




Abstract
Classification of cell images is conventionally done manually in hematology lab-
oratories by medical technologists. CellaVision aims to automate this work in
order to make the analysis process faster, better and more flexible. The auto-
matic classification is currently done by processing each individual cell image
through a Convolutional Neural Network. This methodology does not exploit
any correlations that might exist between cells from the same blood sample.

We suggest a method to first compress the images of a whole sample using
a Convolutional Neural Network and a Variational Autoencoder, then cluster
these compressed data points using DBSCAN clustering and Bayesian Opti-
mization, and finally assign a cell class to each cluster using statistical tools
such as Earth Mover’s Distance. We used data from CellaVision’s system DC-
1 to train a Convolutional Neural Network with 90.68% accuracy on training
data and 82.85% accuracy on test data. This was used both as a benchmark
and as the foundation to our method. We managed to enhance the accuracies
to 90.90% on training data and 83.13% on test data by applying our method.

We explored the feasibility of using our method on mixed cell data from different
systems, but the results were not as good as on DC-1 data. Applying our
method on images of handwritten digits from the MNIST dataset could be
made advantageous by forming customized subsets of images. This indicates
that our method is versatile enough to use on general image data, provided that
correlations within the subsets exist.
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1 Introduction
1.1 Motivation
Human blood consists of blood plasma and blood cells. There are three types
of blood cells, namely red blood cells (RBCs), white blood cells (WBCs) and
platelets (PLTs). The white blood cells, also known as leukocytes, make up
for less than one percent of the blood volume but have several tasks in the
body. For example, WBCs defend us against bacteria and parasites and inflect
allergic inflammatory responses. By analyzing blood samples and the number of
different WBCs, one can get information about a patient’s health condition since
the number of WBCs can be an indicator of several diseases. For instance, an
increased number of lymphocytes, a type of WBCs, could mean that the patient
has whooping cough. Similarly, a decreased number could suggest celiac disease
or AIDS. Significantly increased number of WBCs could indicate leukemia [1].
An example of a blood sample from a patient with leukemia can be seen in
figure 1, and a blood sample from a healthy person as a comparison.

(a) (b)

Figure 1: Blood smear from a patient with increased WBC concentration indicating
leukemia (a), and from a healthy person with normal WBC concentration (b). WBCs
are the purple dots in the smear [2].

Traditionally, a medical technologist is studying the blood smear though a con-
ventional microscope, classifying and counting the different types of WBCs.
CellaVision’s products standardize the work by automation, digital imaging
and artificial neural network technologies. Using a neural network, cells are
classified, one cell image at a time. However, no information from the sample
as a whole is used, i.e., the classification of one WBC is independent of the
others of that sample. There may be some information from the other cells in
the sample that the cell to be classified can benefit. For example, depending
on the slide preparation, the whole sample might have certain characteristics,
which can be exploited.

1.2 Aim
The main goal of this master’s thesis is to explore the feasibility of classifying
multiple cell images from the same blood smear simultaneously using state-of-
the-art AI methods. For the investigation of this idea, we set a simpler subtask
to simultaneously classify customized subsets of images of handwritten digits.
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2 Background
As previously stated, this project mainly relates to analyzing images of WBCs.
However, it is known that these images can be relatively hard to handle. We will
therefore use another, simpler dataset as well, namely, the Modified National
Institute of Standards and Technology database (MNIST database) [3].

2.1 MNIST Digits
The MNIST database is a set of images of handwritten digits, such as those
in figure 2. The database is divided into two subsets: a training set of 60,000
images and a test set of 10,000 images. Each digit is a greyscale image that has
been size-normalized to fit in a box of size 20x20 pixels and placed such that
its center of mass is at the center of a 28x28 image [3]. The careful structure
makes the MNIST database relatively simple to process and learn. As of April
2020, the current record classifier is a CNN with 99.84% accuracy on the test
set [4].

Figure 2: Sample images of the MNIST database. The image is taken from Medium
[5].

2.2 White Blood Cells
White blood cells originate from stem cells in the bone marrow, circulate in
the blood and end up in tissues and organs. In contrast to red blood cells and
platelets, WBCs have a nucleus [1]. There are many ways to divide the WBCs
into subgroups, but CellaVision has chosen to divide them into 19 different
classes. The 19 classes can be seen in figure 3. CellaVision’s machine gets a
blood sample and classifies the cells into these classes.1 The border between
the different classes is not distinct. A WBC from one class can continuously

1In fact, CellaVision’s machines only use 17 of these classes when classifying but there is
information about 19 classes, so that is what we are going to use in the report.
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evolve into another class. For example, a Promyelocyte continuously evolves to
a Myelocyte, so these two classes can be extra hard to distinguish, especially
during the transformation. It can therefore be ambiguous which class a WBC
should be classified as.

Figure 3: The 19 different classes of WBCs, defined by CellaVision [2].

2.3 CellaVision
CellaVision was founded in 1994 in Lund, Sweden [6]. CellaVision’s aim is to au-
tomate the conventional microscope work performed in hematology laboratories
and to make analysis process faster, better and more flexible [7]. To manually
classify and count WBCs in a blood sample can be very time consuming. A lot
of time can be saved by letting a machine do the job instead.

CellaVision currently provides four different machines, specialized to match dif-
ferent sized laboratories. These machines are named DM1200, DM9600, DC-1
and DI-60, three of which can be seen in figure 4. In this thesis, images and in-
formation from DC-1, DM1200 and DM96 (precursor to DM9600) will be used.
When a slide from a blood sample is placed in the machine, the slide is auto-
matically placed under the microscope. WBCs are located and high-resolution
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cell images are captured. A cell image usually consists of one WBC and several
RBCs. CellaVision provides a pre-classification based on the probability of the
WBC belonging to a certain class. The class with the highest probability is
selected but two other potential candidates are given. It is up to the expert to
verify or correct the pre-classification [8].

(a) (b) (c)

Figure 4: Three of CellaVision’s machines: DM1200, DM9600 and DC-1. The
machines automatically capture cell images from blood samples and present pre-
classifications [2].

2.4 Artificial Neural Networks
An Artificial Neural Network (ANN) is a computational system inspired by the
way the neurons in our brain transmit signals between each other. The building
blocks of an ANN are called (artificial) neurons and are defined by Dreyfus [9] as
a nonlinear, parameterized, bounded function y = f(x1, x2, ...xn;w1, w2, ..., wp)
where xi are the variables and wj are the parameters (or weights) of the neuron.
Figure 5 shows a schematic illustration of a neuron.

Figure 5: Illustration of an artificial neuron where y = f(x1, x2, ...xn;w1, w2, ..., wp)
is a nonlinear, parameterized, bounded function of the variables xi and the parameters
wj.

Although different ANNs can be of greatly varying complexity, they are all sim-
plified models of a biological neural network. Consider the simple composition
of neurons as showed in figure 6. Here, two inputs are sent to two intermediate
units, from which the outputs are sent forward to a single-valued output unit.
At each neuron, a weighted sum of the inputs is sent through a function out-
putting the activation of that node. Formulated mathematically, this network
is represented by the equation
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y = g̃
(
w

(2)
0 z0 + w

(2)
1 g (z1) + w

(2)
2 g (z2)

)
(1)

z1 = w
(1)
1,0x0 + w

(1)
1,1x1 + w

(1)
1,2x2

z2 = w
(1)
2,0x0 + w

(1)
2,1x1 + w

(1)
2,2x2

where x1 and x2 are the inputs and the w’s are the weights. Here, g(·) and
g̃(·) are the so called activation functions of the intermediate and output layer,
respectively. We will discuss different types of common activation functions
later on. Note that x0 and z0 are called bias terms and are commonly set equal
to 1. The model discussed here is a simple form of a feedforward neural network,
which is a composition of neurons grouped into layers. A more general form is
illustrated in figure 7, showing a feedforward neural network with n + 1 input
nodes,m outputs and two hidden layers. The network can of course be expanded
to have even more hidden layers, and all layers may have different number of
nodes. In a feedforward network, information only flows in one direction. In
other words, starting at a specific node and moving along the flow of information,
there is no way of getting back to the starting node [9]. There might however
exist connections between nodes of nonadjacent layers.

Figure 6: A simple example of a feedforward neural network. Here, x0 and z0 are the
bias nodes of the input and intermediate layer, respectively.

Activation functions

The choice of activation function g(·) for a node is arbitrary, but there are a
few common types of functions that are efficient for different tasks. The most
simple activation function is of course the linear function g(x) = x. Introducing
the modification of setting all negative values to zero, we get arguably the most
successful and widely-used activation function [10] called the Rectified Linear
Unit (ReLU), defined as

g(x) = max(x, 0). (2)
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Figure 7: A feedforward neural network with n + 1 input nodes {xi}, m outputs {yj}
and two hidden layers.

See figure 8a for a plot of the ReLU. While the simplicity and part-linearity of the
ReLU makes it a convenient choice in many cases, it can often be advantageous
to use a threshold unit such as the Heaviside step function, defined as

g(x) =
{

0 if x < 0
1 if x ≥ 0

(3)

and plotted in figure 8b [11]. Continuous approximations of the threshold units
are called sigmoidals [11]. A commonly used sigmoidal is the hyperbolic tangent
(tanh), plotted in figure 8c and defined as

g(x) = tanh(x) = ex − e−x

ex + e−x
. (4)

The differentiability of sigmoids often make them preferable over the discrete
step function, as will be discussed later. Note that tanh can be made arbitrarily
close to a step function between -1 and 1 by setting all the weights to very large
values [11].

In the case of multiclass classification problems, it is common practice to use
the so-called softmax activation function for the output nodes. Let ak be the
total input to node k of the last layer. Then the output yk of that node will be

yk = exp(ak)∑
k′ exp(ak′) (5)
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(a) (b) (c)

Figure 8: Three common activation functions: ReLU (a), Heaviside (b) and tanh (c).

where the summation is over all nodes of the last layer [11]. This will result
in an output vector where the "winning" node, i.e., that with the highest value
before applying the softmax function, will have a large value (ideally, close or
equal to 1), while all other nodes will have a small positive value. The winning
node will then be selected as the predicted class. Since the values must range
between 0 and 1 and sum up to 1, they can be interpreted as probabilities.

2.5 Optimization
Cost function

Consider an ANN aiming to solve a binary classification, such as it aims to
separate a class C0 from another class C1. Such a network will have a one
dimensional output y ∈ [0, 1] for each input vector x, where the value of y
should be interpreted as the predicted probability that the data belongs to C1,
i.e., P (C1|x) = y (and equivalently, P (C0|x) = 1 − y) [11]. For each input
x, there is also a target t representing the true class of the data, such that
t = 0 in the case of C0 and t = 1 in the case of C1. The value of t can be
either known or unknown, but considering supervised learning, the value of t is
known. Combined into a single expression, the probability of observing either
target value is

p(t|x) = yt(1− y)1−t. (6)

Then, the likelihood of observing a complete dataset of many individual inputs
xn, outputs yn and targets tn is given by

∏
n

(yn)t
n

(1− yn)1−tn , (7)

where the product is taken over all samples [11]. Maximizing this expression is
advantageously done by instead minimizing the negative logarithm of it, leading
to the cross-entropy error function

E = −
∑
n

{tnln(yn) + (1− tn)ln(1− yn)}, (8)

which is to be minimized in order to optimize the performance of the binary
classification network [11]. Segueing into the more general case of multiple
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classes, consider a classification with m mutually exclusive classes. The output
yn of the ANN will then be m-dimensional, where each output ynk represents
the predicted probability of the data belonging to the kth class, Ck. The target
vector tn will then be a so-called one-hot encoded vector with as many elements
as the number of classes, with a single 1 indicating the label, such that

tnk =
{

1 if pattern n ∈ Cl and k = l

0 if pattern n ∈ Cl and k 6= l.
(9)

The conditional distribution equivalent to equation (6) can be written as

p(tn|xn) =
m∏
k=1

(ynk )t
n
k . (10)

Forming the error function as the negative logarithm of the likelihood function
as before results in

E = −
∑
n

m∑
k=1

tnk ln(ynk ) ≡
∑
n

En, (11)

which should be minimized in order to optimize the network [11].

Gradient descent

Considering networks with differentiable activation functions, it is typically an
easy task to evaluate the derivatives of the error function with respect to the
weight parameters [11]. This paves the way for a variety of gradient-based
optimization algorithms, one of the simplest being gradient descent [11]. By
grouping all parameters of the network into a single vector w, the error function
can be expressed as E = E(w). Assuming E is differentiable with respect to w,
gradient descent offers an efficient yet intuitive updating scheme for the weights.
Starting with a (possibly random) initial guess for w, it can then be updated
iteratively by moving a small distance η (called learning rate) in the direction in
which E decreases most rapidly. Formulated mathematically, we can generate
a sequence of weight vectors w(τ) whose components are calculated as

w
(τ+1)
kj = w

(τ)
kj − η

∂E

∂wkj

∣∣∣ w(τ) . (12)

Using the error function depending on all the training examples for each update
of the parameters as above is called batch gradient descent [12]. As is the case
for equation (11), the error function can often be expressed as a sum of terms
where each term depends only on one pattern from the training set, i.e.,

E(w) =
∑
n

En(w). (13)

Then, the updating scheme simplifies to the formula

9



w
(τ+1)
kj = w

(τ)
kj − η

∂En

∂wkj
, (14)

which is repeated many times by cycling through all patterns [11]. This method
of updating the weights just one example at a time is called stochastic gradient
descent and is a faster but less precise alternative to batch gradient descent
[12]. Naturally, it is possible to form a combination of these alternatives, by
using mini batches of some patterns for each weight update. This is called mini
batch gradient descent [12]. Although there are more sophisticated optimization
methods, gradient descent illustrates the logic of using derivatives of the error
function to update the parameters of the network. Another common optimiza-
tion method is called Adam and can be read about in detail in the original
article by Kingma and Ba [13].

Error back-propagation

Calculating the gradients needed to perform gradient descent is advantageously
handled by an algorithm called back-propagation [11]. The idea is to propagate
errors backwards through the network, as we will now describe mathematically.
The derivation of the algorithm is adapted from Bishop [11].

Each unit j of a general feed-forward network computes a weighted sum of its
inputs of the form

aj =
∑
i

wjizi, (15)

where zi is the input from a previous unit i and wji is the corresponding weight.
The sum is then transformed by an activation function g(·) to form the activation
zj of unit j as

zj = g(aj). (16)

Note that in the special case of the first layer of the network, the variables zi are
the inputs xi to the network. Similarly, the unit j could be an output unit. In
that case, its activation should be denoted by yk. Note also that we don’t need
to handle the biases explicitly, as they can be treated as units with activation
fixed as +1.

Consider an error function satisfying the condition in equation (13) and where
each term En can be expressed as a differentiable function of the network output
variables yk. Suppose that we have calculated the activations of all units of a
network, given a known input pattern, and say we want to evaluate the deriva-
tive of the corresponding term En with respect to some weight wji. Although
the outputs of the various units will depend on the particular input pattern n,
we will herein omit the supscript n from the input and activation variables to
keep the notation uncluttered, as we shall consider one pattern at a time. It
holds that En depends on the weight wji only via aj . The chain rule therefore
gives that
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∂En

∂wji
= ∂En

∂aj

∂aj
∂wji

≡ δj
∂an

∂wji
, (17)

where we have introduced the notation

δj = ∂En

∂aj
. (18)

From equation (15) we get that

∂aj
∂wji

= zi, (19)

which together with equation (17) gives that

∂En

∂wji
= δjzi. (20)

Calculating the derivative of the error term with respect to a certain weight
is thus reduced to calculating the corresponding δ and then applying equation
(20). The task of calculating δk is relatively simple for output nodes. Indeed,
using equation (16) with zj denoted by yk we get

δk = ∂En

∂ak
= g′(ak)∂E

n

∂yk
. (21)

For the hidden layers, we again make use of the chain rule to express

δj = ∂En

∂aj
=
∑
k

∂En

∂ak

∂ak
∂aj

, (22)

where the sum runs over all units i to which unit j sends connections. We can
now substitute the definition of δ given by equation (18) into equation (22) and
use equation (15) and equation (16) to obtain the back-propagation formula

δj = g′(aj)
∑
k

wkjδk. (23)

Thus, we can evaluate δk for all the output units using equation (21) and then
propagate backwards using equation (23) to obtain δj for each hidden unit in
the network. We can then use equation (20) to get the derivatives needed for
the iterative optimization of the network parameters.
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Batch normalization

A conceivable issue with the optimization scheme during training of a network
is that activations flowing from one layer to the next might have very different
distribution between iterations. This variability makes it harder for the opti-
mizer to find suitable parameters for the latter layer. As specified by Ioffe and
Szegedy [14], one way to handle this and thus speeding up and stabilizing the
training is batch normalization (BN). The idea is to normalize the activations
with respect to their mean value and variance for the current iteration. Given
a batch of activations B = {xi}i=1,...,m of size m, the mean and variance can be
calculated as

µB = 1
m

m∑
i=1

xi, (24)

σ2
B = 1

m

m∑
i=1

(xi − µB)2, (25)

and the batch is then normalized according to

x̂i = xi − µB√
σ2
B + ε

, (26)

where the small value ε is added to the variance for numerical stability [14].
The learnable parameters γ and β are introduced to form the output of the BN
layer as

yi = γx̂i + β, (27)

to allow the identity transform in case that is optimal [14].2 Here, xi and yi
denote the inputs and outputs of the batch normalization layer and not the whole
network. In the case of multidimensional activations, BN is done component-
wise and the model has two parameters γ(k) and β(k) for each dimension k in
the activations entering the BN layer [14].

2.6 Generalization
Since a high number of hidden nodes in a network in general increases its ability
to fit to the data that it trains on, it can be tempting to use as many hidden
nodes as computationally possible when choosing the model architecture for a
given problem. However, there is a substantial risk of fitting such a model too
well to the training data, in the sense that it would be less likely to perform
well on unseen data. This phenomenon is called overfitting and we say that the
model’s ability to generalize is reduced. A network with too many parameters
will pick up information that is present in the training data but that is meaning-
less in terms of the underlying function that we aim to model [9]. By contrast,
a network with too few parameters will not be complex enough to model the

2Indeed, γ =
√
σ2

B + ε and β = µB may be used to recover the original activations.
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structures of the data. A simple example of good and bad generalization is vi-
sualized in figure 9. A widely used method to detect overfitting is to divide the
data into a training set, on which the model is trained, and a validation set, on
which its generalization performance can be evaluated. As the training process
of a network proceeds, the performance on the training data (called training
performance) will in general increase indefinitely. However, the performance on
the validation data (called validation performance) will only increase up to a
certain point, and will then typically decline due to overfitting. This is illus-
trated in figure 10. There is a variety of techniques to handle this issue, one of
which being dropout.

(a) (b) (c)

Figure 9: Basic example of underfitting (a), good generalization (b) and overfitting (c)
of a regression model. The overfitted model can fit to the training data perfectly, but
performs poorly on unseen data.

Figure 10: General plot of the typical behaviour of training and validation performance
of a model during training. Overfitting occurs after a certain point.

Dropout

A straightforward way to enhance generalization is to train multiple networks
independently, using different subsets for training and validation of the same
data set, and then form an ensemble by averaging over these networks. Although
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this will yield a more robust result, it’s a computationally expensive method that
quickly becomes impracticable as the number of subnetworks increases. Dropout
provides an inexpensive approximation of this method by training an ensemble
consisting of subnetworks that can be formed by removing nonoutput units from
an underlying base network [15]. An example of such a subnetwork is illustrated
in figure 11. Specifically, when applying dropout to the training process of a
network, a subnetwork is constructed for each batch of data by removing each
unit with a probability that is specified as a hyperparameter beforehand. The
removal of a node is put into practice by multiplying the output from that node
by zero. In contrast to conventional ensemble training, a tiny fraction of all
possible subnetworks are each trained for a single step, and the weights of the
base network are updated after each step. In the case of large models, it is
impossible to train all possible subnetworks individually due to the enormous
number of possible configurations. However, since all subnetworks share weights
from a common base network, the training of just a fraction of the subnetworks
will yield good settings for the remaining ones as well [15].

(a) (b)

Figure 11: Example of dropout applied on a base network (a) to construct a subnetwork
(b). The images are taken from Medium [16].

2.7 Convolutional Neural Networks
A general fully connected layer with unique weights for all possible connections
between the nodes of two adjacent layers in a network quickly infers a massive
amount of parameters as the number of nodes increases. It is sometimes more
efficient to let some connections share weights, provided that there is some
structure in the data that allows for shared weights. Then, the number of unique
weights will decrease, and the optimization will be faster. When dealing with
image data, it makes sense to implement shared weights by using the convolution
operation. A convolutional neural network (CNN) is a network with at least one
such layer.

Mathematically, the discrete convolution of a two-dimensional image I and a
two-dimensional kernel K is defined as

(I ∗K)(i, j) =
∑
m

∑
n

I(m,n)K(i−m, j − n). (28)
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Note that the kernel is flipped in relation to the image, in the sense that as m
and n increases, the index into the kernel decreases. The mathematical reason
to use this definition is that it yields a commutative property. In the case of
ANNs, this property is often not useful, and it is common to use the non-flipped
version of the convolution operation. This is also known as the cross-correlation,
and is defined as

(K ∗ I)(i, j) =
∑
m

∑
n

I(i+m, j + n)K(m,n). (29)

It is common to call this operation convolution as well, which we will do in
this work from here on. The conceptual meaning of this is that the kernel will
traverse the image and perform elementwise multiplication. This is visualized
in figure 12 for an image of size 5× 5 and a kernel of size 3× 3. When applying
the operation, it is possible to add a frame of zeros around the image. This is
known as zero-padding. In the example in figure 12, zero-padding would result
in an output of size 5×5 instead of 3×3. Another widely used parameter is the
stride, which is one in this example. The stride determines how many pixels
the kernel will move for each step of the convolution, so that with a stride of
two, the kernel will skip every other position in the image. A stride of two in
both dimensions would result in an output of size 2 × 2 in the example if no
padding is used. In the case of RGB images, where each input has a depth of
three channels, a 3× 3 kernel will be applied in 3× 3× 3 blocks, still mapping
to only one output per step in the convolution. This is visualized in figure 13.
A 1× 1 kernel will only consider cross-channel correlations, and can be used for
downsampling the number of channels.

Figure 12: Example of the convolutional operation on a 5×5 image and a 3×3 kernel.
Here, the convolution is performed with a stride of one and with no padding.

Following a convolutional layer, the output is often sent through an activa-
tion function followed by a pooling layer which modifies the output further. For
example, max pooling calculates the maximum value of a rectangular neighbour-
hood, the size of which being a hyperparameter. Equivalently, average pooling
does exactly what you think it does. Pooling serves to enhance the model’s
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Figure 13: Movement of the kernel operating on an image with three channels. The
image is taken from Saha [17].

robustness towards translations in the input, so that with a slightly translated
input image, the values of most output nodes don’t change.

Separable convolutions

When handling data with multiple channels, such as RGB images, it is possible
to do the convolutional operation in two steps, where the cross-channel (point-
wise) and spatial convolutions (depthwise) are done separately. This is called
separable convolutions and can be interpreted as factorizing the conventional
convolution into two parts: one handling cross-channel correlations and another
handling spatial correlations, before being concatenated. This is illustrated in
figure 14. An advantage in relation to ordinary convolutions is the potential
decrease in number of weight needed to produce many output channels, which
can speed up calculations and prevent overfitting.

Xception

There are numerous convolutional networks publicly available that have been
proven to perform well on massive sets of image data. One such is the Xcep-
tion network, developed by Chollet [19] in 2017 as an "extreme" version of the
somewhat more well-known Inception network. A consistent theme of Inception
is the usage of modules consisting of parallel convolutional layers in contrast
to the ordinary series connection of layers. Then, the input will be split into
separate branches and then concatenated again after a number of operations.
An example of this is showed in figure 15a. The idea of Xception is to introduce
a modification of the separable convolution that does the pointwise convolutions
before the depthwise convolutions. Figure 15b shows an example of this. The
input is first processed by a number of 1× 1 kernels, each producing an output
with depth one. These are then processed spatially by for example 3 × 3 fil-
ters. In relation to Inception, Chollet showed an increased performance of the
Xception due to a more efficient use of model parameters. The full architecture
of Xception is visualized in figure 16 and consists of three large parts that are
repeated to form the full network.
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Figure 14: Depthwise convolution with a 3×3 kernel, followed by pointwise convolution
with a 1× 1 kernel. The image is taken from [18].

(a) (b)

Figure 15: Example of modules used in Inception (a) and Xception (b). The input is
split into separate branches and then concatenated again after a number of operations.
The examples are taken from Chollet [19].

2.8 Autoencoders
ANNs can be used for downsampling, by training it to copy its input to its output
through a "bottleneck" of lower dimensionality. This type of network is called an
autoencoder and can be viewed as consisting of a downsampling encoder and an
upsampling decoder [15]. The encoder takes the input x and outputs a hidden
layer z = f(x) of smaller dimension than the input. The decoder then takes
the hidden layer and produces a reconstruction r = g(z), where r aims to be as
close to x as possible. During training, x is therefore used both as input and
as target to the autoencoder, and a mean squared error (MSE) cost function is
typically used. The downsampling and upsampling structure makes it suitable
to represent the autoencoder schematically as in figure 17a. The hidden layer is
at the bottleneck (also known as latent space) of the model as it is the smallest
layer in terms of dimensions. After training, the encoder may be used on its
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Figure 16: Architecture of the Xception network, produced by Chollet [19]. It consists
of three large parts that are repeated to form the full network. The entry and exit flows
are applied once, while the middle flow is repeated eight times.

own to downsample new data. If trained well, it will be able to encode data
with marginal loss of information.

(a) (b)

Figure 17: Basic schematic illustration of an autoencoder (a) and a VAE (b). The
VAE learns two parameters of a distribution before sampling z.

A probabilistic type of autoencoder is the variational autoencoder (VAE). The
VAE is also built upon an encoding and a decoding part, but instead of encoding
the input directly to the latent representation z, it produces a latent distribution
p(z|x) [20]. The representation z is then sampled and decoded to form the
reconstruction r = g(z) as usual through the decoder. Specifically, the VAE
learns the mean and variance of the latent distribution, as illustrated in figure
17b. While the ordinary autoencoder is solely trained to encode and decode
with as little loss as possible, the stochasticity of the VAE forces it to organize
the latent space logically, in the sense that even the parts of the latent space
with no known data get meaningful. The result is, ideally, a latent space where
the transitions between different classes of data are more smooth, and where
the positions and distances between classes have visual meaning [20]. This is
visualized in figure 18a, illustrating how unseen points from the latent space can
generate meaningful outputs. In contrast, such structures would be irrelevant
for the ordinary autoencoder to pick up, and it will therefore generate nonsense
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as output as seen in figure 18b. The VAE is a powerful tool for generating
data. If the VAE is used for downsampling only, it is in practice reduced to an
ordinary autoencoder.

(a)

(b)

Figure 18: Illustration of the generative property of the VAE (a) that the ordinary
autoencoder lacks (b). An unseen type of data (orange) is sampled from the latent
space and decoded. The VAE outputs something that makes sense in relation to the
seen data, while the autoencoder is highly confused.

2.9 DBSCAN Clustering
An important technique within machine learning is clustering, which aims to
group data samples based on similarity. There are several clustering algorithms
with different pros and cons, for many of which the number of wanted clusters
needs to be specified. The amount of well-known algorithms quickly decreases if
we don’t want the number of cluster to be fixed, but one such is theDensity-based
spatial clustering of applications with noise (DBSCAN). For the sake of concep-
tual understanding, imagine a dataset D in a two dimensional space where the
distance between two samples p and q, dist(p, q), can be calculated using the or-
dinary Euclidean metric (L2 norm). Then, DBSCAN fundamentally depends on
the ε-neighbourhood of each sample. For a certain sample p, the ε-neighbourhood
of p, denoted N(p), is the set of all samples in the same dataset which lie within
a distance of ε from p. This is defined mathematically as

N(p) = {q ∈ D|dist(p, q) ≤ ε}, (30)

where the value of ε is set as a parameter in the algorithm [21]. For each sample,
DBSCAN calculates its ε-neighbourhood and counts the number of samples in
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that neighbourhood. If that number is larger than or equal to a certain number
min_samples (which is the other parameter of the algorithm), p will be clas-
sified as a core point of a cluster. All other samples in the neighbourhood of
a core point can either be a core point to the same cluster, or a border point,
meaning that it is within the neighbourhood of a core point but is not one itself.
Connected core points and border points are set to belong to the same cluster.
Samples that are neither a core point nor a border point of any cluster are said
to be noise [21]. These samples can be treated as outliers that don’t belong
to any cluster. The above logic is illustrated in figure 19. The same logic can
naturally be applied in a space of arbitrarily many dimensions.

Figure 19: Example of how the DBSCAN algorithm clusters data. Here,
min_samples = 5. The blue circles represent ε-neighbourhoods of some samples.
Core points have at least five samples within their neighbourhood. Border points be-
long to the neighbourhood of a core point. Connecting core and border points are set
to belong to the same cluster. In this example, DBSCAN produces two clusters (yellow
and green). All samples which are neither a core point nor a border point are classified
as noise (red).

As already mentioned, a benefit of the DBSCAN algorithm is that the number
of clusters is not fixed. Conceivable drawbacks include the need for decently
constant densities of different types of data. Furthermore, the parameters ε and
min_samples need to be specified by the user, which might be hard without
vast knowledge about the behaviour of the data.

2.10 Earth Mover’s Distance
The Earth Mover’s Distance (EMD), also know as Wasserstein distance, is a
statistical measure of the distance between two probability distributions [22].
The name stems from the analogy to moving piles of dirt of certain weights
into holes of certain sizes using as little work as possible. Similarly, EMD is
described in [23] as proportional to the minimum amount of work required to
convert one distribution into another, where 1 unit of work is the amount of
work necessary to move one unit of weight by one unit of distance. Consider a
set of m points P = {pi|i ∈ [1,m]} ("holes"), each with weight wi, and another
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set of n points Q = {qj |j ∈ [1, n]} ("piles"), each with weight uj .3 Let dij be
the distance between pi and qj . We want to find the optimal flow represented
by an m×n matrix F with elements fij corresponding to the amount of weight
at pi matched to qj , such that the minimum amount of work is needed. By
mathematical formulation, we want to find the minimum work

min
m∑
i=1

n∑
j=1

fijdij , (31)

subject to the constrains


fij ≥ 0 where 1 ≤ i ≤ m, 1 ≤ j ≤ n,∑n
j=1 fij ≤ wi where 1 ≤ i ≤ m,∑m
i=1 fij ≤ uj where 1 ≤ j ≤ n,∑m
i=1
∑n
j=1 fij = min

{∑m
i=1 wi,

∑n
j=1 uj

}
.

(32)

The EMD is then defined as the work normalized by the total flow,

EMD(P,Q) =
∑m
i=1
∑n
j=1 fijdij∑m

i=1
∑n
j=1 fij

, (33)

where the minimum work corresponds to the optimal EMD [24]. Figure 20
provides a visualization of optimal and non-optimal flow and calculation of the
EMD for a simple example.

(a) (b)

Figure 20: Example of optimal flow (a) and non-optimal flow (b). The total weight
of the lighter distribution (Q) is 0.74, so EMD = 150.4/0.74 = 203.3 for the optimal
flow. The figure is inspired by Example 4 in [23].

3In the analogy to moving dirt, if the sum of weights in the two distributions differ, think
of Q as the lighter distribution. Mathematically, in the opposite event, the problem becomes
a matter of instead moving the holes to the piles.
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2.11 Bayesian Optimization
Bayesian optimization is a method for finding the extrema of functions. The
algorithm constructs a posterior Gaussian process that describes the (unknown)
objection function by iteratively obtaining observations of this function at sam-
pled values [25]. It is particularly powerful when the objection function is ex-
pensive to evaluate, as it uses an acquisition function at each step to sample
efficiently [26]. The decision of where to sample next boils down to a trade-off
between exploration and exploitation. Specifically, the algorithm aims to utilize
its prior knowledge to sample close to expected extrema (exploitation) while at
the same time obtain more information about areas it knows little about (ex-
ploration). The name stems from the well-known Bayes’ theorem, which states
that the posterior probability of a model M given evidence E is proportional to
the likelihood of E given M multiplied by the prior probability of M :

P (M |E) ∝ P (E|M)P (M). (34)

In the case of Bayesian optimization, let xi denote the ith sample, yielding the
evaluation f (xi) of the objective function f . As we accumulate observations
D1:t = {x1:t, f (x1:t)} , up to time t, Bayes’ theorem tells us that the posterior
distribution of f given all observations is proportional to the prior distribution
multiplied by the likelihood function P (D1:t|f):

P (f |D1:t) ∝ P (D1:t|f)P (f)[26]. (35)

The prior P (f) represents our belief about the space of possible objective func-
tions [26]. This relation is used in the algorithm to guess the underlying function
based on observations. A simple example of how Bayesian optimization works
is illustrated in figure 21, taken from [26].
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Figure 21: Example of Bayesian optimization applied on a simple problem in one
dimension. At each step, the maximum of the acquisition function gives the point of
the next sample, and the evaluation at that point updates the posterior approximation
and uncertainty of the unknown objective function. The image is taken from [26].
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3 Methodology
Although the main goal of this work is related to WBC data provided by Cella-
Vision, we start off with the simpler MNIST database. We will construct per-
sonalized subsets of MNIST data that are customized to fit our methods. These
subsets of multiple digits are then represented by blood samples of multiple cell
images in the WBC case. We hope that the personal correlations within a blood
sample can be simulated by subsets of hand-picked MNIST digits exhibiting vi-
sual similarities. The algorithms used for both problems follow the same overall
structure. The pipeline consists of a CNN and an encoder, on whose output the
DBSCAN clustering method is applied to form clusters that finally are classi-
fied by minimizing the EMD. The pipeline is visualized in figure 22 and will be
described in detail in the following sections.

Figure 22: Pipeline of the methods used in this work. Observe that the clustering can
be done in arbitrarily many dimensions and not only in 2 dimensions as illustrated in
the figure. The numbers displayed in the image correspond to the WBC data, but the
overall structure is the same for MNIST data.

3.1 MNIST Digits
Dataset

We initiated the research by downloading the MNIST database of a large train-
ing set of 60,000 images and a smaller test set of 10,000 images, and then trained
a classifying CNN on the training set. The images were normalized by dividing
the image matrices by 255, yielding a value between 0 and 1 for each pixel.

Classification

Throughout this work, Keras together with TensorFlow version 2.0 was used
as deep learning library. A CNN, structure taken from Keras website [27], was
built to classify the MNIST digits. An illustration of the CNN network can
be seen in figure 23. As there are ten classes of the MNIST data, we used ten
output channels. We used the Adam optimizer with the default parameters:
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learning rate=0.001, β1 = 0.9 and β2 = 0.999. The model was trained for 12
epochs with a batch size of 128 samples. The test accuracy of this network
is important to note, as this is the benchmark that we wish to reach, or even
exceed, using the techniques introduced in this work.

Figure 23: The CNN network used to classify the MNIST digits. The illustration is
made with the tool Net2Vis [28].

Dimensionality Reduction

Proceeding, we extracted the outputs from the intermediate dense layer of the
network in figure 23, such that a vector of length 128 was extracted for each
input image (herein called "128-vectors"). The training set of these vectors (i.e.,
those generated from the training images) was then used to train a relatively
simple VAE of two encoding layers, two decoding layers and a latent space of
eight dimensions. The architecture of the VAE is visualized in figure 24.

Figure 24: The VAE used to reduce the dimension of the 128-vectors further.

To evaluate the VAE, the VAE output was fed into the last part of the CNN
network, where the input vectors were conceived before. From the last part,
the resulting softmax vector and a classification were received. This whole
procedure, from the 28 × 28 input image, through the first part of the CNN,
downsampling to 8 dimensions by the VAE, upsampling and lastly classification
by the last part of CNN, can be seen in figure 25.

Before proceeding to the main part of the algorithm, we wanted to get an intu-
ition of the data by studying the structures of the latent space. For visualization
purposes, we picked out the first three dimensions of each sample in the latent
space and plotted the whole training set labeled by the target class as shown
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Figure 25: The pipeline for evaluating VAE.

in figure 26a. Even though far from linearly separable, some distinction of the
classes can be seen. Indeed, if we approximate the data of each class by a nor-
mal distribution (in three dimensions) with the same mean value and variance
as the set of samples, as plotted4 in figure 26b, the separation of the classes is
more visibly distinct.

(a) (b)

Figure 26: The first three dimensions of the latent space for each sample in the training
set plotted figure (a). A color corresponds to a label. Figure (b) shows the data of each
class approximated as a normal distribution. The separation of the classes is more
visibly distinct in figure (b).

Slide generation

Let us focus on the data corresponding to class one and seven (corresponding,
naturally, to the digits 1 and 7) plotted in figure 27. An overlap between these
classes is clearly visible, which is reasonable as there presumably exist different
types of handwriting that draw ones and sevens almost identically. It is obvious
that a conventional classifier, however well-trained, will have a hard time dis-
tinguishing these overlapping data points from each other. Consider, as a basic
example, a person A that writes the digits 1 and 7 according to figure 28a and
another person B that writes them according to figure 28b. Notice the undeni-
able similarity between person A’s ones and person B’s sevens. These digits on
their own are in practice indistinguishable, but provided with the information

4The normal distributions are plotted as spheroids centered at the mean value and with
semi-axis corresponding to the standard deviation in each dimension.
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about A’s sevens and B’s ones, one could possibly draw the accurate conclusion
that A writes unsure ones (that an observer might mistake for a seven) and sure
sevens (clearly distinguishable from any other digit) while B writes sure ones
and unsure sevens. The same logic should be applied in our algorithms in order
to enhance the accuracy on uncertain samples.

Figure 27: The first three dimensions of the latent space plotted for digit 1 and 7. An
overlap between these classes is clearly visible.

(a) (b)

Figure 28: Toy example of two persons with different handwriting. Note the visual
similarities between person A’s ones and person B’s sevens. The example points out
the potential of using knowledge about all the images from the slide for classification.

Before proceeding, we must act upon the fact that the MNIST database doesn’t
contain any information about personal connections. Put differently, we don’t
know which digits were written by the same person. To solve this, we applied
the brute force method of creating this information on our own. Thus, the
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results of this part of the work must only be considered proof of concept, as
they don’t solve any real world problem. We customized these groups (herein
called "slides", inspired by the biomedical term) by hand-picking samples from
the training data that the CNN found particularly difficult to classify and pairing
these with carefully selected sets of sure digits to make it as easy as possible
for our algorithms to perform well. Some subsets of sure and unsure images are
visualized in figure 29. We ended up with 22 manually organized slides of 1226
images in total. The composition of these slides are summed up in figure 30. To
generalize, we also programmed a stochastic slide generator that sampled sets
of sure and unsure digits of different classes and paired them together according
to the above logic. Each slide was restricted to have unsure samples from at
most one class. This way, we generated 1,500 slides with the number of samples
in each slide ranging from 20 to 100. The random generation was done with
replacement and resulted in a dataset of 89,079 images in total.

Figure 29: Examples of subsets of MNIST data used to organize customized slides.

Evaluation

Now that slides had been generated, we used these to evaluate our algorithm.
Given a slide of n images, we run these through the first part of the CNN and
then process the corresponding 128-vectors through the encoder of the VAE,
resulting in n vectors in the eight-dimensional latent space. These vectors were
then clustered according to the DBSCAN method described in section 2.9, and
the clusters were classified to minimize the EMD5 between the clusters and
predefined reference distributions as described in section 2.10. The reference
distribution for a specific class is made up by the latent representation of all
training samples of that class. Outliers were handled separately and classified

5In contrast to the EMD example in section 2.10, the clusters and reference clusters are
not allowed to be divided into differently distributed parts. In other words, a whole cluster
must be assigned to one reference cluster.
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Figure 30: Summation of the 22 customized slides of MNIST data. The numbers
represent the amount of a certain type of digit that is present in a certain slide. Each
digit can be either sure (green) or unsure (red). Note that the sure digit 1 has been
split into two types depending on the handwriting, where type one is tilting and type
two is vertical. For example, the first slide "slide_0" contains ten sure zeros, ten sure
ones of the first type, and 19 unsure sevens. The idea is that the presence of sure ones
should make it easier for our algorithm to identify the unsure sevens as sevens and not
misclassify them as ones.

according to the closest distribution that hadn’t already been assigned to a
cluster. This was done for all slides, and we performed a grid search over ε and
min_samples to find a well performing configuration over the whole set. We did
this for the 22 manually generated slides and the 1,500 stochastically generated
slides separately. The results are discussed thoroughly in later sections of the
report.

3.2 White Blood Cells
Datasets

Cell images and relevant information were obtained from CellaVision’s databases.
For each cell image, the associated cell class and information about which slide
it belonged to are received. Each cell is manually classified by up to 15 experts,
which is used as "ground truth". If all experts vote on the same class, the cell
is assigned that class. If the experts disagree, only the cells with a majority
vote are used. This is to reduce the uncertainty of what is going to be used as
ground truth.

From the beginning, a total of 423,274 images were received: 45,382 from
DM1200, 28,783 from DM96 and 349,109 from DC-1. One dataset was cre-
ated by only using the newer DC-1 machine, and one dataset with mixed data
from both the new DC-1 and the older machines, DM1200 and DM96. The
DC-1 dataset consisted of 349,109 cell images and the mixed dataset (named
"ALL") of 423,274. After removing images where no slide information was avail-
able or where there was no majority vote, 307,139 images remained in the DC-1
dataset and 377,213 in the ALL dataset. As can be seen in table 1, most of the
images belong to the DC-1 machine.
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Table 1: Data distribution of the cell images for the new DC-1 machine and the older
machines. Updated images are the images left after removal of images without sufficient
information or no majority vote.

# images % images # updated % updated
DM1200 & DM96 74,165 17.52% 70,074 18.58%
DC-1 349,109 82.48% 307,139 81.42%
Total (ALL dataset) 423,274 377,213

The cell images from the three different machines do not look exactly the same.
The background of the cell images differs a lot due to different illumination
sources and different cameras. A cell image from each machine is shown in
figure 31.

(a) (b) (c)

Figure 31: One cell image from each of the three machines: DM96, DM1200 and
DC-1.

The two created datasets, DC-1 and ALL, were then each divided into a training
and a test set. The division for the two datasets can be seen in table 2. The
percentage split is not the same for the two datasets since the DC-1 dataset was
already divided into training and test when receiving it from CellaVision. The
division of the ALL dataset was made by us.

Table 2: Training and test distribution of the cell images for the two datasets.

# train imgs % train imgs # test imgs % test imgs
DC-1 dataset 222,520 72.88% 82,809 27.12%
ALL dataset 296,835 78.69% 80,378 21.31%

The bar chart in figure 32a shows the distribution of the 19 cell classes divided
into training and test sets for both datasets. It is clear that the distribution
is uneven since the number of images for each class varies a lot. For example,
class 0, SegmNeutrophil, has over 100,000 images, while class 10, Plasma Cell,
has less than 2,000 images. Since the difference in images is large, it is hard to
see the bars for the classes with fewer images in figure 32a. Therefore, a bar
chart with cut y axis is shown in figure 32b. The y axis in figure 32b ranges
to 14,000 instead of 140,000, as in figure 32a. The y axis limit of figure 32b is
shown as a dashed line in figure 32a.

Each cell image has information of which slide it belongs to. A slide contains
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(a)

(b)

Figure 32: Class distribution for both datasets and their training and test sets. Figure
a) shows the whole scale while figure b) is cut to be able to see the small bars. The
dashed line in a) demonstrates where the cut in figure b) is made.

several cell images, all from the same blood sample, hence the same person. The
number of cell images belonging to a slide varies a lot, see figure 33.

Before the images are used for training, they are resized from 360 × 360 × 3
to 224 × 224 × 3 to decrease memory usage. The images are then normalized.
The normalization is done by dividing each channel in the image matrix by its
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(a) DC-1 dataset (b) ALL dataset

Figure 33: Histogram showing the number of cell images in slides.

maximum value, so each pixel in the image matrix is between 0 and 1.

Classification

To prevent overfitting, the data is augmented before it is fed into the network.
By augmenting the data, the classifier trains on a more diverse dataset. The
augmentation used is rotation and zooming. Before sending the image through
the classifier, it will be rotated a random number of degrees between −90 and
90. It will also zoom the image a factor between 0.9 and 1.1. This setting of
augmentation is used because of beneficial outcomes of previous investigations of
augmentation settings on CellaVision data done by other master thesis workers
[29].

The images were then fed into a modified version of the Xception network,
described in section 2.7. The architecture of the network is visualized in figure
34. Instead of repeating the middle layer eight times, as in the original, it was
repeated three times. Dropout layers (with hyperparameter 0.2) were added to
the original architecture to enhance the generalization of the model, as can be
seen in figure 34. The training dataset was divided into a training set, 75%
of the original training dataset, and a validation set of 25%. The optimizer
used was Adam with the default parameters: learning rate=0.001, β1 = 0.9
and β2 = 0.999. The model was trained for 50 epochs with a batch size of
32 samples. The training of the modified Xception was accomplished in about
three days when performed on our GPU.

Figure 34: The modified Xception network used to classify the WBCs. The illustration
is made with the tool Net2Vis [28].
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The same training was done using both the DC-1 and the ALL dataset. The
weights were saved for the epoch with lowest validation loss.

Dimensionality Reduction

The output of the Xception network is a softmax vector of dimension 19. To
be able to perform another classification than the CNN, we broke the network
before the output. Instead of taking the 19 dimensional softmax vector, a fea-
ture vector of 512 dimensions was obtained by breaking the network after the
intermediate dense layer. If the network would have been broken earlier in the
architecture, the resulting vector would be too large. To break one layer earlier
would have resulted in a vector of size 12, 544×1. The memory of our computers
could not handle 377, 213 (the size of the larger ALL dataset) 12, 544×1 vectors.
To move the breakpoint closer to the output would produce vectors that rely
to much on the classification of the network. This is discussed in greater detail
later in the report.

The Xception network reduces the size of each sample from 224 × 224 × 3 to
512× 1. To reduce the dimensionality further, a Variational Autorencoder was
used. Due to time constraints, only two different VAEs were constructed and
tested: one with dimension 3×1 in the bottleneck layer, and one with dimension
64× 1. Both VAEs are constructed in the same way: a dense layer followed by
a batch normalization layer, followed by a layer with ReLU activation function,
followed by a dropout layer with parameter 0.2. This four layer setup is then
repeated three (or four) times when the bottleneck layer is of dimension 64 (or
3, respectively). To upsample, the block of layers are then repeated in reverse
order. The architecture of the 64-dimensional VAE is visualized in figure 35.

Figure 35: The VAE used to reduce the dimension of the 512-vectors further. The
VAE visualized here has 64 latent dimensions.

The VAEs were first trained using the feature vectors derived from the Xception
network, for both the DC-1 and the ALL dataset. The full training sets defined
in table 2 were used to train the VAEs. The goal for the VAE is to get the output
as similar as possible to the input. We want to keep as much information as
possible when downsampling the input to the bottleneck dimension. To evaluate
the VAEs, the VAE output was fed into the last part of the Xception network,
where the input vectors were conceived before. From the last part, the resulting
softmax vector and a classification were received. This whole procedure, from
the 224× 224× 3 input image, though the first part of the CNN, downsampling
to 3 or 64 dimensions by the VAE, upsampling and lastly classification by the
last part of CNN, can be seen in figure 36.
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Figure 36: The pipeline for evaluating the VAE.

By comparing the accuracy from the classification done after this whole pipeline
and the accuracy from a regular classification using just the CNN, we got a
measurement of how good the VAE had restored the information when down-
sampling. The optimizer used was Adam with the default parameters: learning
rate=0.001, β1 = 0.9 and β2 = 0.999. The model was trained for 50 epochs
with a batch size of 32 samples and MSE as loss. The training of the VAE was
accomplished in about one hour when performed on our GPU. For visualization
purposes, the training images in the three dimension latent space are plotted in
figure 37a for the DC-1 data and in figure 38a for the ALL data. To make the
classwise relations clearer, approximate normal distributions have been plotted
in figure 37b for the DC-1 data and in figure 38b for the ALL data. Hereafter,
only the 64-dimensional VAE was used as it showed to yield better results than
the 3-dimensional VAE.

(a) (b)

Figure 37: The latent representation (a) and approximate normal distributions (b) for
the DC-1 training data in the latent space of the three-dimensional VAE, labeled by
class. The normal distributions are plotted as spheroids centered at the mean value
and with semi-axis corresponding to the standard deviation in each dimension.
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(a) (b)

Figure 38: The latent representation (a) and approximate normal distributions (b) for
the ALL training data in the latent space of the three-dimensional VAE, labeled by
class. The normal distributions are plotted as spheroids centered at the mean value
and with semi-axis corresponding to the standard deviation in each dimension.

Clustering

After training the VAEs, the goal is to cluster the vectors from the bottleneck
layer for each slide. One slide contains several cell images. The used clustering
method, DBSCAN, is described in section 2.9. Two different methods to find the
two DBSCAN parameters ε and min_samples were tested. First, an ordinary
grid search was applied for the grid in figure 39. For every slide, DBSCAN
clustering was performed several times using a grid of parameter configurations.
The configuration yielding the lowest total EMD over all clusters was used.
Secondly, the parameters were derived using Bayesian optimization, described
in section 2.11. Bayesian optimization was implemented using code from [25].

Figure 39: The configurations of the DBSCAN parameters ε and min_samples tested
in the grid search.
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Class Assignment

A class label should be assigned to each cluster in a slide. To pair a cluster
with a class label, the reference clusters plotted in figures 37a and 38a were
used. To get these reference clusters, all data was fed into the first part of the
network, then into the encoder of the VAE to get the latent vectors. All vectors
with label 0 were then used as reference cluster for class 0. The same was done
for the rest of the classes, so reference clusters for every class were obtained.
Applying the linear sum assignment problem [30] on the EMD described in
section 2.10, we got a label for each cluster. In the assignment problem, the
rows are the clusters from a slide, that should be matched with a reference
cluster, stated in the columns. The label of the reference cluster is then the
label of the cells in the matched cluster. Outliers were classified according to the
CNN. We also introduced a cutoff parameter to decide the largest acceptable
disagreement between our algorithm and the CNN, defined as the number of
differently classified images in a slide. This means that for a single slide, if the
predicted labels by our algorithm and the CNN differ on more images than the
cutoff value, we choose the CNN’s prediction and discard our algorithm for that
slide. This is motivated by the empirical observation that our algorithm is more
likely to fail completely, in contrast to the CNN that is relatively stable.
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4 Results
4.1 MNIST Digits
Classification

The training and test accuracy is shown in table 3.

Table 3: Training and test accuracy for the MNIST classification CNN.

training test
Accuracy: 99.31% 99.23%

Plots of accuracy and loss over the number of training epochs, for both training
and test, are shown in figure 40.

(a) (b)

Figure 40: Accuracy (a) and loss (b) for both training and test over the number of
training epochs for a CNN trained on MNIST data.

Dimensionality Reduction

The resulting accuracy for the VAE with a latent space dimension of 8, and the
regular CNN, can be seen in table 4. Classifying using the VAE means that the
MNIST images are fed through the first part of the CNN, down- and upsampled
by the VAE, and then classified by the last part of the CNN.

Table 4: Training and test accuracy for the VAE and the CNN.

training test
VAE: 99.79% 99.18%
CNN: 99.31% 99.23%

Training and test loss as a function of epochs for the VAE can be seen in figure
41.
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Figure 41: Training and test loss as a function of epochs for the VAE.

Cluster Classification

The errors (i.e., falsely classified digits) for different DBSCAN parameters ε and
min_samples are shown in table 5. The best configuration proved to be ε= 5
and min_samples = 2 or 3. The result of letting our clustering method, with
the parameters ε = 5 ans min_samples = 3, classify the 22 manually generated
slides can be seen in table 6. The result of the stochastically generated slides is
shown in table 7. The results for the CNN and VAE are shown as comparison.

Table 5: The number of errors when classifying the 22 manually generated slides with
our method for different values of the DBSCAN parameters ε and min_samples. The
best configuration is ε= 5 and min_samples = 2 or 3. 11 errors out of 1226 samples
is equivalent to an accuracy of 99.10%

ε\min_samples 1 2 3 4 5 6 7
3 176 179 79 76 75 77 138
4 130 65 33 28 27 22 38
5 38 11 11 13 13 25 36
6 82 81 81 81 81 81 71
7 140 139 139 139 139 139 139

Table 6: The number of errors and accuracy of classifying the 22 manually gener-
ated slides using our method with optimal DBSCAN settings, the CNN and the VAE.
Classifying using VAE means that the MNIST images are fed through the first part of
the CNN, down- and upsampled by the VAE, into the last part of the CNN and then
classified.

Number of errors: Accuracy:
Our method: 11 99.10%
CNN: 49 96.00%
VAE: 54 95.60%
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Table 7: The number of errors and accuracy of classifying the 1,500 stochastically
generated slides using our method with optimal DBSCAN settings, the CNN and the
VAE. Classifying using VAE means that the MNIST images are fed through the first
part of the CNN, down- and upsampled by the VAE, and then classified by the last part
of the CNN. This set contains 89,079 samples.

Number of errors: Accuracy:
Our method: 2,464 97.23%
CNN: 2,576 97.11%
VAE: 2,243 97.48%

4.2 White Blood Cells
Classification

The training, validation and test accuracies for the modified Xception are shown
in table 8.

Table 8: Training, validation and test accuracy for the two datasets.

Accuracy for: training validation test
DC-1 dataset 92.78% 87.03% 82.85%
ALL dataset 93.50% 90.60% 89.82%

The training and validation loss and accuracy for DC-1 dataset can be seen in
figure 42. The training is done for 50 epochs but the model is saved at epoch 20
since the validation loss does not improve after that. The training and validation
loss and accuracy for the ALL dataset can be seen in figure 43. The training is
done for 50 epochs but the model is saved at epoch 49.

(a) (b)

Figure 42: Training and validation accuracy (a) and loss (b) as functions of epochs
for the DC-1 dataset.
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(a) (b)

Figure 43: Training and validation accuracy as a function of epochs for the ALL
dataset in figure (a). Training and test loss in figure (b).

Dimensionality Reduction

The resulting accuracies for the VAEs with a latent space dimension of 3 respec-
tive 64, and the regular modified Xception network, can be seen in table 9. The
accuracies of the VAEs are calculated by running the output vector through the
final part of the classifier, and comparing the result to the known targets. The
training accuracies for the CNN are not the same as the results in table 8. In
table 8, the accuracies for training and validation are divided into two separate
results. In table 9, these results are merged into one accuracy for the whole set
of data used for training and validation.

Table 9: Accuracy for the two different VAEs and classification using the regular CNN
for both DC-1 dataset and ALL dataset.

Accuracy for: DC-1 dataset ALL dataset
training test training test

VAE 3 90.07% 82.05% 92.31% 89.35%
VAE 64 91.01% 83.04% 93.10% 89.69%
CNN 90.68% 82.85% 93.29% 89.82%

The loss of the two VAEs using 3 and 64 dimensions as functions of epochs can
be seen in figure 44 for DC-1 dataset and in figure 45 for the ALL dataset.
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Figure 44: Training and test loss as a function of epochs for the DC-1 dataset. Figure
(a) shows the loss for the VAE with three dimensional latent space, and figure (b) the
VAE with 64 dimensions.

(a) (b)

Figure 45: Training and test loss as a function of epochs for the ALL dataset. Figure
(a) shows the loss for the VAE with three dimensional latent space, and figure (b) the
VAE with 64 dimensions.

Cluster Classification

All results from here on correspond to the VAE with 64 latent dimensions.
Figure 46 shows how the cutoff parameter for disagreement between our methods
and the CNN affects the number of errors for our Grid and Bayesian methods.6
Both DC-1 plots have a minimum at cutoff 25. Table 10 shows the percentage
of all slides that were not discarded when using a cutoff value of 25.

Table 10: The percentage of all slides that were not discarded when using a cutoff value
of 25 on the different configurations of data and methods.

DC-1: ALL:
Grid: 44% 44%
Bayesian: 44% 27%

6Recall that a cutoff parameter of 25 means that for a single slide, if the predicted labels
by our algorithm and the CNN differ on more than 25 images, we choose the CNN’s prediction
and discard our algorithm for that slide.
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Figure 46: How the cutoff parameter for disagreement between our methods and the
CNN affects the number of errors for our Grid method on DC-1 data (a) and ALL
data (b) and our Bayesian method on DC-1 data (c) and ALL data (d). In all cases,
the upper line represents our method without cutoff and the lower line represents the
CNN performance. A low number of errors is of course sought-after. Both DC-1 plots
have a minimum at cutoff 25.

Table 11 shows a summary of the final results for our methods and the classifier.
To get these values, an agreement cutoff of 25 was applied in the Grid and
Bayesian methods.

Table 11: Training and test accuracy for different methods. Grid, Bayesian and Op-
timal are using our method with different choices of the DBSCAN parameters. Grid
tests a fixed set of ε and min_samlpe and chooses the configuration that yields the
lowest loss. Bayesian chooses the configuration by utilizing Bayesian Optimization.
Optimal tests the same grid of parameters as Grid, but chooses the one with the lowest
number of errors. The CNN columns just show the accuracy of the modified Xception
network.

DC-1: ALL:
Grid: Train: 90.88% 92.68%

Test: 83.16% 89.25%
Bayesian: Train: 90.90% 92.96%

Test: 83.13% 89.50%
CNN: Train: 90.68% 93.29%

Test: 82.85% 89.82%
Optimal: Train: 92.91% 94.25%

Test: 86.57% 92.06%
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5 Discussion
5.1 MNIST Digits
Classification

The CNN used to classify the MNIST digits achieved satisfactory results. Min-
imal overfittning occurs since the lines for training and test in figure 40 seem to
converge and the accuracies in table 3 are very close. Both accuracy and loss
seem to have stagnated after 12 epochs. While the achieved test accuracy of
99.23% is quite far from the world record of 99.84%, it is still considered high
enough for our problem.

Dimensionality Reduction

We broke the CNN network and extracted the feature vectors at a layer in the
end of the network where the dimension was 128 × 1. Trying to break earlier
would result in vectors of size 9, 216 × 1. Handling 60, 000 such vectors would
be more demanding. Breaking the network later would give us the softmax
vector of dimension 10 × 1. Using these vectors, we would not have been able
to perform a classification differing from the CNN results.

Different structures of the VAE were tested until this current model was found.
Since this model produced good result, even better than the CNN, the inves-
tigation stopped. The goal of the VAE is to down- and upsample the input
vector, without losing information. The fact that our VAE has better training
accuracy than the CNN is an unexpected result. It may be that the VAE filters
out noise in the data, but it could also just be a coincidence. Also, the test
accuracy for VAE is a bit worse than CNN’s accuracy. Even if the accuracies
differ a bit, they still are very similar, so the goal of the VAE is fulfilled. By
looking at figure 41, it is clear that there is no overfitting since curves for the
training and test losses coincide. The curves are flattened, so training for 100
epochs seems sufficient. The choice to set the dimension of the latent space to
eight proved to provide a good compromise between computational effort and
the algorithm being able to derive a sufficient number of output clusters.

Cluster Classification

By studying table 5, one can see that our method is sensitive to the choice of
DBSCAN parameters as the number of errors varies a lot when changing the
configurations. There is a minimum around ε = 5 and min_sample = 2 or 3.
Table 5 was generated using the 22 manually generated slides. However, the
same set of parameters seem to be the optimal choice for the 1,500 stochas-
tically generated slides as well. The results in table 7 are achieved with the
optimal configuration chosen from the manually generated slides, but different
configurations were also tested. The configuration from the manually generated
slides was best in this case too.

The results from table 6 state that our method performs best of the three
methods. It shows that the concept of our method works and can exploit that
it is easier to classify unsure digits with more information about how the same
person writes other digits. The 22 manually generated slides are customized
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to fit our method. For example, if unsure sevens are present in a slide, we
have made sure that sure ones also are in the slide so our method can use this
information to classify the unsure sevens. Also, to get unsure digits, we have
used the digits the CNN has difficulties to classify, which decreases the accuracy
of the CNN on this dataset compared to the original CNN accuracy for all digits.
Furthermore, the parameters used in our method were chosen according to this
seen data, so it is expected that our method performs well. The CNN has a
slightly higher accuracy than the VAE has, but the difference is not large. It
is expected since the VAE and the CNN have very similar training and test
accuracies on all digit data.

The 1,500 stochastically generated slides are not as customized as the manually
generated ones. There are also a lot more images classified, so the results are
somewhat more reliable. For these slides, the VAE is the best, followed by our
method and at last the CNN. However, the differences are very small. Again,
it is expected that the VAE and the CNN perform similar. The reason why
our method performs worse at these 1,500 slides than the 22 slides is probably
because the 1,500 slides are not as customized. For example, if there are un-
sure ones in a stochastically generated slide, there may not be sure sevens to
distinguish the unsure ones from sevens.

5.2 White Blood Cells
Classification

As can be seen in table 8, the classification performance on WBC data is signif-
icantly reduced compared to MNIST data. This is expected, as the whole point
of working with MNIST data was to start with a simple dataset. The WBC
models were trained for 50 epochs, which appears to be enough as the validation
performances plotted in figures 42 and 43 seem to have leveled off by that point.
Taking a close look at the results on the DC-1 dataset, we notice that some over-
fitting seems to be present as the accuracy is much lower on the validation and
test sets than on the training set. This effect is also visible in figure 42, where
the validation accuracy and loss quickly separates from the training equivalent.
This issue should not be disregarded as generalization is something to always
strive for when training models. Adding dropout layers to the ordinary Xception
network was meant to enhance generalization, but the effect was only marginal.
Ideally, we would have wanted a bit less distinct discrepancy between the train-
ing, validation and test data performance. On the other hand, the model that
is trained on the ALL dataset exhibits much improved generalization. This is
clearly visible in both table 8 and figure 43. The performance is still better on
the training set than on the other data, but the difference is smaller compared
to the DC-1 dataset and is considered acceptable. The enhanced generalization
performance on ALL data in relation to DC-1 data is expected, as this dataset
is both larger and, evidently, more diverse. Adding images from other systems
should make the model more robust to variations in for example color, due to
the natural color differences visible in figure 31. It is still an interesting finding
that the accuracy is higher on ALL data than on DC-1 data. This wasn’t known
beforehand, and is arguably a noteworthy result for CellaVision. Overall, we
conclude for the classification CNNs that the performances are high enough to
ensure some trustworthiness in the forthcoming results, and low enough to leave
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a substantial room for improvement.

Dimensionality Reduction

As input (and target) data to the VAEs, we used the so-called 512-vectors of size
512 × 1 that were extracted from an intermediate layer of the classifier (recall
the pipeline illustrated in figure 36). While the decision to split the classifier at
this specific point was thought over, this is probably something to investigate
further in order to optimize our algorithms. Breaking the CNN at an earlier
point in the architecture would infer some difficulties in the handling of the
data, but should still be considered a possible extension of our work. Breaking
at a latter point would likely lead to data that is too much weighted towards
the expert classification,7 but could also be worth exploring if time allows.

We have consistently been focusing on VAEs in this work, rather than ordinary
autoencoders. It was rather unclear at the start of the work exactly which
techniques were going to be used, and if we would have wanted to generate new
data at any point, the generative property of the VAE would come in handy.
As it turned out, we used the VAEs for dimensionality reduction only, so in
practice, the VAEs were reduced to ordinary autoencoders. The decision to use
two kinds of VAEs - one with three dimensions and one with 64 dimensions -
can be debated. We wanted to have one substantial VAE (producing a latent
vector of few dimensions) and another less industrious VAE to compare with.
Another reason to specifically choose 3D for the former was to be able to plot
the encoded data points for visualization purposes (see figures 37 and 38). Very
little experimentation were made to explore the dimensionality reduction’s effect
on the final result of our work. What we can conclude, however, is that the
reduction is made without major loss of information for both VAEs. Figure 45
shows that the loss curves for all configurations appear to level off before the
training of the VAEs end, indicating that they were trained for enough epochs.
The loss is constantly higher on the training data than on the test data for all
VAEs, due to the dropout layers that are activated only during the training.
Table 9 clearly shows that the drop in performance is very small, especially for
the 64-dimensional VAE and when applying it on the DC-1 dataset. In fact,
that particular configuration yielded higher accuracy on both the training and
the test set in relation to the CNN. Since this effect was present also for the
MNIST data, we have reasons to doubt that it would be a mere coincidence. As
discussed previously, one explanation could be that the VAE creates a subspace
that has less irrelevent information and in fact does improve the performance.
This is something that potentially could be very useful and well worth exploring
further. However, as it falls outside the scope of this work it is not investigated
here. We conclude that while both VAEs seem to work okay, the 64-dimensional
VAE is a reasonable choice to use in the continuation of the work.

7As our method aims to exploit visual similarities in the data, and many of these similarities
are supposed to be identified in early layers in the network, it was deemed logical to extract
our vectors as early in the classifier as manageable (which is still very close to the end of the
network).
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Cluster Classification

Let us now dive into the main results of this work. Table 11 shows how our
methods (named Grid and Bayesian) perform on different data compared to the
classifying CNN. The table also presents results using the optimal parameters
with hindsight (named Optimal), which can be considered an indicator for the
potential of our algorithms with respect to the search for the DBSCAN parame-
ters. Let us first focus on Grid and Bayesian. Recall that the former uses a fixed
grid of 20 specific parameter configurations to try, while the latter draws ten
random configurations (within a predefined region) and performs a Bayesian
optimization search to test another ten configurations. While the results are
quite similar for the two methods, Bayesian performs slightly better than Grid
on both the DC-1 data and the ALL data. This motivates the usage of Bayesian
optimization. The most important result is arguably how this method performs
in relation to the CNN. We are happy to conclude that our Bayesian method
performs slightly better than the CNN on DC-1 data. The difference is marginal,
but is considered trustworthy as it holds for both training and test data. On
the ALL data, our Bayesian method is close to the performance of the CNN but
doesn’t manage to exceed it. One possible explanation could be that our work is
meant to pick up visual irregularities in the data, such as unintended color shifts
on a whole slide of samples, and a CNN trained on the ALL data might already
have learnt to deal with such irregularities. After all, the CNN trained on ALL
data has a significantly higher accuracy than that trained on DC-1 data. It is
also worth noticing that the discrepancy in performance between training and
test data for our Bayesian method on both datasets is of the same magnitude
as for the CNN, meaning that our method doesn’t contribute to any drop in
generalization other than that already present for the CNN.

Both our Grid and Bayesian methods utilize a cutoff at 25 for the largest ac-
ceptable disagreement with the CNN, meaning that any slide where our method
and the CNN differs by more than that are deemed too risky to use our method
on. On those slides, our method fully adapts the CNN prediction. The reason
to introduce this cutoff is the empirical observation that our methods are less
robust than the CNN. This is confirmed by figure 46, showing that cutoff 25
is a wise choice for DC-1 data. The ALL data appears more cumbersome to
handle. There is no cutoff value that produces a satisfying result - the best
we can do is to simply reproduce the CNN predictions totally. As this would
imply a rather boring algorithm, we chose to use cutoff 25 for the ALL data
as well. We conclude that our algorithm, in its current shape, works better on
the DC-1 data than on the ALL data. For the data and model configurations
explored, the cutoff at 25 corresponds to discarding more than half of the slides,
as can be seen in table 10. This limits our method from diverging too far from
the CNN. Being able to increase the cutoff value (i.e., decrease its effect) with-
out aggravating the performance would enlarge the potential outcome of our
method.

Going back to table 11, we will now discuss the Optimal method. This method
uses the optimal parameters with hindsight, and should not be considered to be
anything other than an indicator on the potential of our methods. A significant
improvement in relation to the CNN accuracy can be observed, meaning that
it might be worth to continue developing our algorithms. Making our Grid and
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Bayesian methods more like the Optimal method all boils down to finding a
better way to find suitable parameters for the DBSCAN clustering. A more so-
phisticated search could, evidently, yield results that beat the ordinary classifier
much more significantly. This thought leaves us in an optimistic state of mind
and smoothly conveys us to the next section.

5.3 Future Work
Training CNNs and VAEs is very time consuming, so just a few possible set-
tings and structures have been tried out. Further improvements could include
exploring other types of CNNs and VAEs. The chosen modified Xception net-
work gave good results but further investigation could improve the test accuracy
further. Also, the structure of the VAE and its latent space dimensions were
rather arbitrary. Testing other dimensions of the latent space could result in
better clustering and therefore better results of our method. It may also be
possible to skip the CNN and just use a VAE to compress the data, or to break
the CNN at an earlier stage in the architecture. Of course, testing different
hyper parameters, such as batch size, number of epochs, learning rate and so
on, could also improve the results.

In this work, DBSCAN was used as clustering technique. Further work could
include to test other clustering techniques. The set of parameters that need to be
specified in DBSCAN clustering, ε and min_samples, and how to choose them
should be explored more. We tried a grid technique and Bayesian Optimization,
but there might be other techniques to try out. The loss, used to choose which
of the tested configurations to proceed with, could also be explored more. If it
is possible to find a perfect loss, i.e., the loss that always finds the configuration
yielding the lowest number of errors, the accuracy would improve a lot.
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6 Conclusion
This work demonstrates a way to classify multiple images from the same subset
simultaneously. Using the method introduced in this report on cell image data
from the DC-1 system, we were able to beat a regular CNN by a marginal
but noteworthy amount on both training and test data. We also explored the
possibility of using our method on mixed data from different systems, but the
results were not as good. Applying our method on the MNIST dataset could
be made advantageous by forming customized subsets of images. This indicates
that our method is versatile enough to use on general image data, provided that
correlations within the subsets exist.
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