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Abstract: In this thesis a patch-based image classification system using a multi-layer perceptron
(MLP) system is proposed. The patch-based MLP is trained on a set of randomly selected
patches from the training images. This method is also used in a design where multiple patch-
based MLPs are trained on specific regions of the images, this is called the scoped patch-based
MLP system. Both the patch-based MLP and the scoped patch-based MLP system are used as
a feature extractor for a classifier as well. The performance of these approaches are tested on the
MNIST and CIFAR-10 datasets, where 99.43% and 71.63% classification accuracy are obtained,
respectively.

1 Introduction

In this thesis, a technique for training a multi-
layer perceptron (MLP) is proposed that is inspired
by a theory in vision called ensemble perception,
(Haberman and Whitney, 2012). This theory states
that you do not identify objects by every detail,
but rather by the general structure of objects from
the same class. To extract the general structure
from the classes of a dataset, we train on randomly
selected patches from the training images. Before
training, the patches are converted to feature vec-
tors by a histogram of oriented gradients (HOG)
descriptor (Dalal and Triggs, 2005). These features
are used to train an MLP that classifies the images
in a patch-based manner. Classifying in a patch
based manner is performed by extracting all the
patches from an image and classifying each patch
separately. An MLP trained in this manner is called
a patch-based MLP, and will be used in two differ-
ent ways, as a classifier and as a feature extractor.
The technique of training a patch-based MLP is
similar to training an autoencoder on randomly se-
lected unlabeled patches, with the difference that
the training objectives of the two are different. The
patch-based MLP learns more discriminative fea-
tures of the dataset, since the actual classes are
learned. Nevertheless, in a way we pre-train a set of
convolutions in the form of the hidden units from
the patch-based MLP. Therefore we are going to

use the patch-based MLP and a pooling function,
in a comparable way to a convolutional layer and
a pooling layer in a convolutional neural network
(CNN). The properties that are similar to the con-
volutional and pooling architecture in a CNN are:
the way each convolution creates a feature matrix
by sliding over the image, the pooling operation,
and that a feature vector is constructed for a clas-
sifier. One of the main differences lies within the
comprehensiveness of the convolutional and pool-
ing architecture. In our approach there is one con-
volutional layer and the pooling operation used re-
duces each feature matrix to one value. This creates
a feature vector, with the size of the hidden units
from the patch-based MLP, that will be used by
the classifier. In addition, the training of the con-
volutions and the classifier is split. With this design
the error, which is calculated with a loss function,
does not have to travel through a classifier before
it can adjust the weights of a convolution. This re-
sults in a more accurate adjustment, compared to
a CNN with one or multiple convolutional layers.
This approach is used to determine whether the
classification accuracy of the patch-based MLP can
be improved. We also introduce the scoped patch-
based MLP system. This is designed with a set of
patch-based MLPs that are constructed to train on
patches from only a specific region in the images.
These regions are quadrants that capture, for ex-
ample, the top-left corner of the images. In this
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way a patch-based MLP learns what is important
for classifying a particular class based on the infor-
mation in its region. The scoped patch-based MLP
system will also be used to construct features for a
classifier.
The classification accuracy of the different patch-
based MLP systems are tested on the MNIST,
(LeCun, Bottou, Bengio, and Haffner, 2001) and
CIFAR-10, (Krizhevsky, 2009) dataset. The effect
of pooling the hidden activation of the patch-based
MLP and the scoped patch-based MLP system will
also be tested on these datasets.
The research question that follows from this is: does
training a classifier on the pooled hidden activation
improve the performance of the patch-based image
classification system?
The layout of this thesis is as follows. In Section
2, the techniques within the Multi-layer Percep-
tron are explained. In section 3, the architecture
is further elaborated upon. Section 4 describes an
exploratory analysis. Section 5 presents the results
and sections 6 and 7 show the discussion and the
conclusion, respectively.

2 Multi-Layer Perceptron

In this section the techniques used in the MLP are
outlined. Both the patch-based MLP and the clas-
sifier are three-layer MLPs that use feedforward
and backpropagation to minimize the error with
the cross-entropy function.

2.1 Feedforward

The feedforward of a three-layer MLP is a function
f : RE → RL, where the input vector x has size E
and the output vector f(x) has size L, so in matrix
notation,

f(x) = G(b(2) +W (2)h(x))

Where, h(x) = s(b(1) + W (1)x) are the hidden ac-
tivations, b(1), b(2) are the bias vectors and W (1),
W (2) are the weight matrices.
W is initialized as follows,

−0.1 ≤W (x, y) ≤ 0.1

WithW (x, y) being an arbitrary value in the weight
matrix.

The activation function is a ReLU, (R. H. R. Hahn-
loser and Seung, 2000).

s(z) = max(0, z)

The MLP uses a soft-max function on the output
activations.

G(a)i = eai−max(a)/

L∑
j=1

eaj−max(a)

Where aj are the output activations and G(a)i is
the output probability of an output unit. The soft-
max function used is a slight variation from the
original, the maximum output activation found in
a is subtracted from each output activation. This
is done to cope with large values in the exponential
function in C++ 1.

2.2 Additional techniques

Below the normalization process can be seen.

x =
x−min(∀xtrain)

max(∀xtrain)−min(∀xtrain)

With x, being any arbitrary input value in the sys-
tem, and ∀xtrain being all input values in the train-
ing set.
Dropout, first introduced by Hinton, Srivastava,
Krizhevsky, Sutskever, and Salakhutdinov (2012),
is used where a system has the tendency to overfit.
The formula is as follows,

h(x)i =

{
h(x)i if p > 0.5

0 otherwise

Where h(x)i is the hidden activation of a hidden
unit. After dropout is applied to all the hidden
units, the dropped hidden activation is spread out
over the still active hidden units in the following
manner,

h(x) = h(x) ∗ htotal
hactive

Where htotal is the sum of the hidden activations
before dropout and hactive is the sum of the hidden
activations after dropout.
For speeding up the learning process momentum,
Polyak (1964), is used,

W (t) = W (t) + δL(W (t− 1))

1Further explanation can be found in appendix A.1
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Where L is the loss function and δ = 0.9. The last
additional technique is a learning rate decay of 0.02
after each epoch.

3 Architecture

In this section the structure of the architecture will
be explained. Firstly, the patch-based MLP system
and the scoped patch-based MLP system are ex-
plained. Secondly, the classifier system is further
elaborated upon.

3.1 Patch-based MLP system

The patch-based MLP system will be explained in
the following order: the data transformation, the
training phase, and the classification phase.

3.1.1 Data transformation

The data transformation is split into two parts, the
patch extraction and the feature extraction.
Patch extraction is the process of extracting a sub-
image from the original image. This sub-image is
called a patch and will hold the same label as the
original image. The amount of patches that one im-
age contains (np) is a combination of the image
width (iw) and height (ih), patch width (pw) and
height (ph), and scanner stride (s). The following
formula is used to calculate the amount of patches
per image,

np =
( ih − ph

s
+ 1
)
∗
( iw − pw

s
+ 1
)

During experimentation we found that large
patches with respect to the image give the best
results. The reason for this is that the greater the
patch, the more information about an image it con-
tains and since we are constructing a patch-based
classifier, the smaller the patch, the more challeng-
ing it will be to predict the particular class in this
architecture. This is not always the case since a
small patch can inspect a specific region that is very
useful for classifying a particular class for exam-
ple the ears of a cat. Nevertheless, with randomly
selected small patches there will be a substantial
amount of patches in the training set that are dif-
ficult to classify based on the information in them.
The downside of using large patches is that the

systems deal with high dimensional data, which re-
sults in large systems that take a long time to train.
When the raw pixels of gray scaled patches are used
the input size is as follows, pw × ph, which gener-
ates a large set of inputs for an MLP. The solution
for this problem is to convert the raw pixels into
smaller and more descriptive features. This is done
with a HOG descriptor (Dalal and Triggs, 2005).
Finding an optimal feature size is an interaction be-
tween four parameters, patch size, HOG cell size,
HOG stride, and number of bins per cell. In an op-
timal scenario, a combination of settings is found
that yields the most descriptive power and the
smallest amount of inputs.
The HOG stride is always set equal to the size of
the cell to create non overlapping cells.
The patches do not use padding, as a consequence,
the usable patch width and height decrease by two
pixels.

3.1.2 Training phase

In the training phase the training images are split
into a training and validation set in a 90/10 fash-
ion. For the training phase of the patch-based MLP
an n amount of random patches are extracted from
the training set. These randomly extracted patches
are converted to features by a HOG descriptor and
run through the patch-based MLP for a set amount
of epochs. The validation set is used to test how
well the system classifies a set of images if the
training process would stop at that moment, this
is performed every five epochs and will terminate
the training process if the validation error is be-
low 0.001. Validating the images works in the same
manner as classifying an image, how this is done is
explained in section 3.1.3.
The idea of taking random patches from the train-
ing images is inspired by the psychological phenom-
ena in vision called, ensemble perception (Haber-
man and Whitney, 2012). The theory is that you
do not identify objects by every detail of them, but
rather by the general structure of objects from the
same class. By training the system on random par-
tial images we extract the statistical regularity of
the classes in the training set. How well a particular
set of patches works to train the patch-based MLP
is dependent upon how well the test set variability
is captured within the patches. It is therefore de-
sirable to extract many patches from the training
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set to get a proper statistical regularity and to av-
erage out the amount of luck involved in selecting
a ’good’ set of patches.
An exploratory analysis is performed to find the
optimal settings for the patch-based MLP systems.

3.1.3 Classification phase

Classification works as follows: all patches are ex-
tracted from the to be classified image and con-
verted to feature vectors by a HOG descriptor.
Individually, each feature vector is feedforwarded
through the patch-based MLP. After each feedfor-
ward the output probabilities are summed up to
eventually choose the class with the highest proba-
bility as the winner.

3.2 Scoped patch-based MLP sys-
tem

In this section the scoped patch-based MLP sys-
tem is introduced. The idea is to expose a set of
patch-based MLPs to specific regions of the images.
This means that each image has to be divided into
quadrants. The formula for calculating how many
quadrants per image there are is as follows: s × s.
If s has the value 2 there are 4 quadrants, where
each quadrant is equal in size. Each quadrant gets
a patch-based MLP assigned to it that will train
on patches only from that region. In practice, the
only workable value for s is 2, because large patches
are used which means there is too much overlap be-
tween adjacent squares if s is large than 2. If these
values would be used we lose the idea of training on
information from one region. A patch is assigned to
a particular square if the middle of the patch falls
into that square. It does not matter if parts of the
patch overlap into adjacent squares, as long as the
middle of the patch falls into the assigned square.
This is displayed in figure 3.1. There is one special
case, when a patch middle falls onto a separation
line. When the middle is on the vertical separation
line the patch is assigned to the right squares and if
the middle is on the horizontal separation line the
patch is assigned to the bottom squares.
In the scoped patch-based MLP system, the train-
ing phase is in essence the same as the not scoped
patch-based MLP system, with the difference that
when a random patch is extracted for the train-
ing images it is assigned to the training set of the

Figure 3.1: Visualization of a patch being ex-
tracted from an image in the scoped patch-
based MLP system. The dot in the middle of
the square represents the middle of the patch.

patch-based MLP that covers the region where it
came from. A similar process is performed for the
validation set. The process works as follows, when a
validation image is broken down into patches, each
patch gets assigned to the validation set of the re-
gion were it came from. In this manner the vali-
dation error is a value that explains how well the
patch-based MLP can classify the images in the
validation set based on the patches from the corre-
sponding square.
The classification phase is almost identical to the
validation phase with the difference that the out-
put probabilities of all the s× s patch-based MLPs
are summed up linearly.

3.3 Classifier system

In this section the classifier system is explained.
This is done in the following order: The construc-
tion process of the feature vectors with the patch-
based MLP systems, and the training and classifi-
cation process of the classifier.

3.3.1 Feature vector construction

The patch-based MLP system creates the features
as follows. All the patches from one image are ex-
tracted. Each patch is converted to a feature vector
by a HOG descriptor and feedforwarded through a
patch-based MLP system. After a feedforward, each
hidden activation is compared to its previous stored
hidden activation via a pooling function. When all
the feature vectors from an image have been run
through the patch-based MLP, a new input feature
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vector for the classifier is created.
This means that the amount of hidden units will
determine the input units of the classifier. There-
fore, if the classifier uses 1 patch-based MLP its
input units will be equal to the amount of hid-
den units used in that patch-based MLP. When 4
scoped patch-based MLPs are used, each individual
patch-based MLP will create a pooled hidden acti-
vation feature vector, which are appended together
to create one feature vector, therefore the amount
of input units from the classifier is the size of the
four hidden unit feature vectors combined. The size
of the training set is determined by the amount of
training images in the dataset.
The pooling operations that are used during ex-
perimentation are min, average, max, and aver-
age+max pooling. Where with average+max pool-
ing, the average and max features are combined
into one feature vector.

3.3.2 Training and classification phase

To start off, the training images are converted into
feature vectors in the manner described in sec-
tion 3.3.1. Then the feature vectors are split into
train/validation with a validation dataset of 10%
from the original dataset. The training process con-
sists of training the classifier for a set amount of
epochs on the feature vectors in the training set.
Every five epochs the system determines the vali-
dation error by classifying the validation set. If the
validation error is below 0.001 the training process
stops.
In the classification phase the test images are con-
verted to feature vectors as described in section
3.3.1. Each feature vector is then classified to de-
termine which class it belongs to.

4 Exploratory Analysis

Below is the motivation for which settings are used
in the systems. For both system types there is one
parameter that will be varied in a systematic man-
ner. The patch-based MLP systems will vary the
amount of random patches in the training set and
the classifier systems will vary the amount of hid-
den units in the MLP. The other settings are found
in a non-systematical manner. The systems that are
going to be explored are:

I 1 patch-based MLP

II 4 scoped patch-based MLPs

III Training an MLP on the average pooled hidden
activations of 1 patch-based MLP

IV Training an MLP on the average pooled hidden
activations of 4 scoped patch-based MLPs

A few notes regarding the systems and the experi-
ments:

I The patch-based MLPs that are used for the
feature vector extraction process are saved
patch-based MLP systems2. This is used to see
the actual effect of the different hidden unit
amounts.

II The experiments were run on an AMD
Opteron(TM) Processor 6276, CPU 64bit,
with code written in C++. The values in the
MLPs are stored in floats.

III The results are one fold and training/testing
is done on the true train/test set.

4.1 MNIST

MNIST is a handwritten digit dataset with 60.000
train images and 10.000 test images. All the images
are 28x28 pixels and the digit itself is white with a
black background. They are re-sized to 38x38 pix-
els.

4.1.1 System settings

For experiments on MNIST a patch size of 32x32,
with a HOG descriptor that has a cell size of 5× 5,
and 9 bins per cell gives the best accuracy. This
yields 324 input units.
For the patch-based MLP systems and the classi-
fier systems the following settings are used: The
learning rate is 0.01, the amount of epochs is 20,
the scanner stride is 1, and the regularization tech-
nique dropout in combination with momentum is
used.

2How a saved patch-based MLP is constructed can be
found in section A.2.
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4.1.2 Patch-based MLP systems

Below the exploratory analysis on MNIST for the
patch-based MLP systems is displayed. Here the
search is for the amount of random patches that
give the highest classification accuracy. The follow-
ing systems are explored:

I 1 patch-based MLP on MNIST.

II 4 scoped patch-based MLPs on MNIST.

With the following settings:

(a) 324 input units, 500 hidden units, 10 output
units.

(b) 4 × (324 input units, 400 hidden units, 10 out-
put units).

In the figure below the performance of the 1
patch-based MLP with different amounts of ran-
dom patches is displayed.

Figure 4.1: The classification accuracy versus
different amounts of random patches in the
training set, with respect to 1 patch-based MLP,
performed on the MNIST images.

In figure 4.1, it can be seen that there is a positive
general trend towards more random patches and
a higher classification accuracy. This trend stag-
nates around the 750.000 random patches mark.
The spikiness of the line is a consequence of the
random patch selection. The amount of random
patches that is chosen is 750.000. This system costs
around 8 hours to train. Below the performance
from the 4 scoped patch-based MLPs with differ-
ent amounts of random patches is displayed.
In figure 4.2, a positive trend towards a higher
classification accuracy with more randomly selected

Figure 4.2: The classification accuracy versus
different amounts of random patches in the
training set, with respect to 4 scoped patch-
based MLPs, performed on the MNIST images.

patches in the training set can be seen. In the same
figure the maximum number of random patches is
2.000.000. This number is greater than the maxi-
mum number of random patches from the 1 patch-
based MLP, because the patches have to be divided.
What can be seen in this graph is that after the
1.000.000 mark the classification accuracies become
fairly stable.
The amount of random patches that is chosen is
1.100.000. This system takes around 20 hours to
train.

4.1.3 Pooling hidden activations

Below the exploratory analysis on MNIST of the
classifier systems is displayed. For the classifier, an
MLP, we try to find the amount of hidden units
that yields the largest classification accuracy. The
following classifier systems are used:

I An MLP using feature vectors constructed by
1 patch-based MLP on MNIST.

II An MLP using feature vectors constructed by
4 scoped patch-based MLPs on MNIST.

With these settings:

(a) 500 input units, x hidden units, 10 output
units.

(b) 1600 (4 × 400) input units, x hidden units 10
output units.

Below, the classification accuracy of an MLP with
different amounts of hidden units is displayed. This
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MLP is trained upon feature vectors constructed
by 1 patch-based MLP.

Hidden units Accuracy test set(%)
100 99.45
200 99.45
300 99.45
400 99.44
500 99.43
600 99.40
700 99.41
800 99.39
900 99.44
1000 99.42

Table 4.1: The classification accuracy versus dif-
ferent amounts of hidden units, with respect to
a classifier that uses feature vectors constructed
by 1 patch-based MLP via average pooling,
performed on the MNIST images. The saved
patch-based MLP has a classification accuracy
of 99.44%.

Below, the classification accuracy of an MLP with
different amounts of hidden units is displayed. This
MLP is trained upon feature vectors constructed
by 4 scoped patch-based MLPs.

Hidden units Accuracy test set(%)
100 99.39
200 99.39
300 99.39
400 99.39
500 99.41
600 99.35
700 99.37
800 99.40
900 99.40
1000 99.37

Table 4.2: The classification accuracy versus dif-
ferent amounts of hidden units, with respect
to a classifier that uses feature vectors con-
structed by 4 scoped patch-based MLPs via av-
erage pooling, performed on the MNIST images.
The saved patch-based MLPs have a classifica-
tion accuracy of 99.45%.

In table 4.1, it can be seen that the first three
values in the table yield the same classification

accuracy on the test set. 200 hidden units are
chosen, because it also has the highest classification
accuracy on the validation set. The creation of
the feature vectors and training the classifier is
accomplished in around 2 hours.
In table 4.2, it can be seen that using 500 hidden
units gives the best result. Creating the feature
vectors and training the classifier is achieved in
around 17 hours.

4.2 CIFAR-10

CIFAR-10 is a dataset with 10 different real life
colored objects. A few examples are horses, dogs,
and ships. It consists of 50.000 training images and
10.000 test images. The images are 32 by 32 pixels.
For experimentation they are resized to 38 by 38
and converted to gray scale.

4.2.1 System settings

For CIFAR-10 a smaller HOG cell size is used to
catch the complex characteristics. Therefore, the
cell size is set to 3×3. The patch size is set smaller
to reduce the dimensionality and to not capture too
much information in one patch. This results in a
patch size of 26x26. Which after running it through
a HOG descriptor results in a feature vector of 576
input values. For the patch-based MLP systems on
CIFAR-10 the following settings are used: the learn-
ing rate is 0.01, epochs are set to 30, and the scan-
ner stride is 1. When training the patch-based MLP
systems on CIFAR-10, there is the problem that the
training error does not reach a training error lower
than 0.1. As a result of this, dropout is not used
and momentum is. This decreases the training er-
ror to around 0.001. The settings for the classifier
systems differs on one point, that momentum is not
used and dropout is, because the system has a ten-
dency to overfit.

4.2.2 Patch-based MLP

Below the exploratory analysis on CIFAR-10 for
the patch-based MLP systems is displayed. Also
here the search is for the amount of random patches
that gives the highest classification accuracy. The
following systems are explored:

I 1 patch-based MLP on CIFAR-10.
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II 4 scoped patch-based MLPs on CIFAR-10.

With the following settings:

(a) 576 input units, 800 hidden units, 10 output
units.

(b) 4× (576 input units, 500 hidden units, 10 out-
put units).

In the figure below the performance of the 1 patch-
based MLP with different amounts of random
patches is displayed.

Figure 4.3: The classification accuracy versus
different amounts of random patches in the
training set, with respect to 1 patch-based MLP,
performed on the CIFAR-10 images.

In figure 4.3, there is a slight general trend towards
better classification accuracy with more random
patches, but after 400.000 random patches there
is no significant increase of the classification
accuracy anymore. We looked at other possibilities
to increase the test set classification score and
found that increasing the amount of hidden units
has a strong positive effect. Therefore, the amount
of hidden units was later increased from 800 to
1500 hidden units. This large amount of hidden
units in combination with 950.000 random patches
is chosen for the final settings. Experiments on
CIFAR-10 have the inclination to take a very long
time to train. This system takes around 60 hours
to train.
Below the performance from the 4 scoped patch-
based MLPs with different amounts of random
patches is displayed.

In figure 4.4, we see that there is a general
trend towards the more random patches the higher

Figure 4.4: The classification accuracy versus
different amounts of random patches in the
training set, with respect to 4 patch-based
MLPs, performed on the CIFAR-10 images

the classification accuracy, which kind of flattens
after 800.000 random patches. Also here we found
that more hidden units gives a better result,
therefore we increased the hidden units to 800
per system. The final settings will use a total of
1.000.000 random patches with 800 hidden units
per system. Training this systems takes around 50
hours.

4.2.3 Pooling hidden activations

Below the exploratory analysis of the classifier sys-
tems is displayed on CIFAR-10. Also here we are
looking for the optimal amount of hidden units. The
following systems are explored:

I An MLP using feature vectors constructed by
1 patch-based MLP on CIFAR-10.

II An MLP using feature vectors constructed by
4 scoped patch-based MLPs on CIFAR-10.

With the following settings:

(a) 1500 input units, x hidden units, 10 output
units.

(b) 3200 (4 × 800) input units, x hidden units, 10
output units.

Below, the classification accuracy of an MLP with
different amounts of hidden units is displayed. This
MLP is trained upon feature vectors constructed
by 1 patch-based MLP.
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Hidden units Accuracy(%)
100 71.60
200 71.60
300 71.94
400 71.83
500 71.99
600 71.75
700 71.95
800 71.72
900 71.81
1000 71.99

Table 4.3: The classification accuracy versus dif-
ferent amounts of hidden units, with respect to
an MLP that uses feature vectors constructed
by 1 patch-based MLP via average pooling, per-
formed on the CIFAR-10 images. The saved
patch-based MLP has a classification accuracy
of 71.69%.

Below, the classification accuracy of an MLP
with different amounts of hidden units is dis-
played. This MLP is trained upon feature vectors
constructed by 4 patch-based MLPs.

Hidden units Accuracy(%)
100 70.52
200 70.31
300 70.62
400 70.51
500 70.24
600 70.58
700 70.53
800 70.40
900 70.52
1000 70.48

Table 4.4: The classification accuracy versus dif-
ferent amounts of hidden units, with respect to
a classifier that uses feature vectors constructed
by 4 scoped patch-based MLPs via average pool-
ing, performed on the CIFAR-10 images. The
saved patch-based MLPs have a classification ac-
curacy of 70.63%.

In table 4.3, there are two hidden unit amounts
that yield the same accuracy, 500 and 1000. The
amount of hidden units that is chosen is 500,
because it is the simplest system. The creation of
the feature vectors and training the classifier takes

around 15 hours. In table 4.4, it can be seen that
using 300 hidden units yields the best classification
accuracy. The creation of the feature vectors and
training the classifier is performed in 18 hours.

4.3 Additional findings

During experimentation we found that adding
max pooling and average pooling together into one
feature vector gives results that are comparable to
the single pooling types. Adding the two pooled
feature vectors into one feature vector results in
double the amount of input units. The hidden
units are double according to the best hidden units
found in their system. During the final experiments
this pooling type is added.

5 Results

In this section the results are displayed. Firstly,
the systems that are used to obtain these results
are displayed. Secondly, the classification accura-
cies obtained will be presented. Within the tables in
this section the abbreviations PB-MLP is used for
patch-based MLP and SPB-MLP for scoped patch-
based MLP.

5.1 Systems

In table 5.1, the systems that are used to obtain
the results on MNIST are displayed. For the
1 patch-based MLP, 750.000 randomly selected
patches are used for training and for the 4 scoped
patch-based MLPs, 1.100.000 randomly selected
patches are used. The other settings can be found
in section 4.1.1.

Type Input Hidden Output
1 PB-MLP 324 500 10

4 SPB-MLPs3 324 400 10
Classifier:
1 PB-MLP

500 200 10

Classifier:
4 SPB-MLPs

1600 500 10

Table 5.1: The MLP systems used to obtain the
results on the MNIST dataset.
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In table 5.2, the systems that are used for
CIFAR-10 are displayed. The 1 patch-based MLP
uses 950.000 random patches and the 4 scoped
patch-based MLPs uses 1.000.000 random patches.
The other settings can be found in section 4.2.1.

Type Input Hidden Output
1 PB-MLP 576 1500 10

4 SPB-MLPs3 576 800 10
Classifier:
1 PB-MLP

1500 500 10

Classifier:
4 SPB-MLPs

3200 300 10

Table 5.2: The MLP systems used to obtain the
results on the CIFAR-10 dataset.

5.2 Obtained results

All experiments that are displayed in table 5.3,
5.4, 5.5 are 10 fold cross validations.
In table 5.3, the classification accuracies are
displayed of the patch-based MLP systems.

MNIST CIFAR-10

1 PB-MLP
99.43

+/- 0.03
71.44

+/- 0.38

4 SPB-MLPs
99.32

+/- 0.04
69.67

+/- 0.13

Table 5.3: Results obtained with 1 patch-based
MLP and 4 scoped patch-based MLPs on the
MNIST and CIFAR-10 dataset.

In table 5.4 and 5.5, the classification accura-
cies of the classifier trained on feature vectors
created by the patch-based MLP systems are
displayed.
The patch-based MLPs used in table 5.3 are saved
and reused in the experiments displayed in table

3Four of these patch-based MLPs are created that inter-
acts as explained in section 3.2

4For this pooling type the input units and the hidden
units are doubled according to their corresponding systems.
In table 5.1 the corresponding systems for MNIST can be
found and in table 5.2 the corresponding systems for CIFAR-
10

MNIST
Classifier:
1 PB-MLP

Classifier:
4 SPB-MLPs

Min
94.08

+/- 0.27
99.28

+/-0.03

Average
99.36

+/- 0.05
99.29

+/- 0.03

Max
99.35

+/- 0.05
99.28

+/- 0.02

Av+Max4 99.38
+/- 0.04

99.29
+/- 0.03

Table 5.4: Results on the MNIST dataset ob-
tained with eight separate MLPs trained upon
either minimum, average, maximum, or aver-
age + maximum feature vectors extracted with
1 patch-based MLP or 4 scoped patch-based
MLPs.

CIFAR-10
Classifier:
1 PB-MLP

Classifier:
4 SPB-MLPs

Min
12.99

+/- 0.80
55.78

+/- 0.60

Average
71.63

+/- 0.40
69.64

+/- 0.14

Max
68.20

+/- 0.31
67.95

+/- 0.33

Av+Max4 68.66
+/- 0.50

68.92
+/- 0.24

Table 5.5: Results on the CIFAR-10 dataset ob-
tained with eight separate MLPs trained upon
either minimum, average, maximum, or average
+ maximum feature vectors extracted with 1
patch-based MLP or 4 patch-based MLPs.

5.4 and table 5.5. This is done to see the actual
effect of pooling and to decrease the time needed
to run the pooled experiments.

6 Discussion

In figure 6.1, four images that are classified wrongly
by 1 patch-based MLP on MNIST are displayed.
These digits have one similar property, they are
out of shape. Besides that there is not much
wrong with them. A possible solution for MNIST
can be to make the system more robust to-
wards spatial change by deforming the visible digit
part in the patch. This is done image wise in
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Figure 6.1: From left to right, the actual label →
the classification , (3 → 2),(9 → 8),(8 → 1),(1 → 7)

(Cireşan, Meier, Gambardella, and Schmidhuber,
2010), where at the beginning of each epoch the dig-
its would be deformed. It will most likely increase
the robustness of the system, as it has also been
shown that distortion works on MNIST in (Cireşan
et al., 2010), (Cireşan, Meier, Gambardella, and
Schmidhuber, 2011), and (Max Jaderberg and
Kavukcuoglu, 2015). Deformation of patches could
also be used on the CIFAR-10 experiments, nev-
ertheless this will require a more complex ’trans-
former’. The transformer proposed in Max Jader-
berg and Kavukcuoglu (2015) is an option since it
can be implemented in a ’standard neural network
architecture’ and has shown positive results on a
similar RGB dataset, the bird dataset CUB-200-
2011 (Wah, Branson, Welinder, Perona, and Be-
longie, 2011).
At the end of our research, when all the final exper-
iments were run we thought of a possible improve-
ment to train the classifier system. The idea is to
add the images from the validation set to the train-
ing set. This way 90% of the images are images that
are also used during the patch-based training and
10% are unseen images. A rerun of the final experi-
ments for MNIST using the classifier system with 1
patch-based MLP shows improvements. The accu-
racies over 10 runs with training on the validation
set is 99.42%, and without 99.36%. This shows po-
tential, where an optimal hyper parameter for the
split between the training and validation for the
patch-based MLP might result in an even higher
score. If there was more time we would find the op-
timal hyper parameter and re run the experiments
where the patch-based MLP systems are used to
create feature vectors.
As seen in table 4.3 in the exploratory analysis,
when the classifier has 300 hidden units and 1.000
hidden units the same classification is obtained. As
shown in, Cireşan et al. (2010), using an MLP with
multiple hidden layers achieves the highest classifi-
cation accuracy. In this system the amount of hid-
den units is sequentially lowered per layer, starting

from a large amount of hidden units. Researching
the effect of multiple hidden layers in the classifier
can be done in future research.
Many of the systems used during experimentation
take a lot of time to train. For example, training a
classifier system that uses 1 patch-based MLP on
CIFAR-10 costs around 82 hours to train. One of
the reasons for this is that the system runs on a
CPU. This takes around 50 to 100 times longer,
than the now commonly used in image recognition
research, GPUs (Cireşan, Meier, and Schmidhuber,
2012, 28-30). Creating a GPU implementation of
the framework could reduce the run time of the sys-
tem described above, to 1 hours and 21 minutes, if
a speed up of 75 times is achieved.
A handicap for experiments done on CIFAR-10 is
that the images are converted to gray scale. It is
not possible in this implementation of the system
to train on the RGB images, that would create
576∗3 = 1.728 input values per patch, with the cur-
rent HOG settings. This would just take too much
time. A possible idea is to train one patch-based
MLP per color. As preliminary results of this sys-
tem has shown, that using the colors can improve
the results. The classification accuracy obtained is
73.9%.
Min pooling did not give a classification accuracy
that was close to any other pooling type used, with
the lowest scores in combination with 1 patch-based
MLP and a much better score with 4 scoped patch-
based MLPs. The bad scores can mostly be ex-
plained by the use of the ReLU activation func-
tion. A ReLU returns zero if its input is a nega-
tive number and returns its input linearly if it is
a positive number. This is a problem if a lot of
patches are fed through the patch-based MLP. Only
if a hidden unit stays active during the whole pool-
ing operation a non zero value will be stored with
min-pooling. Therefore, with 1 patch-based MLP
on CIFAR-10 with 144 patches per image it is rare
that a hidden unit will not go to zero at least once.
This results in a large chance of having an input
vector with only zeros. With the 4 scoped patch-
based MLPs, min pooling has more of a chance
because less patches are fed through these patch-
based MLPs, which give it more of a chance to store
a useful pattern. With another activation function,
for example, sigmoid or inverse tangent, min pool-
ing would have a fairer shot at competing with av-
erage and max pooling. Another option could be to
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not save the lowest, but the second lowest value.
Training MLPs in general is a game between all
the parameters in the system. For example, if the
classifier system with 1 patch-based MLP is used
there are 28 parameters that can be set. The op-
timal combination between all these parameters is
difficult to determine, because a lot of settings in-
fluence each other. For example, if the amount of
random patches is increased the optimal settings
for the learning rate, hidden units, and amount
of epochs changes. Therefore a set of parameters
can never completely be ruled out. This is a prob-
lem that will always be there with training any
parameter-based learning algorithm. In this re-
search we coped with this problem by performing
a large exploratory analysis. Around 1.400 experi-
ments were conducted.

7 Conclusion

In this section the answer to the research question
is given and the effect of using the scoped patch-
based MLP system is discussed. The research ques-
tion formulated in the introduction is as follows:
does training a classifier on the pooled hidden acti-
vation improve the performance of the patch-based
image classification system?
What can be seen in table 5.3 and 5.4, is that for
MNIST there is no system for which there is a pos-
itive effect of pooling the hidden activation. For
CIFAR-10 there is one system that benefits from
pooling the hidden activation, which is the clas-
sifier trained upon features created with 1 patch-
based MLP in combination with average pooling
(table 5.5). Therefore we can say that there was no
general positive effect of training a classifier on the
pooled hidden activations.
That brings us to the effect of the scoped patch-
based MLP system. The scope system did not im-
prove the 1 patch-based MLP in either the solo
classification or in the pooling process. There are
multiple explanations for this. One is that the large
patches that are assigned to the squares overlap too
much with the adjacent squares and with that you
lose the idea of learning information from a spe-
cific region, because the patches in the patch-based
MLP cover almost the size of the original image. It
could still be possible that this helps the classifica-
tion accuracy. The image gets classified from dif-

ferent angles, which in turn could help with spatial
robustness, but this is not the case. Another reason
could be that it is too difficult to classify the im-
age just from the patches in, for example, the top
right corner. As can be seen in all the output files
from the scoped experiments, the validation error
per patch-based MLP is always higher than when
there is no scoping involved.
The architecture does not have a positive effect on
the classification accuracy, only for 1 out of 16 vari-
ations of the pooling architecture there was a posi-
tive increase of 0.19%. It is good that this improve-
ment is found on the dataset that is most complex
and where there is most room for improvement. If
the improvements that are proposed in the discus-
sion are implemented, there is potential for this sys-
tem. For MNIST, already high classification accu-
racies are obtained by classifying it with the patch-
based MLP. The nice characteristic of this system
is that it is relatively small which means that it can
be trained fast. Adding spatial deformation of the
patches into the equation will increase the train-
ing time, but most likely help the system obtain
an even higher score, potentially coming close to or
overtaking the current highest classification accu-
racy of 99.79% (Graham, 2014).
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A Appendix

Below a more comprehensive explanation for the
modified soft-max and the process of saving a
patch-based MLP can be found.

A.1 Explanation soft-max

This is the explanation of why the slight variation
within the soft-max function is used. Our function
is as follows:

G(a)i = eai−max(a)/

L∑
j=1

eaj−max(a)

Each output activation is subtracted by the max-
imum output activation found in that particular
output vector. Resulting in each output activation
being smaller or equal to zero. This normalization is
applied to solve an issue C++ has with large values
in its ex function. The problem is that if x becomes
larger than 772.0, it will put out infinity, result-
ing in the system to produces −nan as its training
error. By applying this normalization the largest
output activation is reduced to zero and the small-
est to 0 minus the maximum output activation. For
example, if the maximum output activation is 800
and the smallest output activation is 0.5. After nor-
malization the minimum value is -799.5. If this is
the input of the ex function in C++ it will just
return zero. Which is desirable with relatively low
output activations.

A.2 Explanation saved patch-based
MLP

After the training phase a patch-based MLP system
can be saved. This is useful if you want to compare
the effect of different pooling techniques with the
feature extractor process producing the same fea-
tures. When saving a patch-based MLP the follow-
ing parameters are saved:

• The weight matrices

• Bias vectors

• Training images used

• Testing images used

• Minimum and maximum value used for nor-
malizing the HOG features.
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