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Abstract:

Anomaly detection can be seen as a
one-class classification problem, due
to the rare occurrence of anoma-
lous frames. Introducing pseudo-
anomalies to the training set can po-
tentially improve the performance of
the anomaly detection model. This
project introduces a pipeline for im-
proving the unsupervised anomaly de-
tection task, by teaching a generator
to generate pseudo-anomalies. The
pseudo-anomalies are generated by
increasing a loss component in the
overall loss function of the genera-
tor. Two loss components were tested,
kullback-leibler divergence and flow
loss. The pseudo-anomalies are used
to train a classifier to classify normal
and abnormal frames. Upon evalua-
tion of the model, an AUC score is
calculated using a combination of the
classification score and the psnr score.
The pipeline achieved an AUC-score
of 72.42% evaluated on the CUHK
Avenue dataset. While not achiev-
ing state-of-the-art results, the pipeline
shows potential for improving the per-
formance of anomaly detection tasks.
Future work could include adding a
second generator branch to generate
normal frames. Another approach is
to evaluate the performance of the
pipeline on a different dataset, such as
the ShanghaiTech dataset.

https://www.es.aau.dk/
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1 Introduction

The anomaly detection task is a problem of one-class classification, due to the
rare occurrence of anomalous scenes. Anomaly detection is also often viewed as
a novelty detection problem, in which a model is trained based on known class
data to detect outliers as abnormal [70]. Moreover, with an increase in the popu-
larity of deep learning, instead of hand-picking the features for anomaly detection
tasks, researchers propose to use pre-trained convolutional network-based features
to train once-class classifiers [70]. Anomaly detection has a wide range of applica-
tions in many different fields and is a cross-industry concern [16]. In the financial
sector, uses of anomaly detection include asset pricing and forensic accounting
(the process of checking if fraudulent actions have occurred) [16]. In the field of
medicine, anomaly detection sees its use in the detection of diseases and other
medical conditions. Such a task could be determining whether a person is healthy
or unhealthy based on their measurements versus the norm [16]. In video surveil-
lance, anomaly detection refers to identifying events that are not conforming to
expected behaviour. These unexpected behaviours or anomalies are used to deter-
mine suspicious activity and potentially prevent crime [39]. Data is gathered from
CCTV cameras or other surveillance sensors. The data represents the behaviour
of the surveillance targets in which some behaviour is assumed to be outside the
norm [65]. A feature extraction process is applied to the raw data. These features
describe the behaviour of the surveillance targets. Once these features are applied
to a learning model, the state of the observed target can be determined and la-
belled as normal or abnormal [65]. The raw data, along with the labels, can then
be combined into a dataset that can be used for anomaly detection. Such datasets
include the CUHK Avenue dataset [40], the USCD Pedestrian dataset [44] and the
ShanghaiTech and ShanghaiTech Campus datasets [76, 39].

These datasets contain both normal and abnormal behaviour of both pedestrians
and the surroundings of the area in which the data was gathered. Figure 1.1 shows
two examples of abnormal behaviour from the CUHK Avenue dataset. Figure 1.2
shows an example of abnormal behaviour from the USCD Pedestrian dataset. The
problem with anomaly detection in video surveillance is that abnormal behaviours

1



1.1. Initial problem statement 2

Figure 1.1: Examples of anomalous behaviour in the CUHK Avenue dataset [40]. The anomalies are
surrounded by a red rectangle.

Figure 1.2: Examples of anomalous behaviour in the USCD Pedestrian dataset [44]. The anomalies
are surrounded by a red rectangle.

are often rare and unbound in anomaly detection applications [39]. As such, it is
almost impossible to gather all examples of abnormal behaviour that can occur in
a video surveillance application. However, it may be possible to cover and detect
more abnormal behaviours by generating pseudo-anomalies that can be added to
the training data. The generation of pseudo-anomalies would improve the normal
distribution of anomaly detection and theoretically improve the performance of the
anomaly detection task. These anomalies would mimic the distribution of the nor-
mal data, such as the background and surroundings in the frame. The visualised
behaviour in the frame would be different enough to be considered abnormal.
Thus the motivation for this project is to explore using generative neural networks
to create pseudo-anomalies to improve the performance of anomaly detection, as
far as the author knows, has not been attempted before. This motivation can be
formulated into a two research questions which will serve as the first basis for the
project.

1.1 Initial problem statement

With the introduction and the motivation in mind, two problem statements can be
formulated:

1. How can pseudo-anomalies be generated?

2. Can pseudo-anomalies be used to improve the performance of anomaly detection?



2 Literature Review

The purpose of this chapter is to gain an understanding of the research into artifi-
cial neural networks and the development in the field, as well as the current state
of the art in the field of generative modelling. First, the chapter will briefly go
into the history of artificial neural networks and what makes up a neural network.
Then the chapter will describe some of the different types of neural networks used
today. Then, two generative neural networks will be described, namely the Gener-
ative Adversarial Networks and Diffusion Probabilistic Models. Last, the chapter
will conclude with a final problem statement which will be sought answered in the
rest of this report.

2.1 Artificial Neural Networks

Research into artificial neural networks has experienced three historical periods of
extensive activity. The first peak happened in the early 1940s with McCulloch and
Pitts’s pioneering work, in which the first model of a neuron was created [30, 38].
The neuron was modelled as a switch which received input from other neurons
and was either activated or remained inactive depending on the total weighted
input [38]. The second peak happened in the 1960s when Rosenblatt presented
the perceptron convergence theorem. Rosenblatt also demonstrated that simple
networks could learn from examples, and that a network of McCulloch and Pitts-
neurons has similar properties to the human brain. These networks could perform
sophisticated pattern recognition and function even if some of the neurons were
destroyed [38, 30]. During the second peak, a dampening in the enthusiasm for
artificial neural network research happened when Minsky and Paperts showcased
the limitation of a simple perceptron. The simple perceptrons were only able to
solve linearly separable problems [30]. The third peak happened in the early 1980s
when Hopfield’s energy approach was presented. In 1986 Rumelhart popular-
ized Werbos’ back-propagation learning algorithm, which made it possible to train
multi-layer networks [30, 38]. This new back-propagation approach could make
fairly complex networks of simple neurons learn from examples, and make them

3



2.1. Artificial Neural Networks 4

capable of solving non-linearly separable problems [38]. One of the first early ap-
plications of an artificial neural network was NETtalk for machine reading of text
[62].

Artificial neural networks, or ANNs, and other types of neural networks, have
become popular and helpful models for classification and pattern recognition in a
wide field of disciplines. The usefulness of ANNs in machine learning has made
them competitive to traditional regression and statistical models. In many fields,
such as information security, big data, and cloud computing, artificial intelligence
has seen a rise in recent years. With this rise, machine learning, deep learning
and ANNs have become a topic of interest [1]. Inspired by the early models of the
sensory processing of the brain, ANNs can be created by simulating networks of
model neurons in a computer. Through the application of different algorithms that
mimic the processes of real neurons an ANN network can learn to solve problems
of many types, such as image recognition, natural language processing and image
classification [38, 1].

2.1.1 Neurons

What makes ANNs special is the network of artificial neurons that enables the
network to learn. But what exactly is a neuron? A neuron is a cell that processes
information. A biological neuron is composed of the neucleus (cell body), the
axon (transmitter), and the dendrites (receivers) [30]. Within neurons, the nucleus
contains hereditary traits and the chemicals needed to produce essential material
for the neuron. A neuron receives signals from neighbouring neurons through its
dendrites. Electrical impulses are passed from neuron to neuron through synapses
when neurotransmitters are released. The electrical impulses is the information
that is being processed by the neuron. The effectiveness of a synapse can be ad-
justed by passing signals, allowing them to learn from the activities they participate
in [30]. Each neuron is connected to 103 to 104 other neurons through roughly 1014

to 1015 interconnections. Critical information is not directly transmitted between
neurons but rather captured in the interconnections [30]. The artificial neurons
of an ANN try to emulate this behaviour of biological neurons. In an ANN, a
simple neuron is referred to as a threshold unit [38]. This threshold unit is a math-
ematical function that computes a weighted sum of n input signals and generates
an output of 1 if the sum is greater than a threshold value, and 0 otherwise [30].
Mathematically, a neuron can be represented as [3]:

y = f (a) = σ(
n

∑
j=1

wjxj + b) (2.1)

where σ is the activation function, in this case, a unit step function, wj is the
weight of the j-th input signal, xj is the j-th input signal, b is the bias, and y is
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X1

X2

X3

Xn

σ
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w1

w2
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b

Figure 2.1: Graphical representation of an artificial neuron. A single artificial neuron can contain
many different input nodes but only produce one output. All inputs (x1..xn) and their weights
(w1..wn) are summed together and, alongside a bias (a constant weight), passed through an activation
function that produces an output. Adapted from [3].

the output of the neuron [3, 30]. Figure 2.1 shows a graphical representation of
the structure of a neuron. As a simplified notation, the threshold u is considered
another weight w0, with a constant input signal x0 = 1 [30]. The positive weights
are comparable to the excitatory synapses of biological neurons, and the negative
weights are comparable to the inhibitory synapses [30]. In principle, if the weights
are suitably chosen, they allow the neurons to perform a wide range of universal
computations [30] Jain et al.[30] gives a crude analogy of the McCulloch and Pitts
artificial neuron to the biological neuron:

• interconnections and wires represent the dendrites and axons.

• the weights represent the strength of the synapses.

• the activation function represents the activity in a cell body.

Due to simplified assumptions, the artificial neuron does not reflect the true
behaviour of biological neurons, as the biological neuron is a complex system of
many different types of neurons [30]. A way to make the artificial neuron more
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accurate is to consider using different activation functions, such as the sigmoid
function or a Gaussian activation function [30]. Figure 2.2 shows a graphical rep-
resentation of different activation functions commonly used in ANNs.

1

0

1

0

1

0

1

-1

1

0

1

0

(a) (b) (c)

(d) (e) (f)

Figure 2.2: Graphical representation of different activation functions. These functions are used to
determine the output of a neuron. Each function makes the artificial neuron behave differently. (a)
Threshold function (b) Sigmoid function (c) Gaussian function (d) tanh (e) Rectified Linear Unit
(ReLU) and (f) Leaky ReLU. Visually adapted from [3] and [30].

2.2 Neural Networks

Neural networks are composed of multiple layers of neurons, where each layer
is connected to the next layer. These types of networks have an acyclic structure
where the neurons in each layer are fully connected to the neurons in the next
layer [3]. The first layer is the input layer, which receives the input signals. The last
layer of a neural network is the output layer, which produces the output signals.
Any layers in between the input and output layers are called hidden layers. The
hidden layers are not directly connected to the input or output layers [3]. Networks
with this type of structure are commonly known as Multi-layer Perceptron (MLP),
Fully-connected networks and Artificial Neural Networks (ANN) [3]. Figure 2.3
shows a graphical representation of a neural network with three layers, where the
input layer has two neurons, the hidden layer has three neurons, and the output
layer has one neuron.

Different types of neural networks other than the MLP exists, such as Convolu-
tional Neural Networks (CNN) and Recurrent Neural Networks (RNN). The most
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X1

X2

Input Layer Hidden Layer Output Layer

h1

h2

h3

y

Figure 2.3: Graphical representation of a neural network with three layers. The input layer has two
neurons, the hidden layer has three neurons, and the output layer has one neuron. The output of the
neurons in the input layer is used as the input to the neurons in the hidden layer. In the hidden layer,
the inputs are weighted and summed, and the output is passed through an activation function. The
output of the neurons in the hidden layer is used as the input to the neuron in the output layer. In
the output layer the output of the entire neural network is computed. Visually adapted from [3].

common types are listed below:

• Perceptron (Single-layer Perceptron)

• Multi-layer Perceptron (MLP)

• Recurrent Neural Networks (RNN)

• Convolutional Neural Networks (CNN)

Another class of neural networks focus on the generative capabilities of neural
networks. These types of networks include the two listed below:

• Generative Adversarial Networks (GAN)

• Diffusion Probabilistic Models (DPM)

2.2.1 Common Neural Networks

Perceptron: The simplest form of a neural network is the perceptron [68]. A
perceptron contains only an input and output layer, with no hidden layers. It
takes a set of inputs, calculates the weighted sum of these, and then applies an
activation function to produce the output [68]. Perceptrons are commonly used
in linear classification problems, such as the XOR problem, due to their simple
architecture [68].
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Multi-layer Perceptron (MLP): Also known as feed-forward neural networks, or
fully connected networks, are the most common type of neural networks [68].
MLPs are composed of multiple layers of neurons, where each layer is connected
to the next layer, meaning the processing power of an MLP is larger than the per-
ceptron. However, the full connectedness of the layers makes the network more
complex and prone to overfitting [68]. The problem of overfitting can usually be
avoided by using regularisation techniques, such as dropout or early stopping of
the training [68]. MLPs have a wide range of applications and are common in data
compression, speech recognition and in computer vision applications.

Recurrent Neural Networks (RNN): RNNs are a type of neural network that
is commonly used in natural language processing and speech recognition [68].
RNNs are designed to work with temporal or sequential information [68]. These
types of networks use data points in a sequence to make a better prediction of the
next data point in the sequence. This process is done by taking input and using
the activations of the previous or later nodes which influences the output of the
current node.

Convolutional Neural Networks (CNN): CNNs are commonly used in image
recognition and classification [68]. CNNs are similar to MLPs, but they have a
different architecture that is inspired by the visual cortex of animals and humans.
CNNs are most commonly used for object detection and classification and are
widely used in computer vision applications [68]. What sets CNNs apart from
other neural networks is the convolutional layer. The convolutional layer performs
a dot product operation between the input and a filter, which is a small matrix
of weights. These convolution filters are initialised randomly at the beginning
of training, and using loss functions and backpropagation the filters are adjusted
to extract features from the input. Training of CNNs is computationally expensive
and requires a lot of data to train properly. However, once trained they are very fast
at classifying new data. Due to the inspiration from the visual cortex, CNNs are
commonly used in image recognition and classification and are the most common
type of neural network used in computer vision applications [68].

2.3 Generative Neural Networks

Generative modeling is a type of unsupervised learning, in which the task is auto-
matically learning the patterns or distribution of input data. The learning should
be done in such a way that the models can output examples that could have been
drawn from the original dataset [8]. In generative modelling two types of neu-
ral networks are commonly used: Generative Adversarial Networks and Diffusion
Probabilistic Models.
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2.3.1 Generative Adversarial Networks:

Generative Adversarial networks (GANs) are a type of neural network that is com-
monly used in image generation and image-to-image translation tasks [68, 8]. With
GANs the generative model is framed as a supervised learning problem, by utiliz-
ing two neural networks: a generator and a discriminator [8]. Figure 2.4 shows the
training process of a GAN network in graphical form.

Random Noise Generator Fake data

Training data

Discriminator Loss

Figure 2.4: Graphical representation of the training process of a GAN network. Random noise
is fed into the generator, which synthesizes new data. The discriminator differentiate between the
generated data and the training data. Based on the decision loss from the discriminator the generator
is updated to improve its performance. Visually adapted from [68].

GANs learn to generate new data by training on a dataset, and then generate new
data with the same statistics or distribution as the training data. The generator is
trained on the training data and tries to generate new data that is similar to what
was seen during training. The discriminator is trained to differentiate between the
generated data and the training data, to make a decision of which data is real or
fake. These two parts are trained adversarially against each other. The generator
tries to fool the discriminator into thinking the generated data is real and uses the
decision of the discriminator as an adversarial loss to improve its performance. As
training progresses and the two parts of the network improve, the generated data
as a result becomes nearly identical in quality to the training data [68, 8].

Application of GANs

Since the first development and emergence of GANs [22], generative models have
seen a wide range of applications in recent years. Many GAN approaches exist,
especially in the field of image-to-image translation [29, 77, 4, 5, 10, 43, 21, 33],
video-to-video translation [66] and text-to-image translation [74]. GANs are also
being utilized in anomaly detection due to their adversarial nature [61, 71, 2, 72,
39]. Another field where GANs also can be utilized is open-set recognition and
few-shot open-set recognition [36, 53]. Here OpenGAN [36] have shown compet-
itive results compared with other state-of-the-art open-set recognition approaches
[36]. In anomaly detection, GANs are used to learn the normal distribution of
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data and then use the discriminator to detect anomalies. In GAN-based anomaly
detection, the Future Frame Prediction framework [39] has been shown to provide
competitive and state-of-the-art results compared to other anomaly detection ap-
proaches [39]. Another approach is using GANs to generate pseudo-anomalies and
used to train a classifier to detect anomalies. Here the OGNet framework [70] has
shown promising results compared with other state-of-the-art anomaly detection
approaches [70].

2.3.2 Diffusion Probabilistic Models (DPM):

Diffusion models can be seen as a class of probabilistic generative models learning
to reverse a process that has gradually destroyed the training data. This gradual
destruction usually comes by gradually adding noise to the training data [11]. The
original idea of diffusion models stems from this idea: model a specific distribu-
tion from random noise [67]. As such, in the end, the distribution of the generated
samples should be as close to the original as possible [67]. Common for all diffu-
sion models is that they share the same baseline processes: Foward and Backward
diffusion [67, 11, 14], see Figure 2.5.

UNet

Forward process

Backward process

Process is fixed, N(μ, Σ)

Learnable process

Figure 2.5: Forward and backward process of a diffusion model. During the forward process, noise
(often Gaussian noise [14]) is added to the input image at each time step, gradually destroying it
using a noise scheduler. The forward process is fixed, and the backward process is a learnable
process often utilizing U-Nets [14, 50]. The transition from one latent to another in the latent space
is learned at random time steps. Doing sampling all time steps are sampled to reconstruct the input
image.

In the forward process, noise is applied, to the images, through a Markov deci-
sion process. The added noise usually only depends on the previous image in the
training dataset and is sampled using a conditional Gaussian distribution with a
mean that depends on the previous image and a fixed variance [14], and is added
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to the image by a variance schedule. The variance schedule describes how much
noise is added to the image at a specific time step [14, 67]. The reverse diffusion
process called reverse diffusion, is where the strength of the diffusion models are -
since the goal of the model is to learn the reverse process [67]. The reverse process
is learned by training a neural network (usually by using U-Nets [14]) to approxi-
mate the probabilities such that the diffusion can be reversed [67]. The backward
process starts at a given timestep with Gaussian noise with zero mean and unit
variance [14]. Given the current timestep, the transition from one latent to the next
latent in the latent space is predicted, making the model learn the probability den-
sity of an earlier timestep [14]. During training, the timesteps in the process, are
randomly sampled, such that it does not go through the entire sequence of noisy
images. At sampling, however, all timesteps are sampled, as the process has gone
from pure noise to a final image [14].

Remarks on diffusion model usage

Initially, the idea was to get a baseline of a diffusion model running such that
a diffusion model (DM) framework generates the pseudo-anomalies, due to their
generative abilities. However, upon researching and testing the topic, it has become
apparent that getting a baseline DM running was harder than initially thought,
and the time it takes to train a model is longer than thought. Some models have
a reported training time between five to seven days [25, 50]. Depending on the
amount of testing in the project’s experimental phase, it could take more than one
week to finish one test. Taking anywhere between three to seven weeks of testing
models. That is assuming the first initial test would yield a good result. With
the limited timespan for this thesis, it may not be possible to finish on time if a
diffusion model has to be trained and tested. Thus, the project will be going in a
different direction. The project will instead focus on using Generative Adversarial
Networks (GANs) as the generative method for generating the pseudo-anomalies.

2.4 Final problem statement

With the information provided by the literature review, a final problem statement
can be made. This statement will serve as the basis for deriving a model archi-
tecture in Chapter 3 and serves as the question sought answered in the remaining
chapters.

How can a GAN pipeline be designed to generate pseudo-anomalies to improve the un-
supervised anomaly detection task?



3 Proposed System

This chapter presents the proposed system, which seeks to answer the final prob-
lem statement set in section 1.1. First, the overall architecture will be presented.
Afterwards, each subpart of the system is described. The baselines which the pro-
posed system uses will also be presented. The overall purpose of the proposed
system is to teach a model to distinguish between normal and abnormal data and
predict when a frame in a sequence is abnormal.

3.1 Architecture overview

The proposed system architecture can be seen in Figure 3.1. The system consists of
three main parts: A generator architecture, a module for anomaly feature extrac-
tion and a module for extracting the normal features. These modules have different
tasks.

3.1.1 Generator architecture

The generator architecture generates the pseudo-anomalies used to train the anomaly
feature extractor. For this purpose, a GAN architecture will be used, due to their
generative abilities. The overall goal of the GAN architecture is to play a mini-max
game between the generator and the discriminator to optimize an objective func-
tion, to generate the pseudo-anomalies. The GAN architecture is trained on the
normal training data of an anomaly detection dataset. Changes to the objective
function have been made, such that it does not perfectly reconstruct the normal
training data. This change is necessary such that the pseudo-anomalies are differ-
ent from the normal frames. Once a pseudo-anomaly is generated it is used in the
anomaly feature extractor.

3.1.2 Anomaly feature extraction

The anomaly feature extractor is responsible for extracting the features which make
up the pseudo-anomalies. In this part of the proposed system, a discriminator is

12
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+ve

Generator architecture

Anomaly feature extractor

Normal feature
extractor

Anomaly detection
dataset

Improved normal
distribution for

anomalies

Classification

GANpseudo

+ve Pseudo Anomaly

Target Frame

Figure 3.1: The proposed system pipeline. The proposed system consists of four parts: Generator
architecture, anomaly feature extraction, feature extraction of normal frames and classification. The
generator architecture (green box) is responsible for creating the pseudo-anomalies. These pseudo-
anomalies are used in the anomaly feature extractor (red box). The anomaly feature extractor is
responsible for extracting the features which make up the pseudo-anomalies. The target frames of
the prediction network are fed into the normal feature extractor (blue box), which is responsible for
extracting the features which make up the normal frames. These extracted features are used in the
classification of normal and abnormal frames.

used. During the training of the anomaly feature extractor, fake anomaly labels
are used to train the discriminator. This feature extraction happens in parallel to
training the classifier network.

3.1.3 Normal feature extraction

During the training of the GAN architecture, a target frame from the data is used.
This feature extractor extracts the features which make up the normal frames. Like
in the anomaly feature extractor, fake normal labels are used to train the discrim-
inator. A discriminator is used for this task, which is trained to classify normal
frames. This feature extraction happens in parallel to training the classifier net-
work.
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3.1.4 Classification

Once the generator architecture can produce pseudo-anomalies, the next step in the
proposed pipeline is to conduct feature extraction on the pseudo-anomalies and the
target frames. The classification follows the same approach as the discriminator in
OGNet [70].

Training the classifier network

The classification network architecture consists of a sequence of convolutional lay-
ers, followed by a linear layer and a sigmoid activation function. The linear layer
in the classifier network reduces the number of features to two. This linear layer
corresponds to the two classes: normal and abnormal. The classification network
is trained on the pseudo-anomalies and the target frames. In this regard, fake clas-
sification labels are created, where pseudo anomalies classifications are labelled [1,
0], and normal frames are labelled [0, 1]. During training, a binary cross-entropy
loss is calculated for both classes. As two losses are applied, the total classification
loss is the mean of the two losses added together, which is added to the total gen-
erator loss. The calculation of the AUC score is modified to include both a peak
signal-to-noise ratio score (psnr score) and a classification score.

AUC-score modification

The AUC score is calculated using the same approach as in Future Frame [39],
where the psnr score is used to calculate a normalized score between 0 and 1 for
each frame. The psnr score is calculated for each frame in each testing video using
the following equation [39]:

PSNR(I, Î) = 10 · log10
[MAX Î ]

2

1
N ∑N

i=0(Ii − Îi)2
(3.1)

A high psnr score indicates that the frame is likely to be normal. The psnr-score is
used to calculate a regularity score between 0 and 1 for each frame in the testing
videos using the following equation [39]:

PSNRsi =
PSNRi − mini(PSNRi)

maxi(PSNRi)− mini(PSNRi)
(3.2)

This report proposes a modification to the AUC-score calculation, where the classi-
fication score is included in the calculation of the regality score. Since the classifier
network is trained to classify normal and abnormal frames, the classification score
from one index of the classifier output is used to calculate a regularity score be-
tween 0 and 1 for each frame using the following equation:

Csi =
Ci − mini(Ci)

maxi(Ci)− mini(Ci)
(3.3)
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Where Csi is the normalized classification score for frame i, and mini(Ci) and
maxi(Ci) is the lowest and highest classification score of frames in a testing video.
The normalized scores are then combined to calculate a regularity score between 0
and 1 for each frame using the following equation:

Si =
(Csi + PSNRi)− min (Csi + PSNRsi)

max (Csi + PSNRsi)− min (Csi + PSNRsi)
(3.4)

Based on this score, a prediction of whether a frame is normal or abnormal can
be made.

3.2 Baseline Methods

In this section, the baselines used by the proposed system will be presented. Two
baselines have been chosen due to their results in anomaly detection. The baselines
are: Future Frame Prediction [39] and OGNet [70].

3.2.1 Baseline 1: Future Frame

The Future Frame Framework proposed by Liu et al. [39] will be used as a base-
line for the generator architecture of the proposed system. It is a GAN baseline
for anomaly detection in video sequences based on future frame prediction. The
framework proposed by Liu et al. [39] can be seen in Figure 3.2.

Input Frame

Frame
Sequence

Generator Predicted 
frame

Flownet FlownetOptical Flow
Loss

Int. Loss and
Grad Loss Discriminator Real or

FakeFuture frame

Figure 3.2: The framework proposed by Liu et al. [39] for anomaly detection in video sequences. A
U-Net generator predicts the next frame in a video sequence. To generate a realistic frame, Liu et al
applies gradient loss, intensity loss and flow loss to the predicted frame. The flow loss is calculated
using a pre-trained FlowNet architecture [17]. During training, an adversarial loss is applied to the
discriminator and generator to determine if the predicted frame is real or fake. Visually adapted
from [39].
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Given a video with consecutive frames, Liu et al. sequentially stack frames and
feed them into the predictor to predict the future frame. Two constraints are ap-
plied to make the predicted frames as close to the real frames as possible: ap-
pearance and motion. The appearance constraint follows the same approach as
Mathieu et al. [46], where the intensity and gradient differences between pixels are
used. To preserve the temporal coherence between the predicted frames and real
frames, Liu et al. [39] utilize FlowNet [17] to estimate the optical flow [39]. This is
likewise done for the real future frame and the real frames. The prediction error
is calculated using the predicted future frame and the real future frame. Based
on this prediction error, a frame is classified as normal or abnormal. For normal
frames, the prediction error is low, while for abnormal frames the prediction error
is high. The generator architecture is a modified U-Net architecture, in which for
each two convolutional layers the output resolution is left unchanged. This means
no cropping or resizing is needed when adding shortcuts to the architecture [39].
The GAN framework of this baseline is a Least Squares GAN (LSGAN) [45], to gen-
erate more realistic frames. In the proposed system, the generator loss is adapted
to generate pseudo-anomalies which lie near-out of the normal distribution from
the normal frames.

3.2.2 Baseline 2: OGNet

The generation of pseudo-anomalies will follow a similar approach as the second
baseline OGNet [70], chosen due to its results on anomaly generation. The OGNet
framework, proposed by Zaheer et al. [70], can effectively generate stable results
across many training steps. The framework allows for the use of adversarially
trained discriminators and generators for robust and efficient anomaly detection
[70]. The architecture of OGNet is shown in Figure 3.3. The baseline architecture
of OGNet is kept similar to the architecture of [58] to maintain consistency towards
other approaches. OGNet is a two-phase training framework. The first phase is
similar to common practice adversarial autoencoder training. The second phase
optimizes a discriminator by training on several good and bad reconstructions
[70]. The good quality reconstructions are provided by the fully trained generator.
The bad-quality reconstructions provided by a pseudo-anomaly module and an
older generator state [70]. The older state of the generator is the model saved at
an earlier epoch than the fully trained generator. In the original implementation
of OGNet [70] the older state of the generator is from the first epoch, whereas the
fully trained network is at epoch 25.

The pseudo-anomaly module, shown in Figure 3.4, takes care of creating the
pseudo-anomalies. The pseudo-anomalies are generated by feeding two arbitrary
images into the older state of the generator. These low-level reconstructed images
are then meaned on the pixel level. The meaned image is then fed into the gen-
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Input Image
High Quality
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Low Quality
Reconctruction
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Figure 3.3: The OGNet architecture framework. The baseline training (phase one) is done until a
reasonably trained state of the generator and discriminator is achieved. During baseline training,
an older state of the generator is stored. During phase two only the discriminator is updated, to
distinguish between good and bad-quality reconstructions. Bad-quality reconstructions are provided
by a pseudo anomaly module and the outputs from the generator’s older state. Visually adapted
from [70].

erator to obtain a pseudo-anomaly image. This is to mimic the behaviour of the
generator when it gets unusual data.

Gold

Gold

Gepoch-i

Pixel-level meanImage 1

Image 2 Image 2
low

Image 1
low

Meaned
image

Pseudo-anomaly
image

Figure 3.4: The process of generating pseudo-anomalies in OGNet. The pseudo-anomalies are gen-
erated by feeding two arbitrary images into the older state of the generator. These low-level recon-
structed images are then meaned on the pixel level. The meaned image is then fed into the generator
to obtain a pseudo-anomaly image. Visually adapted from [70].

The proposed system will follow a similar idea as OGNet in which a generator
generate pseudo-anomalies. Different from OGNet is that the pseudo-anomalies
are not created using a pseudo-anomaly module and an older generator-step, in-
stead the anomalies are created alongside the normal frames.



4 Experimental Results

This chapter presents the results of the evaluation of the proposed system from
chapter 3. First, the evaluation metrics for the experiments will be presented,
including training and the dataset used in the experiments. Then the prelimi-
nary experiment with a diffusion model will be presented, followed by baseline
experiments using the baselines presented in 3.2. Afterwards, the experiments
conducted with the proposed system, starting with experiments for creating the
pseudo-anomalies, are presented. Then the quantitative and qualitative results of
the proposed system will be presented. In section 4.6, the results of the experi-
ments are discussed. The chapter will end with proposals for any form in section
4.7.

4.1 Evaluation metrics

4.1.1 Performance measurement

The AUC score will be used as the evaluation metric for the proposed system.
The score is used to compare the proposed system with the baseline methods. In
classification problems, the AUC score is a performance measurement defined as
the area under the ROC curve, where the ROC curve is the plot of the True Posi-
tive Rate (TPR) against the False Positive Rate (FPR) at various threshold settings.
The AUC score represents the degree of separability between the classes, where a
higher AUC score indicates a better separability. In the case of anomaly detection,
the higher the AUC score, the better the model is at distinguishing between normal
and abnormal behaviour. [49]

4.1.2 Dataset

The CUHK Avenue dataset [40] will be used to evaluate the proposed system.
This dataset contains 30652 640x360 pixels frames divided between 16 training and
21 testing video clips, captured in an avenue of the Chinese University of Hong
Kong (CUHK). The dataset contains 47 abnormal events, which includes running,

18
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throwing objects, and pedestrian walking in the wrong direction. Figure 4.1 shows
an example of the anomalies present in the dataset. During training and evaluation,
the images are resized to 128 × 128 pixels.

Figure 4.1: Examples of anomalous behaviour in the CUHK Avenue dataset [40]. The anomalies are
surrounded by a red rectangle.

4.1.3 Training the pipeline

The entire pipeline is trained for 10000 iterations, approximately ten epochs, with
batch size 16. The GAN architecture is trained using Adam optimisation with a
learning rate of 2e−4 for the generator and 2e−5 for the discriminator. The classifier
is trained using SGD optimisation with a learning rate of 1e−4.

4.1.4 Sofware

The programming language used for the model is Python 3.8.16, using a created
Anaconda Pytorch 1.13.1 environment. The code for the experiments is run on
Windows Subsystem for Linux (WSL) [48] with Ubuntu 20.04 as the OS. A GitHub
repository has been created to host the code used in this thesis, a link can be found
in appendix A.

4.1.5 Hardware

Unless stated otherwise, an NVIDIA GeForce RTX 3060 Laptop GPU with 6GB of
memory is used for all experiments.

4.2 Diffusion model experiment

As mentioned in subsection 2.3.2, originally a diffusion model was to be used
to generate the pseudo-anomalies. The diffusion model from [50] was tried to get
running as a baseline, as the source code for this specific model is publicly available
[52]. The model was trained on the CIFAR-10 dataset for 1000 diffusion steps on a
cloud server with an available NVIDIA A40 GPU. However, training got stuck after
two days of running on training step 780, and as a result, aborted after four days.
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As for sampling, the process took a bit shorter, roughly one day, to sample 10.000
images. It took five days total to train the diffusion model. Although it was not a
successful experiment, it gave an insight into how long training a diffusion model
from scratch can take on a dataset containing low-resolution images (32 × 32) with
basic parameters. The training time would likely have been longer with higher-
resolution images, like the ones in CUHK Avenue.

4.3 Baseline experiments

4.3.1 Preliminary auto-encoder result

This test is conducted to see how well a model could generate pseudo-anomalies
without adversarial training when using gradient ascent. To this end, a simple
auto-encoder is used, following a similar training approach as MNAD [55, 47].
The model was trained for 15 epochs with a batch size of 5, with an initial learning
rate of 0.0002 using Adam optimisation. Two types of pixel normalisation are used,
one with normalisation between [0, 1] and the other between [-1, 1]. The result can
be seen in Figure 4.2. The left images are the input images, and the right is the
corresponding generated pseudo-anomalies.

(a) Image normalisation between [0, 1]. The left
image is the input image, and the right is the cor-
responding generated pseudo-anomaly.

(b) Image normalisation between [-1, 1]. The left
image is the input image, and the right is the cor-
responding generated pseudo-anomaly.

Figure 4.2: Pseudo-anomaly by generator without adversarial training.

As can be seen from Figure 4.2a and Figure 4.2b, without adversarial training
the pseudo-anomalies generated by the generator are far out of distribution from
the training images, which is not desirable as the pseudo-anomalies should only
be near out of distribution from the training images. As such, applying adversarial
training is necessary to get the generator to generate pseudo-anomalies.

4.3.2 Future Frame Prediction result

As the baseline generator of the proposed system is based on the Future Frame
Prediction model [39], tests were conducted to see how well the model predicts
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future frames and how well it generates pseudo-anomalies. The model for this test
were trained for ten epochs with a batch size of 16 with a generator learning rate
of 0.0002 and a discriminator learning rate of 0.00002. Images are resized to size
128 × 128 and normalised between [-1, 1]. The losses applied to the models are
the same as the losses applied in the original implementation of the Future Frame
Prediction model [39].

Prediction of future frames

The purpose of this test is to see how well the Future Frame baseline can predict
future frames. The result of this test can be seen in Figure 4.3.

(a) Target frame. (b) Predicted frame.

Figure 4.3: Results of the first baseline test of the Future Frame Baseline.

As expected, the model can generate a near-identical image of the target frame,
as the same parameters were used in the original implementation of the Future
Frame Prediction model [39].

4.3.3 Preliminary OGNet result

The purpose of this test was to check the generative capabilities of the OGNet
model [70]. The model was trained for 25 epochs with a batch size of 32, and
generator learning rate of 0.001, and a discriminator learning rate of 0.0001. The
state of the old generator was chosen as the state the fully trained generator was
in after the first epoch. Phase 1 training happened until epoch 20, and phase
2 training (discriminator finetuning) happened until epoch 25. Examples of the
generated images can be seen in Figure 4.4a and the corresponding real images in
Figure 4.4b.

As can be seen from Figure 4.4a the generated images look mostly like noise
and not like the real images in Figure 4.4b. This is most likely because the old
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(a) Fake samples from epoch 1. (b) Real samples from epoch 1.

Figure 4.4: Preliminary generator results of OGNet. (a) Fake samples generated from epoch 1. (b)
Real samples used to train epoch 1.

generator was chosen as the first epoch which does not provide a good low-quality
representation of the input images.

Figure 4.5 shows an example of a generated pseudo-anomaly image during the
evaluation of the OGNet model. The top row images are input images, and the
bottom row is the corresponding pseudo-anomaly images. In Figure 4.5 it can be
seen that the generator can generate something that has a similar distribution as
the input image. The generated images are, however, blurry and contain a noise
artefact (the white pixels) in the lower right corner. In some cases, the generator
can generate a pseudo-anomaly (middle images), although that is not always the
case, and those generated are not perfect reconstructions. This is most likely due
to the chosen state of the old generator, which does not provide a good low-quality
representation of the input images. To provide better results a later epoch for the
old generator could have been chosen such as epoch 5. However, as the purpose
of this test was to check the generative capabilities ofOGNet, and to get an insight
into how pseudo-anomalies can be generated, the results are still useful.

Figure 4.5: Example of the OGNet evaluation of creating pseudo-anomalies. Top row images are the
input images during evaluation, and bottom row images are the corresponding pseudo-anomalies
constructed.
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4.4 Experiments with proposed model

4.4.1 GAN result

The preliminary auto-encoder test made it apparent that adversarial training is
needed to generate pseudo-anomalies. As such, another test was conducted to see
how well a GAN model could generate pseudo-anomalies. The generator architec-
ture for this test is a standard DCGAN generator [56]. The model for this test is
based on MNAD [55, 47] with similar training parameters. The model was trained
for 15 epochs with batch size 16, with an initial learning rate of 0.00001 using
Adam optimisation. The input images were normalised between [-1, 1] and re-
sized to 128 × 128. Several tests were also conducted applying more loss functions
to the model, using similar losses as [39].

(a) Target frame for reconstruction. (b) Reconstructed frame.

Figure 4.6: Anomaly created by generator with adversarial training and standard pixel normalisation
of [-1, 1]. The left image is the input image, and the right is the corresponding generated pseudo-
anomaly.

The baseline test was conducted using only Mean Squared Error (MSE) loss as
the loss function for the generator. The result of this test can be seen in Figure 4.6.
The baseline test showed that more constraints on the loss were needed to generate
better pseudo-anomalies. For this reason, the intensity, gradient and adversarial
losses from [39] are added. The result of this test can be seen in Figure 4.7.
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(a) Target frame for reconstruction. (b) Reconstructed frame.

Figure 4.7: Anomaly created by a generator using adversarial training and standard pixel normali-
sation of [-1, 1]. Applying the losses as those in [39], the model can reconstruct something similar
to the target frame. The left image is the input image, and the right is the corresponding generated
pseudo-anomaly.

While the results from this test gave better results than the baseline test, the
generated images still were not reconstructions of the input images. As a final test,
increasing the learning rate of the generator from 0.00001 to 0.0002 was tested. The
result of this test can be seen in Figure 4.8.

(a) Target frame for reconstruction. (b) Reconstructed frame.

Figure 4.8: Anomaly created by a generator with adversarial training, standard pixel normalisation
of [-1, 1], and a learning rate of 0.0002. While the generator can reconstruct the background of the
image. It is unable to reconstruct the objects in the image.

This test showed that increasing the learning rate improved the reconstruction
of the input image. However, it only reconstructed the background. To check
if this was due to too few training epochs; a model was trained for 25 epochs
using the same learning rate. The test gave the same result as the previous test.
This indicates that the model is not learning the objects in the image and that the
model only learns the background. Since this problem persists with the DCGAN
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generator, the architecture from Future Frame Prediction is used for the generator
architecture in the proposed system.

4.4.2 Using KL divergence and perceptual loss

Kullback-Leibler divergence loss (kl-loss) and perceptual loss are added to the
model. Kullback-Leibler loss is a measure of disparity between probability dis-
tributions and is used to measure the difference between the distribution of the
generated image and the target image [32]. The kl-loss is weighted by a factor
λkl to avoid it dominating the other losses. To generate the pseudo-anomalies the
kl-loss is maximised. Perceptual loss is used when comparing images that look
similar but are not identical, like if the first image was shifted by one pixel in the
second image. This type of loss compares discrepancies between images, such as
image content and image style [31]. This loss is applied to make sure that the gen-
erated pseudo-anomalies are not too far out of distribution from the target image.

For some of the tests, the target images are saved as BGR images, which is why
the colour channels are switched in the target images. For all the tests using kl-
loss and perceptual loss, the model is trained for 15 epochs with batch size 16,
a generator learning rate of 0.0002 and a discriminator learning rate of 0.00002.
Images are resized to 128 × 128 and normalised to [-1, 1].

Experiment 1: 0.1 KL divergence loss

This test was conducted without perceptual loss and with a weight factor of 0.1 for
the kl-loss. The result of this test after 15 epochs can be seen in Figure 4.9.

(a) Target frame. (b) Pseudo-anomaly.

Figure 4.9: Experiment 1: Kl-loss weighted by a factor of 0.1.

From Figure 4.9 it can be seen that with a weight factor of 0.1, the model gen-
erates pseudo-anomalies (Figure 4.9b) that are far out of the target distribution
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(Figure 4.9a). This is because the KL-loss is weighted too high, as the resulting
loss end up becoming 803, while the other losses approach 0, and since the per-
ceptual loss is not applied, it is not keeping the disparity between the image pixels
low. This results in the model generating pseudo-anomalies that are far out of
distribution from the target image.

Experiment 2: 0.0001 KL divergence loss

Since the kl-loss with a weight factor of 0.1 was too high, another test using a
weight factor of 0.001 was conducted. This test was also conducted without per-
ceptual loss. The difference for this test is, during the calculation of the kl-loss the
inputs are switched around so that the target image is the input and the predicted
frame is the target. The result of this test after 15 epochs can be seen in Figure 4.10.

(a) Target frame. (b) Pseudo-anomaly.

Figure 4.10: Experiment 2: Kl-loss weighted by a factor of 0.0001.

While the kl-loss during this test is not as high as the previous test, the kl-loss
ends up being 8.14 the model still generates pseudo-anomalies (Figure 4.10b) that
are too far out of the target distribution (Figure 4.10a). Once again, this is likely
attributed to the fact that the perceptual loss is not applied, and the model is not
penalised for generating pseudo-anomalies that are far out of distribution from the
target image.

Experiment 3: 0.0001 KL divergence loss with perceptual loss

The main problem with the previous tests was that the model did not have any
incentive to generate pseudo-anomalies that were close to the target image. To
hopefully fix this problem perceptual loss is added to the model. The perceptual
loss is calculated using a VGG19 model using the L1 loss function. The result of this
test during the 15 epochs can be seen in Figure 4.11, which shows different steps of
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the generated pseudo-anomalies. Figure 4.11b shows the pseudo-anomalies after
150, 300, 450 and 2550 iterations respectively.

(a) Target frames from left to right
step 150, 300, 450 and 2550.

(b) Pseudo-anomalies from left to
right step 150, 300, 450 and 2550.

Figure 4.11: Pseudo-anomalies when a perceptual loss is applied to the model.

It can be seen that when perceptual loss is applied to the model the model tries
to generate pseudo-anomalies that have a similar distribution to the target image.
However, even with a perceptual loss, pseudo-anomalies become bluer as the iter-
ations increase, which is likely due to the mode collapse problem that GANs are
known to have. Figure 4.12 shows an example of a generated pseudo-anomaly
after 15 epochs when the evaluation is run.

(a) Target frame. (b) Pseudo-anomaly.

Figure 4.12: Experiment 3: Kl-loss weighted by factor 0.0001 and a perceptual loss is applied.

Experiment 4: 0.0001 KL divergence loss with perceptual loss and regularisation

To try and fix the mode collapse problem regularisation is added to the model.
To regularise the model, dropout layers have been added after each convolutional
layer in the generator. The dropout layers have a dropout rate of 0.5. For this
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test, the model was trained for 10 epochs. Figure 4.13 shows different steps of the
generated pseudo-anomalies. Figure 4.13b shows the pseudo-anomalies after 100,
300, 1300 and 3900 iterations respectively.

(a) Target frames from left to right
step 100, 300, 1300 and 3900.

(b) Pseudo-anomalies from left to
right step 100, 300, 1300 and 3900.

Figure 4.13: Experiment 4: Kl-loss weighted by a factor of 0.0001 and perceptual loss and regularisa-
tion is applied.

Figure 4.14 shows an example of a generated pseudo-anomaly after 15 epochs
during evaluation. Figure 4.14b shows the generated anomalies with perceptual
loss and regularisation. Adding the regularisation to the model has not entirely
fixed the mode collapse problem, but it has made the mode collapse problem less
severe, as the overlaid colour does not increase in intensity. In the discussion
chapter of this thesis, it will be discussed why the experiments conducted with
kl-loss and perceptual loss did not work as intended.

(a) Target frame. (b) Psuedo-anomaly.

Figure 4.14: Experiment 4: Kl-loss weighted by a factor of 0.0001 and perceptual loss and regularisa-
tion is applied.
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4.4.3 Inverting flow loss

The models for these experiments were trained for ten epochs with a batch size
of 16, with a generator learning rate of 0.0002 and a discriminator learning rate
of 0.00002. Images are resized to 128 × 128 and normalised between [-1, 1]. Since
Future Frame also takes into account the optical flow when generating the next
frame, another approach to generate pseudo-anomalies is to increase the flow loss.
Inverting the flow loss, in the sense that gradient ascent is applied, will make
the model focus more on the optical flow when generating the next frame, thus
potentially generating more motion in the image. Another possible outcome of
inverting the flow loss is that the model will mimic faulty camera motion, such as a
camera that is shaking or the camera losing focus on the object. Three experiments
were conducted where gradient ascent is applied to the flow loss. The ascent is
applied by multiplying the flow loss by a factor of λ f low. Three experiments were
conducted where λ f low is set to 0.5, 0.6 and 0.7.

The kl-loss has been removed from the model, as it is not needed for the exper-
iments, while the perceptual loss is kept such that the disparity between pixels is
minimised. As the generated will be closer to the distribution of the target images,
the dropout layers have been removed from the generator model.

Experiment 1: 0.5 flow loss

Figure 4.15 and 4.16 shows the result of the first test where λ f low is set to 0.5.
Figure 4.15a and 4.16a show the input frames for the prediction network. Figure
4.15b and 4.16b shows the pseudo-anomalies of videos 5, 10, 12 and 21 of CUHK
Avenue [40] at iterations 500, 500, 1000 and 0.

Figure 4.15b shows the generated anomalies when the flow loss is inverted by
a factor of 0.5. While there is not much difference between the pseudo-anomalies
and the input frames, there is a slight difference in the motion between them. The
pseudo-anomalies have a slight motion blur, which is not in the input frames. One
of these slight differences can be seen in the top right image of Figure 4.15b, where
the object thrown by the person is stretched out compared to the input frame in
Figure 4.15a. Another difference can be seen in the background of the bottom right
image of Figure 4.15b, where a pedestrian is slightly blurred compared to the input
frame in Figure 4.15a. The motion blurring is more defined in the top right image
of Figure 4.16b, where the pedestrian walking is more blurred compared to the
input frame in Figure 4.16a. Comparatively, there is not much difference between
the pseudo-anomaly and the input frame in Figure 4.16.
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(a) Input frames for the prediction
network.

(b) Pseudo-anomlies.

Figure 4.15: Experiment 1: Inverting flow loss by 0.5. The left images are the input frames. The right
images are the pseudo-anomalies from the network. Frames from videos 5 and 10 of CUHK Avenue
[40].

(a) Input frames. (b) Pseudo-anomalies.

Figure 4.16: Experiment 1: Inverting flow loss by 0.5. The left images are the input frames. The
right images are the pseudo-anomalies from the network. Frames from videos 12 and 21 of CUHK
Avenue [40].
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While the generated frames are not very different from the input frames, it still
shows some potential for generating pseudo-anomalies, using the flow loss. The
model achieved an AUC score of 81% on the CUHK Avenue dataset.

Experiment 2: 0.6 flow loss

Figures 4.17 and 4.18 show the result of the second test where λ f low is set to 0.6.
Figures 4.17a and Figure 4.18a show the input frames for the prediction network.
Figures 4.17b and Figure 4.18b show the pseudo-anomalies of videos 5, 10, 12 and
21 of CUHK Avenue [40] at iterations 500, 500, 1000 and 0 respectively. Different
from the last test is the images are saved as RGB images instead of BGR images.

(a) Input frames. (b) Pseudo-anomalies.

Figure 4.17: Experiment 2: Inverting flow loss by 0.6. The left images are the input frames. The right
images are the pseudo-anomalies from the network. Frames from video 5 and 10 of CUHK Avenue
[40].

Figure 4.17 shows the result of the second test where λ f low is 0.6, thus inverting
the flow loss by a factor of 0.6. The result of this experiment is similar to the first
experiment in that the motion blur is similar for the anomalies. One difference in
all the images is that with a flow loss of 0.6, it seems like the model can simulate
shakiness in the camera, as seen from the fact that the light source at the top of the
pseudo-anomalies in Figure 4.17b and Figure 4.18b has moved up and down.

The motion blur on the pedestrian in the top row of Figure 4.18b appears to be
more pronounced than in the top row of Figure 4.16b. This, however, is expected,
as the flow loss is inverted by a larger factor than in the previous experiment. The
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(a) Input frames. (b) Pseudo-anomalies.

Figure 4.18: Experiment 2: Inverting flow loss by 0.6. The left images are the input frames. The
right images are the pseudo-anomalies from the network. Frames from videos 12 and 21 of CUHK
Avenue [40].

motion blur on the pedestrians in the bottom row of Figure 4.18b is similar to the
motion blur in the bottom row of Figure 4.16b. The model achieved an AUC score
of 78.83% on the CUHK Avenue dataset, which is a decrease of 2.17% compared to
the previous experiment. This experiment again warrants further investigation into
inverting the flow loss by a larger factor, as it seems like the model can simulate
shakiness in the camera. As such, a third test is conducted, where the flow loss is
inverted by a factor of 0.7.

Experiment 3: 0.7 flow loss

Figures 4.19 and 4.20 shows the result of the third test where λ f low is set to 0.7.
Figures 4.19a and 4.20a show the input frames for the prediction network. Figures
4.19b and 4.20b show the pseudo-anomalies of videos 5, 10, 12 and 21 of CUHK
Avenue [40] at iterations 500, 500, 1000 and 0 respectively. Comparatively speak-
ing not much has changed from the previous experiment, as the motion blur is
still similar to the previous experiment. The generated shakiness in the camera is
no longer present, as the light source at the top of the pseudo-anomalies in Fig-
ure 4.19b and Figure 4.20b no longer have the same shakiness as in the previous
experiment.
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(a) Input frames. (b) Pseudo-anomalies.

Figure 4.19: Experiment 3: Inverting flow loss by 0.7. The left images are the input frames. The right
images are pseudo-anomalies from the network. Frames from videos 5 and 10 of CUHK Avenue
[40].

(a) Input frames. (b) Pseudo-anomalies.

Figure 4.20: Experiment 3: Inverting flow loss by 0.7. The left images are the input frames. The
right images are the pseudo-anomalies from the network. Frames from videos 12 and 21 of CUHK
Avenue [40].
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The model achieved an AUC score of 80.40% on the CUHK Avenue dataset,
which is a decrease of 0.6% compared to the first experiment.

Pseudo-experiment: Inverting inputs of flow loss calculation

This pseudo-experiment is a byproduct of the testing of the classifier network in
section 3.1.4. In general, for this experiment, the inputs to the flow loss calcula-
tion are inverted, such that the target frames are used as inputs, and the pseudo-
anomalies are used as targets. This was done as the classifier network was not able
to distinguish between the target frames and the pseudo-anomalies. The pseudo-
anomalies shown in Figure 4.21 are generated during testing of the classifier net-
work after 1000 iterations.

(a) Target frames during iteration 30, 120, 160 and
200.

(b) Pseudo-anomalies during iteration 30, 120, 160
and 200.

Figure 4.21: Pseudo-experiment: Inverting inputs of flow loss calculation. Left images are the input
frames, right images are the pseudo-anomalies.

From Figure 4.21 it is seen that the pseudo-anomalies in Figure 4.21b have more
motion blur than the frames from the previous experiments and still maintains the
distribution of the target frames. With this small pseudo-experiment it is shown
that inverting the inputs in the flow loss calculation is a good approach to generate
pseudo-anomalies. However, since this is only a pseudo-experiment, the results
are not as reliable as the other experiments, as the frames are generated during
early iterations of the classifier network and are not taken from the evaluation of
the entire network.
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4.4.4 Main takeaways

Some of the problems encountered during the experiments will be discussed in
chapter 4.6. However, takeaways can be made from the experiments.

Kl-loss

When trying to generate the pseudo-anomalies by applying kl-loss to the network
the model was unable to create pseudo-anomalies only near-out of distribution
from the targetframes. Adding perceptual loss to the kl-loss in adding more details
to the pseudo-anomalies, but the pseudo-anomalies still was too far out of distri-
bution from the target frames. While regularisation often helps with the mode
collapse problem of GANs, it did not in this case. Thus, using kl-loss to generate
pseudo-anomalies is not a good approach for this problem.

Flow loss

Inversion of the flow loss helped keep the distribution of the pseudo-anomalies
closer to the distribution of the target frames. While only three experiments were
conducted, it seems that inverting the flow loss to construct the pseudo-anomalies
is an approach that shows promise. The author is aware that the pseudo-anomalies
generated only contain a small amount of motion blur. The pseudo-experiment
inverting the inputs of the flow loss calculation gave better motion blur. However,
the pseudo-anomalies generated by the flow loss inversion are still closer to the
distribution of the target frames than those created by the kl-loss. As expected
when objects or pedestrians are standing still in the target frames, no motion blur
is in the pseudo-anomalies. Thus it can be said that using flow loss to generate
pseudo-anomalies is a better approach than using kl-loss.

4.5 Evaluating pipeline

In this section, the evaluation of the proposed system is presented. For the remain-
der of this section proposed system and pipeline is used interchangeably to mean
the same thing. The network is evaluated on the evaluation metrics described in
section 4.1. The evaluation is performed on the test set of CUHK Avenue and will
be compared to the results of other state-of-the-art methods as well as the baseline
method Future Frame [39]. The quantitative results compares the proposed sys-
tem to other state-of-the-art methods in anomaly detection. The qualitative results
show how well the pipeline is able to detect anomalies in the test set.
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4.5.1 Learning rate test

Two values for the learning rate were tested for the classifier network: 0.001 and
0.0001, to see how a different learning rate affects the AUC score. The results of
the test can be seen in table 4.1. The pipeline was tested for 1000 iterations with
batch size 16, using the anomaly index of the classification vector.

Table 4.1: Result of testing the pipeline with a classifier learning rate of 0.001 and 0.0001. FF_AUC
is the score achieved by the baseline (using a generator with a flow loss inversion of 0.6). P_AUC is
the score achieved by the pipeline proposed in this report.

P_AUC
Iteration 500 1000
0.001 56.21% 55.56%
0.0001 67.06% 65.40%

From Table 4.1 it can be seen that the AUC score of the pipeline (P_AUC) in-
creases when the learning rate of the classifier is changed to 0.0001. This is likely
due to the classifier network not overfitting as much on the training data when the
learning rate is decreased. For testing the pipeline a learning rate of 0.0001 will be
used for the classifier network.

4.5.2 Quantitative result

The quantitative results serve as a comparison between the pipeline and other
state-of-the-art methods. Table 4.2 shows the result of the proposed systems perfor-
mance compared to different methods on the CUHK Avenue dataset. The pipeline
evaluation using the anomaly classification index is marked P_abnormal, and the
pipeline evaluation using the normal classification index is marked P_normal. The
generator network is trained with a flow loss inversion of 0.6.

From Table 4.2 it can be seen that the pipeline does not perform as well as the
baseline method Future Frame [39] and other state-of-the-art methods (SOTA).
Using the anomaly classification index the pipeline performs 16.75% worse than
the baseline method, and 9.95% worse than the lowest performing SOTA method
ConvLSTM-AE [42]. As the baseline method assumes that normal frames yield
a higher psnr score than anomalous frames, the pipeline is also evaluated using
the normal classification index. The pipeline improved its performance by 4.07%
when using the normal classification index, but it still performs 12.68% worse than
the baseline method, and 4.58% worse than the lowest performing SOTA method
ConvLSTM-AE [42]. This performance issue is likely due to two facts: (1) the ab-
normal generator is used as the evaluated generator, and (2) at some point during
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Table 4.2: Pipeline result compared to different anomaly detection methods on CUHK Avenue
dataset. Ranked from lowest-scoring to highest-scoring. The highest achieved AUC score is marked
in bold and underlined, the next highest is in bold.

AUC
ConvLSTM-AE [42] 77%
Giorno et al. [20] 78.3%
Conv-AE [23] 80%
Unmasking [28] 80.6%
Stacked RNN [41] 81.7%
DeepAppearance [64] 84.6%
Future Frame [39] 85.1%
P_abnormal 68.35%
P_normal 72.42%

the generation of the pseudo-anomalies the frames become too similar to the target
frames. These issues will be discussed in section 4.6.5.

4.5.3 Qualitative result

The qualitative results of the proposed system serve as a visual confirmation of
how well the pipeline performs the task of anomaly detection. For this purpose,
the psnr scores, the classification scores, and the combined scores are plotted for
each video in the test set of CUHK Avenue. This will indicate how well the pipeline
performs on each video, and if there are any videos that the pipeline performs par-
ticularly well or badly on compared to the baseline. Four figures will be presented
of videos where parts of the videos contain abnormal frames and two videos where
the entire video is composed of abnormal frames.

Detections in videos with both normal and abnormal frames

Video 3: Figure 4.22 shows the the pipeline’s performance on video three, which
contains both normal and abnormal frames. The ground truth abnormal frames
are marked with red boxes. The pipeline performs well in this video. Both the
psnr score and the classification score agree with the ground truth, giving lower
scores in the abnormal regions and higher scores in the normal regions. Notably is
that both the classification score and pipeline start lower than the baseline method,
meaning that the pipeline is more inclined to classify the first frames as abnor-
mal. As the video progresses the pipeline and classification score increase, and
the pipeline starts to agree with the baseline method. Reaching the first abnormal
region, a drop in the pipeline and classification score happens, and they classify
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Figure 4.22: Evaluation of the pipeline on video three. The ground truth abnormal frames are
marked with red boxes. A larger image can be found in appendix D.

the frames in that region as abnormal. Compared to the baseline method, the drop
in the abnormal region is not as pronounced. The classifier is still able to classify
the frames in the abnormal region as abnormal for this video. Figure 4.23 shows
examples of frames which are successfully classified as abnormal in video threes
abnormal region.

(a) Frame 309. (b) Frame 335. (c) Frame 590. (d) Frame 620.

Figure 4.23: Frames from video three’s abnormal region which the classifier successfully classifies as
abnormal. The anomalies are marked by red boxes.

Video 4: Figure 4.24 shows the proposed system’s performance on video four,
which contains both normal and abnormal frames. The regions of abnormal frames
are marked with red boxes. The classification performs poorly for this video.

It classifies almost all frames as close to normal, while the baseline method clas-
sifies the frames in the abnormal regions as abnormal. There is still a small drop
in the classification score in the abnormal regions, but it is not as pronounced as



4.5. Evaluating pipeline 39

Figure 4.24: Evaluation of the pipeline on video four. The ground truth abnormal frames are marked
with red boxes. A larger image can be found in appendix D.

the baseline methods. Figure 4.25 shows examples of frames which the classifier
fails to classify as abnormal in video four’s abnormal region.

(a) Frame 377: outside first
abnormal region.

(b) Frame 385: Failed to
detect an anomaly.

(c) Frame 640: outside the
second abnormal region.

(d) Frame 660: Failed to
detect an anomaly.

Figure 4.25: (a) and (c) are frames from just outside the abnormal regions. The classification fails in
abnormal region where (b) and (d) are detected as normal frames.

It can be argued that the frames in Figure 4.25a and Figure 4.25c are classified
correctly as abnormal since they are located on the downward curve of the classi-
fication score within the region. However, as the scores are sufficiently high, they
are classified as normal frames. The difference in performance between video three
and four can be due to a lack of motion in the background of the anomalous re-
gion of video four. Outside of the anomalous regions of both videos, there is a lot
of motion in the background, while the anomalous regions of video four is more
static in the sense that only a few background pedestrians are moving.
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Video 6: While the classification performed poorly on video four, its performance
is still better than on video six. Figure 4.26 shows the pipeline’s performance on
video six, where the classification classifies all frames, except a few, as normal.
As seen in Figure 4.26 the classification score is almost constant throughout the

Figure 4.26: Evaluation of the pipeline on video 6. The ground truth abnormal frames are marked
with red boxes. A larger image can be found in appendix D.

video, except for a few frames towards the end of the first abnormal region. This
performance is likely because there is too much similarity between the normal
region and the abnormal region, for the classifier to distinguish between anomalies
and normal frames. As the anomaly starts in the background of the video and
walks towards the camera, the background is very similar in both the normal and
abnormal regions, until the point where the pedestrian is directly in front of the
camera. Figure 4.27 shows examples of frames the classifier fails to classify as
abnormal in video 6s abnormal region.

(a) Frame 250: outside first
abnormal region.

(b) Frame 500: Failed to
detect an anomaly.

(c) Frame 600: successful
detection.

(d) Frame 950: Failed to
detect an anomaly.

Figure 4.27: (a) is outside the first abnormal region. (c) only successful detection. (b) and (d) the
classification fails in the abnormal region, the frames are classified as normal.
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Figures 4.27a and 4.27d are examples of frames in video six which are classified
as normal, even though they are in the abnormal regions. This performance issue
is likely due to the lack of motion in the background of the video.

Detections on videos with only abnormal frames

The test set of Avenue also contains videos with almost only abnormal frames.
Thus it is also fitting to see how the pipeline performs in these videos.

Video 17: Figure 4.28 shows the proposed system’s performance on video 17,
which contain more abnormal frames than the previous videos. In this video,

Figure 4.28: Evaluation of the pipeline on video 17. The ground truth abnormal frames are marked
with red boxes. A larger image can be found in appendix D.

the classification score and the psnr score are very similar in their detections of
abnormal frames. The video starts with only a few normal frames, and then from
frame 20 to 50 the video is abnormal. The second abnormal region starts from
frame 100 and last until the end of the video. Initially, in the first abnormal region,
the classification score is higher than the psnr score, thus the classifier initially
classifies the frames as normal. However, along the end of the first abnormal
region, the classifier starts to classify the frames as abnormal, where the psnr score
is moving towards normal classification. Both the psnr score, and the classification
score provide the same classification around frame 30. Figure 4.29 shows examples
of frames, and the scores disagree on the boundaries of the abnormal region of
video 17. The frame in 4.29a is classified as normal by the classifier, and abnormal
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by the psnr score, as the region progresses, the anomaly in frame 4.29b becomes
abnormal for the classifier and normal for the psnr score. This means that the

(a) Frame 21. (b) Frame 51.

Figure 4.29: (a) is classified as normal by the classification score and abnormal by the psnr score. (b)
is classified as abnormal by the classification score and normal by the psnr score.

classifier makes a mistake initially in the first abnormal region, but corrects itself
to see the anomaly as abnormal. Whereas, the psnr score can detect the anomaly
as abnormal from the start but then starts to sees it as normal toward the end.
In the second abnormal region, the psnr score and the classification score are in
agreement on the classification of most of the frames, but at some points, they
disagree. Figure 4.30 shows examples where the scores disagree and agree on the
classification. Specifically, for this video, it is hard to determine what makes the

(a) Frame 190. Both scores
agree.

(b) Frame 353. Both scores
agree.

(c) Frame 160. Scores dis-
agree.

(d) Frame 290. Scores dis-
agree.

Figure 4.30: (a) and (b) both scores agree on the abnormal classification. (c) and (d) The scores
disagree: Frame classified as normal by classified, abnormal by psnr score.

classification score and the psnr score disagree. A factor that could be the cause is
how the movement of the anomaly was detected by both scores. Which could be
attributed to the pseudo-anomalies generated during the training of the classifier.

Video 18: Figure 4.31 shows the pipeline’s performance on video 18. For the
first part of the video in Figure 4.31 up until frame 150, the classification score
can better distinguish between normal and abnormal frames than the psnr score.
However, after frame 150, the classification score increases to the same level as
the psnr score. Where the classification is more successful than the psnr score is
around frame 100, where the classification score is lower than the psnr score. At
frame 100 the classifier determined that the frame is likely more abnormal than
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Figure 4.31: Evaluation of the pipeline on video 18. The ground truth abnormal frames are marked
with red boxes. A larger image can be found in appendix D.

normal, while the psnr score did not. However, at frame 225, the psnr score is
lower than the classification score. Thus the psnr score determined the frame to be
more abnormal, while the classifier did not. On most parts of the video, both scores
agree on the classification of the frames, except for a few frames. Figure 4.32 shows
examples of frames on which the classifier and psnr score disagree. The pattern

(a) Frame 26. (b) Frame 210. (c) Frame 225. (d) Frame 248.

Figure 4.32: (a): Classification score is higher (normal) than psnr score (abnormal). (b): classification
score lower (abnormal) than the psnr score (normal). (c): classification score much higher (normal)
than the psnr score (abnormal). (d): classification score lower (abnormal) than the psnr score (nor-
mal). Anomaly is marked with a red box.

once again seems to be that the classifier is more successful at detecting anomalies
when there is motion in the background of the video, except for some outliers like
frame 225.
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Video 21: Figure 4.33 shows the pipeline’s performance on video 21. In this
video, the psnr score is more successful at detecting anomalies than the classifica-
tion score. As seen, the classification score fluctuates a lot more than the psnr score,
giving a lot of frames at the beginning of the video a high classification score, even
though they are abnormal. Halfway through the video, the classification score can
better distinguish between normal and abnormal frames, but still not as good as
the psnr score. It peaks towards the end of the abnormal region. The result of this
video contrasts with the result of video 18, where the classification score was able
to better distinguish between normal and abnormal frames.

Figure 4.33: Evaluation of the pipeline on video 21. The ground truth abnormal frames are marked
with red boxes. A larger image can be found in appendix D.

Figure 4.34 shows examples of frames in which the classifier gives a score close
to normal, and the frames it gives a score closer to abnormal. Where the classifier

(a) Frame 20: Normal clas-
sification (failure).

(b) Frame 40: Abnormal
classification (success).

(c) Frame 55: Normal clas-
sification (failure).

Figure 4.34: (a): Frame classified as normal. (b): Frame classified correctly. (c): Frame classified
wrongly. Example anomaly is marked with a red box.

fails to detect the anomaly in frame 20, it can detect the anomaly in frame 40.
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However, it fails to detect the anomaly again in frame 55. This pattern seems to
contradict the assumed that the classifier is more successful at detecting anomalies
when there is motion in the background of the video. However, comparing the
foreground in Figure 4.34 with the foreground in Figure 4.32, the foreground is
also more complex in the sense more is happening in the image.

4.5.4 Main takeaway from the qualitative results

It seems to be that the classifier is more successful at detecting anomalies when
there is more motion in the background of the videos. When the motion in the
background is different from the motion in the foreground, the frame is more
likely to be classified as abnormal, and the classification is assigned a low score.
Thus, when there is little to no motion in the background of the video, the classifier
is more prone to fail at detecting anomalies, as they become the "normal" motion
in the video. It also happens when the anomaly is first in the background and then
moves to the foreground, as seen in Figure 4.27. The less complex the foreground
is, the better the classifier most likely is at detecting anomalies. As could be seen in
Figure 4.28 at certain frames during the video, the classifier gives a slightly better
anomaly score than the psnr score. This could be because the classifier has been
trained on the pseudo-anomalies. As for the pipeline as a whole, while it did not
perform as well on the AUC evaluation as the baseline, it can detect anomalies in
certain videos where the baseline is not able to detect them. This is due to how
the pipeline score is calculated, as it is a combination of the psnr score and the
classification score. Thus, the higher both scores are, the higher the pipeline score
is.

4.6 Discussion of results

4.6.1 Vanishing foreground objects in GAN architecture

As mentioned in section 4.4.1, the GAN architecture encountered a problem with
vanishing foreground objects. It is still uncertain what caused this problem, as it
was able to generate the background of the frames almost perfectly. One possible
cause of the problem could be some form of mode collapse or a problem with
vanishing gradients during training.

4.6.2 Problems with kl-loss application

As mentioned in subsection 4.4.2, applying kl-loss to the generator network gen-
erated frames with distributions far outside the distribution of the input frames.
While adding perceptual and dropout to the generator network helped to reduce
the problem, it did not solve it completely. The above hints at the kl-loss not being
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a feasible loss function for generating frames with a GAN architecture, as it seems
like the kl-loss works on the histogram of the coulour channels and not the actual
frames. This might be because kl-loss is a method for comparing data distributions
and not actual frames.

Results from other tests

Aside from those presented in subsection 4.4.2, a few other tests were conducted.
These tests were to see if the training epochs affected the kl-loss. However, they
still showed the same results as the tests presented in subsection 4.4.2. The re-
sult from the test is seen in Figure 4.35. Figure 4.35a shows the input images for
the generator at epoch two and epoch five respectively, while Figure 4.35b shows
the generated pseudo-anomalies. Different epochs still showed the same result,

(a) Input frame for the generator at
two epochs (top) and five epochs
(bottom).

(b) Generated pseudo-anomaly at
two epochs (top) and five epochs
(bottom).

Figure 4.35: Generator results from testing for kl-loss. Results from two and five epochs.

with the generator frames being far outside of the normal distribution of the input
frames. However, as seen in Figure 4.35b, more objects of different colours are in
the background of the pseudo-anomaly. It is trying to generate the positions in
the image where objects are present (visualized by the blue blobs), but it is not
generating the objects themselves.
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4.6.3 Inversion the flow loss

The idea behind inverting the flow loss came while trying to figure out how
pseudo-anomalies could be created without deviating too much from the distri-
bution of the target images. This idea was based on the fact that the original im-
plementation of Future Frame Prediction [39] uses the flow loss to predict future
frames by taking into account the motion of objects. By wrongly estimating the
motion of objects, pseudo-anomalies could be generated. Thus the idea of invert-
ing the flow loss was born, which as shown in subsection 4.4.3 had some potential,
even if only minor differences between input and output frames were observed.

Larger inversion factors

As only a few inversion factors were tested, possibly larger inversion factors could
have generated better results, as there were not many differences between the in-
version factors tested. To test this, a few more inversion factors were tested, which
can be seen in Figure 4.36. These were not trained for the full amount of iterations
as the other inversion factors, as it was only to see if larger inversion factors would
generate better results.

(a) Inversion factor 1.1. (b) Inversion factor 1.3. (c) Inversion factor 1.5.

Figure 4.36: Generator results from testing for inversion factor. The top image is the input frame for
the generator. The bottom images are the generator frame. Results from 1.1 and 1.2 and 1.5.
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The images in Figure 4.36 (4.36a,4.36b,4.36c) show that larger inversion factors
are better at generating more motion blur in the images while they still maintain
the distribution of the input frames. The AUC score of these inversion factors is
also quite similar to the AUC score of the other experiments. Inverting the flow loss
by 1.1 generated an AUC score of 81.66%. Inverting the flow loss by 1.3 generated
an AUC score of 81.7%. Inverting the flow loss by 1.5 generated an AUC score of
81.75%. A further invesigation on larger inversion factors could be made in the
future, to determine how large the factor can be.

Issue when inverting the flow loss

While not entirely a big issue, it is still worth mentioning that when training the
flow loss with an inversion factor, while the loss starts negative, it still goes towards
zero. The below output is an example from training the flow loss with an inversion
factor of 1.3, where the flow loss increase towards zero.

Listing 4.1: Example of the loss when inverting the flow loss (fl_loss). Other outputs have been
removed to make the example more readable.

[10] fl_l: -1.123 | gan_l: 0.131 | G_l_total: 8.471
[50] fl_l: -0.565 | gan_l: 0.219 | G_l_total: 4.267
[100] fl_l: -0.590 | gan_l: 0.231 | G_l_total: 3.763
[150] fl_l: -0.660 | gan_l: 0.328 | G_l_total: 2.464
[200] fl_l: -0.550 | gan_l: 0.302 | G_l_total: 2.328
[250] fl_l: -0.425 | gan_l: 0.282 | G_l_total: 2.183
[300] fl_l: -0.383 | gan_l: 0.267 | G_l_total: 2.685

Meaning that the longer the model is trained, the less the flow loss is taken into
account. Inverting the input and output when calculating the flow loss was tried
as a solution to this, but it did not change the results. As it increases towards zero,
the flow loss might be taken into account less and less, which could be the reason
why the generated frames do not have as much motion blur as expected after each
iteration. However, as seen from the test results, both in the experimental results
and the results from this section, motion blur is still added to the generated frames.

4.6.4 Classifier

Initially, the idea was to use pre-trained ResNet18 networks as the classifier and
finetune the last layer to the pseudo-anomalies and the target frames. However,
issues with the pre-trained ResNet18 network occurred when trying to finetune
it. Only finetuning the last layer of the ResNet18 network resulted in the classifier
predicting the wrong labels for the frames. Alongside this, an issue with the loss
occurred, where the loss would go towards zero after only a few iterations. The is-
sue with the wrong classification was solved by finetuning the weights of all layers
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in the ResNet18 network, resulting in the classifier predicting more correct labels.
The loss issue was not solved entirely but limited by using the same learning rate
as the discriminator of the GAN network. This fix resulted in the loss not decreas-
ing as fast, but it reached zero after a couple of hundred iterations. These issues
were likely caused by the pre-trained network overfitting the training data. Instead
of using the pre-trained ResNet18 networks, it was decided to use a modified dis-
criminator architecture of OGNet [70] and train the classifier from scratch. Using
this discriminator the issue with the loss disappeared, and the classifier was able
to learn.

4.6.5 Results of pipeline evaluation

Quantitative results

As could be seen in table 4.2 the proposed system at its current stage is not able
to provide competitive results to other anomaly detection approaches. Comparing
it to the baseline it was not at all able to compete. This issue is due to how the
pipeline is constructed and the evaluation is conducted. First, since the evaluation
requires a generator in the evaluation, the pseudo-anomaly generator had to be
evaluated. Since the generator is adversarially trained, it tries to generate images
near out of the distribution of the target images. The psnr score is calculated using
the pseudo-anomalies and the target images. If the pseudo-anomalies are different
from what is assumed to be the target, the psnr score will be lower by default. This
results in a low AUC score.

(a) Iteration 100. Left: Normal frame. Right: Gener-
ated pseudo-anomaly.

(b) Iteration 700. Left: Normal frame. Right: Gener-
ated pseudo-anomaly.

Figure 4.37: Examples of generator input and outputs at different iterations during training of the
entire pipeline. The generator starts to generate frames that are too similar to the normal frames,
which makes it difficult for the classifier to distinguish between normal and abnormal frames.

Another issue that might have caused the result, is the fact that at some point
during the generation of the pseudo-anomalies, they become too similar to the
normal frames, with only slight differences. An example of the pseudo-anomalies
generated during the evaluation is seen in Figure 4.37 and Figure 4.38.
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In Figure 4.37 the pseudo-anomalies look different from the normal frames, in the
sense that they are more blurry and have a slightly different colour scheme. This
difference is especially seen in Figure 4.37a. Where in later iterations, the pseudo-
anomalies become too similar to the normal frames, with only slight differences,
as seen in Figure 4.38. This issue happens as the flow loss increase towards zero
(as explained in Section 4.6.3) and likely causes the classifier to classify normal
frames as pseudo-anomalies, which would result in a lower AUC score. It should
be noted that the evaluation of the pipeline was on a model with an inversion
factor of 0.6. As such, the pseudo-anomalies only had minimal differences from
the target frames. Thus, to further improve the pipeline, it is suggested to increase
the value of inversion factor to make the pseudo-anomalies more different from
the target frames (as documented in section 4.6.3).

(a) Iteration 5400. Left: Normal frame. Right: Gener-
ated pseudo-anomaly.

(b) Iteration 10000. Left: Normal frame. Right: Gener-
ated pseudo-anomaly.

Figure 4.38: Examples of generator input and outputs at different iterations during training of the
entire pipeline. The generator starts to generate frames that are too similar to the target frames,
which makes it difficult for the classifier to distinguish between normal and abnormal frames.

Qualitative results

Section 4.5.3 went through the qualitative results of testing the baseline and the
proposed system from chapter 3. The results showed that both the psnr score
and the classification score agreed on the classifications of frames and disagreed
on others. As seen in figures 4.28 and 4.22, the two scores primarily agreed on
the classification of the frames, and in figures 4.24 and 4.26 the two scores dis-
agreed on the classifications. Since the pipeline is a combination of the psnr score
and the classification score, the pipeline is more certain of the classification of the
frames that both the psnr score and the classification score agreed on. Thus on cer-
tain videos the pipeline gives better AUC scores. However, in evaluating the two
scores individually, the classifier only yielded a total AUC score of 55.46% which
is similar to randomly guessing the classification of frames. While the baseline
scored a total AUC score of 79.26%, which is lower than the official AUC score
of the original implementation of [39]. Since the pseudo-anomaly generator used
in the evaluaion, the psnr score calculated during the qualitative results are for
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the pseudo-anomalies. The psnr score is thus not calculated for the target frames,
which also lowers the AUC score.

Improvement to the proposed system

To improve the AUC score, a two-branch generator architecture is needed. In
the first branch, a generator takes care of generating the pseudo-anomalies. This
branch follows the same architecture as the currently proposed system and is
trained in the same way. The purpose of this branch is to get the classification
score used in the evaluation of the pipeline.

In the second branch a generator takes care of generating the predicted frames.
This branch is trained the same way as the first baseline [39] described in section
3.2.1. The purpose of this branch is to generate the psnr score used in the evalua-
tion of the pipeline. Also, with this branch, the classifier is trained on the predicted
frames instead of using the target frames. This update to the proposed system can
be seen in Figure 4.39.

+ve

Generator architecture

Anomaly feature extractor

Normal feature
extractor

Anomaly detection
dataset

Improved normal
distribution for

anomalies

Classification

GANpseudo

+ve Pseudo Anomaly

GANnormal -ve

-ve Normal

PSNR-score +
Classification

score

Figure 4.39: Updated proposed system with a second generator branch. The first branch generates
the pseudo-anomalies, and the second branch generates the predicted frames. The classifier is trained
on both the generated pseudo-anomalies from the first branch and the predicted frames from the
second branch.
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Both branches of the generator are jointly trained, and the classifier is trained on
both the pseudo-anomalies and the predicted frames.

4.7 Future work

For future work, a few things could be considered. First of all, improving the
architecture by adding the second branch of the generator as described in section
4.6.5 would take priority. This change to the proposed system would improve the
AUC score and make the pipeline more competitive. Secondly, the system should
also be evaluated on other anomaly detection datasets such as the USCD Ped1 and
Ped2 datasets [44] and Shanghai Tech dataset [76]. Evaluating the proposed system
on other datasets would give a better understanding of the performance. It would
also make it possible to compare the proposed system to other anomaly detection
methods, including the second baseline OGNet [70], as OGNet is only evaluated on
the Ped 2 dataset. Being able to compare the proposed system with OGNet would
be ideal as the pseudo-anomaly generation of the pipeline is in part inspired by
the pseudo-anomaly generation of OGNet.

Another thing that could be investigated further is the use of the flow loss. It was
briefly shown in the discussion of the results that increasing the inversion factor of
the flow loss generates pseudo-anomalies with more motion blur and fewer details,
than the inversion factor used in the evaluation of the proposed system. Potentially
by increasing the inversion factor of the flow loss, the pseudo-anomalies would be
more different from the normal frames, and thus the classifier might be able to find
a better decision boundary between normal and abnormal frames. This might also
help improve the AUC score of the pipeline



5 Conclusion

Due to the rare occurrence of anomalous scenes, anomaly detection is often seen
as a one-class classification and novelty detection problem. Anomalous scenes
are often not well represented in video surveillance applications and it can be al-
most impossible to collect enough representative data. The application of pseudo-
anomalies could improve the performance of anomaly detection algorithms. With
the above in mind, this thesis initially set out to answer the following research
questions:

• How can pseudo-anomalies be generated?

• How can pseudo-anomalies be used to improve the performance of anomaly detection
algorithms?

To answer the research questions a literature review was conducted to get an
understanding of artificial neural networks and their different architecture types.
As generating pseudo-anomalies is a task of generating new data, the literature
review also covered generative methods like GANs and diffusion models. Deriving
from the literature review, that GAN provides a good framework for generating
new data, a final problem statement was formulated:

How can a GAN pipeline be designed to generate pseudo-anomalies to improve the un-
supervised anomaly detection task?

With the problem statement in mind, a GAN pipeline was designed and imple-
mented with the overall purpose of teaching a model to distinguish between nor-
mal and abnormal scenes and predict when a frame in a sequence is anomalous.
The pipeline consists of three modules: a generator architecture, an anomaly fea-
ture extractor and a normal feature extractor. The generator architecture is trained
to generate pseudo-anomalies, the anomaly feature extractor extracts features from
the pseudo-anomalies and the normal feature extractor extracts features from nor-
mal frames. A classifier is trained on the extracted features to distinguish between
normal and abnormal frames. The pipeline is inspired by two promising baseline
methods: Future Frame Prediction [39] for the anomaly detection task and OGNet
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[70] for generating pseudo-anomalies.

Experiments were conducted on the generator architecture to find the most fea-
sible way to generate pseudo-anomalies. Preliminary experiments using an auto-
encoder as the generator architecture showed that adversarial training was needed
to generate pseudo-anomalies. Testing the baseline methods proved this to be true
as well. The experiments conducted with the proposed model sought to find the
best way to generate pseudo-anomalies. Initially, a DCGan architecture was used
as the generator architecture for generating pseudo-anomalies. However, the DC-
GAN architecture was only able to generate the background of the surroundings
in the training images, not moving objects. It is speculated that this is due to van-
ishing gradients or the problem of mode collapse. The DCGan architecture was
therefore replaced with a U-Net architecture.

Using a U-net architecture the generator was able to generate moving objects in
the scene. To generate the pseudo-anomalies the generator was trained with a com-
bination of the losses used by a baseline method and kullback-leibler divergence
loss. However, using kullback-leibler divergence loss the pseudo-anomalies were
too far out of distribution from the training data, as it is likely that kullback-leibler
loss is only working on a histogram of frames. The generator architecture was in-
stead trained using the losses introduced by the baseline method and inverting the
flow loss. With this setup, the generator was able to generate pseudo-anomalies
from the training data. A larger inversion of the flow loss shows promise as more
motion blur is added to the pseudo-anomalies. Alongside the generator architec-
ture, a classifier was trained to distinguish between normal and abnormal frames.

The entire pipeline was evaluated on the CUHK Avenue dataset in which quan-
titative and qualitative results were assessed. The quantitative results were a com-
parison between the proposed system and state-of-the-art methods of anomaly
detection using the AUC score as the evaluation metric. For the proposed pipeline
the AUC score was modified to include both a classification score and a psnr score.
Evaluating the pipeline on the anomaly classification index of the classification
vector, the proposed pipeline achieved an AUC-score of 68.35%, 16.75% lower
when compared to the baseline method. Evaluating the pipeline on the normal
classification index of the classification vector, the proposed pipeline achieved an
AUC-score of 72.42%, 12.68% lower when compared to the baseline method. These
low-performance scores are likely due to two reasons:

1. The pseudo-anomaly generator is the generator evaluated when calculating
the psnr scores.

2. At some point during the generation of the pseudo-anomalies the frames
become too similar to the target frames.
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The qualitative results served as a visual confirmation of how well the pipeline
performed the task of anomaly detection. The classification score, psnr scores and
ground-truth labels were combined in a plot to visualize the performance of the
pipeline on each video in the testing set of CUHK Avenue. These results showed
that the pipeline, in some videos, was able to detect the same anomalous frames
as the baseline method, whereas in others the pipeline was not able to detect any
anomalous frames. It is speculated that the pipeline is not able to detect anomalous
frames in videoes where there is little movement in the background scene.

While the pipeline, at its current stage, is not able to provide competitive results,
it is still believed that introducing pseudo-anomalies to the anomaly detection task
is a promising approach. To improve the performance of the pipeline, it is proposed
for future work to introduce a second branch to the generator architecture. This
branch is to be trained to generate normal frames, to calculate a more correct psnr
score.

Future work on the pipeline can be summarized as follows: Firstly, improving
the pipeline by introducing a second branch to the generator architecture takes
priority. However introducing a second branch to the generator architecture will
likely require a larger GPU, than the one used, in terms of memory. Secondly, the
pipeline should be evaluated on other anomaly detection datasets, such as USCD
Ped2 [44] and ShanghaiTech [76]. Lastly, it should be investigated how large the
inversion factor of the flow loss can be before the pseudo-anomalies generated are
too far out of distribution from the training data.
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A Resources

A.1 Github repository

A github repository has been created to host the code used in this thesis. The
repository can be found at: https://github.com/TheCanMoun10/VGIS10_GAN
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B Prior report

This chapter contains a literature review regarding recent developments in the
usage of diffusion models in image-to-image translation (I2I) and style transfer
methods. Recent work in the field of applying diffusion models to I2I tasks will be
reviewed, as these will give insight into how a diffusion model can be developed
to do the task of RGB to Thermal style transfer.

Thermal cameras are a reliable choice under low light conditions, in places where
occlusions occur regularly, and during night time. An added benefit of using and
working with thermal images is its privacy-preserving characteristics [34]. which
is of great importance in the context of compliance with video surveillance with
respect to the General Data Protection Regulation (GDPR) in the European Union
[19, 69]. Having thermal activity recognition datasets could also help in detecting
activities in low-light and nighttime settings. There is however a limited amount of
datasets which does have a thermal counterpart - which is also the case for activity
recognition datasets. For this reason, style transfer from the RGB domain to the
thermal domain is a much-needed method, as it allows for the creation of potential
multi-modal datasets from a single dataset. In computer vision, the task of trans-
ferring one possible representation of a scene into another, such as RGB imagery to
thermal imagery can be described by the terms style transfer" or "image-to-image
translation". By traditionally using CNNs, style transfer allows for mathematically
accurate definitions of the contents and styles of images [18]. Having both content
and style of the images, loss functions, which describe the difference between the
style and content of two images, can be defined [18]. Applying backpropagation
the the pixels of one image may be updated to more closely resemble the style or
content of the other image [18]. The ThermalGAN framework [35] have provided
promising results in style transfer from RGB to thermal domain images, for use
in person re-identification. Through the use of metadata, Kniaz et al. can produce
realistic and diverse images that show small temperature contrasts [35]. However,
more often metadata is not readily available for the style transfer task.

Research shows that including information from different modalities improves
the performance of deep neural networks, but existing datasets are often lacking
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Figure B.1: Results on indoor images using images from the VAP dataset [54]. The second row is
ground truth images. The bottom row is the synthetic images created from the model made in [13,
12].

in terms of the number of modalities. It would therefore be preferable to perform
a translation task from RGB to the thermal domain, which helps to generate the
thermal counterpart of the existing RGB datasets. Some of the initial efforts, from
a previous semester project, successfully translated the RGB to the thermal domain
with the help of generative adversarial network (GAN) based methods [13] [12].
However, the GAN-based methods can suffer from "mode collapse", where they fail
to cover the entire distribution. Results from the semester project showed that the
approaches work well for the translation of indoor scenes in Figure B.1. However,
the method fails to work for outdoor scenes shown in Figure B.2.

Figure B.2: Results on outdoor images. The image to the left is an outdoor image from the KAIST-
Multispectral Pedestrian dataset [27]. The image to the right is a synthetic outdoor image created by
the model in [13, 12]

A new class of models emerged recently that resolved this issue, these models
are known as "diffusion models" [50]. The goal of this project is to explore diffusion
models for translating RGB images to the thermal domain.
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B.1 Prior work

B.1.1 Image synthesis for action localisation

The main purpose of this semester is to investigate how a computer vision system
could be designed to localise actions in a large thermal dataset [12]. With the
project a three-step proof of concept pipeline is introduced capable of (1) applying
domain transfer models in the form of GANs (Pix2Pix [29] and CycleGAN [77]) to
generate synthetic thermal action localisation dataset, (2) training and finetuning
an action localisation network with the new thermal dataset and (3) providing
annotations for any actions localised in large thermal dataset [51] by utilising the
thermal action localisation network [12]. For the action localisation, the pipeline
utilises the You Only Watch Once (YOWO) framework [37]. The proposed pipeline
can be seen in Figure B.3. The focus of the report was limited to working on
creating a style transfer model, and since Pix2Pix [29] and CycleGAN [77] were
utilised both a supervised and unsupervised style transfer model was created. For
the supervised approach, the model was trained on 4162 RGB-Thermal image pairs
from the KAIST-dataset [27], and parameters were trained on 1617 images from the
same dataset [12]. The unsupervised approach was trained on a dataset containing
4006 images in total from both the RGB (2003) and Thermal (2003) domains.

Results from testing how different parameters affected the resulting synthetic
image were less than ideal. It was shown that the supervised approach using
Pix2Pix was able to synthetically generate images that were close to converging
into the thermal domain [12]. Whereas the unsupervised approach only was able to
generate images that looked like grayscale images. Figure B.4 shows the resulting
comparison study of the models with the ground truth thermal images from the
KAIST dataset.

B.1.2 Image Synthesis: RGB to Thermal Domain

Extending on the work from the semester report a scientific paper was also cre-
ated 1 where the focus is to introduce a GAN pipeline which can do style-transfer
from the RGB domain to the thermal domain in both a supervised and unsuper-
vised approach, without the need for metadata using well known GAN approaches
(Pix2Pix [29] and CycleGAN [77]), to address the scarcity of paired thermal datasets
[13]. The generator’s capability to produce thermal images was tested by applying
different data augmentations from torch-vision to the dataset. In total three aug-
mentations were tested and applied to the VAP dataset [54] in order: Autocontrast,
Adjusting sharpness of images, and applying Gaussian blur. Both models use most
of the original implementations from [29] and [77], with minor changes to the data

1Has yet to be published, still a work in progress.
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Figure B.3: The proposed system from the Image synsthesis for action localisation report [12]. Step 1:
Style transfer, depending on which architecture is used either paired images or unpaired images from
RGB and Thermal domain are used to generate the Style transfer model. Step 2: Action localisation
in RGB domain, the YOWO framework is trained on one of three action localisation datasets to
generate an action localisation and classification model. Step 3: The model from step 1 is used to
fine-tune the model from step 2 to generate a thermal action localisation and classification model,
which is used to annotate the Long-term Thermal Drift dataset [51].

loader of each model. The models were evaluated through ablation to decide on
the best model parameters. After determining the best model parameters for the
supervised approach, it was trained for 20 epochs and its ability to generate syn-
thetic images was tested after 5, 10, 15 and 20 epochs. This led to the conclusion
that the model was still learning even after 20 epochs, and it was as such trained
for 50 epochs to see how the model performed the translation, the result of this
test can be seen in the bottom row of Figure B.1. The unsupervised approach was
tested on how well the different epoch steps translate to the thermal domain, due
to it being computationally heavy (two generators and discriminators are trained).
Like in [12] the unsupervised approach provided less than stellar results and only
the supervised approach was evaluated for a final test. To assess the quality and
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Figure B.4: Comparison study from the Image synsthesis for action localisation report. The top row
shows the RGB images given as input to the models, the second row shows the ground truth thermal
images, the third row the thermal images generated by the supervised model, fourth row the thermal
images created by the unsupervised model [13].

performance of the model a survey with 30 participants was conducted, in which
they were asked how well a randomly chosen synthetic image resembled the re-
spective ground truth thermal image (sample images can be seen in the bottom
row of Figure B.1). 34% of respondents thought the synthetic images had a 90%
resemblance to the ground truth images, 32% thought the synthetic image had a
75% resemblance to the ground truth images, and 13% thought the synthetic im-
ages had a 100% resemblance to the ground truth images. The survey results can
be seen in figure B.6

As the paper has yet to be published (as of the writing of this thesis) the con-
tribution the paper will serve is a style transfer model that is capable of creating
synthetic thermal images from any set of RGB images. At its current stage, how-
ever, the model has some limitations in its performance on outdoor images. It is
not able to properly translate outdoor images to the thermal domain as there is
noise the model is not able to account for (examples of this can be seen in Figure
B.2), and it lacks some form of novelty to distinguish it from other domain-transfer
approaches such as [35] and [75]. Thus it is the hope that with this thesis, the
novelty of the paper can be introduced.
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Figure B.5: The proposed system from Image synsthesis: RGB to thermal domain [13].

Figure B.6: Survey results of the final model in [13]. A combined 79% thought the synthetic images
had a resemblance of 75% and above.



C Diffusion Models

C.1 Recent developments in image synthesis

In recent years diffusion models have seen a rise in usage across the field of image
synthesis. Ranging from anywhere between Person Image Synthesis [6], Unpaired
Image translation [60] to High-resolution and High-fidelity image synthesis (super-
resolution) [57, 63] as well as other areas [59, 73, 15, 9]. The reason Diffusion
models have become a topic of large interest in computer vision is due to their
generative capabilities. Diffusion models can generate images with a great level
of detail and are also able to generate many diverse generated examples [11]. A
diffusion model’s ability to learn the latent representation of an image or image
domain has also shown to be useful when applied to discriminative tasks such as
anomaly detection and classification [11].

C.1.1 Diffusion model framework

Diffusion models can be seen as a class of probabilistic generative models learning
to reverse a process that has gradually destroyed the training data (usually in the
form of gradually adding noise to the training data) [11]. This is what the original
idea of the models stems from modelling a specific distribution from random noise
[67]. Meaning that the distribution of the generated samples should be as close to
the original sample as possible [67]. Common for all diffusion models is that they
share the same baseline processes: Foward and Backward diffusion [67, 11, 14], see
Figure C.1.

In the forward process, the noise is added to the images, done through a Markov
decision process. The noise added usually only depends on the previous image in
the training dataset, and it is sampled using a conditional Gaussian distribution
with a mean that depends on the previous image and a fixed variance [14]. The
noise added to the images is specified by a variance schedule, that describes how
much noise is added to the images at a specific time step [14, 67]. The reverse
diffusion process called reverse diffusion, is where the strength of the diffusion
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Figure C.1: Forward and backward process of a diffusion model. During the forward process noise
(often Gaussian noise [14]) is added to the input image at each time step gradually destroying it,
using a noise scheduler. The forward process is fixed. The backward process is a learnable process
often utilizing UNets [14, 50]. The transition from one latent to another in the latent space is learned
at random time steps. Doing sampling all time steps are sampled to reconstruct the input image.

models are - since the goal of the model is to learn the reverse process [67]. The
reverse process can be done by training a neural network (usually done using U-
Nets [14]) to approximate the probabilities such that the diffusion can be reversed
[67]. The backward process starts at a given time-step with Gaussian noise with
zero mean and unit variance [14]. Given the current time-step, the transition from
one latent to the next latent in the latent space is predicted, making the model learn
the probability density of an earlier time-step [14]. During training the timesteps
in the process are randomly sampled, such that it does not go through the entire
sequence of noisy images. At sampling, however, all timesteps are sampled, as the
process has gone from pure noise to a final image [14].

For this thesis, two papers detailing diffusion models were found relevant for
the project to get a baseline diffusion model working.

C.1.2 Improved Denoising Diffusion Probabilistic Models

In [50], a paper by OpenAI, Nichol and Dhariwal show that with simple modifi-
cations denoising diffusion probabilistic models (DDPMs) can achieve competitive
loglikelihoods and still maintain high sample quality when compared to GANs.
Additionally, this comparison precision and recall is used to compare how well a
DDPM covers the target distribution to a GAN [50]. To study the effects of different
modifications to a DDPM network, Nichol and Dhariwal train fixed model architec-
tures with fixed hyperparameters on the CIFAR-10 (which has seen its fair usages
for DDPMs) and ImageNet 64 × 64 datasets [50]. In the context of DDPMs the Im-
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ageNet 64 × 64 dataset provides a good trade-off between diversity and resolution
- allowing a model to be trained quickly and without the worry of overfitting. Im-
ageNet 64 × 64 has also been largely used in generative modelling, which allows
for a comparison between DDMPs and GAN models [50]. Nichol and Dhariwal
suggest improvements for some aspects of DDPMs: the log-likelihood and the
noise schedule. For the log-likelihood Nichol and Dhariwal take their baseline in
the work of Ho et al.[26], and found they could achieve an initial boost in the log-
likelihood by increasing the number of diffusion steps from 1000 to 4000 [50]. In the
original implementation by Ho et al. [26] the variance in the Gaussian distribution
is fixed and not learned by the network. To improve the log-likelihood Nichol and
Dhariwal suggest that variance should be learned. They suggest parameterizing
the variance as an interpolation between an upper and lower bound βt and β̃t in
the log domain. In improving the noise scheduler, Nichol and Dhariwal found that
a linear noise schedule (like the one used in [26]) works well for high-resolution
images, although it works sup-optimal for 64× 64 and 32× 32 images. Particularly
they found that the end of the forward noising process is too noisy, which does not
contribute much to the sample quality. The linear schedule falls towards zero fast
and thus destroys information faster than necessary [50]. Instead, a cosine noise
scheduler is proposed which has a linear drop-off in the middle of the diffusion
process, and near the extremes (the beginning and the end) changes very little
in the noise. For these two changes, Nichol and Dhariwal achieved competitive
log-likelihood results with some of the best convolutional models. Their model is
however worse when compared to fully transformer-based models [50].

GAN Comparison

For more coverage comparing the likelihoods of other DDPMs is a good proxy,
however, it becomes difficult to compare GANs when only this metric is used.
Nichol and Dhariwal instead use precision1 and recall2 when comparing with
GANs.

Injecting class information through the same pathway as the timestep, in the
form of embeddings, Nichol and Dhariwal allow their models to be class-conditional.
They compare their DDPM model performance with the performance of the BigGAN-
deep model [7], by training a small and large model. They found that BigGAN-
deep outperforms their smaller model in terms of the Frechet Inception Distance
(FID), while it struggles in terms of recall [50]. The samples generated in their test-
ing can be seen in Figure C.2, where there is a high diversity in each of the classes

1A metric which penalizes false positives. Models with high precision are cautious in the process
of labelling an element as positive. [24]

2A metric which penalize false negatives. Models with high recall go toward positive classification
when in doubt.[24]
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Figure C.2: Class conditional sample images sampled from ImageNet. Classes include ostrich,
goldfinch, flamingo, redshank, pekinese, papillo, drake and spotted salamander. [50]

which suggests good coverage of the target distribution. With this comparison,
Nichol and Dhariwal show that diffusion models are better at covering different
modes of distribution than some comparable GANs [50].

Model training

The models trained by Nichol and Dhariwal were trained with 4000 diffusion steps
and accordingly producing a single sample takes several minutes on modern GPUs
[50]. For ImageNet they trained the models for 500K and 1500K training iterations,
and for CIFAR-10 the models are trained for fewer iterations 200K and 500K. Dur-
ing model training, they found that having fixed variances their models suffer
much more in sample quality compared to learnt variances when using a reduced
number of sample steps. For the sampling of their models, they apply 100 steps to
achieve near-perfect FID scores for their fully trained models. [50]

C.1.3 UNIT-DDPM: Unpaired Image Translation with Denoising Diffu-
sion Probabilistic Models

In [60] Sasaki et al. propose an unpaired image-to-image translation method us-
ing DDPMs that requires no adversarial training. Traditionally for image-to-image
translation tasks, a style transfer DNN that preserves the semantic content is used,
these are also used in the randomization of image styles. Instead of using adversar-
ial networks as their backend, Sasaki et al. propose to use a DDPM to mitigate the
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limitation of unstable training and improve the quality of generated images [60].
Applying the latent information approximated by DDPM the UNIT-DDPM learns
different domains of images and connects between the latent of the domains. Ad-
ditionally, as a result, UNIT-DDPM allows for gradual sampling from noise (which
is progressively denoised to images) with the target domain in a way that is related
to the input source domain images.

The aim of [60] is to develop image-to-image translation between different im-
ages whose distribution is formed by a joint probability. Meaning the model,
through empirical risk minimisation, learns the parameters of the models from
a given data set of the source domain and target domains and subsequently infers
the target domain images from the source domain images [60]. Usually in the in-
ference of image translation, domain translation functions are used to translate the
input images from the source to the target domain. By utilizing DDPMs in image-
to-image translation these domain translation functions are no longer needed. The
target images are synthesised, in a progressive manner, from the noisy domain im-
ages and the Gaussian noise, and during sampling the generative process is con-
ditioned on the input source domain images perturbed by the forward diffusion
process [60].

UNIT-DDPM evaluation

Sasaki et al. evaluate their model against prior unpaired image-to-image transla-
tion methods on publicly available datasets, where the ground truth input-output
image pairs are available [60]. One such dataset is the KAIST Multispectral Pedes-
trian Dataset [27].

For the baselines the inferred output images from UNIT-DDPM are compared
both quantitatively and qualitatively to CycleGAN, UNIT, MUNIT and DRIT++
[60]. For the datasets, all images are resized to 64 × 64 before initializing training.

The denoising models of UNIT-DDPM are implemented using U-Net (based on
PixelCNN and Wide Resnet). They use the same sinusoidal position embedding
as Ho et al [26] to encode the timestep and linear schedule, but the Swith unit
is replaced with a Rectified Linear Unit (ReLU) and the group normalization is
replaced by batch normalization. To reduce the computation time the self-attention
block is removed. For the domain translation functions utilize ResNet architectures
with the same depth of layers as the U-Net. During training the pair of training
samples and fake domain samples are concatenated as the input. The model was
trained with a batch size of 16 and 20,000 epochs using an ADAM optimizer. Figure
C.3 shows a comparison between UNIT-DDPM and the baselines it is compared
against. It can be seen that UNIT-DDPM qualitatively generates more realistic
images. Sasaki et al. also found that UNIT-DDPM also did not suffer from mode
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Figure C.3: Comparison of UNIT-DDPM with ground truth, CycleGAN, UNIT, MUNIT and DRIT++.
Visually adapted from [60]

collapse and model training was more stable due to not having adversarial training
[60].

Although UNIT-DDPM shows promising results there are certain limitations to
the model. The model fails to learn global information of images when the im-
ages are of a higher resolution of the images are more than 64 × 64. Sasaki et al.
found this limitation when they tested images with a resolution of 256 × 256 with
the same network architecture and learning parameters as the lower-resolution im-
ages. Another drawback of the model is the inference time for image generation
of DDPM. This drawback is stated to be solvable by either modifying the Marko-
vian process such that the model implicitly models or by reducing the timesteps
by using a learnable variance (like suggested in [50]) [60].

C.1.4 Remarks on diffusion model usage

Initially, it was planned to get a baseline of a diffusion model running such that
a diffusion model (DM) framework for RGB to thermal style transfer could be
created. However, upon researching and testing the topic it has become apparent
that getting a baseline DM running is harder than initially thought and the time it
takes to train a model is longer than thought. Ideally, the baseline for this report
would be to run UNIT-DDPM [60] and test its different capabilities in the style
transfer task. Here the trouble arose in the source code not being readily available
for usage, as the authors are still working on fixing the problem of high-resolution
images (larger than 64 × 64), additionally, the time taken to train a model was
about a week on a 10GB memory GPU computer [25].

As an alternative baseline, getting the diffusion model from [50] running was
tried, as the source code for this specific model is publicly available [52]. Getting
the model to run on a cloud server with an available NVIDIA A40 GPU was rela-
tively feasible. A model was initialised to train on the CIFAR-10 dataset for 1000
diffusion steps, however, training got stuck after two days of running the training
on step 780, and the training was aborted after four days. This either implies a
fault in the code or how the training was set up made the training get stuck. As for
sampling the process took a bit shorter around one day to sample 10.000 images.
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In total, it took five days to run a full run of the diffusion model. Although it was
not a successful training it still gave an insight into how long training a diffusion
model from scratch can take even on a dataset containing low-resolution images
(32× 32), with basic parameters. Depending on the amount of testing to be done in
the experimental phase of the project, it could potentially take more than one week
to finish one test, taking anywhere between three to seven weeks of testing models
and that is assuming the first initial test would be yielding a good result. With this
assumption, it has been deemed that is not feasible to be able to finish a model and
the report on time, thus the project will be going in a different direction.

Instead of focusing on diffusion models, the project will instead focus on anomaly
detection using outlier exposure and fake outlier generation-based GANs, by the
use of OpenGANs. This change of topic still relates the project to style transfer and
has been deemed more manageable in the given time frame for the project.



D Qualitative Results

D.1 Qualitative results of the proposed system

D.1.1 Video 3

Figure D.1: Evaluation of the pipeline on video 3. The ground truth abnormal frames are marked
with red boxes.
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D.1.2 Video 4

Figure D.2: Evaluation of the pipeline on video 4. The ground truth abnormal frames are marked
with red boxes.
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D.1.3 Video 6

Figure D.3: Evaluation of the pipeline on video 6. The ground truth abnormal frames are marked
with red boxes.
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D.1.4 Video 17

Figure D.4: Evaluation of the pipeline on video 17. The ground truth abnormal frames are marked
with red boxes.



D.1. Qualitative results of the proposed system 81

D.1.5 Video 18

Figure D.5: Evaluation of the pipeline on video 18. The ground truth abnormal frames are marked
with red boxes.
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D.1.6 Video 21

Figure D.6: Evaluation of the pipeline on video 21. The ground truth abnormal frames are marked
with red boxes.
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