
(128,128,3). The activation function 
used is ReLu, and the optimizer is 
Adam with a learning rate of 0.001. 
Dropout with a rate of 0.5 is also 
used within the models in order to 
avoid the overfitting. Models are 
trained for 50 epochs, with steps per 
epoch being calculated as S = 2 * 
((length of training set) / 128. 
Experiments shown here include: 
1.Data Augmentation and 
Normalization with adaptive 
learning rate 

2.Data Oversampling with 
adaptive learning rate

Introduction
Neural Networks (NNs) are a subset 
of Deep Learning inspired by the 
human brain to learn from huge 
amounts of data. The goal of this 
research is to demonstrate the 
implementation of different 
approaches in creating a well 
performing Deep Learning models, 
specifically Convolutional Neural 
Networks (CNN) for image 
classification. A deep dive starts with 
data preparation and preprocessing, 
choice of topology and its, training 
and testing and evaluation.

Software
This project is done in Python, 
leveraging several of the open source 
libraries. Libraries used:
•Numpy: Array-Processing package
•Pandas: Data analysis and 
manipulation
•Matplotlib: Visualizations/ Plotting 
Library
•Keras: Neural Network 
Development 
•Scikit-learn: Machine Learning 
Development

Fig. 5 Model predictions on test dataset Fig. 6 Test dataset predictions 


