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Abstract

This thesis investigates using machine learning for estimating the infrared-to-visible light ratio (gsz)
in images, which is used for day/night synchronization in surveillance cameras. Three different models
were developed, namely a regression multilayer perceptron (RMLP), a regression-by-classification MLP
(RbC MLP), as well as a gradient-boosted decision tree (GBDT). Using an internal dataset collected in
both laboratory and real environments, the MLP models had the best performance, with both the RMLP
(RMSE = 0.071, R? = 0.883) and the RbC MLP (81.2% accuracy) showing good results. The GBDT
model showed limited capabilities of generalizing to unseen data (RMSE = 0.137, R? = 0.592). An
ablation study underscored the importance of using both data augmentation and regularization, which
improved the overall accuracy of the RbC MLP by approximately 48 percentage points. Overall, the
results demonstrate the potential of using multilayer perceptrons for spectral estimation in surveillance
cameras.
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Introduction

1.1 Background

Surveillance cameras have become an important part of modern society. One of the companies manu-
facturing such cameras is Axis Communications. These devices are deployed in various environments,
such as public spaces, traffic monitoring, and other parts of infrastructure. A surveillance camera is
expected to handle different lighting conditions and automatically adapt its camera settings to its envi-
ronment. Standard industry practice for 24-hour outdoor imaging involves using a camera paired with
near-infrared (NIR) illumination at night [1]. In extension, this means that a surveillance camera needs
to have the ability to infer whether it is daytime or nighttime from the characteristics of the light reach-
ing the image sensor. One possible approach is to exploit the fact that cameras can register both infrared
and visible light [2]. One apI%rI{)Prgate measure in this context is the ratio of infrared light to the total
amount of light, g;g = WM#M € [0, 1]. The reasoning is that if a camera scene is dom-
inated by infrared light, g;g — 1, it means that there is hardly any visible light present and it can be
assumed that it is nighttime in the scene. The camera should then be in night mode. When the amount
of visible light increases (e.g during sunrise), g;g Will generally decrease until it reaches a threshold for
switching to day mode.

In addition to visible light, surveillance cameras register NIR light, which the human eye cannot
see. To deal with this difference, the cameras use an IR-cut filter to separate visible light from the invis-
ible NIR light, which otherwise corrupts the colors. This type of spectral information can be acquired
through the use of expensive equipment such as spectrometers, though the vast majority of consumer-
grade surveillance cameras are not equipped with such instruments as it would likely make them more
expensive. Using a visible light sensor with the camera is another possibility, but this approach has its
own drawbacks. The key issue with light sensors is that they generally have a significantly more limited
field of view than the camera, which is problematic because they might miss sources of light visible to
the camera. A trivial way to solve the problem in the thesis would of course be to turn the IR-cut filter
on and off multiple times per night and calculate g;z. However, this is unreasonable, as it would more
or less render the camera visionless for a total of a few minutes every night. Another factor to consider
would be the additional mechanical wear on the IR-cut filter by switching it on and off many more times
than intended. In addition, simply using the time of day for day/night synchronization is unreliable as
factors such as weather, artificial lighting, and geographic location can cause significant variations in
the lighting of the camera scene. Switching to day mode and turning on the IR-cut filter should only
happen when there is enough visible light, regardless of the current time. Due to the difficulty of accu-
rately modeling the problem with traditional methods and heuristics, this thesis will investigate different
machine learning models for predicting the g;g value for a given camera scene.

1.2 Problem

The purpose of this thesis is to explore the possibilities of leveraging various machine learning archi-
tectures for estimating the infrared-to-visible ratio, gz for light registered by a camera’s image sensor.
Additionally, the models should be lightweight since they will be deployed on the cameras.

1.3 Aim of research

The research questions of this thesis can be stated as follows:

11



Chapter 1. Introduction

¢ Is it possible to estimate how much of the incoming light lies within the infrared spectrum using
machine learning architectures?

e Which architectures are suitable for the task?

1.4 Related work

After conducting a literature study, there seems to be a research gap in the literature for estimating the
infrared-to-visible ratio of an image with machine learning techniques for day/night-synchronization. In
a broader context, there has been some related work on the intersection of spectral imaging and machine
learning in the field of agricultural science, where it has been used for measuring vegetation health.
NDVI (normalized difference vegetation index) [3] is a metric used for quantifying vegetation health by
measuring the difference between near-infrared light (NIR) (which is strongly reflected by vegetation)
and visible red light (VIS) (which the vegetation reflects weakly or absorbs), where NDVI = %gjﬁg
Acquiring near-infrared (NIR) and red spectral data for calculating NDVI usually relies on specialized
equipment like multispectral or hyperspectral cameras [4]. However, these cameras are expensive and
require technical knowledge for proper use and data interpretation. Wang et al. [4] collected reflectance
data from corn plants with an IR-sensitive Raspberry Pi camera sensor and a Raspberry Pi. The data
was then used for training different machine learning models, such as support vector regression, for
estimating the NDVI of the plants. The models showed strong performance when evaluated against
hyperspectral cameras. This suggests that it is possible to use machine learning for estimating spectral
characteristics of image sensor data and by extension g;g.

1.5 Delimitations

We will only consider one camera with its specific configuration of image sensor and optics. The con-
figurations of these components will differ between cameras and as such the machine learning models
developed in this thesis would likely need to be retrained or recalibrated to work as intended on other
cameras.

1.6 Report outline
» Chapter 2 provides the theory needed for understanding the work in this thesis.

* Chapter 3 describes the methodology used concerning collection of data, preprocessing, model
architectures, and evaluation metrics.

* Chapter 4 presents the model results, along with analysis and discussion of the methodology,
results, and sources of error.

* Chapter 5 concludes the thesis and suggests directions for future work.

12



2
Theory

To predict gy, the proportion of infrared light in a scene, it is important to first understand the physics
of light and how cameras work. First, we start with the basics of the electromagnetic spectrum, focusing
on visible and near-infrared light. Second, we explain how modern camera sensors capture and process
light, including the role of color filters and why specific features like the red and blue color ratios are
particularly useful for this task. Finally, we present some of the fundamentals of machine learning, with
a closer look at two models used in this thesis: multilayer perceptrons (MLPs) and gradient-boosted
decision trees (GBDTSs).

2.1 Light and the electromagnetic spectrum

Electromagnetic radiation makes up what is called the electromagnetic spectrum [2]. It is usually di-
vided into different segments such as gamma rays, ultraviolet radiation, visible light, and infrared light
[2]. Visible light constitutes a specific segment of this spectrum, ranging approximately from 400 to
700 nanometers in wavelength and corresponds to the wavelengths of light that the human eye’s pho-
toreceptor cells (cones) can detect and interpret [2]. When visible light enters the eye and strikes the
retina, it triggers chemical reactions in the cones, which in turn leads us to perceive different colors [2].
In this thesis, we will also concern ourselves with the near-infrared region (1000 nm (upper limit for the
camera) > A > 700 nm) in addition to the region of visible light.

Light in the real world is composed of combinations of illuminants, both natural and man-made. An
illuminant in this context represents a certain spectral power distribution [5]. A spectral power distribu-
tion represents the physical wavelength composition of an illuminant, often expressed as radiance given
as a function of wavelength [6]. CIE (The International Commission on Illumination) has defined a wide
range of standard illuminants [5]. In Figure 2.1, the spectral power distributions of the noon daylight
standard illuminant D65 and the fluorescent standard illuminant F4 are given as examples. Note the
difference in the infrared region between D65 and F4, with D65 exhibiting significant spectral intensity
while F4 has almost no intensity. Considering the case of D65, this makes sense, as a large portion of
the noon sun light which reaches Earths’ surface and heats it is infrared [7].

D65 standard illuminant F4 standard illuminant
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Figure 2.1 The spectral power distributions of the standard illuminants D65 and F4, generated with LuxPy [8].
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Chapter 2. Theory

2.2 Digital imaging

Digital image sensors are the heart of modern digital camera systems. They are constructed by placing
a large number of photosensitive elements in an array, which convert light into electrical signals [5].
These signals can then be processed into digital images [5]. We will use a complementary metal-oxide-
semiconductor (CMOS) sensor in this thesis. When the sensor has captured the light from the scene, the
captured image signal must then be reconstructed back to a color image. This is done by placing a color
filter array on top of the image sensor, which allows each pixel to be sensitive to specific wavelengths
of light [5]. A common choice for filter pattern is the Bayer mask. As shown in Figure 2.2, the pattern
is a 2 x 2 mosaic of one blue, one red and two green filters. The reason for this design is that the cones
of the human eye are more sensitive to green light and this will allow the image sensor to give a scene
representation that would be more accurate to how a human observer would interpret it [5].

Figure 2.2 Example of a Bayer filter pattern arrangement.

Furthermore, the quantum efficiency of a sensor reflects how efficiently the sensor converts incident
photons of different wavelengths into electrical charges [9], as illustrated in Figure 2.3.

— BLUE
—— GREEN
35 4 — RED
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400 500 600 700 800 900 1000
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Figure 2.3 Example quantum efficiency of a CMOS Sensor. For the purposes of this thesis, the quantum effi-
ciency of the CMOS sensor we use can be regarded as roughly equivalent to the quantum efficiency illustrated in
this figure.

In the case of infrared light striking the camera sensor, the resulting image can look greyed out. For
this reason, some cameras implement an infrared cut filter or IR-cut filter for short [5]. This filter is a
mechanical component often used in digital cameras to improve daytime color accuracy by blocking
infrared light while allowing visible light to pass through. By filtering out unwanted infrared light, the
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2.3 Color theory

IR-cut filter helps ensure that the camera sensor receives only the visible light spectrum, which results
in more accurate color reproduction in captured images. During nighttime however, infrared light is
often leveraged for surveillance purposes in low-light environments [1]. This is illustrated in Figure 2.4.
A surveillance camera equipped with an NIR LED can emit infrared light invisible to the human eye
and infrared light reflected by surfaces in the camera scene can be detected by the camera sensor. This
ensures that outdoor scenes remain observable even during nighttime.

2.3 Color theory

Color does not exist and is merely a psychological phenomenon, which can vary greatly from observer
to observer [S]. However, it is still possible to reason about it. The most common color model is RGB
(Red, Green, Blue), which is a color model where colors are generated by combining varying intensities
of red, green, and blue light and is widely used to create and display color in electronic displays, such
as computer monitors and digital cameras [2]. By mixing these primary colors at different levels of
intensity, one can produce a wide range of colors [2]. In this thesis, we will work exclusively with linear
RGB values and ratios. In camera imaging, it is advantageous to perform calculations in a linear color
space that adheres to the linear characteristics of physical light. Modern camera sensors behave linearly
in the sense that they produce signals with amplitudes proportional to the intensity of the incoming
light [10]. For example, this means that multiplying an intensity value by two would correspond to
doubling the intensity of the incident light on the sensor. However, though easy to work in, linear RGB
does not reflect how human observers interpret changes in light very well. To mimic how human vision
would respond, imaging systems apply a non-linear transfer function called gamma correction, which
essentially is a power function .

g(l) = lmax <l> (2.1)

lmax

where [ is the intensity level, [, is the maximum intensity level of the image and ¥ is the correction
factor [11]. ¥ > 1 increases the darkness of the pixels and y < 1 increases the brightness [11]. Fortu-
nately, we can disregard any processing such as gamma correction as those will be applied further down
the imaging pipeline and not take that into account when preprocessing the data. In this thesis, the im-
age sensor uses a normalized RJFXTH; color space, X € {R,G,B}, for its data. However, the two ratios
R +g —p are often more interesting from an imaging perspective, such as white balance
tuning. The reason for this is analogous to how the human vision system works, as discussed in section
2.2: the green component will almost always dominate in the light signal. As such, one rarely has to
apply gain to the green component, which is why the image sensor only presents values for ﬁ and

_B
R+G+B"

2.4 Foundations of machine learning

In this section we present an overview of different machine learning concepts that were used in this
thesis.

2.4.1 Multilayer perceptron

A multilayer perceptron (MLP), as described in [12], is a basic feed-forward neural network which
consists of at least three layers: one input layer, one (or more) hidden layers and one output layer. An
MLP has the goal of approximating a target function f*. For instance, in classification, f*(x) maps an
input x to its corresponding category. The network establishes a function f(x; 8), where 6 represents the
parameters. It then optimizes the mapping between inputs and outputs by adjusting 6 through training
to approximate f* as closely as possible [12]. The layers consist of neurons, with each neuron fully
connected to the neurons in the preceding and succeeding layers [13]. A neuron receives input from
many other neurons and computes its own activation output value y [12]. This can be expressed as

n

y=0() wix;+b) 2.2)

i=1
where ¢ is an activation function, w = (wy,wy,...,w,) is a weight vector, X = (x, X, ...,X,) is an input
vector of activations to be weighted, and b is a bias term. The purpose of an activation function is to
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Chapter 2. Theory

(a) IR-cut filter on.

(b) IR-cut filter off.

Figure 2.4 This montage shows the impact of an IR-cut filter on the color reproduction of the camera’s image
sensor. With the filter on (a), the colors of the image appear more natural to the human eye. With the filter off (b),
the colors of the scene are washed out and magenta-tinted due to interference in the Bayer filters from the NIR
light.
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2.4 Foundations of machine learning

introduce nonlinearity in the layers of the model, which otherwise would be just a combination of linear
transformations and as such unable to learn more complex functions [13]. A popular activation function
is the rectified linear unit (ReLU), ¢ (x) = max(0,x) [14]. As activation function for the output layer, a
multiclass classification MLP often uses softmax (equation 2.3) for getting the predicted probabilities
from an output vector o [13].

exp(o;)
Zj exp(Oj)

Depending on the task to be performed, different loss functions are used, which will be further explained
in Section 2.4.3.

y = softmax(o) where J;= (2.3)

2.4.2 One-hot encoding

A one-hot encoding is a vector where each component corresponds to a specific category, with a value
of 1 for the relevant category and O for all others [13]. For example, given three different labels, "cat",
"chicken", and "dog", the resulting one-hot encoding for these would be as presented below [13].

* (1,0,0) for "cat"
* (0,1,0) for "chicken"
* (0,0,1) for "dog"

2.4.3 Loss functions

A loss function is used to optimize the parameters of a model by calculating the error between the
ground truth labels and the predicted labels and minimizing this error [15]. Different loss functions
are employed depending on whether the model should perform classification (predicting a class) or
regression (predicting a numeric value) [15]. This subsection provides an overview of loss functions
used in this thesis, both for classification and regression.

Classification

Categorical cross-entropy Categorical cross-entropy loss is a widely used metric for multiclass clas-
sification which measures the dissimilarity between the actual label distribution y and the predicted
probability distribution p [15]. It can be expressed as

nlml

Zee(y,p) = —= Z Z yieIn pig (2.4)
i=0 k=

where n is the number of samples, m is the number of classes, yj is the one-hot encoded true label for
the k-th class of the i-th sample, and pj; is the predicted probability for the same class [15].

Regression-by-classification Regression-by-classification [16] is a technique where a continuous vari-
able is predicted by discretizing it into bins and training a classifier to predict the bin labels. It can be
performed using a loss function which combines the cross-entropy loss (equation 2.4.3) with the one-
dimensional Wasserstein loss [16]. The Wasserstein loss quantifies how much effort is required to shift
the predicted distribution p to match the true distribution y [17]. For the case of one-dimensional discrete
distributions, it can be expressed as

nlml

L, (v, p Z Z Vi — Pyl (2.5)

20 k=

, where Yy, Py represent the cumulative distributions functions of y;, p; such that Y = Z/fzo)’il and
Py = 2]1(:0 pir [16]. The loss function for regression-by-classification is then defined as

ZLroc(y,0) = 0 Zce(y,p) + (1 — ) Ly, (v, ) (2.6)

, where & € [0,1] and o = 0.5 unless specifically stated [16]. The reasoning is that %y, will contribute
toward the loss function Zrpc(y, p) treating near mispredictions of labels as less severe and penalize
mispredictions which are far away from the true labels harder [16].
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Chapter 2. Theory

Regression

Mean Absolute Error (MAE) MAE calculates the average of the absolute differences between pre-
dicted and actual values [15].

O & S
Aane(v:9) =~ 3 [yi— il 2.7)
i=0

Mean Squared Error (MSE) MSE calculates the average of the squared differences between the pre-
dicted values and the actual values. [15].

|
—

(yi — 1) (2.8)
0

XMSE(.%),)\) =

S| =

1

Larger errors gets amplified because of the squaring operation, which in turn makes MSE (equation 2.8)
more sensitive to outliers than MAE (equation 2.7) [15].

2.4.4 Optimization and hyperparameters

The purpose of an optimization algorithm is to provide an efficient way to minimize the loss function
used in the model [13]. One of the most widely used optimization algorithms is stochastic gradient
descent (SGD), which computes gradients with respect to the loss function and adjusts the model pa-
rameters accordingly. The training process is often controlled with hyperparameters, such as learning
rate and batch size, which are externally defined parameters and not updated during training. Learning
rate controls the step size used by the optimizer for updating the model weights, while batch size con-
trols how many samples from the training data are processed before the model updates its weights [13].
ADAM [18] is an optimization algorithm, based on SGD, which will be used to train the MLP models
in this thesis.

2.4.5 Overfitting and underfitting

Two important concepts to consider when creating machine learning models is overfitting and underfit-
ting. Overfitting occurs when a model performs well on the training dataset but fails to find and learn the
true underlying patterns in the data distribution that would allow the model to perform well on new, un-
seen samples, but rather memorizes the data [19]. Underfitting occurs when a model performs poorly by
failing to find any underlying patterns in the training dataset and therefore cannot generalize either [19].
Fortunately, a number of measures can be taken to mitigate this. On data level, dataset augmentation is
a widely used technique [20], and is further discussed in Section 2.4.6. On model level, one common
technique to prevent overfitting is using random dropout layers [21], where on each training sample a
hidden neuron is randomly excluded from the model with a probability p. Moreover, loeffe et al. [22]
introduced batch normalization, which reduces the internal covariate shift of a model by normalizing
the inputs of each layer in a neural network to have the same mean and standard deviation. It has been
shown to improve training stability and speed as well as acting as a model regularizer [22].

2.4.6 Data augmentation

Data augmentation is a technique used to reduce the generalization error of a machine learning model
[12]. In computer vision applications such as image classification or object detection, data augmentation
is useful as it can potentially expand the training dataset greatly by applying transformations such as
flipping, cropping, shearing and zooming to the images [23]. Data augmentations is usually successful
in domains where these image transformations maintain the semantic structure of the data, i.e, predicting
on an image of an upside-down cat is still meaningful because the underlying content (the cat) remains
the same despite the transformation. In contrast, other domains of data, such as tabular data, lack such
clear invariant structures, which makes these transformations less suitable for dataset expansion [24].

2.4.7 Gradient boosted decision trees

Gradient boosting is a concept introduced by Friedman et al. [25]. It can be formulated as a numeri-
cal optimization problem which aims to minimize the loss function by adding new corrective models
rather than changing model weights for misclassified events [26]. Following the outline in [26], gradient
boosting can be described as a model F being constructed iteratively, where F; denotes the model at step
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2.4 Foundations of machine learning

k. At this stage, Fy serves as an approximation, and errors remain such that F;(x) # y. To improve the
model, an additional component /4y, is introduced, satisfying:

Freq1(x) = Fi(x) + he(x) = ,

which can be rewritten as:

hy(x) =y — Fi(x).

Rather than training a completely new model, the process focuses on fitting the residual y — Fy(x), which
represents the part of the data not yet captured by Fj. If the updated model F;; remains insufficient,
this procedure is repeated in subsequent iterations until satisfactory performance is achieved [26]. A
decision tree is a supervised machine learning approach used for both classification as well as regression
tasks, where a tree is built based on the training data with conditional statements as branches, decision
nodes for said statements and gives its final decision according to the leaf node it ends up in [19]. For
regression, the output of the tree model is the mean (or median if using the mean absolute error) value
of the training events in the corresponding leaf node [26].

19



3
Methodology

This chapter aims to explain how the data for this thesis was acquired and preprocessed as well as
the designs of the machine learning models. As stated at the start of this thesis (in Section 1.2), the
overall goal is to build a machine learning model that, given image sensor data when the IR-cut filter is
disengaged, can predict the infrared to visible light ratio, g;z. The algorithm currently used by Axis is
proprietary software and thus cannot be disclosed in this thesis.

3.1 Data collection

The collected dataset consists of frame pairs, each containing two frames of the same scene: one cap-
tured with the IR-cut filter off (F, ) and the other with the filter on (F,,). Each pair also includes the
two exposure settings captured for the scene. A frame in this context consists of 34 x 60 blocks ex-
tracted from the sensor raw image, where each block is an averaged patch of the neighborhood pixels.
The data of a block is a 2-tuple presented in the normalized RJFXTJFB coordinate space, X € {R,B}, of the
red color ratio and blue color ratio. The blocks has not been subjected to any gamma correction and is
linear. These ratios R +g B and 7 +g B will throughout this thesis be referred to as r and b, for the sake
of brevity. A frame is numerically represented as a NumPy array of shape (34,60,2), where the third
axis represents the red color ratio r and blue color ratio b, respectively. As highlighted in Section 2.3,
an aspect to consider is that the green color ratio ﬁ is not taken into account, due to the fact that
r and b are often more interesting from an imaging perspective and is therefore not readily available in
the block statistics. Of course, this ratio could be calculated using both r and b to possibly provide the
models with some extra spectral information, but we decided to only use the available data to avoid the
extra calculations the camera would have to do in a real installation.

(_-(r, b)

34
blocks

60 blocks

Figure 3.1 Tllustration of the block frame layout.

Other potentially important data is the exposure value of the camera. The exposure value for the
camera used in this thesis can be calculated as

exposure =1T- 3 (3.1)

where 7 is the shutter speed in milliseconds and f is a linear gain term. Slower shutter speeds result in
more light reaching the sensor, allowing more photons to reach the surface of the image sensor. Another
concept related to exposure is the lens aperture. A lens aperture is an adjustable opening through which
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3.1 Data collection

light reaches a camera. It is measured by f-stops, e.g. f/2.8 and f/16. Smaller numbers correspond to
wider apertures which admit more light into the camera and vice versa. We will keep the aperture
locked at open (f/16) when collecting data, as seen in Table 3.1. We capture the exposure values of both
frames F,rr and F,,, as they are used to calculate the ground truth g;g, further explained in Section
3.2.1.

There are some datasets of visible-NIR paired images, such as [27] and [28], which unfortunately is
incompatible with the data used in this thesis. One reason is that our camera has a different combination
of image sensor and optics. Another reason is that most likely, processing such as gamma correction has
been applied to the images in those datasets, where the correction factor ¥ is not specified. As such, the
gamma correction could not be undone from those images. In addition, we do not know the exposure
value. Although it would be interesting to explore these datasets, this was not done due to a lack of time.

Data was first and foremost acquired from various imaging labs at Axis, where it is possible to run
scripts which systematically illuminates a camera scene with different combinations of illuminants and
light intensities. These illuminants range from fluorescent lights with very low amounts of infrared light
in their spectral power distributions to lamps which produce large amounts of infrared light, especially
when dimmed down to low light levels. Some data was also acquired from natural scenes from around
the offices by letting a script collect data from a camera looking out a window from dusk to dawn,
as illustrated in Figure 3.2. Comparing the pair of (3.2a, 3.2b) with (3.2c, 3.2d), the latter has a more
pronounced difference between its frames, which indicates a larger impact from NIR light. The black
spots in frames 3.2a and 3.2c can be attributed to pixel saturation, which we will come back to in Section
4.4. All data was collected with the settings presented in Table 3.1. A total of 1972 samples from 11
capturing sessions were collected for training. In Figure 3.3, this data collection process is summarized
in the red module.

(a) IR-cut filter off, gjg = 0.20 (b) IR-cut filter on, gjg = 0.20
(c) IR-cut filter off, g;r = 0.47 (d) IR-cut filter on, g;g = 0.47

Figure 3.2 Two horizontally paired block frames from the same scene

Camera settings

Max shutter speed (s)  1/50

Max gain (dB) 75
Aperture locked at /16 (open)

Table 3.1 Camera settings used during data collection



Chapter 3. Methodology

3.2 Data preprocessing

Data collection
False | Frame with IR-
[ cut filter OFF +
- All frame I w_off
pairs Frame pair Start
captured? ‘—‘ Frame with IR- )
cut filter ON +
Collected w_on Camera
frame pairs |
Data preprocessing
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1D histogram r2
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Select ren l
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Training
data

Validation data
Data
augmentation

Model training and evaluation

/ Training data + augmented data
Model training
evaluation model...

Model

- J

Figure 3.3 Illustration of the data and model pipeline.

Data preprocessing plays an important role in preparing the collected dataset for use in our models.
The captured block frames need to be transformed into a format that can be easily understood and
processed by machine learning algorithms. Each component of the preprocessing part of the pipeline
(the blue module in Figure 3.3) will be described in detail in this section. First, we explain how g as
a ground truth label (or numerical value in the regression case) is calculated. Second, we describe how
features are extracted from the dataset. Finally, we present the feature representation after preprocessing
along with a motivation of our approach.

3.2.1 Calculating gz

q1r is an estimation of how much of the light which strikes the camera sensor lies within the near-infrared
region on the electromagnetic spectrum and can be expressed as gjr = %,qm € [0,1].
The output voltage of the CMOS sensor will generally maintain a linear relationship with the incident
photons [5]. This means that given two light source components L; and L, the output voltage will be
proportional to the sum L; + L. In other words, the sensor responds additively. However, if light levels
are very high, the pixels become oversaturated and they will not contain any useful information. On
the other end, if light levels are very low, the output signal will be noisy due to sensor gain. It is also
important to note that g is an estimation that is specific to the camera used in this thesis. Below we
explain how the ground truth value for g is calculated.

Due to the additivity of the image sensor response, the total scene luminance Ly, can be expressed
as the sum of the infrared luminance component L;g and visible luminance component Ly ;ip/.

Lycene = Lig + Lvisible (32)

We can then write the ratio of infrared luminance to all luminance, g, as

. NIR llght . Lir
"~ NIR light + visible light  Lgcepe

qIR (3.3)
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3.2 Data preprocessing

For the image sensor, the exposure value w is inversely proportional to sensor luminance L

— (3.4)

Using equation 3.4, we can now write the exposure value for the frame where the IR-cut filter is engaged,
Won, a8

1
o = (3.5)
o Lyisibie
and the exposure value for the frame where the IR-cut filter is disengaged, w,rr, as
1 (36)
Woff = —— .
I Luisivie + Lir

Now, the ratio of the infrared luminance component to the sum of all luminance components, gz, can
be written as

Lig Lir Lyisibte _ _ Woff

Lscene LIR + Lvisible LIR + Lvisible Won

qir = (3.7

For classification, the g;g values are divided into four label intervals: [0.0-0.5], [0.5-0.7], [0.7-0.9], and
[0.9-1.0]. We chose these intervals as they approximately correspond to the quartiles of the total dataset
distribution of g;r values. Each label value is then one-hot encoded depending on the interval it falls
into. For regression, the labels are kept as their original numerical values.

3.2.2 Feature extraction

Each frame F,y is transformed into two separate one-dimensional color histograms, one for the red
ratios r and one for the blue ratios b. The histograms consist of six equally wide bins, with a value range
of [150,300] for r and [50,200] for b. The widths of the histogram bins were empirically chosen based
on observations of the dataset distributions as well as making sure bins/features that would always set to
zero were not included. The choice of color histograms as the primary representation of input features
has several advantages. They are computationally efficient and interpretable. A potential disadvantage
when compared to other alternatives, such as using the full image as input, is that a color histogram
essentially discards the spatial information from the image. However, since we are more concerned
with the color intensity ratios than the spatial information, this is considered an acceptable compromise.
Another aspect is the dimensionality of the color histograms. Some efforts were also made with two-
dimensional histograms of » and b, an m X n matrix where the bin counts correspond to the occurrence
of combinations of intensities. While two-dimensional histograms could perhaps capture more com-
plex relationships between r and b, our initial experiments showed no advantage in model performance
when compared to their one-dimensional counterparts. Therefore, we chose to use one-dimensional
histograms rather than two-dimensional histograms.

Another potentially important feature is the exposure value w, for a given frame F,7r. As shown
in Section 3.2.1, it is a variable that is directly related to g;g and will also be available at inference time
for the models. For this reason, we motivate its inclusion as an input feature. Thus, the preprocessed
feature representation of the data becomes [ry, 72, ...,76], [b1, b2, ..., b], wo s With gyr as label. After pre-
processing is completed, the dataset was further split into training, validation, and test sets, represented
with CSV (comma-separated value) files. The splits are approximately 70/20/10. However, due to the
fact that the amounts of captured samples and labels varied between each data collection session, it was
difficult to ensure similar class balances between the splits. Obviously, we do not want to leak data from
the same scene between splits. The class distribution of the entire dataset is shown in Figure 3.4.
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Figure 3.4 Class distributions of gjz values for the entire dataset.

3.3 Data augmentation

As mentioned in Section 2.4.6, data augmentation allows us to extend a limited dataset by applying
various transformations and generating new samples for training for the purpose of reducing the gener-
alization error of a machine learning model. For this reason, we believe it is motivated to use some kind
of data augmentation for our dataset, which is quite limited in terms of size. Our first approach is to
apply random Gaussian noise to both histograms. This is done by sampling a vector X ~ .4#7(0,30) and
adding it to the histograms, clipping negative bins to zero. The standard deviation ¢ = 30 was chosen
after experiments on a subset of the training data. Our second approach is to identify peaks in the his-
tograms, and then randomly redistribute some of the bin frequency values to the neighboring bins. From
each data augmentation approach, we generate 300 random new samples. To ensure that our results are
reproducible, we also set the same random seed for the pseudorandom generator. We will also train the
models with these data augmentations applied both independently and stacked.

3.4 Model architectures

This section presents the machine learning models used in this thesis as well as their designs. A key
pointer in the architectural decision making of the models was simplicity. The cameras are essentially
embedded systems with limited amounts of memory as well as computational power and many concur-
rent processes sharing these resources. If we also consider the delimitation that the models in this thesis
likely have to be retrained for use on other cameras, it is a positive if the models are small and cheap to
retrain. As a result, simpler models with smaller memory footprints are often preferred for these devices.
Another advantage of keeping models simple is reducing the risk of potential overfitting.

In its nature, the task of predicting gz is a regression task. When faced with the choice between
reformulating the problem as a classification problem or keeping it as a regression problem, there are
several factors to consider. Classification comes at the cost of losing precision, so the choice depends
on whether the loss of continuous information in g;g is acceptable. For the task of predicting g;g, this
loss can be justified, provided that the predictions are correct and mispredictions not far away from
the true label. If the model is overestimating g;g for a scene, this will lead to the camera remaining
in night mode for longer than needed. On the other hand, an underestimation would cause the camera
to oscillate between day and night mode. Obviously, both scenarios are unwanted but from an end
user perspective, the latter one is probably seen as more disruptive than the former. On the other hand,
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3.4 Model architectures

regression models offer more precision than classifiers as they output a continuous value, which also can
be used directly with the existing algorithms. However, they might be more difficult to train. Therefore,
we choose to investigate a total of three different models which may be suitable for the task: a regression-
by-classification MLP, a pure regression MLP, and a gradient boosted decision tree (GBDT) model also
performing regression. One advantage of a GBDT model is that they do not easily overfit [29], which can
be beneficial considering our limited dataset. Furthermore, both [30] and [31] found MLPs to perform
well for other prediction tasks involving near-infrared imaging, which suggests that they may be suitable
for our task as well.

3.4.1 Regression-by-classification MLP

The regression-by-classification model consists of an input layer, a batch normalization layer, a dense
layer with 64 units and ReL U activation, a dropout layer with a dropout rate of 0.1, and finally a output
layer with four units and softmax activation. The model uses ADAM for parameter optimization and
is built with the Keras [32] framework. Due to the task being a regression problem at its core, we also
want the loss function to consider the inherent order of the labels, i.e. making wrong predictions which
are far from the true label should be penalized more than wrong predictions that are closer to the true
label. For this reason, we believe it is motivated to use the loss function for regression-by-classification
Zroc(y, p) to achieve this. Another aspect to consider is the imbalance between classes in the dataset,
shown in figure 3.4. One way to mitigate this on model level is using class weights. Imbalanced data can
bias models toward the majority class, leading to poor minority class performance. We try to counteract
this by assigning higher weights to minority samples during training. These weights are calculated
for each class i as weight; = g cngféss;?;gS:n o ofeiass,» Which in turn will be assigned to the loss
function. In other words, we tell the model to pay extra attention to underrepresented classes during
training. Hopefully, this will encourage the model to learn minority class patterns more efficiently and
in turn improve overall model performance.

Hyperparameters The hyperparameters used for training the regression-by-classification model are
presented in Table 3.2. These values were chosen by iteratively adjusting the parameters manually and
evaluating the model’s performance on a subset of the validation set.

Parameter Value

num. epochs 60

batch size 17
learning rate  0.001
o 0.25

Table 3.2 This table presents the hyperparameters used for training the regression-by-classification MLP.

The number of epochs and learning rate was chosen on the basis that the network should given enough
time with a steady learning rate to converge. A batch size of 17 was also found to have a positive
impact on validation accuracy. The parameter o controls the weighting between the cross-entropy and
Wasserstein loss of the loss function Zrpc (v, p) (equation 2.6), where experiments showed o = 0.25 to
be a good trade-off between the two terms.

3.4.2 Regression MLP

The regression MLP consists of an input layer, a batch normalization layer, a dense layer with 16 units
and ReLU activation, a dropout layer with a dropout rate of 0.15, and a output layer with a single unit
and an activation function that clips output values to [0,1]. Our reasoning behind the choice of the final
activation function is that since the range of g is between 0 and 1, it can be beneficial to constrain the
model outputs within this range. This may help the model training to converge faster, as the outputs are
already within the desired range. For training the model, we use MSE (equation 2.8) as loss function.
The model also uses ADAM for parameter optimization and is built with the Keras [32] framework.

Hyperparameters The hyperparameters used to train the regression model are however different and
are presented in Table 3.3.
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Parameter Value

num. epochs 100
batch size 32
learning rate  0.001

Table 3.3 This table presents the hyperparameters used for training the regression MLP.

Similar to the regression-by-classification MLP, the hyperparameters were chosen through iterative
manual tuning on a subset of the validation set.

3.4.3 Gradient boosted decision trees

For constructing the GBDT model we use LightGBM [33], which is a tree-based ensemble framework
for efficiently constructing gradient boosted decision trees. These parameters were selected using the
hyperparameter optimization framework Optuna [34]. The parameters used for training the model are
shown in Table 3.4, along with brief descriptions.

Parameter Value
Learning Rate 0.143
Number of Leaves 102
Max Depth 2

Min Child Samples 21
Min Child Weight 6.33x 107
Min Data in Leaf 5
Subsample 0.853
Subsample Frequency 1

Regularization Alpha 5.25x 1074
Regularization Lambda  9.82 x 1073
Min Split Gain 0.091

Table 3.4 Hyperparameters used for the LightGBM Model, selected using Optuna [34].

We can see that the learning rate was selected to be quite high, which allows for large updates with each
boosting iteration but might make the model a bit more susceptible to overfitting. The main parameter
for controlling model complexity is the number of leaves, which is set to 102, along with a low max tree
depth of 2. The minimum child samples ensures that a node can only be split if it contains more than
21 data points. The minimum data in leaf parameter is similar to the former, but controls the minimum
number of data points after a split. The subsample frequency of 1 means that subsampling of the dataset
is used for every boosting iteration. The subsample parameter tells the model to subsample 85.3% of
the training data for each boosting iteration. The regularization alpha and lambda values are used for
penalizing model complexity. The minimum split gain of 0.091 is a threshold for potential tree splits, so
that only informative splits are added to the model. Lastly, the minimum child weight parameter defines
the sum of the weights for all samples in a leaf. It can been seen as a secondary threshold to prevent
overly small splits.

3.5 Model evaluation

To better evaluate the models, an additional test set was collected from a real life scene. The collection
took place outdoors during a winter morning in December 2024 and captured the transition from night
to day, which resulted in 116 samples. However, we discovered a lack of samples with gz values
within the range of [0,0.5] after finishing the data collection. As such, we also use an additional test set
containing 17 such samples. This aggregated dataset of 133 samples will be used for the evaluating the
overall predictive performance of the models. Below are a selection of both classification and regression
metrics that will be used to evaluate the models. In Figure 3.3, the model training process along with the
model evaluation is summarized in the green module. Furthermore, the acceptance criteria from Axis
for the model predictions to be useful in a real camera environment is stated in equation 3.8.
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3.5 Model evaluation

For all g;g values, the following condition must hold:

lgir — qigl < € (3.8)

where gjr is the ground truth value, gj is the predicted value, and € is the permissible error margin,
based on the range of the ground truth g;g values (Table 3.5)

qir €
[0.9—1.0] stay inside range
0.7 0.9] 0.10
0.5—0.7] 0.15
0.0—0.5] 0.20

Table 3.5 Error margins for different ;g ranges.

For [0.9 — 1.0}, it suffices to know that the scene is dominated by infrared light. The most critical regions
are [0.7 —0.9] and [0.5 — 0.7], hence the stricter values for €. Note that this criteria cannot be directly
applied to the regression-by-classification MLP.

Classification

The predictive ability of a classifier can be evaluated using a confusion matrix, which is a square matrix
table that visualizes the classifier’s predictions [35].

e TP: True Positives - where the model correctly identifies positive instances,
* TN: True Negatives - where the model correctly identifies negative instances,
» FP: False Positives - where the model incorrectly predicts the positive class,

* FN: False Negatives - where the model incorrectly predicts the negative class.
Using these definitions, the following classification metrics can be calculated [35].

¢ Accuracy and Precision:

TP+ TN .. TP
Accuracy = Precision = —
TP+ TN+ FP+FN TP+ FP
¢ Recall and F1-Score:
T Precision - Recall
Recall = ———— F1-S =2
eca TP+ FN core Precision + Recall

In addition, we will also look at macro averaged metrics to gain a more comprehensive understanding
of the overall predictive abilities of the models. Macro averaging calculates the metric separately for
each class and then just takes the unweighted mean.

Regression

The regression models will be evaluated using metrics such as RMSE (equation 3.9), MAE (equation
2.7), and R?-score (equation 3.10).

Root mean squared error Root mean squared error, or RMSE, is a metric that calculates the average
magnitude of the errors in a set of predictions. It is defined as

. 1 .
RMSE(y,9) =/~ Y (i —5i)’ (3.9)
where y; are the true values and y; are the predictions.
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Coefficient of determination The coefficient of determination, or RZ%-score, tells how much of the
variation in the target variable can be explained by a model. An R? of 1 means the model perfectly
predicts the data, while 0 means it’s no better than guessing the mean. If R? is negative, the model
performs worse than just using the mean. The formula is:

n ( 5.2
~ —1 Wi yl)
Rz(y7y): 1- =l —

(i —3)?

where y; are the true values, §; are the predictions, and j is the mean of y;. The closer R” is to 1, the
better the model explains the data.

(3.10)

3.6 Ablation study

The purpose of the ablation study is to gain an understanding of the contributions from different model
components. In this thesis, we will take the best performing MLP and retrain it without data augmenta-
tion, batch normalization, and dropout layers. We hope that the results of the ablation study will motivate
the inclusion of aforementioned components in the model.
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4

Results & Analysis

This chapter presents the results of our models. First, we present the results of the models evaluated
on the test set. Second, we present an comparison of the best configuration of each model. Third, we
conduct an ablation study on the overall best performing model. Finally, we discuss challenges and
limitations encountered during the thesis.

4.1 Model results

As a reminder, the task is to predict g;g for a given camera frame where the IR-cut filter is off. To achieve
this, we have three different machine learning models, one regression-by-classification model and two
regression models. In this section, we test six different augmentation configurations (no augmentation,
Gaussian noise, peak shifting, noise + peak shifting, and stacking the augmentations both ways) and
discuss the model results. Common to all models is that neither structures nor hyperparameters change
throughout the experiments but remain as described in Section 3.4. However, since these were optimized
for the model using no data augmentation, there is an inherent bias for this in the rest of the models.

Regression-by-classification The results for the regression-by-classification model trained with the
different data augmentations are shown in Table 4.1.

Augmentation Accuracy T Macro Prec. I Macro Recall  Macro F1-Score 1
No augmentation 0.42 0.45 0.35 0.31
Gaussian noise 0.81 0.79 0.83 0.81
Peak shifting 0.62 0.68 0.63 0.61
GN + PS 0.37 0.59 0.46 0.41
Stacked augm. (GN—PS) 0.79 0.77 0.80 0.78
Stacked augm. (PS—GN) 0.78 0.78 0.77 0.76

Table 4.1 Comparison of data augmentations for the regression-by-classification model.

We can see that the regression-by-classification model performance without any data augmentations is
poor, where the highest score is the macro precision = 0.45. Fortunately, the model performance sees
a drastic increase together with the Gaussian noise augmentation, achieving the highest score in accu-
racy and macro precision/recall, resulting in a high macro F1-score. Furthermore, we can see that the
GN—PS stacked augmentation achieves the second-highest score across all metrics. Both of our pro-
posed augmentations of the training histograms seems to have a positive impact on model performance.
On the other hand, applying both augmentations independently resulted in an even further decline in
performance except in precision, as illustrated in Figure 4.1.
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Figure 4.1 Confusion matrix of the worst-performing regression-by-classification MLP (Gaussian noise + peak
shifting).

It is not entirely clear why applying both augmentations independently causes the model to experience
such a drastic decline in performance. One possible reason could be that a too large portion of the
already limited training data now consists of augmented samples for the model to learn useful patterns
in the training data. Since we also use the same learning rate and epochs to train all models, it is probable
that the model overfits by rather fitting patterns of noise in the data.
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0.5-0.7

True label

0.7-0.9

0.9-1.0

0.0-0.5 0.5-0.7 0.7-0.9 0.9-1.0
Predicted label

Figure 4.2 Confusion matrix of the best-performing regression-by-classification MLP (Gaussian noise).

Positively, using the loss function for regression-by-classification seems to have been successful, as
there are no severe mispredictions (predictions more than one label off), as shown in Figure 4.2. Adding
Gaussian noise to the histograms of r and b seems to have a regularizing effect. However, when compar-
ing the test accuracy of this model to training and validation accuracies, it showed a decline in accuracy
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from approx. 90% to 81.2%, which indicates that this model is also slightly overfitting on the training
data. In Table 4.2, further performance metrics for the aforementioned model.

Metric 0.0-0.5 0.5-0.7 0.7-0.9 0.9-1.0

Accuracy 1.0 0.79 0.79 0.75
Precision 0.91 1.0 0.71 0.57
Recall 1.0 0.79 0.79 0.75
F1-Score 0.95 0.88 0.75 0.65

Table 4.2  Performance metrics for the best-performing regression-by-classification MLP (Gaussian noise).

As demonstrated by the relatively low scores across the performance metrics, [0.9-1.0] seems to be the
hardest label to make correct predictions for, even though it has the second largest amount of samples.
One probable reason is the lack of training samples with the label [0.7-0.9] leading to the model not find-
ing patterns necessary to distinguish between samples with these two labels. It can be also be that some
numerical ground truth values of g;gr were just below the upper interval limits of [0.7-0.9]. As such, they
had similar feature representations to samples with label [0.9-1.0] but were labeled differently by the
preprocessing pipeline. These cases are hard to distinguish between for the regression-by-classification
MLP, indicating that there is room for improvement regarding the preprocessing of the data. Another
explanation can be found in the loss function. The Wasserstein loss term in Zgrpc (¥, p) aims to minimize
the total distance that probability mass needs to be moved. As such, when this loss is uncertain, it shifts
the mass towards the center as this generally minimizes the average distance to other points within the
distribution. In other words, when Zrpc(y, p) is uncertain, it will favor middle labels such as [0.5-0.7]
and [0.7-0.9]. This indicates that the parameter oc = 0.25 in Zrpc(y, p) might weigh the Wasserstein
loss term too highly and that Zgpc(y, p) is not confident enough to shift mass towards the labels at the
extremes, such as [0.9-1.0].

Regression models In Table 4.3, a metric comparison for the two regression models is presented.

Augmentation Model RMSE| MAE| R>?
No auementation LightGBM 0.144  0.127 0.524
£ Regression MLP  0.071  0.057  0.883
Gaussian moise LightGBM 0.137  0.117  0.592
. Regression MLP  0.072  0.056  0.883
. LightGBM 0.138  0.116  0.560

Peak shifting Regression MLP  0.074  0.057 0.876
Gaussian noise + peak shiftin LightGBM 0.137 0118 = 0.569
4 P £ RegressionMLP  0.076  0.063  0.869
LightGBM 0.148  0.123  0.502

Stacked augm. (GN=PS) Regression MLP  0.071  0.059  0.882
LightGBM 0.140  0.123  0.567

Stacked augm. (PS—=GN) Regression MLP  0.075  0.062  0.872

Table 4.3 Comparison of data augmentations for the regression models.

For all six augmentation configurations, we can see that the regression MLP performs better than the
LGBM model across all three metrics. When comparing the models without augmentations, the regres-
sion MLP achieved both a lower RMSE (0.049) and MAE (0.057) than the LGBM model (RMSE =
0.144, MAE = 0.127). Furthermore, the R? score for the regression MLP was higher (R2 =0.883 com-
pared to R? = 0.524). With R? = 0.592, the LGBM model accounts for about 59.2% of the variance,
which indicates that the model is missing some important patterns in the data by leaving 40.8% of the
variance unexplained. On the other hand, the regression MLP achieved R? = 0.883, which means that
88.3% of the variance is explained, leaving just 11.7% unexplained. Once again, combining or stacking
both augmentations seems to have a detrimental effect on model performance, though not as promi-
nent as in the case of the regression-by-classification MLP. The most surprising result is perhaps the
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small impact that data augmentation has on the models. When comparing model performance metrics
for different augmentations, it is clear that only the LGBM model of the two models experiences some
increase in performance by training on augmented data. This indicates that our suggested approaches
for data augmentation may not be effective for the regression models. One reason for this may be that
analoguous to the classification case, we do not modify the g;g. It is not very clear how to modify this
value either. It is hard to pinpoint an exact cause for the performance drop but it is likely related to
model confusion stemming from these erroneous samples. In conclusion, the regression MLP shows
significantly better results at predicting g;g as a continuous value. In Table 4.3, we can also see that this
conclusion holds for model comparisons across all augmentations.

However, these metrics do not necessarily offer a comprehensive depiction of the situation. For
example, MAE = 0.057 means that, on average, the model’s predictions deviate from the ground truth
qrr by 0.057 on a scale from 0 to 1. RMSE = 0.071 means that the average magnitude of the errors
is 0.071, which is slightly larger than the MAE, partly due to the squaring effect. To put these metrics
further into perspective, we provide scatter plots of the predictions of both the LGBM model (Figure
4.3) and the regression MLP (Figure 4.4).
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Figure 4.3  Scatter plot of the predictions (blue) of the LGBM model (Gaussian noise as augmentation). The red
dashed line serves as a visual reference point, representing the ideal predictions where the model’s outputs would
perfectly match the target values.

Observing Figure 4.3, we can see that the LGBM model seems to cluster predictions. One possible
reason for this is simply overfitting. It seems like the model has failed to create a decision tree with
splits from the training data which would allow it to generalize well to the test set. The LGBM model
showed good performance on both training and validation set, but evidently not on the collected test set.
This points to either the distributions of the train and the test set being too different for the model or that
the model is simply overfitted. As for the scatter plot in Figure 4.4, the regression MLP exhibits a better
overall fit to the data than the LGBM model. Still, the error patterns reveal some notable systematic
bias in that the MLP has a tendency to overestimate g;g. Additionally, there is more variance in the
predictions at the higher values, right below 0.8 on the horizontal axis, where some samples are predicted
as > 0.9. Overall, the regression MLP appears to have learned some reasonable, but not optimal, patterns
for generalization.
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Figure 4.4 Scatter plot of the predictions (blue) of the regression MLP (Gaussian noise as augmentation). The
red dashed line serves as a visual reference point, representing the ideal predictions where the model’s outputs

would perfectly match the target values.

As is evident from both scatter plots (Figure 4.3 and 4.4), there is a lack of samples with g;z values
in the range of [0,0.5]. To provide more information about the predictive abilities of the models, we

present plots of the cumulative distribution functions from the g} predictions during training in Figure
4.5.
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Figure 4.5 Cumulative distribution functions (CDF) of the training g}, predictions.

Both models perform well during training, with the LGBM model (Figure 4.5a) perhaps showing an
even better fit with its predictions. Conversely, this points even further to that this model is overfitted
and cannot generalize to unseen data. In Figure 4.5b, the RMLP clips a large portion of high value g;g

samples to 1 during training.
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We can understand more about the model predictions by examining the histogram of model residu-
als, or the differences between predictions and actual values.
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Figure 4.6 Error histogram of the LightGBM regression model.

As illustrated in Figure 4.6, the shape of the residual distribution appears multimodal. Moreover, the
spread of the prediction errors is quite wide, with large bins across a range of below -0.2 and up to 0.2.
Note also the difference in scale on the vertical axis for both histograms, where the magnitude of the
residual bins is much larger for the LGBM model than for the regression MLP. All in all, this affirms
that the LGBM model struggles to learn useful patterns from the training data.

For the regression MLP, Figure 4.7 shows that the residuals are centered closer to zero than for the
LGBM model, with a clear peak near zero. The distribution also appears not overly asymmetric. There
is however a slight negative skewness, which indicates a bias in the model to overpredict g;z. More
positively, the error residuals fall within a range (around -0.15 to right below 0.2).

As stated in Section 3.5, the acceptance criteria was that for all ;g values, the condition |qir — gjz| <
€ must hold, where ¢ is the permissible error margin, based on the range of the ground truth gz values.
The results from the acceptance test with the best performing model configuration (Gaussian noise) are
presented in Table 4.4.

qIr € RMLP LGBM Nbr. of samples
[0.9—1.0] stayinsiderange 43.75% 0.0% 16
[0.7—0.9] 0.10 83.72%  25.58% 43
[0.5—0.7] 0.15 100% 100% 57
[0.0—-0.5] 0.20 100% 0.0% 17

Table 4.4 Correct prediction percentages of the acceptance test.

As depicted in Table 4.4, both the RMLP and LGBM fail to meet the error level for the acceptance
criteria with their predictions on the test set, although the former comes closer. The RMLP aces the
predictions for both [0.0 — 0.5] and [0.5 — 0.7]. However, making correct predictions for [0.9 — 1.0]
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Figure 4.7 Error histogram of the regression MLP.

seems to be tougher with no correct prediction for LGBM and only 43.75% correct predictions for the
RMLP. In the case of the latter, the activation function clipping high g;z values during training (as seen
in Figure 4.5b) may cause the model to not learn enough information to predict [0.9 — 1.0] samples
correctly, even though they comprise the second largest class in the dataset.

In summary, we find that the regression MLP outperformed LGBM in all metrics, with little benefit
from augmentations for either model. LGBM showed signs of overfitting and struggled to generalize,
as showcased by its clustered predictions and wide residual distribution. This points to that the LGBM
may not be a suitable architecture for the task, at least not given the current set of training data. While
more accurate overall, the MLP also displayed a bias toward overestimating g;g. These results showcase
the limitations of current augmentation methods and the regression MLP’s superior capacity to model
the data despite some biases.

4.2 Comparing regression-by-classification and regression models

Preferably, our models should be benchmarked on a real camera installation for seeing how they control
the IR-cut filter but due to a lack of time and technical knowledge for creating an implementation, this
could not unfortunately not be done. Regardless, it is of interest to compare the model performances, but
as the models differ in their problem approaches (classification and regression), some minor adjustments
have to be made. Therefore, we bin the predictions of the regression models into the corresponding bin
labels used for regression-by-classification. In this way, we can compare the predictive performances
of all three models with the best augmentation (Gaussian noise). The results of this comparison are
presented in Table 4.5.
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& RbC RMLP LGBM

& 188% 24.1% 22.6%
& 0.0% 0.0% 6.0%
& 0.0% 0.0% 0.0%

Table 4.5 Comparison of the three best performing models of each architecture. & indicates the fraction of the
predictions that are k labels off the true label. The smallest fraction for each & is typed in boldface font.

We can see that the regression-by-classification MLP has the lowest fraction of mispredictions and
performs best, with only 18.8% of predictions one label off (§;) and no larger errors (&, = 0%, &; = 0%).
The regression MLP has slightly more one-label errors at 24.1%. The LGBM model has 22.6% one-
label-off predictions and 6% two-label-off predictions, which makes it the least accurate of the three.
Going by this comparison, the regression-by-classification MLP is the most consistent performer. The
severity of mispredicting certain labels also differs. For example, a model predicting g;g = 0.51 as
dig = 0.49 will be put in &;. On the other hand, a model predicting g;g = 0.71 as gz = 0.95 will also be
put in bin &;, even though this is a much worse prediction when applied to a real context of predicting
qIR-

Furthermore, we also compare training time, inference time, and memory usage of the models in
Table 4.6

Metric RbC RMLP LGBM
Mean training time 36.16s  36.31s 1.07s
Mean inference time  2.0ms 2.0ms 4.2ms
Memory usage 4.72KB 1.14KB 352KB

Table 4.6 Comparison of training time, inference time, and memory usage between the models. The lowest
value for each metric is typed in boldface font.

We can see that all three models are low in training time, inference time, and size. The LGBM model
has the fastest mean training time by a margin at 1.07 seconds, while the regression-by-classification
MLP and RMLP are similar at over 36 seconds. For inference time, RbC and RMLP are faster at 2.0
milliseconds compared to 4.2 milliseconds for LGBM. In practice, all of these times are acceptable for
the task. Finally, the RbC and RMLP are the most efficient with regard to memory usage, even though
all three models are relatively low in size.

4.3 Ablation study

In the previous section, a head-to-head comparison showed that the model with the highest prediction
accuracy was the regression-by-classification MLP, with Gaussian noise as data augmentation. In the
ablation study, this model is retrained from scratch without data augmentation, as well as without batch
normalization and dropout layers. The results from the ablation study are presented in Table 4.7.

Configuration Data Augm. | Batch Norm. | Dropout | Accuracy 1
W/o Data Augm. & Dropout X 33.8
W/o Data Augm., Batch Norm. & Dropout 34.6
W/o Batch Norm. & Dropout X 34.6
W/o Data Augmentation X X 42.1
W/o Batch Normalization X X 45.1
W/o Data Augm. & Batch Norm. X 46.6
W/o Dropout X X 66.9
Best Model (Full Configuration) X X X 81.2

Table 4.7  Ablation study of various configurations of model components.

The most unexpected result from the ablation study is perhaps the poor performance of the model
where only batch normalization was used. It seems that both of the ablated components techniques
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play an important role in stabilizing training and preventing overfitting. The model trained without
dropout, but with both data augmentation and batch normalization, showed a significant improvement
in performance and achieved an accuracy of 66.9%. This points to that data augmentation and batch
normalization working in tandem is what enables the model to find some meaningful patterns in the
training data. The same pattern is also seen with the best performing model, which included all three
components and achieved an accuracy of 81.2%. This demonstrates that all of these components had a
positive impact on model performance when combined.

4.4 Challenges and limitations

This section aims to highlight various challenges and limitations encountered during the research pro-
cess.

4.41 Data collection

Dataset Due to a lack of an appropriate existing dataset for the task, this also had to be established.
The vast majority of the data collection was handled automatically by scripts without need for human
intervention, which overall worked well. The biggest problem was the limited dataset. As previously
stated, the majority of the data was acquired from imaging labs at Axis and while these labs allowed
for large control of scene illumination, there was a lack of diversity with regard to scene dynamics. The
static nature of the captured camera scenes meant that the scenes reflected light relatively uniformly,
which resulted in the histograms of some samples to be quite similar to one another. As such, it would
desirable to acquire more data from a variety from camera installations to expand the dataset. Although
there was some plans for this at the start, these never came to fruition. In addition to collecting more data,
alternative approaches for data augmentation e.g using variational autoencoders to generate training
samples should also be explored for the purpose of expanding the dataset.

Noise We also noticed that some frames captured in low-light conditions had noise issues. This was
caused by the camera’s autoexposure algorithm responding to low light levels by increasing gain and
slowing the shutter speed. The resulting frames often hard large variations in pixel block values, some-
times deviating by as much as +40 depending on the millisecond that the frame was captured. Fortu-
nately, this was only noticed in a few frames, which did not seem to impact overall performance. Thus,
no further action was taken to remove them. On the other end, frames captured in high light level en-
vironments sometimes suffered from pixel overflow, due to the saturation of CMOS sensor elements.
This results in the corresponding blocks in the frame being set to 0 and containing no information. The
reason for why this happened is that the autoexposure algorithm failed to set an exposure value such
that a reasonable amount of light reaches the sensor and at the same time avoids saturation. Once again,
this was not deemed to be a big problem and no further action was taken to remove them either.

Test set The test set used for final evaluation also has some technical limitations due to several reasons.
First, the camera was mounted on a tripod standing on the ground, which is likely an uncommon way to
position a surveillance camera. However, there were no other real alternatives for nearby environments
in which this data could be collected undisturbed and without other people being recorded. Of course,
it would be desirable to have the data collected with the camera more realistically mounted. Second,
the camera was tilting slightly upward from its ground position, capturing large portions of the sky and
thus high ratios of blue color. This likely had some impact on the distributions of » and b in the test
set as it represented a scene which could not be produced in the lab and therefore not included in the
training data. In other words, the test set was a tough selection of samples for the models. Positively, the
results can be an indicator of some model ability to generalize to previously unseen environments but
comparisons with other test sets are needed to verify this. Seemingly, there are also not a lot of samples
with gyg values in the range of [0.0-0.5] in the collected test set. This points to the possibility of its label
equivalent being a bit redundant and raises questions about its relevance in a real installation when the
camera needs to perform day/night-synchronization.

4.4.2 Data preprocessing

The features representations of the block frames were two histograms and one exposure value. His-
tograms provided a simple and interpretable way to represent the frames but likely missed finer details
that could help in predicting g;g. The exposure value most likely added valuable context about the
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lighting conditions of the scene, though its exact impact on performance is unclear. While this feature
set worked for our models, more statistical features describing the scene could be used, such as mean,
standard deviation, and skewness of the distributions of r and b, could improve results. Perhaps a dis-
tance metric between these distributions, such as the Wasserstein distance, might provide the models
with additional important information about the spectral characteristics of the light which reaches the
sensor. Therefore, we suggest that future work should also explore whether these alternative feature
representations can enable the models to capture even more patterns and use them for better predictions.

In addition, a more systematic approach than just eyeballing the distributions for choosing the num-
ber of bins as well as their widths. It is likely that we did not choose the optimal histogram representation
for the block frames. Alternative approaches such as the Freedman-Diaconis rule [36] could be used for
better bin width selection. This rule seeks to minimize the integral of the squared error between the
estimated probability density function (which is derived from the histogram) and the true probability
density function of the underlying r and b distributions. From this, the authors inferred that a good rep-
resentation in terms of bin width is 2%, where IQR(x) denotes the interquartile range of the dataset
and n is the number of observations in the sample x. In summary, more careful preprocessing of the
histograms may very well improve the results.

4.4.3 Models

The models presented in this thesis were developed with the scarcity of the dataset in mind. The MLPs
were designed with different regularization mechanisms such as batch normalization and dropout layers.
The parameters of the LGBM model were tuned on the validation set, but still failed to fully translate
its learned knowledge to the test set, something which the MLPs did better. This points to that a GBDT-
based model might not be the most suitable architecture for the task. Moreover, there are not many
immediate modifications to make for improving model performance, but rather improve the data first
before modifying the model architectures further. However, the MLPs could likely benefit from a more
systematic approach of hyperparameter tuning, such as performing a hyperparameter search with Op-
tuna [34]. Future work should look into this as well as exploring other machine learning models for
making more comprehensive performance comparisons.
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5

Conclusions & Future Work

In this final chapter we present the conclusions from this thesis as well as directions for future work.

5.1 Conclusions

In this thesis, we presented three different machine learning models for estimating g;g, i.e. how much
of the incoming light lies within the near-infrared spectrum. The research questions of the thesis are
restated below:

¢ Is it possible to estimate how much of the incoming light lies within the infrared spectrum using
machine learning architectures?

e Which architectures are suitable for the task?

The most promising model architecture for predicting g;g is the multilayer perceptron, where the
regression-by-classification MLP reached an overall accuracy of 81.2% and the pure regression MLP
achieved good scores across all metrics (RMSE = 0.072, MAE = 0.056, R> = 0.883). The LGBM model
showed more lackluster results (RMSE = 0.137, MAE = 0.117,R*> = 0.592). As a result, it might not be
a suitable architecture. Furthermore, the two regression models failed to meet the acceptance criteria,
although the RMLP made only correct predictions for two of four g intervals as well as reaching 83%
accuracy for predictions on a third interval. It should be noted that the test set was likely not entirely
representative of a real camera installation and an extra hard case for the models, which all showed
varying degrees of bias and overfitting. With more training data and further tuning of hyperparameters,
these models could possibly perform better. In conclusion, the overall results suggest that there is po-
tential for a machine learning approach for predicting ¢g;g. The models developed in this thesis are low
in both training and inference time as well as leaving a small memory footprint. They are not yet ready
for production and their results should be seen as indicative rather than definitive.

5.2 Future work

The two most critical next steps is acquiring more training data as well as further optimizing the data
preprocessing. This includes more data collection, crafting better feature representations and exploring
more sophisticated augmentation techniques.

An approach that may prove to be better suited for the task at hand is online learning. It is an ap-
proach in which data becomes available sequentially. The cameras could be deployed with baseline
models trained on data from the imaging labs (like the models developed in this thesis) and for each
day/night-switch that occurs, a new data sample becomes available for the models to retrain on. This
approach is integrity- and privacy preserving by keeping the data locally on the cameras and just ad-
justing the local model parameters according to the intensity distributions of its surveilled scene. We
already have small models with low inference times, which could be utilized for local training on the
devices. For multi-camera installations, the dataset could possibly be even further expanded by leverag-
ing distributed learning, in which a machine learning model is collectively trained by weights sharing
between the cameras.

Another potential approach is to draw inspiration from the field of optimal transport and find a
mapping from the r and b distributions of F, 7 to the corresponding distributions F,,, as well as between
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the exposure values w,¢r and w,,. This would be similar to modeling the IR-cut filter and its impact on
the light captured by the sensor.
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