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1. Summary

The aim of the project is to train neural networks for the classification of fruit and vegetables by using
Tensorflow. The dataset is retrieved from the online community Kaggle!.

This work wants to explore different neural network techniques that are used for image classification, looking
for the best architecture that solves the problem of fruit and vegetables recognition.

The main questions addressed in this work are:

e How does the accuracy of the neural networks change by varying the complexity of the model?

e Are mainstream architectures (i.e. LeNet and MobileNetV2) always reliable in order to solve image
recognition problems?

Trying to answer these questions, the work consists of three main parts:

In the first part, feed forward neural networks are implemented. Since these type of networks are less complex,
the idea is to give them as input a "simplified" problem and observe if the networks’ performance is satisfactory.
The techniques used to reduce the complexity of the training set are:

e Conversion of the images from RGB to grayscale;

e Principal Component Analysis which allows to reduce the noise in the data.

The result of these two data manipulation techniques is given as input to a one-hidden-layer feed forward
architecture.

The aim of this first part of the project is to study how the accuracy of the training, validation and test changes
as the number of components given as input increase.

In the second part, another type of neural-network which is notoriously more reliable for image recognition
than an ordinary feed-forward architecture is inspected: Convolutional Neural Networks (CNN). As opposed
to feed-forward NNs, CNNs receive as input tensors and use more operations, like convolution and pooling,
that oftentimes result in a more precise classification. In particular, the architecture used in this project is
inspired by VGG net?, at the moment one of the most used image-recognition architectures. For the purpose
of this project, we start off with a small network and progressively increase the number of layers evaluating
the change in performance and the potential overfitting as the network becomes larger and more complex. To
prevent overfitting, a series of techniques such as Dropout and Batch normalization are used.

In the last part of the project, two famous architectures in the machine learning literature are applied to verify
how the accuracy changes by using these consolidated architectures and compare their performance and the
possible complications due to the complexity of the networks. Specifically, the architectures applied in this
section are LeNet and MobileNetV2.

Thttps://www.kaggle.com /moltean /fruits
2VGG was introduced in 2014 by Andrew Zisserman and Karen Simonyan from the Oxford Robotics Institute


https://www.kaggle.com/moltean/fruits

2. Preprocessing

After downloading the data, the image size is reduced to 32x32 and the pixels are rescaled in a 0-1 range
(dividing each value by 255). Subsequently, for each of the fruit labels a discrete value from 0 to 9 is assigned.

What follows is a visualisation of the first ten images from the training set.
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Figure 2.1: First 10 images from training set

The data is reshuffled to introduce randomisation in the training process (Figure 2.2) and ensure that each
fruit has a similar representation in the training, validation, and test sets.
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Figure 2.2: Shuffled images

The validation-test split of the image set is performed according to the 80%-20% criterion. At the end of the
process the train, validation, test split consists of:

e Train X : (32607, 32, 32, 3)

Train y : (32607, 10)

Validation X : (8724, 32, 32, 3)

Validation y : (8724, 10)

Test X : (2182, 32, 32, 3)

Test y : (2182, 10)



3. Loss and activation functions used

In all the architectures implemented, the algorithm is trained using the categorical cross-entropy. The optimizer
used to train the network is Adam and the main activation function Relu. Relu is chosen because, at an empirical
level, it is one of the most popular among researchers. To assess the final performance on the test set, however,
the zero-one loss is used instead.
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Figure 3.1: Zero-one loss (black line)
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4. PCA and Feed-Forward Neural Networks

4.1 Greyscale and PCA

Before running the PCA decomposition, the images are converted to grey scale attributing to each color a
weight based on its different wavelenght.

New grayscale image = (0.3- R) + (0.59 - G) + (0.11 - B)

The original shape of the image is a 32x32x3 tensor while the transformed one is a 32x32 matrix.
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Figure 4.1: RGB image (32x32x3 format) Figure 4.2: Grayscale image (32x32)

The resulting images are linearised from a 32x32 pixel matrix to a 1024 components vector. All the images
are then combined into a matrix where each column corresponds to a single image and each row represents the
corresponding pixel values. Then standardisation is applied using the following formula:



The principal component decomposition is run starting from the covariance matrix. To figure out the number
of principal components to reduce the noise in the images and then give them as input to a feed forward NN, a
cumulative explained variance ratio analysis is computed (Figure 4.3). This approach allows to reduce the noise
in the data while retaining a sufficient percentage of explained variance that allows the algorithm to effectively
discriminate between categories. As can be seen from Figure 4.3, a low number of components already explains
a large part of the variance in the data. For example, just by using 50 components 95 percent of the variance
can already be explained.

This means that a marginal increase in the number of components in the model gives a minimal contribution
when the number of components selected is already high (i.e. close to 1024); that is PCA can be used to
simplify the problem.

For this reason only a range of components from 10 to 210 are considered with a step of 20 (i.e. 10,30,...,210).
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Figure 4.3: Explained Variance ratio cumulative sum

The PCA produces 1024 eigenvectors (here called "eigenfruits") which can individually be reshaped into a
32x32 matrix and plotted (Figure 4.4).
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The PCA is parametrised on the training data and its results are used to reduce the dimensionality of both
training, validation, and test sets. The output for training, validation, and test is then projected onto the
original space. This procedure is repeated for each of the components selected.

Figure 4.4: Plot of some eigenvectors ("eigenfruits")
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Figure 4.5: Image of fruit with 10 components (left) and 210 (right)



4.2 Feed Forward Neural Network

A simple feed-forward NN is oftentimes less effective in image recognition than a convolutional neural network;
however, it is still appropriate for the aim of this analysis. Indeed, it is a good starting point to evaluate if the
problem can be tackled with a simple network.

The performances of the feed-forward neural networks are compared giving as input the transformed images
(training, validation, test) and iterating the procedure for each set of principal components selected (i.e. 10,
30, ..., 210).

The FFNN presented in this project has a simple architecture (see Figure 4.6) and it is composed of:

e one input layer with 1024 neurons corresponding to each pixel of the image;

e one hidden layer with 32 neurons and activation function 'relu’;

e one output layer with 10 neurons (one for each fruit/vegetables category), with activation function ’soft-

max’.

Figure 4.7 and Figure 4.8 show accuracy and loss of training an validation sets as a function of epochs (10
epochs). The main findings are:

e As expected, the training accuracy is always larger than validation accuracy given the corresponding
epoch while the opposite occurs for the loss (Figure 4.8);

e Given the epoch, accuracy and loss for the training set are almost a deterministic function of the number
of components (i.e. as the number of components increases also the accuracy improves and vice versa);

e Given the epoch, accuracy and loss for the validation set are instead an almost deterministic function for
the lowest set of components, while for a higher order of components overlappings start to occur;

e By measuring test error with the zero-one loss function, the optimal number of components among those
tested is 170 (Figure 4.9).

Input Hidden Qutput
layer layer layer

Figure 4.6: One-Hidden-Layer FNN
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Figure 4.7: Accuracy and loss for training and validation set by varying the number of components given as
input
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Figure 4.8: Large accuracy and loss plots for training and validation set by varying the number of components
given as input



A significant reduction in loss is obtained by increasing the number of components (Figure 4.9).This is par-
ticularly true for the initial components when the slope of the curve is larger. This means that the marginal
reduction in loss is larger when the number of components is low. A significant reduction is less evident after
70 components when the curve begins to plateau.
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Figure 4.9: Plot of the zero-one loss applied on test set by varying the number of components given in input

Despite being a simple neural network, giving as input to the NN data reduced with PCA, it is possible
to achieve impressive results. Based on the performance on the test set, 170/190 principal components are
suggested.



5. Convolutional Neural Networks

Pooling
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Figure 5.1: Generic architecture of a convolutional neural network

The aim of this chapter is to run experiments with a popular convolutional network and observe how an increase
in the number of layers corresponds to an improvement or worsening of the performance if phenomena like
overfitting occur. In particular, the model implemented takes inspiration from the VGG architecture, proposed
by Andrew Zisserman and Karen Simonyan in 2014.
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Figure 5.2: VGG architecture

Different types of VGG networks are tested, progressively increasing the number of layers.



5.1 VGG: one block

Layer (type) Output Shape Param #
;onv2d (Conv2D) (None, 32, 32, 32) 896
conv2d_i (Conv2D)  (Nome, 32, 32, 32) 9248
max_pooling2d (MaxPooling2D) (Nome, 16, 16, 32) o
flatten (Flatten)  (Nome, 8192) o
dense_22 (Dense)  (Nome, 128) 1048704
dense_23 (Demse)  (Nome, 10) 1290

Total params: 1,060,138
Trainable params: 1,060,138
Non-trainable params: O
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Figure 5.3: Random test of the VGG-one-block CNN on the test set

10



model accuracy

1000
2 0.975 - S —
e
|
o 0950 -
I}'ng' 1 T T T T
1] 2 madel loss & g
; - —
i R
L= -~
T T T T
P 4 B ]

epoch
Figure 5.4: Accuracy and loss for training and validation of the one block VGG.
The results of Figure 5.4 are obtained by using a VGG architechture with a total of 6 layers whose main
components are:

e 2 convolutional layers

e a maxpooling layer

a flatten layer

e 2 dense layers

This model learns fast in the training set and the performances on the validation are already high in the first
range of epochs. Based on the zero-one-loss, it returns a value of about 0.02 (Figure 5.9). In the next section,
the change in performance of the model is explored as more layers are introduced in the architecture (VGG

two blocks).
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5.2 VGG: two blocks

Layer (type) Output Shape Param #
conmv2d2 Comv2D)  (lome, 32, 32, 32) 896
conv2d_3 (Comv2D)  (Nome, 32, 32, 32) 90248
max_pooling2d_1 (MaxPooling2? (Nome, 16, 16, 32) o
conv2d_4 (Comv2D)  (Nome, 16, 16, 64) 18496
conv2d_5 (Comv2D)  (Nome, 16, 16, 64) 36928
max_pooling2d_2 (MaxPooling2? (Nome, 8, 8, 64) o
flatten_i (Flatten)  (Nome, 4096) o
dense_24 (Demse) ~ (Nome, 128) 524416
dense_25 (Demse)  (Nome, 100 1290

Total params: 591,274
Trainable params: 591,274
Non-trainable params: O

The results of Figure 5.5 are obtained by using a VGG architechture with a total of 9 layers whose main
components are:

e 2 convolutional layers
e a maxpooling layer
e 2 convolutional layers

e a maxpooling layer

a flatten layer

2 dense layers

12
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Figure 5.5: Accuracy and loss for training and validation of the two blocks VGG.

In Figure 5.5 train and validation are closer to each other compared to the previous VGG model. Furthermore,
the evolution of the test accuracy as a function of epochs is more stable suggesting the presence of lower variance
and higher robustness. This behaviour indicates that the model is capturing the relationship in the data more
effectively than VGG one block while reducing overfitting. The zero-one-loss returns a value of about 0.009,
that shows an improvement in performance on the test set with respect to the previous model (Figure 5.9).
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5.3 VGG: three blocks

Layer (type) Output Shape Param #
conv2d_6 (Comv2D)  (lome, 32, 32, 32) 896
conv2d_7 (Comv2D)  (Nome, 32, 32, 32) 90248
max_pooling2d_3 (MaxPooling? (Nome, 16, 16, 32) o
conv2d_8 (Comv2D)  (Nome, 16, 16, 64) 18496
conv2d_9 (Comv2D)  (Nome, 16, 16, 64) 36928
max_pooling2d_4 (MaxPooling? (Nome, 8, 8, 64) o
conv2d_10 (Conv2D)  (Nome, 8, 8, 128) 73856
conv2d_11 (Conv2D)  (Nome, 8, 8, 128) 147584
max_pooling2d_5 (MaxPooling? (Nome, 4, 4, 128) o
flatten_2 (Flatten) (Nome, 2048) o
dense_26 (Dense) ~ (Nome, 128) 262272
dense_27 (Demse)  (Nome, 100 1290

Total params: 550,570
Trainable params: 550,570
Non-trainable params: O

14
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Figure 5.6: Accuracy and loss for training and validation of the three blocks VGG.

The results of Figure 5.6 are obtained by using a VGG architechture with a total of 12 layers whose main
components are:

e 2 convolutional layers
e a maxpooling layer

2 convolutional layers

e a maxpooling layer

2 convolutional layers

e a maxpooling layer

a flatten layer

e 2 dense layers

After an anomalous peak in the first epoch, the test performance stabilises and both train and test converge
as the number of epochs increases.
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5.4 VGG: three blocks and Dropout

Layer (type) Output Shape Param #
convd_12 (Gom2D)  (lome, 32, 32, 32) 896
conv2d_13 (Conv2D)  (Nome, 32, 32, 32) 0248
max_pooling2d_6 (MaxPooling? (Nome, 16, 16, 32) o
dropout (Dropout) ~ (Nome, 16, 16, 32) o
conv2d_14 (Conv2D)  (Nome, 16, 16, 64) 18496
conv2d_15 (Conv2D)  (Nome, 16, 16, 64) 36928
max_pooling2d_7 (MaxPooling? (Nome, 8, 8, 64) o
dropout_1 (Dropout)  (Nome, 8, 8, 64) o
conv2d_16 (Conv2D)  (Nome, 8, 8, 128) 73856
conv2d_17 (Conv2D)  (Nome, 8, 8, 128) 147584
max_pooling2d_8 (MaxPooling? (Nome, 4, 4, 128) o
dropout_2 (Dropout)  (Nome, 4, 4, 128) o
flatten_3 (Flatten)  (Nome, 2048) o
dense_28 (Demse)  (Nome, 128) 262272
dropout_3 (Dropout) (Nome, 128) o
dense_29 (Demse)  (Nome, 10) 1290

Total params: 550,570
Trainable params: 550,570
Non-trainable params: O
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Figure 5.7: Accuracy and loss for training and validation of the three blocks VGG with dropout.

The results of Figure 5.7 are obtained by using a VGG architecture with dropout components hoping to reduce
overfitting by slowing down the learning rate. The architecture consists of a total of 16 layers and it is structured
as the previous one but enriched with Dropout layers.

Contrary to expectations, adding dropout layers, even if it slightly slows down the training process, results in
a worse performance than in the previous model on the test set and loss and accuracy appear less stable as
the number of epochs increases. To increase performance and stability of the neural network, in next section,

dropout layers are combined with batch normalisation.
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5.5 VGG: three blocks with Dropout and Batch Normalization

Layer (type) Output Shape Param #
convd_18 (Gom2D)  (lome, 32, 32, 32) 864
batch_normalization (BatchNo (Nome, 32, 32, 32) 128
activation (Activation) (Nome, 32, 32, 32) o
conv2d_19 (Conv2D)  (Nome, 32, 32, 32) 9216
batch_normalization_1 (Batch (Nome, 32, 32, 32) 128
activation 1 (Activation)  (Nome, 32, 32, 32) o
max_pooling2d_9 (MaxPooling? (Nome, 16, 16, 32) o
dropout_4 (Dropout)  (Nome, 16, 16, 32) o
conv2d_20 (Conv2D)  (Nome, 16, 16, 64) 18432
batch_normalization_2 (Batch (Nome, 16, 16, 64) 256
activation 2 (Activation)  (Nome, 16, 16, 64) o
conv2d_21 (Conv2D)  (Nome, 16, 16, 64) 36864
batch_normalization_3 (Batch (Nome, 16, 16, 64) 256
activation 3 (Activation)  (Nome, 16, 16, 64) o
max_pooling2d_10 (MaxPooling (Nome, 8, 8, 64) o
dropout_5 (Dropout)  (Nome, 8, 8, 64) o
conv2d_22 (Conv2D)  (Nome, 8, 8, 128) 73728
batch_normalization_4 (Batch (Nome, 8, 8, 128) 512
activation 4 (Activation)  (Nome, 8, 8, 128) o
conv2d_23 (Conv2D)  (Nome, 8, 8, 128) 147456
batch_normalization_5 (Batch (Nome, 8, 8, 128) 512
activation 5 (Activation)  (Nome, 8, 8, 128) o



max_pooling2d_11 (MaxPooling (None, 4, 4, 128) 0

dropout_6 (Dropout) (None, 4, 4, 128) 0

flatten 4 (Flatten)  (Nome, 2048) o
dense_30 (Demse)  (Nome, 128) 262144
batch_normalization_6 (Batch (Nome, 128) 512
activation 6 (Activation)  (Nome, 128) o
dropout_7 (Dropout)  (Nome, 128) o
dense_31 (Demse) ~ (Nome, 10) 1200

Total params: 552,298
Trainable params: 551,146
Non-trainable params: 1,152
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Figure 5.8: Accuracy and loss for training and validation of the three blocks VGG with Batch Normalization.
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The results of Figure 5.8 are obtained by using a VGG architecture with a total of 30 layers where batch
normalization layers are added (as shown in the summary table). Performance on the validation set improves
compared to the previous VGG models and in some epochs it is even better than the training accuracy /loss.
As previously mentioned, the goal of models with dropout is to slow down the learning curve because this
function randomly drops the connections between some neurons during the training phase. Even if a slowdown
in the learning rate is less obvious it is still noticeable. Perhaps a reason for this is that, without a dropout
layer, 100% accuracy in the training set can already be achieved in epochs 3/4 whereas models with dropout
never reach 100% accuracy but they asymptotically tend towards it. A possible reason why validation perfor-
mance is higher that training performance is that using dropout layers in the training process some neurons
are randomly deactivated whereas during validation all of the units are available so the network has its full
computational power and thus it might perform better than in training.

Zero-one loss CNN

0.07561869844179651

0.02153987167736022 4

loss

0.00916590284142988 A

0.005957836846929423 4

T T T T T
VGG 2VGG 3VGG 3VGG-drop 3VGG-drop-norm

types

Figure 5.9: Zero one Loss on test set for each VGG architecture

According to the zero-one loss, Figure 5.9 shows that 3VGG with dropout and batch normalisation has overall
the best performance. However, all the models give satisfactory results.
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6. Examples of famous CNN architectures: LeNet and
MobileNetV2

VGG and PCA with one hidden layer feed-forward already give satisfactory results to solve this classification
problem. However, it is worth exploring whether mainstream models with architectures openly shared online
like LeNet and MobileNetV2 perform better.

6.1 LeNet Architecture

LeNet is a convolutional neural network structure proposed by Yann LeCun et al. in 1998, originally applied
to the recognition of handwritten zip code digits provided by the U.S. Postal Service. It is a simple convolu-
tional neural network (7-layers), that includes the classical features of convolutional neural networks such as
convolutional layers, pooling layers and full connection layers.

C1: fealure maps S2: feature maps  C3: feature maps S4: feature maps
6@26x28 BE@14x14 16@10x10 16@5x5
051‘2?3' FE: layer
84 QUTPUT: layer
INFUT 10
3m32 e
E—— e i

i g

— / Full connection

Full connection

Convolutions i G

Figure 6.1: LeNet Architecture
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Figure 6.2: Random test of LeNet architecture on test set
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Figure 6.3: Accuracy and loss function of LeNet architecture

LeNet offers a suitable performance and a stable solution without obvious evidence of overfitting. Due to the
simplicity of the problem, the model learns rapidly and outputs a fairly accurate classification in the validation

set already starting from the first epoch.
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6.2 MobileNetV2 Architecture

MobileNetV2 was introduced by Google in 2019 and is an evolution of a previous architecture called Mo-
bileNetV1. Experimenting with this architecture is an interesting research task and it is an opportunity to
test a more recent and complex model. MobileNetV2 was optimised to run with machines with a discrete
computational power (despite its complexity) such as mobile devices.
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Figure 6.4: MobileNetV2 Architecture
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Figure 6.5: Random test of MobileNetV2 architecture on test set
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Figure 6.6: Accuracy and loss function of LeNet architecture

The results of MobileNetV2 on this classification problem are not promising. Indeed, the algorithm learns
quickly on the training set and it is not reliable on the validation set. Evidence suggests it is a case of
overfitting and the architecture is presumably too complex for this classification problem. Figure 6.5 shows an
application of the algorithm on a random sample of 16 images from the test set that returns a classification

error of 3 wrong images out of 16.
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7. Conclusion
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Figure 7.1: Models ranking

Figure 7.1 illustrates a ranking of the performance of the architectures explored in this research, according to
the zero-one loss function.

Overall, the model that returns the best solution for the problem is the 3 layers VGG architecture with Dropout
and Batch normalization, followed by the other VGG networks without Dropout and the LeNet network. As
concerns the one hidden layer feed-forwards NNs with PCA, also 170 an 190 components offer a fairly good
solution, having a loss approximately equal to 0.12 (a good complexity /performance trade-off).

In the light of the findings and observations of this research, it can be concluded that:

e Experimenting with simpler neural networks first and progressively expanding their complexity can be a
good strategy to identify an optimal fit among the architectures available

e Neural networks do not necessarily need all the variance in the data to effectively classify images. Some
residual variance can be considered as noise for the model and actually make it more difficult for the
neural network to predict categories. In this regard, PCA can be an appropriate technique to reduce the
noise of the input images and facilitate the problem.

e A higher complexity does not necessarily imply a higher performance: it is necessary to calibrate the
complexity of the network to the problem we are presented with to avoid overfitting/underfitting problems
(i.e. parsimonious modelling).

e In case the marginal learning rate is too high, dropout techniques and batch normalisation can be intro-
duced to favour an improved learning and generalisability of the problem.
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