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Abstract

This paper addresses the following hypothetical situation: suppose that we want to train an object

detection algorithm but that only low resolution data is available. As a tentative solution to this prob-

lem, this paper suggest to first super-resolve the low resolution data to obtain higher resolution data

that is then fed to the object detection algorithm. Super-resolution is a technique that takes a lower

resolution image and “paints” in extra details in a very convincing way to produce a higher resolution

output. To evaluate this approach, this paper trains the object detection model on to separate datasets:

4⇥ down-sampled and subsequently super-resolved images and the original images. For super-resolution

we use ESRGAN which is based on RaGAN. Quantitative comparison suggests that there is little di↵er-

ence between the two networks and thus provides some support for the approach explored in this paper.

Qualitative comparison indicates that this technique only works in certain cases–when super-resolution

results in images that can properly be annotated. If the contrast between the objects of interest and

the background is great enough, then super-resolution will result in much clearer images that are easily

annotated. In this particular scenario, using super-resolution to train object detection algorithms rep-

resents a feasible solution to the hypothetical situation assessed in this paper. This approach is tested

in the context of detecting social distancing violations in restaurants using areal footage. This is of high

relevance in 2020 due to the ongoing Coronavirus pandemic.

1



Popular Abstract

This paper addresses the following situation: suppose that we want to train an object detection model

but we only have access to low resolution data. This situation can emerge if we wish to use satellite data

and detect “smaller,” for instance table sized, objects. The particular application of interest is to use

satellite data to monitor violations of social distancing guideline imposed during the COVID-19 pandemic.

As a tentative solution to the above problem, we suggest to first super-resolve the low resolution data

to obtain a higher resolution dataset. This dataset is subsequently fed to an object detection model.

Super-resolving these low resolution images might allow for the human eye to detect the presence of the

objects of interest. If this is the case then the images can be annotated and used as training data for

an object detection model. To assess the suggested approach, this paper uses drone footage shot over

Lund, Sweden. The drone footage is of very high resolution compared to satellite imagery. To simulate

the hypothetical scenario stated above these images are down-sampled to produce low quality images.

Down-sampling will reduce the amount of pixels in the images and thus make it more blurry. To assess

the merit of the suggested approach we train an object detection model on two separate datasets: the

original images and images that have been down-sampled and subsequently super-resolved. The relative

performance is the assessed both qualitatively, by visually observing the out, and quantitatively, by using

some commonly used performance metrics from computer vision. In this paper we also show that it is

possible to use the down-sampled and then super-resolved images the train an object detection algorithm

to detect tables in the outdoor seating area of restaurants. To further show the utility of this application

we create a program that will detect the distance between the center of the detected tables. The purpose

of this additional feature is to detect violations of social distancing regulations imposed as a measure to

curb the spread of COVID-19.

The key mathematical component in this paper is the Generative Adversarial Network (GAN). The

original GAN was introduced in 2014 and have since received a lot of attention. GANs are essentially

trying to solve the problem: given that we have a dataset of objects with a degree of consistency, can we

generate similar objects artificially? The GAN trains a generator which generates the artificial objects

by pitting it against a discriminator in a minimax game. Perhaps the best way to build some intuition

is with the following analogy. The generator can be thought of as a team of counterfeiters trying to pro-

duce some fake product, for instance currency. The discriminator can be thought of as the police, that is

trying to catch the counterfeit currency but at the same time allowing genuine currency to be circulated.

Competition between the counterfeiters and police will result in iterative improvement until the counter-

feit currency is indistinguishable from the genuine currency. GANs have several interesting applications

and in this paper we are concerned with super-resolution. Super-resolution is an image transformation

task which involves estimating a higher resolution image from it’s low resolution counterpart. This is a

fundamentally ill-posed problem as there are myriad of high resolution images that could be associated

with the low resolution counterpart. GANs are useful in super-resolution as the generator can produce a

higher resolution image by “painting” details into the lower resolution image in a perceptually convincing

way.

This project shows that it is possible to use the suggested approach to train a model that is able to

detect violations of social distancing regulations using down-sampled drone footage. For this method to

work it is crucial that the super-resolved images can be properly annotated. Annotating involves marking

bounding boxes around the objects of interest and giving them a label. If these objects are not identifiable,

then they cannot be annotated and the object detection model will be penalized during training for

correctly predicting objects at these locations. For super-resolution to produce clearer images that are

easily annotated it is important that the contrast between the object of interest and the background is

su�ciently high.
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1 Introduction

Since its introduction in 2014 by [1] Generative Adversarial Networks (GANs) have received a lot of attention.
GANs train the generator by pitting it against a discriminator in a minimax game. Perhaps the best
way to build some intuition is with the following analogy. The generator can be thought of as a team
of counterfeiters trying to produce some fake product, for instance currency. The discriminator can be
thought of as the police, that is trying to catch the counterfeit currency but at the same time allowing
genuine currency to be circulated. Competition between the counterfeiters and police will result in iterative
improvement until the counterfeit currency is indistinguishable from the genuine currency. GANs have
several interesting applications and in this paper we are concerned with the image transformation problem
called super-resolution. Super-resolution is a technique that involves estimating a high resolution image from
its lower resolution counter-part [2]. This is a fundamentally ill-posed problem since there are a myriad of
possible high resolution images that associated with the low resolution input. Going from the lower resolution
image to the high resolution one requires add extra detail into the image. GANs lend themselves well to
this task as the generator can be used to “paint” in additional information in a visually very pleasing way.
Using GANs for super-resolution was first introduced in Super-resolution Generative Adversarial Network
(SRGAN) by [2] and then further developed in Enhanced Super-resolution Generative Adversarial Network
(ESRGAN) by [3]. In this paper, we suggest using ESRGAN to super-resolve low quality images before
being fed to an object detection model. The purpose of this exercise is to address the following hypothetical
situation: suppose you need to train an object detection model but that you only have access to low resolution
images. The practical situation of interest in this paper is when you need to use areal footage, mainly in terms
of satellite imagery, and that these images come in too low resolution for them to be properly annotated and
used as training data in an object detection model. Super-resolving these low resolution images might allow
for the human eye to detect the presence of the objects of interest. If this is the case then the images can
be annotated and used as training data for an object detection model. For further inference, new previously
unseen data can be super-resolved before being given to the object detection model.

To evaluate the suggested approach, this paper uses drone footage shot over Lund. The original imagery
is of very high resolution and will therefore be used as control. To simulate the hypothetical scenario stated
above these images are 4⇥ down-sampled to produce low quality images. So, instead of the original images
which are 1280⇥720 the low quality images are only 320⇥180. These images are subsequently super-resolved,
resulting in images that are again 1280 ⇥ 720. We then train two separate object detection models on the
original images and the images that have been down-sampled and then super-resolved. The merit of this
approach is evaluated by comparing the performance of these two models. In this paper we also show that it
is possible to use the down-sampled and then super-resolved images the train an object detection algorithm
to detect tables in the outdoor seating area of restaurants. To further show the utility of this application
we create a program that will detect the distance between the center of the detected tables. The purpose of
this additional feature is to detect violations of social distancing regulations imposed as a measure to curb
the spread of COVID-19. The longer term objective of this project is to use satellite imagery, instead of
drone imagery, to help monitor adherence to social distancing guide lines. The results in this paper should
be considered as a proof of concept towards that objective.

The rest of the paper is organized as follows. In chapter 2 we will cover briefly the most relevant
theory for this paper. We will start by looking at the mechanics of MLPs and then more specifically
convolutional neural networks (ConvNets). This is followed by a brief overview of some standard gradient
based optimization techniques. This is relevant for training both super-resolution and object detection
algorithms. We will subsequently go into the mechanics of the main models in this paper. The focus will
be on the most important statistical mechanics behind ESRGAN. For the sake of brevity we will remain
largely agnostic about other details. This is a paper that is fundamentally practical in nature and we do
not aim for theoretical rigor and completeness. Both ESRGAN and YOLO are state of the art models from
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their respective field and thus contain a lot of bells and whistles. To give a complete account on all details
is simply beyond the scope of this paper. Hence, we only stress the parts that are of most importance from
the perspective of mathematical statistics. In chapter 3 the actual implementation is carried out. Here we
discuss data considerations, training of the model, and our final results. Finally in chapter 4 we conclude
and discuss several important limitations and suggest improvements that can be made to the approach taken
in this paper.

Figure 1: Overview of suggested approach. We start with low resolution input, in this case we have images
that are of low resolution. The low resolution input is then super-resolved yielding higher resolution data.
This is subsequently treated as the only data seen by the object detection algorithm—both for training and
testing.

2 Theory

2.1 Deep learning

2.1.1 MLPs

Multilayered perceptrons (MLPs), also called feedforward neural networks, are one of the most common
deep learning models. They are called feedforward as information only flows in one direction (i.e. unlike
recurrent neural networks there are no feedback connections)[4]. The objective of MLPs are to approximate
some function of interest. For instance, for a classification model, this function is the mapping of input into
categories. When training the model, or using it for prediction, only the value of the output layer is shown.
It is for this reason that the other layers are usually referred to as hidden layers. Deeper models tend to
perform better [5]. The notion that deeper is better played a central part in the development of many famous
architectures such as VGGnet [6] and ResNet [7] [8]. Nevertheless, a MLP with only one hidden layer is
su�cient to approximate any function. This is a result called the universal approximation theorem [9] [10].
In particular, the universal approximation theorem states that any MLP with a linear output layer and at
least one hidden layer with any “squashing” activation function (e.g., logistic sigmoid) can approximate1

any Borel measurable2 function from one finite-dimensional space to another given that the network has
su�cient hidden units. Note that the universal approximation theorem only guarantees that there exists
a MLP that approximates any function arbitrarily well. However, there is no guarantee that the training
algorithm that we are using is able to learn that function [4].

1
With any non-zero error.

2
Following [4] we do not dive into the specifics of Borel measurability but only recognize that any continuous function on a

compact (closed and bounded) subset of Rn
is Borel measurable.
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2.1.2 ConvNets

Convectional Neural Networks (ConvNets) are MLPs that applies the convolution operator in at least one
of its layers [4]. When dealing with ConvNets one usually is required to work with higher order matrices
(i.e. tensors). For instance, the input in a ConvNet is usually an colored image which is an order 3 tensor.
This image will be stored as a H ⇥W ⇥D tensor where H and W is the high and width of the image (e.g.,
1280 ⇥ 720) and D represents the color channels (usually RGB format3). To make working with tensors
more convenient, we occasionally want to store it as a long vector. For instance, we might like to store the
colored imaged as a HWD⇥1 vector (which is an order 1 tensor). We will denote the vectorization as vec(·).
Consider the following example for an order 2 tensor:

A =


1 2
3 4

�
, vec(A) =

2

664

1
2
3
4

3

775 . (1)

Following [11], we use equation 2 to give an abstract description of ConvNets:

x1
! w1

! x2
! ...! xL�1

! wL�1
! xL

! wL
! z. (2)

This represents the forward pass. The input, x1, an order 3 tensors goes through the L layers and results in
an output xL

. The parameters in layer i are denoted wi
.
4 For a classification problem with C classes5, xL

would be a C dimensional vector, where each component i represents the probability that the input is from
class i. To make xL a valid probability mass function, a transformation such as the softmax is commonly
used. z in the final “layer” represents the loss. This is used to train the model. The loss will quantify the
disagreement between the predicted output and the ground truth. For predictions we pass the input forward
through to model. For training, we are interested in the both directions: a forward and backward pass [11].
The most common approach to training is using some version of gradient descent. The parameters in the
i-th layer follow the update

wi = wi
� ⌘

@z

@wi
(3)

As mentioned below, it is usually wasteful to compute the gradients for the entire sample and thus stochastic,
also called stochastic mini-batch, gradient descent is most frequently used instead. The backward pass is
used to simplify the task of calculating the gradients. In error back propagation, back propagation, or simply
backprop, two sets of gradients are computed in each layer[11]:

•
@z

@wi as in (3) is used to update the current i-th layer and

•
@z

@xi which is used to update the parameters in the (i � 1)-th layer (i.e. to update the parameters
backwards).

In order words, for each layer i we compute the partial derivatives of z with respect to the input xi and
parameterswi of that layer. Since xi is the output of the (i�1)-th layer, the second term can be thought of as
the part of the “error” supervision information propagated from z backward to the current layer. Continuing
in this layer by layer fashion one can back propagate all the way from z to the input layer. Hence, the term
back propagation.

3
RGB stands from red, green and blue. Each channel takes a value from 0 to 255. For instance, the color red is (255, 0, 0).

4
Here the biases (intercepts) bi are ignored for simplicity. We will later use the notation ✓i

:= (wi, bi) to also include biases.
5
The classification problem of interest in this paper only has one class: tables.
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2.1.2.1 ReLU The mapping of semantic information contained in an image into a class prediction is
highly nonlinear [11]. The rectified linear unit (ReLU) is a commonly used layer to introduce nonlinearity into
ConvNets without su↵ering from issues of vanishing and exploding gradients associated with, for instance,
logistic sigmod layers [4]. Suppose that we are in the l-th layer with input xl

2 RH
l⇥W

l⇥D
l

. This layer will
transform xl into output y which is also the input of the (l + 1)-th layer, xl+1. Any input in the order 3
tensor xl is given by the triplet (il, jl, dl), where we follow [11] in using zero-based indexing convention such
that 0  i

l
< H

l
, 0  j

l
< W

l and 0  d
l
< D

l. The ReLU can then be written as

yi,j,d = max{0, xl

i,j,d
} (4)

with 0  i
l
< H

l = H
l+1

, 0  j
l
< W

l = W
l+1 and 0  d

l
< D

l +D
l+1 since the ReLU does not alter the

size of the input. The intuition behind ReLU is as follows. Suppose that x
l

i,j,d
> 0 if the region inside an

image contains patterns that can be used to identify, for instance, a dog. If it does not have these patters
then x

l

i,j,d
 0. ReLU will then only “activate” with from images that contain these useful patterns [11].

This helps with the vanishing gradient problem as the features that are set to 0 in the ReLU layer are not
of interest to us, i.e. those are not activated features.

2.1.2.2 Convolution Let f 2 RH⇥W⇥D
l⇥D denoteD kernels with spatial extentH⇥W andD

l channels
[11]. Note that for a convolutional layer in layer l, f is equivalent to wl in equation 2. In contrast to the
ReLU layer, the convolutional layer will likely alter the output size. In particular, the spatial extent of the
output will be smaller than for the input for any kernel larger than 1 ⇥ 1 [11]. This can quickly shrink the
spatial extent as one goes through several layers in the network. To maintain the same spatial extent for
the output as for the input one can apply so-called “same” padding [4]. Suppose the input is H l

⇥W
l
⇥D

l

and the kernel is of size H ⇥W ⇥D
l
⇥D, then the output will have size (H l

�H + 1)⇥ (W l
�W + 1)⇥D

(see Appendix B). To apply “same” padding we add, or pad,
⌅
H�1
2

⇧
rows of zeros above the first row and⌅

H

2

⇧
rows of zeros below the last row of the input. In addition, one needs to pad

⌅
W�1

2

⇧
columns of zeros to

the left of the first column and
⌅
H

2

⇧
columns of zeros to the right of the last column of the input. Padding,

also called zero-padding is an important concept in ConvNets. Another important concept is the notion of
stride, s. As the kernel moves over the pixels in the input the stride determines how many pixel locations
the kernel skips. Most common is to set s = 1, but s > 1 is also possible. Following [11], for the remaining
of this section we consider the case s = 1 and no zero padding. The convolution procedure can formally be
written as

yil+1,jl+1,d =
H�1X

i=0

W�1X

j=0

D
l�1X

dl=0

fi,j,dl,d ⇥ x
l

il+1+i,jl+1+j,dl (5)

8 0  d  D = D
l+1 and spatial location (il+1

, j
l+1) such that 0  i

l+1
, H

l
� H + 1 = H

l+1
, 0 

j
l+1

,W
l
�W + 1 = W

l+1. Now, equation 9 looks very complicated. Fortunately, it is possible to write this
convolution as a matrix product. To simplify the discussion, let us consider an example. Suppose that we
have a 2⇥ 2 kernel and 3⇥ 3 input matrix. Let ⇤ denote the convolution operation then

2

4
1 2 3
4 5 6
7 8 9

3

5 ⇤

1 1
1 1

�
=


12 16
24 28

�
. (6)
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To rewrite this as a matrix product, we consider the Matlab command im2col [11]. Let A be the 3⇥ 3 input
matrix then6

B = im2col(A, [2, 2]) =

2

664

1 4 2 5
4 7 5 8
2 5 3 6
5 8 6 9

3

775 . (7)

Now, if we transpose B and vectorize the kernel we have that

B
>

2

664

1
1
1
1

3

775 =

2

664

12
24
16
28

3

775 . (8)

With proper reshaping of the right hand side in equation 12 we will obtain the right hand side in equation
6. Hence, the convolution operations can be achieved by matrix multiplication and it is thus a linear one
[11]. The transpose of im2col, im2row, converts xl into a matrix �(xl). Recall that f is an order 4 tensor

in RH⇥W⇥D
l⇥D. If D = 1 this can be vectorized into a HWD

l
⇥ 1 vector. For D > 1 we can convert the

order 4 tensor into a HWD
l
⇥ D matrix. We denote this matrix F . All of this heavy notation leads to a

surprisingly simple equation for the convolutional layer

vec(y) = vec(xl+1) = vec
�
�(xl)F

�
. (9)

A sanity check is in order. vec(y) 2 RH
l+1

W
l+1

D
, �(xl) 2 R(Hl+1

W
l+1)⇥(HWD

l), and F 2 R(HWD
l)⇥D.

Hence, the right hand side has the correct dimension (H l+1
W

l+1
D)⇥ 1.

2.1.2.3 Pooling Pooling layers are also an important part of ConvNets. There are two types of pooling
layers that are most widely used: max pooling and average pooling. Max pooling maps a subregion into its
maximum value and average pooling maps it to its average value. Let the l-th layer be xl

2 RH
l⇥W

l⇥D
l

.

More formally, for spatial extent of pooling H ⇥W max pooling is

yil+1,jl+1,d = max
0i<H,0j<W

x
l

ii+1⇥H+i,jl+1⇥W+j,d
(10)

and average pooling is

yil+1,jl+1,d =
1

HW

X

0i<H,0j<W

x
l

ii+1⇥H+i,jl+1⇥W+j,d
(11)

where 0  i
l+1

, H
l+1

, 0  j
l+1

,W
l+1 and 0  d < D

l+1 = D
l
.

2.1.3 Residual Neural Networks

As mentioned above, deeper models tend to perform better. It then seems simple to improve model perfor-
mance: just add more layers. However, as noted in [7] and [8] this is not the case. With deeper models,
accuracy eventually gets saturated (and may even be degrading) due to the fact that they become very
di�cult to train. This is referred to as the degradation problem in [7]. As a remedy they suggest to learn
residual mappings instead of the more complex underlying mappings in every few stacked layers. A bit more
formally, suppose that the underlying mapping we wish to learn is denoted by H(x). Then the residual map

6
For more information on these commands see https://arxiv.org/abs/1412.4564. We are not concerned with the specifics

of this function but only think of it as an auxiliary function that will help with rewriting the convolution as a matrix product.
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is defined as F(x) := H(x)�x and the original map can be reformulated as F(x)+x. Deep residual networks
(ResNets) are based on the idea that the residual map F is easier to optimize than the original mapping. In
practice this can be achieved by using so-called shortcut connections, which are connections that skip one
or more layers. In this case the shortcut connection used is the identity map. Figure 2 shows an example of
a building block in a ResNet. These shortcut or skip connections are used extensively in recent state of the
art object detection models.

Figure 2: Illustration of a basic building block in ResNet. Reproduced from figure 2 in [7].

2.2 Optimization

2.2.1 Problem statement

In this section we focus on how to solve the following problem

min
✓

J(✓). (12)

That is, we wish to find the parameters ✓ that minimizes the loss function J. Note that since most practical
problems will be non-convex it may not be feasible to get the global minimum. A non-convex problem does
not have any theoretical guarantees of convergence. Instead, we look for a ✓ that makes the loss function as
small as possible. Despite the lack of theoretical guarantees the empirical success enjoyed by deep learning
models indicate that it is reasonable to use learning algorithms based on some form of gradient descent [4].
In a pure optimization problem, we would like to minimize the loss function on average across the data
generating distribution, i.e.

J
⇤(✓) = Ex,y⇠pdataL(f(x,✓), y) (13)

where L(·) is the per-example loss function. The expected loss is known as called risk. However, as we do
not observe the data generating process we cannot optimize J

⇤. Instead, we minimize the loss on average
over the data. Estimating pdata using the empirical distribution function leads to the empirical risk which
for m training examples is

J(✓) = Ex,y⇠p̂dataL(f(x,✓), y) =
1

m

mX

i=1

L(f(x(i)
,✓), y(i)). (14)

Solving (10) using the empirical risk is known as empirical risk minimization [4]. The objective of machine
learning algorithm is usually to provide a model that has a good out of sample fit. Empirical risk minimization
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is very prone to overfitting and, using gradient based methods, excludes many useful loss functions. Therefore
the actual function we set out to minimize is further away from (11) as surrogate loss functions and di↵erent
forms of regularization is commonly used [4].

2.2.2 Stochastic gradient descent

2.2.2.1 Vanilla The idea behind gradient descent is perhaps best explained by the hill climbing analogy.
Suppose that you are on top of a hill blindfolded and you want to find your way down. Iteratively taking a
small step in the opposite direction of the gradient, the direction of steepest ascent, will eventually take you
down to the bottom provided that the hill is convex and that you use a reasonable step size. In machine
learning the step size is referred to as the learning rate. For a given learning rate ✏, batch gradient descent
for a dataset with M examples and initial parameter ✓ would apply the following update:

✓  ✓ � ✏
1

M
r✓

MX

i=1

L(f(x(i)
,✓), y(i)) (15)

where we use “ ” instead of “=” to stress that this update is iterative. Nevertheless, this update is
computationally very costly as it requires evaluating the model at all examples in the dataset. In addition,
there is likely a large amount of redundancy. Consider the worst case scenario where all M examples are
identical. The correct gradient could then be found by sampling a single example. This worst case scenario
is unlikely to occur in any practical application, however there are nonetheless important benefits from
randomly sampling a mini-batch m < M and compute the gradient based on those m examples [4]. Another
argument for using mini-batches instead of the entire sample is based on the standard error of the mean,
which is given by �/

p
m for a sample of size m. Suppose that we draw samples of sizes 104 and 108. The

second approach requires 10000 times as many computations but it decrease the standard error of the mean
only by a factor of 100 [4]. By sampling a mini-batch of size m and making the update

✓  ✓ � ✏
1

m
r✓

mX

i=1

L(f(x(i)
,✓), y(i)). (16)

we arrive at the “vanilla” stochastic gradient descent, or mini-batch gradient descent7. The learning rate is
a very important hyperparameter and must be chosen with care. So far we have treated it as fixed; however,
in practice it must be gradually decreased. We restate the following su�cient condition on the ✏k’s from [4]
without proof8. Let ✏k be the learning rate for iteration k, then a su�cient condition on the learning rate
for stochastic gradient descent to converge is

1X

k=1

✏k =1 (17)

and
1X

k=1

✏
2
k
<1. (18)

Intuitively, this conditions states that the learning rate may not be too large nor too small.

7
Note that this terminology is by no means universal. For some, stochastic gradient descent means exclusively when only one

example is sampled. Nevertheless, we use this terminology where the case of m = 1 is a subset of the more general mini-batch

sampling.
8
This is a famous and well known statement. We omit the proof here as it is not the main focus of this paper.

13



2.2.2.2 Momentum Adding momentum to stochastic gradient descent may accelerate learning [12].
This algorithm will consider past gradients by a exponentially decaying moving average and let its direction
guide it. We add a variable v and do the update

v  ↵v✏
1

m
r✓

mX

i=1

L(f(x(i)
,✓), y(i)) (19)

✓  ✓ + v (20)

where ↵ 2 [0, 1) is a hyperparameter that determines the strength of this exponentially decaying moving
average of previous gradients. The name momentum derives from its physical analogy where v represents
the velocity of a particle and we arrive at the momentum by multiplying this with its mass [4]. Continuing
this physical analogy, if the algorithm repeatedly observes gradient g it will accelerate in the direction of �g
until terminal velocity is reached. When reaching terminal velocity the step size will be

✏||g||

1� ↵
(21)

and thus it might be useful to think of the hyperparameter ↵ on the form 1/(1�↵)[4]. For instance, ↵ = 1/2
implies that we multiply the maximum speed by 1/(1� 1/2) = 2 relative to the vanilla algorithm.

2.2.2.3 Adaptive learning parameters AdaGrad updates a global learning rate adaptively [13]. In
particular, the updates are based on scaling the learning rate by the inverse square root of the sum of its
previous values. Formally, for a global learning rate ✏, a small constant to avoid numerical issues �, and a
initial gradient accumulation vector r = 0, the update is found as follows

g  
1

m
r✓

mX

i=1

L(f(x(i)
,✓), y(i)) (22)

r  r + g � g (23)

�✓  �
✏

� +
p
r
� g (24)

✓  ✓ +�✓ (25)

where� denotes the Hadamard product. The RMSProp algorithm [14] improves the performance of AdaGrad
in non-convex settings by allowing gradient accumulation to follow an exponentially decaying moving average.
Formally, let ⇢ be the decay rate, the update is computed as

g  
1

m
r✓

mX

i=1

L(f(x(i)
,✓), y(i)) (26)

r  ⇢r + (1� ⇢)g � g (27)

�✓  �
✏

� +
p
r
� g (28)

✓  ✓ +�✓. (29)

Note that the only di↵erence from AdaGrad is how we update r. Nevertheless, this increases performance
and RMSProp is one of the standard go-to optimization algorithms used in practical applications [4].
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2.2.2.4 ADAM ADAM [15] can be thought of as a combination of momentum and RMSProp. It derives
it name from ”adaptive moments.” It estimates the first-order moment (momentum) and the (uncentered)
second-order moment whose biased version are updated by exponentially weighted moving averages with
decay parameters ⇢1, ⇢2 [4]. These are biased as they are initialized at the origin. To correct for this bias,
ADAM applies a bias correction to each term. For initial 1st and 2nd order moment variables s = 0, s = 0

and time step t = 1 the update is computed as

g  
1

m
r✓

mX

i=1

L(f(x(i)
,✓), y(i)) (30)

t t+ 1 (31)

s ⇢1s+ (1� ⇢1)g (32)

r  ⇢2r + (1� ⇢2)g � g (33)

ŝ 
s

1� ⇢
t

1

(34)

r̂  
r

1� ⇢
t

2

(35)

�✓  �✏
ŝ

� +
p

r̂
(36)

✓  ✓ +�✓. (37)

ADAM is another commonly used optimization algorithm that we will use below when training our YOLO
model.

2.3 Generative Adversarial Networks

2.3.1 Introduction

Since its introduction in 2014 by the seminal paper [1], Generative Adversarial Networks (GANs) has been
a topic that has received a lot of attention. This popularity has lead to an abundance of new versions and
applications. One application that has worked particularly well is super-resolution. In this section we will
cover the most basic building blocks of the original GAN in [1]. As correctly noted in [16], this presentation
is not to be considered formal and instead we stress the intuition behind the most important mechanics.
The interested reading is referred to [16] and references therein for a more formal mathematical treatment
of GANs.

2.3.2 Intuition

The term generative model is used in the sense that the model uses the training data, which consists of
samples drawn from pdata, to estimate pdata[17]. There are two main ways to go about this. First, one
can explicitly model pdata by either using some tractable density or some form of approximation. The
approximation approach is taken in variational autoencoders (VAE) [18] [19] and Boltzmann machines [20]
[21]. The second approach is to model pdata implicitly in the sense that the model only generates samples
drawn from pdata. GANs usually take this latter approach. The “adversarial” part comes from the main idea
in GANs which is to train two separate networks that compete with each other. There is a generative model
G and a discriminative model D whose objective is to estimate the probability that an observed sample came
from the training data rather than the generative model G [1]. The training of G corresponds to maximizing
the probability that D is incorrect. Hence, the problem is framed as a minimax game between two players.
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(a) (b)

(c)

Figure 3: The blue dashed curve is pdata, the orange solid curve is pg (G), and the dotted black one is the
discriminator D. The upper horizontal line is a part of the domain x and the lower horizontal line is the
domain from which we sample z. The upward arrows represent the mapping x = G(z). We can see how G
imposes the non-uniform distribution pg on the generated samples. (a) Close to convergence. pdata is similar
to pg and D is trained to estimate the probability that a given sample is from pdata, eventually converging

to D(x) = pdata(x)
pdata(x)+pg(x)

. (b) G flows to regions that are more likely to be classified as from pdata. This is to

“trick” D into assigning high values to samples from G. (c) After several steps, pdata = pg if G and D have
enough capacity. At this stage the two distributions are indistinguishable and D is unable to discriminate.
Thus, D(x) = 1

2 . This is a partial reproduction of figure 1 in [1].

To improve our intuition we can think of this as a game between a team of counterfeiters and the police. The
counterfeiters objective is to make their fake product as similar to the real one as possible. Simultaneously,
the police wish to allow for circulation of the real product and catch the counterfeiters. Competition in
this game will drive both teams to improve their performance until the counterfeit and real products are
indistinguishable [1]. An illustration is given in figure 3.

2.3.3 More formal results

As mentioned above, MLPs are extremely good at approximating essentially any mapping from the data
to the desired output. It therefore comes as no surprise that we will use MLPs for the discriminator and
generator. As mentioned above, GANs usually model the data distribution only implicitly in the sense that
we can only observe samples from this estimated distribution. Let z ⇠ pz be a prior input noise variable.
Then applying the map x = G(z,✓g) yields our sample from pg, where G(·,✓g) is a di↵erentiable function
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represented by a MLP with parameters ✓g mapping the input into the data space, i.e. if z 2 Rd and our
training data is X ⇢ Rn then G : Rd

! Rn. In other words, G transforms samples z from pz into generated
samples G(z) from pg. Our objective is to learn this mapping G by learning the parameters ✓g. In addition,
we define another MLP D(x,✓d) which maps the input into a single scalar. This discriminator represents
the probability that a given sample came from pdata rather than pg. To train these two MLPs, we will pit
then against each other in a minimax game. In particular,

min
G

max
D

V (D,G) = min
G

max
D

(Ex⇠pdata [logD(x)] + Ez⇠pz [log(1�D(G(z)))]) . (38)

Note that training G to minimize log(1�D(G(z))) in practice may result in problems with vanishing gradient
during early training. To sidestep this issue [1] train G instead to maximize log(D(G(z))). This is purely a
heuristic solution to avoid issues during early training that does not change the dynamics of G and D [1].
Since we do not observe pdata we will approximate the expectations by sample averages. An overview of how
to train this GAN is presented in algorithm 1. Note that we are alternating between optimizing D for k

steps and optimizing G one step. This is done, instead of optimizing D to completion, to avoid over-fitting
[1].

Algorithm 1: Stochastic gradient descent for training GAN. k, the number of steps to sequentially
train D, is a hyperparameter. N is the number of training iterations andm the size of the minibatch.
The stochastic gradient updates can use any standard gradient based approach. [1] use momentum.
This is reproduced from algorithm 1 in [1].

for 1, 2, ..., N do

for 1, 2, ..., k do

Sample {z1
, ..., zm

} from pg

Sample {x1
, ...,xm

} from pdata

Update the discriminator using (ascending)

r✓d

1

m

mX

i=1

h
logD

⇣
x(i)

⌘
+ log(1�D(G(z(i))))

i
.

end

Sample {z1
, ..., zm

} from pg

Update the generator using (descending)

r✓g

1

m

mX

i=1

log
⇣
1�D(G(z(i)))

⌘
.

end

The main results from [1] are restated here for the convenience of the reader. Proposition 2.1. gives the
optimal discriminator for any given generator. Theorem 2.2. shows that the global optimum of virtual
training criterion is achieved for pg = pdata. Finally, proposition 2.2. proves convergence of algorithm 1.
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Proposition 2.1 ([1]). The optimal discriminator D for any given G is

D
⇤
G
(x) =

pdata(x)

pdata(x) + pg(x)
(39)

Proof. See [1].

We can interpret the training objective within the framework of maximum likelihood estimation. In partic-
ular, the training objective for D can be viewed as trying to maximize the log-likelihood of the conditional
probability P (Y = y|x). Where Y := I(x sampled from pdata) and I(·) denote the indicator function. The
minimax game in (40) can now be written as [1]:

C(G) = max
D

V (G,D) (40)

= Ex⇠pdata [logD
⇤
G
(x)] + Ez⇠pz [log(1�D

⇤
G
(G(z)))] (41)

= Ex⇠pdata [logD
⇤
G
(x)] + Ex⇠pg [log(1�D

⇤
G
(x))] (42)

= Ex⇠pdata


log

pdata(x)

pdata(x) + pg(x)

�
+ Ex⇠pg


log

✓
1�

pdata(x)

pdata(x) + pg(x)

◆�
(43)

= Ex⇠pdata


log

pdata(x)

pdata(x) + pg(x)

�
+ Ex⇠pg


log

pg(x)

pdata(x) + pg(x)

�
(44)

where C(G) is the virtual training criterion [1]. Before we continue, we define the Kullback-Leibler (KL) and
Jensen-Shannon divergences. Let p(x) and q(x) be two probability density functions defined on Rn

, then
the KL-divergence is

KL(p k q) :=

Z

Rn

p(x) log

✓
p(x)

q(x)

◆
dx

and the Jensen-Shannon divergence is

JSD(p k q) :=
1

2
KL(p kM) +

1

2
KL(q kM),

where M := p+q

2 [16]. Note that, unlike the KL divergence, the Jensen-Shannon divergence is symmetric.
We will need Jensen’s inequality for the next lemma. Jensen’s inequality states that for a convex function f

E(f(x)) � f(E(x)).

Moreover, if f is strictly convex then E(f(x)) = f(E(x)) implies x = E(x) with probability 1 (i.e. x is
constant) [22].
Lemma 2.1.

KL(p k q) � 0 with equality if and only if p = q.
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Proof.

KL(p k q) =

Z

Rn

log

✓
p(x)

q(x)

◆
p(x)dx

= Ex⇠p(x)

✓
log

p(x)

q(x)

◆

= Ex⇠p(x)

✓
� log

q(x)

p(x)

◆

�(1) � log

✓
Ex⇠p(x)

q(x)

p(x)

◆

= � log

✓Z

Rn

p(x)
q(x)

p(x)
dx

◆

= � log

✓Z

Rn

q(x)dx

◆

= � log 1

= 0.

where �(1) is due to Jensen’s inequality and that � log(t) is a convex function. Since � log(t) is even strictly
convex �(1) holds with equality if and only if p(x)/q(x) is constant, i.e. q(x) = cp(x) 8x. But

1 =

Z

Rn

q(x)dx = c

Z

Rn

p(x)dx = c (45)

so �(1) holds with equality if and only if p(x) = q(x) 8x, i.e. p = q.

Corollary 2.1. JSD(p k q) � 0 with equality if and only if p = q.

Proof. Follows immediately from the definition of Jensen-Shannon divergence and lemma 2.1.

Theorem 2.2 ([1]). The global minimum of C(G) is obtained () pg = pdata where it takes the value
� log(4).

Proof. Suppose pg = pdata. Then by proposition 2.1. we have that D⇤
G
(x) = 1/2. By equation (44) it follows

that

C(G) = Ex⇠pdata [logD
⇤
G
(x)] + Ex⇠pg [log(1�D

⇤
G
(x))]

= Ex⇠pdata log
1

2
+ Ex⇠pg log

✓
1�

1

2

◆

= Ex⇠pdata [� log 2] + Ex⇠pg [� log 2]

= � log 2� log 2 = � log 4.

We now wish to show that this is the minimum of C(G). Adding 0 = Ex⇠pdata(x) log 2+Ex⇠pg(x) log 2� log 4
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on the right-hand side of (44) yields

C(G) = � log 4 + Ex⇠pdata


log

pdata(x)

pdata(x) + pg(x)
+ log 2

�
+ Ex⇠pg


log

pg(x)

pdata(x) + pg(x)
+ log 2

�
(46)

= � log 4 + Ex⇠pdata


log

2pdata(x)

pdata(x) + pg(x)

�
+ Ex⇠pg log


2pg(x)

pdata(x) + pg(x)

�
(47)

= � log 4 +

Z

Rn

pdata(x) log
2pdata(x)

pdata(x) + pg(x)
dx+

Z

Rn

pg(x) log
2pg(x)

pdata(x) + pg(x)
dx (48)

= � log 4 +

Z

Rn

pdata(x) log
pdata(x)

pdata(x)+pg(x)
2

dx+

Z

Rn

pg(x) log
pg(x)

pdata(x)+pg(x)
2

dx (49)

= � log 4 + KL

✓
pdata

����
pdata + pg

2

◆
+KL

✓
pg

����
pdata + pg

2

◆
(50)

= � log 4 + JSD
�
pdata

�� pg

�
+ JSD

�
pg

�� pdata

�
(51)

=(1) � log 4 + 2 JSD
�
pdata

�� pg

�
(52)

where =(1) follows since the Jensen-Shannon divergence is symmetric. That � log 4 is the unique global
minimum for pdata = pg follows from corollary 2.1.

Proposition 2.2 ([1]). Suppose that for each iteration in Algorithm 1 the discriminator achieves an optimum
given G, that G and D have enough capacity, and pg is updated s.t. the following criterion is improved

Ex⇠pdata [logD
⇤
G
(x)] + Ex⇠pg [log(1�D

⇤
G
(x))] (53)

then pg converges to pdata.

Proof. See [1].

There are some major di↵erences between these theoretical results and how GANs work in practice. First
of all, optimization is based on ✓g instead of pg since the D and G are MLPs. As these updates are made in
the parameter space, the above results which all depend on convexity, are no longer valid [17]. Nevertheless,
despite the lack of theoretical guarantees, GANs based on MLPs work very well in practice [1].

2.4 Relativistic Generative Adversarial Networks

2.4.1 Intuition

Since the introduction of the original GAN in 2014 by [1] an plethora of GANs have been developed. Most
can be expressed in the following, fairly general, form[23]

LD = Ex⇠pdata [f̃1(D(x))] + Ez⇠pz [f̃2(D(G(z)))] (54)

LG = Ex⇠pdata [g̃1(D(x))] + Ez⇠pz [g̃2(D(G(z)))] (55)

where f̃1, f̃2, g̃1, g̃2 are all scalar to scalar functions. We can categorize GANs based on whether they use
saturating or non-saturating loss functions [23]. For saturating we have that g̃1 = �f̃1, g̃2 = �f̃2 and for
non-saturating g̃1 = f̃2, g̃2 = f̃1. The loss function in [1] is a saturating cross-entropy loss. In other words,
f̃1 = � log(D(x)) and f̃2 = � log(1�D(x)), where D(x) := �(C(x)) and �(·) is the logistic sigmoid function.
Here C(x) is the untransformed discriminator output, called the critic [23]. Writing this all out we get,

LD = Ex⇠pdata [� log(D(x))] + Ez⇠pz [� log(1�D(G(z)))] (56)

LG = Ex⇠pdata [log(D(x))] + Ez⇠pz [log(1�D(G(z)))] (57)
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which is the objectives we get in [1] but written as two loss functions to be minimized. As we showed above,
this objective is approximately the same as minimizing the Jensen-Shannon divergence between pdata and pg.

This objective is very intuitive as minimizing this divergence to optimality would imply that the distribution
of our generator pg is a very good approximation of the data generating distribution pdata. However, [23]
notes that the dynamics of training a standard GAN [1] is very di↵erent from that of minimizing the Jensen-
Shannon divergence. The Jensen-Shannon divergence is minimized when pdata is indistinguishable from pg

and the discriminator cannot do better than a random guess guessing, i.e. D(x) = D(G(z)) = 1/2. The
Jensen-Shannon divergence is as large as it can be when the pdata and pg are perfectly distinguishable and
D(x) = 1, D(G(z)) = 0. In other words, the discriminator is never mistaken. Hence, we expect the dynamics
of minimizing Jensen-Shannon divergence should similar to the following. D(x) decreases smoothly from 1
to 1/2 and that D(G(z)) increases smoothly from 0 to 1/2. Instead when training the standard GAN, D(x)
is kept constant while D(G(z)) is increasing. The main argument in [23] is that D(x) should also decrease
while D(G(z)) increases. This can be achieved by making the discriminator relativistic, i.e. depending on
both on pdata and pg.

2.4.2 Relativistic GAN

A simple way of making the discriminator relativistic is simply to change D such that it is a function of
x̃ = (x, G(z)), for instance D̃(x̃) = �(C(x)�C(G(z))). We can rewrite the loss function (56) and (57) with
relativistic discriminators to get the loss functions of Relativistic GAN (RGAN) [23]

L
RGAN

D
= E(x,z)⇠(pdata,pz)[f̃1(C(x)� C(G(z)))] + E(x,z)⇠(pdata,pz)[f̃2(C(G(z))� C(x))] (58)

L
RGAN

G
= E(x,z)⇠(pdata,pz)[g̃1(C(x)� C(G(z)))] + E(x,z)⇠(pdata,pz)[g̃2(C(G(z))� C(x))] (59)

where f̃1, f̃2, g̃1, g̃2 are as above. The interpretation of the discriminator is very di↵erent in RGAN compared
to GAN. In RGAN, the discriminator is predicting the probability that the given data is more “realistic”
than randomly sampled data from pg.

2.4.3 Relativistic average GAN

Due to the large di↵erence in interpretation of the discriminator in GAN and RGAN, [23] also develops a
middle-ground called the Relativistic average GAN (RaGAN). The discriminator in RaGAN is predicting
the probability that some given data is more “realistic” on average than data from pg. More formally, the
loss functions for RaGAN are formulated as

L
RaGAN

D
= Ex⇠pdata [f̃1 (C(x)� Ez⇠pzC(G(z)))] + Ez⇠pz [f̃2 (C(G(z))� Ex⇠pdataC(x))] (60)

L
RaGAN

G
= Ex⇠pdata [g̃1 (C(x)� Ez⇠pzC(G(z)))] + Ez⇠pz [g̃2 (C(G(z))� Ex⇠pdataC(x))] (61)

where f̃1, f̃2, g̃1, g̃2 are as above. The RGAN and RaGAN can be trained using stochastic gradient descent
in a similar manner as in algorithm 1. For more details see the appendix of [23]. Moreover, [23] recommends
using non-saturating loss functions for RGAN and RaGANs.

2.5 Super-resolution

2.5.1 Introduction

Many classical image processing tasks are framed as image transformation task where the system takes an
input image and transform it into an output image [24]. One common example of an image transformation
task is super-resolution. Super-resolution involves estimating a high resolution image from it’s low resolution
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counterpart [2]. This is a fundamentally ill-posed problem since there are a myriad of possible high resolution
images that could be associated with the low resolution input. GANs are useful in this respect as the super-
resolved images require more information to be filled in. A generator can be used to “paint” more details into
the image in a convincing way. The seminal paper [2] introduced the Super-resolution Generative Adversarial
Network (SRGAN), a method for single image super-resolution based on GANs. The main objective is to
train a generative function G that can produce high quality up-scaled images from the low resolution input
images. [3] argues that despite of the overall success of SRGAN, the hallucinated details occasionally add
undesirable artifacts. By revisiting and changing some key components of SRGAN, [3] introduces Enhanced
Super-resolution Generative Adversarial Network (ESRGAN). The change that is of main interest for the
discussion in this paper is that, in contrast to SRGAN which uses the original discriminator from [1],
ESRGAN makes the discriminator relativistic as in [23].

2.5.2 ESRGAN

ESRGAN uses RaGAN [23] and the discriminator and adversarial loss are then symmetrically defined as

L
RaGAN

D
= �Ex⇠pdata [log � (C(x)� Ez⇠pzC(G(z)))]� Ez⇠pz [log(1� � (C(G(z))� Ex⇠pdataC(x)))] (62)

L
RaGAN

G
= �Ex⇠pdata [log(1� � (C(x)� Ez⇠pzC(G(z))))]� Ez⇠pz [log � (C(G(z))� Ex⇠pdataC(x))] (63)

where �(·) is the logistic sigmoid function. The data will consist of high and low resolution versions of
the same images. In (62) and (63) z would represent the low resolution images and x the high resolution
counterparts. In ESRGAN L

RaGAN

G
is only a part of the total loss for the generator. Previous work in

super-resolution is usually based on minimizing the mean squared error (MSE) of pixel per pixel di↵erences
between low and high resolution images. However, as argued in [24], this fails to capture high level perceptual
di↵erences. These higher level perceptual di↵erence is what is going to matter to the human eye. To rectify
this, SRGAN [2] follows [24] and [25] in a loss function that considers perceptually relevant characteristics.
Following the work in SRGAN, ESRGAN also uses a perceptual loss function, Lpercep. However, in contrast to
convention, [3] suggest to use features before, rather than after, the activation layers. First, activated features
are very sparse and thus provides weak supervision. Second, [3] empirically observe that using features after
activation leads to inconsistent reconstructed brightness. The total generator loss is in ESRGAN defined as

LG = Lpercep + �L
RaGAN

G
+ ⌘L1 (64)

where L1 = Ez⇠pzkG(z) � xk1 is the `1-norm distance between reconstructed G(z) and the ground-truth
image x. � and ⌘ are coe�cients used to balance between the di↵erent terms. In addition to using a rela-
tivistic discriminator, ESRGAN also make some changes to the network architecture compared to SRGAN.
We omit details on this for the sake of brevity. An example of what ESRGAN can do is given in figure 4.

2.6 You Only Look Once

2.6.1 Introduction

You only look once (YOLO) refers to a series of state of the art object detection models originally developed
by [28]. Subsequent improvements to the models where made in YOLO9000 [29] and YOLOv3 [30]. YOLOv3
was the final model created by the original authors. However, other researchers continued the development
of YOLO. A widely recognized update to the v3 model is YOLOv4 [31]. Consistent with previous versions
of YOLO, the v4 still uses Joseph Redmon’s open source neural network framework Darknet9. This paper
uses the latest iteration of the YOLO models, YOLOv5 [32] which, instead of Darknet, is implemented
using PyTorch.10 This version has not been widely accepted within the computer vision community and

9
See https://pjreddie.com/darknet/.

10
See https://pytorch.org/.
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(a) Original (b) Super-resolved

Figure 4: This figure illustrates an example output from ESRGAN [3] using an image from the div2K dataset
[26] [27]. (a) shows the original image and (b) shows the super-resolved image.

is surrounded with a lot of controversy (e.g., should it really be called YOLO?). Another issue with the
YOLOv5 model is that it does not have any corresponding paper—all information is given from its Github
page and soure code within. Nevertheless, after trying out v3, v4, and v5, the author found that the v5
greatly outperforms the other versions in terms of training speed. Since the actual version of YOLO is of
negligible importance in the project, the practical benefits of using YOLOv5 exceeds the cost. Moreover,
since the particular mechanics of the object detection model is of tertiary importance to this project we will
only give very brief overview of the first 3 iterations of YOLO just to give an introduction to the YOLO
class of models. The interested reader is referred [28] [29] [30] [31] [32].

2.6.2 YOLO

You Only Look Once (YOLO) was introduced by [28]. Unlike previous detection models, which re-purposed
classifiers to perform detection, YOLO treats object detection as one single regression problem using a
single convolutional neural network which simultaneously predicts bounding boxes and class probabilities.
In contrast to previous object detection models, this allows the model to predict where and what is present
in the images while only looking at the images once—hence the name. Due to its simplicity, YOLO is also
much faster than many of its predecessors taking a significant step towards real time inference. The following
brief overview of the most important aspects of the YOLO models is partially based on [33]. Imagine that
we split the images in to S ⇥ S grids. YOLO predicts B boundary boxes and C classes. The loss function
consists of three di↵erent parts. The confidence loss, if an object is detected in the box, is

S
2X

i=0

BX

j=0

Iobj
i,j

⇣
Ci � Ĉi

⌘2
(65)

where Ĉi is the box confidence score in cell i and Iobj
i,j

= 1 if the j-th box in cell i is responsible for detecting

the object. Otherwise Iobj
i,j

= 0. If no object is detected within the box, then the confidence loss is

�noobj

S
2X

i=0

BX

j=0

Inoobj
i,j

⇣
Ci � Ĉi

⌘2
(66)
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where Inoobj
i,j

is the complement of Iobj
i,j

and �noobj is a weight applied to balance out the fact that most boxes
do not contain an object. It’s default value in [28] is �noobj = 0.5. Then we have the localization loss

�coord

S
2X

i=0

BX

j=0

Iobj
i,j

⇥
(xi � x̂i)

2 + (yi � ŷi)
2
⇤
+ �coord
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i=0
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Iobj
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
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hi �

q
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2

�
(67)

where �coord fills a similar function as �noobj , with default value �coord = 5. x, y, w, h are the x, y cooridantes

of the center of the bounding box and its width and height. x̂, ŷ, ŵ, ĥ are the estimated counterparts. Finally
we have the classification loss

S
2X

i=0

Iobj
i

X

c2classes

(pi(c)� p̂i(c))
2 (68)

where Iobj
i

= 1 if there is an object in cell i, other wise its equal to 0 and p̂i(c) denotes the conditional class
probability for class c in cell i. Note that the classification loss is always zero for a single class model.

2.6.3 YOLO9000

The 9000 su�x refers to the fact that this version extends YOLO to more than 9000 classes [29]. In addition,
they add batch normalization [34]. The big new thing with YOLO9000, however, is the use of anchor boxes.
This somewhat di�cult to grasp idea, introduced in [35], has played an important part in object detection
models as it helps stabilize early training. The main idea is that most objects that we are interested in
detecting have similar shapes within that class. In other words, most humans will have a certain aspect ratio
and thus fit into a similarly shaped bounding box. One can then introduce, for instance, 5 di↵erent bounding
boxes—called anchors or priors in [29]. Instead of directly predicting coordinates, [35] predicts the bounding
boxes using these user-defined anchors. The particular priors used are important for the performance of the
model. To find good priors, [29] uses k-mean clustering on the training dataset bounding boxes. k = 5 has
been found good in practice [29]. Instead of o↵sets to prior bounding boxes as in [35], [29] uses an approach
they call direct location prediction. The network predicts the following 4 coordinates for each bounding box:

bx = �(tx) + cx

by = �(ty) + cy

bw = pwe
tw

bh = phe
th

where tx, ty, tw, th are the untransformed output from YOLO, �(·) the logistic sigmoid function, (cx, cy) the
top left corner of prior bounding box, pw, ph the width and height of prior bounding box, and bx, by, bw, bh

is the predicted boundary box. Another important addition in YOLO9000 is the use of hierarchical classifi-
cations.

2.6.4 YOLOv3

The paper introducing YOLOv3 is called “YOLOv3: An Incremental Improvement”, indicating that a lot
remains the same as in YOLO9000. Nevertheless, there are a couple of changes. Perhaps the most significant
one is the use of a much deeper feature extractor. YOLO9000 uses Darknet-19 which has 19 convolutional
layers. YOLOv3 uses a significantly deeper feature extractor called Darknet-53. As the name suggests,
Darknet-53 contains 53 convolutional layers [30]. As mentioned above, deeper models tend to perform
better. Darknet-53 is using skip-connection from [7] and [8] to get all the benefits of extra depth.
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Type Filters Size Output
Convolutional 32 3⇥ 3 256⇥ 256
Convolutional 32 3⇥ 3/2 128⇥ 128
Convolutional 32 1⇥ 1

1 x Convolutional 32 3⇥ 3
Residual 128⇥ 128

Convolutional 32 3⇥ 3/2 64⇥ 64
Convolutional 64 1⇥ 1

2 x Convolutional 128 3⇥ 3
Residual 64⇥ 64

Convolutional 256 3⇥ 3/2 32⇥ 32
Convolutional 128 1⇥ 1

8 x Convolutional 256 3⇥ 3
Residual 32⇥ 32

Convolutional 512 3⇥ 3/2 16⇥ 16
Convolutional 256 1⇥ 1

8 x Convolutional 512 3⇥ 3
Residual 16⇥ 16

Convolutional 1024 3⇥ 3/2 8⇥ 8
Convolutional 512 1⇥ 1

4 x Convolutional 1024 3⇥ 3
Residual 32 3⇥ 3/2 8⇥ 8
Avgpool Global
Connected 1000
Softmax

Table 1: Darknet-53. This is the feature extractor utilized in YOLOv3. The numbers next to be block on
the left hand side indcates that that particular stack of layers in repeated that many times. The size is the
spatial extent of the convolution and /2 indicates that a stride of 2 instead of 1 is used. The output part
shows how the size of the image changes throughout the network. From 256 ⇥ 256 to 8 ⇥ 8. This table is
reproduced from [30].

2.7 Performance measures for computer vision

The discussion in this section is largely based on [36].

2.7.1 Precision and Recall

The two most straightforward metrics are precision and recall. Precision P is measuring the fraction of
correct guesses and recall R is measuring the fraction of guesses where there is something to guess. More
formally

P =
TP

TP + FP
(69)

R =
TP

TP + FN
(70)

where TP, FN,FP are true positive, false negative, and false positive, respectively. If we plot a model’s
precision and recall as a function of the model’s confidence threshold we get the precision recall curve. A
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sketch of a typical precision-recall curve can be seen in figure 5. It is downward sloping as when the confidence
threshold is reduce there will be more incorrect guesses.

Figure 5: Precision-recall curve. Reproduced from [36].

2.7.2 Average Precision and Mean Average Precision

The next metrics is also using the precision-recall curve. Imagine that we compute the precision for the
di↵erent confidence thresholds marked by the orange bars in figure 6. Taking the average of these yields the
average precision (AP) metrics. The model will make an prediction in terms of a bounding box enclosing
the object. To what extent must this predicted bounding box overlap with the ground-truth (user provided)
bounding box?

Figure 6: Average precision (aP). Reproduced from [36].

There are many possible answers to this question. We formalize the notion of this overlap with the intersection
over union (IoU) metrics. Figure 7 gives an visualization of this. It is common to average the average
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precision over several di↵erent IoU thresholds. This yields the most commonly used performance metrics in
object-detection models: the mean average precision (mAP). We follow the COCO challenge [37] by using
the IoU thresholds 0.5, 0.55, ..., 0.95. We denote this metrics mAP0.5:0.95. We will also denote the mAP at
IoU threhold 0.5 as mAP0.5.

Figure 7: Intersection over union (IoU). Reproduce from [36].

The final metrics that will be used in this paper is called fitness. To the best of the author’s knowledge
this is defined by the Ultralytics team that is behind the YOLOv5 model. This metric is actually what
defines the “best” model when training.11 It is simply defined as a weighted average between mAP0.5 and
mAP0.5:0.95,

fitness = 0.1 ·mAP0.5 + 0.9 ·mAP0.5:0.95.

This particular weighting is the same as used in the original implementation of the YOLOv5 model12.

3 Implementation

3.1 Overview

A visual overview of the suggested approach in the paper can be found in figure 1. To evaluate the approach
we simulate the situation of only having low quality input by down-sampling the original images. This
enables us to evaluate the merits of this approach as it is possible to compare the performance of the model
trained on down-sampled and subsequently super-resolved images with the performance of the model trained
on the original images. Hence, this will require to train the object detection model on two separate datasets.
This is done by the following steps:

(i) Down-sample original images using Matlab’s imresize (4⇥ downsampling).

(ii) Super-resolve the down-sampled images using ESRGAN. This was achieved by using the ISR package
[38]. This yields 4⇥ up-sampling and thus the dimension of the super-resolved images is the same as
the original images.

11
An interesting observation during training is that the model with the best fitness is not necessarily the one with the lowest

loss.
12
For more information, see https://github.com/ultralytics/yolov5.
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(iii) Annotate the images. This was done using LabelImg [39].

(iv) Train YOLOv5. To speed up this process Google Colab was used.

Steps (iii)-(iv) were repeated for the original images as well. Once this is completed we have two sets of
trained weights. We can then compare the performance of the two models. The performance was evaluated
both qualitatively (by visually observing the test output) and quantitatively (by comparing loss, precision,
recall, mAP, and fitness). All the code used in the project has been added to a GitHub repository.13

3.2 Ethical considerations

Using computer vision to detect violations of social distancing regulations is great in the sense that it
might help us curb the spread of viruses such as COVID-19. Nevertheless, this sort of surveillance presents
important ethical consideration due to privacy concerns. This project is doing several things to allow for
detection of social distancing violations in an ethical way. First of all, the focus is on tables. We specifically
chose to track tables (where persons later may sit) than individuals. This allows us to see if proper precautions
has been made at restaurants so that when they later fill up this is done in a way that do not violate social
distancing measures. Hence, we do not specifically track individuals. Secondly, the imagery presented in
this paper either do not contain people in a way that they can be identified or has been down-sampled to
the extent that individuals are completely unidentifiable. We believe that these two precautions allow us to
carry out this project is an ethical manner with individuals’ privacy in mind.

3.3 Data

The data used in this paper is drone footage of the outdoor seating area of several restaurants in Lund.
Due to privacy concerns, these data cannot be made public. As mentioned in previous section, the author
has taken actions to ensure that no individual can be identified in the images shown in this project. An
overview of the data can be found in table 2. As can be seen in this table, the videos were split into training
and test sets. In particular, the first x seconds (indicated in the training column) were used for the training
dataset and the remaining video was used for test data. The variation in where the video was cut was based
subjectively on what “information” was contained in the video. For instance, if there is nothing changing
in the video for a longer amount of time then this represents essentially the same image repeated over and
over and thus does not add any variation to the dataset. The video was shot in about 30 frames per second.
However, following the same train of thought as above, using each of these frames would prove extremely
redundant. Using all 30 frames per second adds little to no extra value but at the same time comes at the
cost of additional time when annotating the images. As a trade-o↵, 3 frames per second were used.14 This
resulted in a training dataset of 104 images. We should comment directly on the size of this dataset. First of
all, we do by no means aim to train a models that is very general and is able to detect tables of any variation
of size, shape and color. This project is mainly intended as a proof of concept and thus a very small dataset
is used due to resource limitations.

13
For now this has been kept private due to public and private interest in this project.

14
For all video and image processing we used ↵mpeg. See https://ffmpeg.org/.
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Overview of data
Video Resolution Total length Training length

3308.mp4 (1280, 720) 00:00:11 00:00:06
3628.mp4 (1280, 720) 00:00:17 00:00:06
3715.mp4 (1280, 720) 00:00:23 00:00:14
0708.mp4 (1280, 720) 00:00:15 00:00:09

Table 2: This table gives a concise overview of the data used in this paper. The first column just serves as
an identifier. The second columns gives the resolution. The third column states the total length of the video
in the format hours:minutes:seconds. The final columns describes how the video has been split to create
training and testing datasets.

3.4 Preprocessing

The first step simply involves taking each image and 4⇥ down-sample it using Matlab’s imresize command.15

This converts (1280, 720) images to (320, 180). These images correspond to the “low quality dataset.” We
then proceed to the second step: super-resolution. As GANs may be unstable to train [17] [1], we opted
in this project to used pre-trained weights only. In particular, we used the pre-trained weights from the
ESRGAN [3] implemented in the ISR package [38]. The super-resolution performs 4x up-sampling and thus
the down-sampled and subsequently super-resolved images are again (1280, 720). An example of a training
data images is shown in figure 8.16 There is an element of subjectivity in whether or not it is easier to
identify, and thus annotate, objects in the super-resolved images compared to the down-sampled ones. In
the author’s experience, the dataset contains examples where super-resolution helps and where it does not.
That images can be properly annotated is crucial for the success of the approach suggested in this paper. The
third step is the most time consuming and prone to error as it requires human interaction. The annotation
was done using LabelImg [39]. This Python based API17 allows the user to go through the dataset image
by image and mark bounding boxes by using the cursor. Annotating the images will result in two files per
image: a .jpg and a .txt file. An example .txt file is shown in figure 9. The first column is the class, since
this is a single clas model there are all equal to zero. The following four columns give the location of the
bounding box. The YOLO format is x, y, w, h where x, y is the center of the bounding box and w and h the
width and height respectively. Note that these are normalized values, relative to the width and height of the
input image. One significant concern is human error when annotating the images. For the super-resolved
images, and in some cases even the original images, it is di�cult even for an human eye to detect an object.
This could be due to partial occlusion, shade, or simply that the object is too small to be correctly identified.
Working with down-sampled and subsequently super-resolved images greatly amplified this issue. During
the annotating process there were several examples when the author knew where all the tables are located
(due to having worked with original images) but it was not possible to see them in the super-resolved image.
To keep this proof of concept as valid as possible, these tables were not annotated. Hence, during training
the model will be penalized for, correctly, predicting the existence of tables at these locations.

3.5 Training

The fourth step mentioned above is training the model. It is uncommon and ine�cient to train a model
from scratch in computer vision. Instead, one commonly initialize the model using pre-trained weights. This
is referred to as transfer learning. In this project we use the pre-trained YOLOv5 weights from [32] which

15
See https://se.mathworks.com/help/images/ref/imresize.html for more information.

16
To reduce subjectivity a random image was chosen as a showcase in this example.

17
Application Programming Interface.
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(a)

(b)

(c)

Figure 8: This figure shows an example images from the training data. (a) Original image. (b) 4⇥ down-
sampled image. (c) Image in (b) super-resolved. Large scale versions of these images can be found in
appendix A.
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0 0.448437 0.676389 0.042188 0.050000
0 0.485938 0.628472 0.037500 0.043056
0 0.510156 0.592361 0.035937 0.037500

Figure 9: Example of content in .txt file associated with each annotated image. The first column is the class
identifier. The second two columns are the x and y coordinates indicating the center of the bounding box.
The last two columns are the width and height of the bounding box. Note that all of these values have been
been normalized.

are trained on the MS COCO dataset [37]. For optimization we used ADAM [15]. As fine tuning the object
detection algorithm is tertiary in this paper, we did not bother tuning the hyperparameters. Instead, the
hyperparameters that were used are the same as in [32]. Training ConvNets is a very computation intensive.
To make training feasible Google Colab was used. An overview of the training results is given in figure 10.
“Super-resolved” refers to the images that have first been down-sampled and subsequently super-resolved.

3.6 Social distancing

To extend the utility of the work in this project we want more than just predictions of the location of tables.
Due to COVID-19 a lot of social distancing regulations and guidelines has been set in place along with other
measures aimed to curb the spread of the virus. Social distancing involved maintaining a certain distance to
individuals from outside your immediate social circle. Hence, we would like to detect the presence of tables
as well as having a warning flag if they are placed too close to each other. To make a prediction using the
Python program accompanied with this paper the user is asked to provide the image that inference should
be run on as well as which weights should be used (i.e. for super-resolved or original images). The user will
then be asked to define 6 points in the image by simply clicking on these locations. The first four specify the
region of interest. This region will then be mapped into a bird’s eye view. The last two points will specify
the desired distance threshold. An example of this is shown in figure 11. If the center of the tables, from a
bird’s eye view, are closer than the distance threshold then they will be marked by a red dot at their center
and be labelled “high risk.”

3.7 Results

The results are evaluated both quantitatively and qualitatively. It is nice working with images as the result
is usually very clear by just observing the output. Nevertheless, this type of qualitative assessment is highly
subjective and conclusions can thus di↵er across individuals. Figures 12 and 13 shows the result from some
test images. It is quite clear from these two examples that the approach taken in this project works in
only certain scenarios. In figure 12 the super-resolved model is under performing and in figure 13 there is
essentially no di↵erence. As mentioned above, in certain super-resolved images it was extremely challenging
to annotate. In particular cases this lead to tables not being annotated as tables and subsequently the
algorithm is penalized during training for correctly predicting tables at these locations. On the other hand,
when objects in the super-resolved images are properly identifiable then then performance is at least as
good as that of the model trained on the original images. This gives the key conclusion of this paper. The
suggested approach will only work when the objects of interest are properly identifiable to the human eye in
the super-resolved images. Our quantitative assessment is based on the performance metrics defined above.
These metrics are created so that one can objectively compare the performance of two models on the same
dataset. Since the two datasets are not the same we should take the P, R, mAP and fitness metrics with a
grain of salt. We can see in table 3 that these measures are very similar for the original and super-resolved
models. Fitness is higher for the original model, however the di↵erence is very small. The loss functions
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(a)

(b)

Figure 10: (a) Shows training loss and validation loss for the model trained on the original data and the
model trained on the down-sampled then super-resolved data. (b) Performance metrics for the two di↵erent
networks. Note that fitness in a weighted average of mAP0.5 and mAP0.5:0.95.
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Figure 11: The red dots define the region of interest. This region is also drawn by connecting these red dots
with a grey line. The distance between the two blue dots define the distance threshold. Large scale version
of this images is available in the appendix A.

are comparable (since the model is exactly the same) but we should again acknowledge that the datasets
are di↵erent. Interestingly, the model trained on the super-resolved images achieves both lower training loss
and validation loss. Nevertheless, the di↵erence is again very small and might only be a statistical fluke.
It is also worth noting that the two datasets have been annotated di↵erently. Hence, from the quantitative
assessment we conclude that it does not seem to be a significant di↵erence in performance across the models.

Data Training Loss Validation Loss P R mAP0.5 mAP0.5:0.95 Fitness
Original 0.0597 0.0632 0.9737 0.9960 0.9924 0.7923 0.8123
Super-resolved 0.0547 0.0483 0.9202 0.9761 0.9819 0.7255 0.7511

Table 3: This table provide a summary of the quantitative assessment of the two models. The first two
columns show the training loss and validation loss of the model trained on the two di↵erent datasets. Since
the models are exactly the same these numbers are comparable. We note that both the training and
validation loss of the model trained on down-sampled and the super-resolved images is actually lower than
that of the network trained on the original images. Nevertheless, this di↵erence is very small. The remaining
five columns give various performance measures that are commonly used to compare the performance of
object detection models: Precision, Recall, mean average precision at Iou 0.5, mean average precision over
IoU 0.5,...,0.95 and fitness which is a weighted average of the later two. It is this final measure, fitness, that
defines the “best” model. These particular results are those associated with the epoch that achieved the best
fitness for each dataset. According to these measures the model trained on original images is performing a
little bit better, but again the di↵erence is very small.

4 Conclusion and limitations

There are some important limitations regarding the results in this paper. Here we discuss briefly the most
important ones and how they give natural extensions to the current paper. First, the simulated situation
in this project is likely to be easier than a real situation when one would be working with low resolution
images to start with. This is due to the fact that our simulated data is directly generated from the higher
resolution counterparts using down-sampling. Second, the quantitative comparison is not very rigours. Since
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(a) Original (b) Super-resolved

Figure 12: This figure illustrates output of the two models for the same frame. (a) Prediction of the model
trained on the original images. (b) Prediction of model train on down-sampled then super-resolved images.
The green box indicates the prediction of a table. Tables with a red dot in their center and the text “high
risk” are at a distance closer than the user defined threshold. This particular image was selected as it nicely
shows the limitations of the suggested approached tested in this paper. Tables in the center of the image are
simply too blurry to be identified by the human eye. Consequently, they have not be annotated as tables
and thus the model get penalized during training for predicting tables at these locations. These images have
been cropped due to privacy concerns. Large scale versions of these images are available in appendix A.

we do not know the distribution of the di↵erence in loss functions, we cannot claim that there is statistically
insignificant di↵erence. Instead, we just have to consider whether or not the di↵erence is large enough
that it is reasonably not due to chance—hence introducing a degree of subjectivity. In addition, due to
variation in the datasets our quantitative comparison must be taken with a grain of salt. Third, there is
a degree of subjectivity and inevitable human error evolved in the annotation part. It is possible that two
di↵erent individuals have a di↵erent opinion on whether or not there is a table in a particular location. In
addition, since the author annotated both the original and super-resolved images extra bias might have been
introduced. Fourth, the models trained in this paper are trained on extremely small datasets. A particular
issue here is that the training data and validation data comes from the same videos. Thus, monitoring the
validation error as a way to avoid over-fitting is not likely to be reliable. That being said, we never aimed to
train a very general model and this paper was only meant as a proof of concept. It would be an interesting
extension of this paper to launch a larger scale test. Fifth, it is di�cult to be exact with the user defined
distance in the social distancing program. A good next step would be to improve how this distance is being
defined.

The main application of interest in this project is to be able to use satellite images as data for object
detection algorithms where the objects of interest are too small to be identified. This is likely the case
with tables, even if you have access to satellite images with resolution of 10-20 cm per pixel18. An obvious
extension of this project would be to try out this approach on satellite imagery. The results in this paper
works as a proof of concept indicating that this would be worth while. Nevertheless, in the end we cannot
know until we try. Implementing this approach on actual satellite data would address the first caveat

18
It should be noted that getting satellite data as a private individual with resolution higher than 30 cm per pixel is di�cult

due to of legal regulations.
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(a)

(b)

Figure 13: This figure illustrates output of the two models for the same frame. (a) Prediction of the model
trained on the original images. (b) Prediction of model train on down-sampled then super-resolved images.
This is one of many examples where the two models perform qualitatively the same. Note that almost all
tables are clearly identifiable for the human eye even in (b). Large scale versions of these images are available
in appendix A.
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mentioned above.
In this paper we have assessed a tentative solution to the problem of needing an object detection model

while only having low resolution data available. To simulate the above scenario we created a low resolution
dataset by down-sampling the original images. These lower resolution images were subsequently super-
resolved. We trained an object detection model on each of these two datasets: the original images and the
down-sampled and then super-resolved images. To assess the merits of this tentative solution we compared
these two models qualitatively and quantitatively. The quantitative comparison consist of comparing the loss
functions of the two models as well as some other commonly used performance metrics in computer vision.
The main conclusion from this comparison was that there seems to be no significant di↵erence in terms of
these metrics. However, as noted above, due to variations in the two datasets the loss functions, precision,
recall, and mAP are not strictly comparable. Moreover, the qualitative comparison consisted of visually
comparing output from the two models. Within the test data there are examples where the two models
perform essentially the same but there are also cases where the model based on the original images clearly
performs better. These particular examples gave some guidelines on important limitation of the approach
tested in the paper. In order to train an object detection model one needs to feed the model annotated
images. This annotation step involves a human marking object in the training data with bounding boxes.
There were several examples in the training dataset when the contrast between the objects of interest, tables,
and the background was simply not clear enough for super-resolution to yield images where these object are
identifiable for the human eye. Hence, they were subsequently not annotated as objects and during training
the model would be penalizing for, correctly, predicting the existence of tables at these locations. This issue
is one of the main limitations of tentative solution to the problem presented in this paper. Using super-
resolution to generate higher resolution data that can be used for an object detection model is perfectly
viable as long as the super-resolved images are such that they can be properly annotated.
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6 Appendix A

Figure 14: Large scale version of figure 8 (a).

Figure 15: Large scale version of figure 8 (b).
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Figure 16: Large scale version of figure 8 (c).

Figure 17: Large scale version of figure 11.
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Figure 18: Large scale version of figure 12 (a).

Figure 19: Large scale version of figure 12 (b).
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Figure 20: Large scale version of figure 13 (a).

Figure 21: Large scale version of figure 13 (b).
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7 Appendix B

7.1 Deep learning arithmetic

The following are two useful proposition for deep learning arithmetic [40]. Let o, i, k, p, and s denote the
output size, input size, kernel size, zero padding, and stride, respectively. The proposition are stated under
the following simplifications:

• 2-D discrete convolutions.

• square inputs (i1 = i2 = i).

• square kernel (k1 = k2 = k).

• same stride applied along both axes (s1 = s2 = s).

• same zero padding applied along both axes (p1 = p2 = p).

These simplifications are justifiable based on the observation that relationship between layers do not interact
across axes [40].

Proposition 7.1 (Convolution arithmetic). 8i, k, p, s

o =

�
i+ 2p� k

s

⌫
+ 1

where b·c is the floor function.

Proposition 7.2 (Pooling arithmetic). 8i, k, s

o =

�
i� k

s

⌫
+ 1.
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