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Abstract

This thesis aims to improve automated damage assessment by using active learn-
ing. Automated damage assessment involves the application of machine learning
techniques to rapidly estimate the extent of building damages following a nat-
ural hazard. 510, an initiative of the Netherlands Red Cross, employs a model
for automated damage assessment using satellite imagery. A challenge is that no
labelled images, which can be used to train the model, are available from a newly
occurred natural hazard. Labelling a large amount of data is too time-consuming
and labour-intensive. Active learning aims to select those datapoints to be la-
belled by annotators which are the most informative for a model, such that the
model can be trained using only a small labelled dataset. In this use-case, it
is implemented after having pre-trained a model on available labelled data from
previously occurred disasters. The objective is to fine tune the pre-trained model
to perform well on a newly unfolding disaster without having to label a large
amount of data.

Three different active learning models, which all have different advantages, are
implemented: Bayesian Active Learning by Disagreement (BALD), BatchBALD
and Wasserstein Adversarial Active Learning (WAAL). WAAL also uses adver-
sarial training, where a part of the network is trained using unlabelled data as
well. The methods are compared to randomly selecting datapoints.

Fine-tuning the pre-trained model using a small amount of labelled data from the
new disaster resulted in large performance improvements. However, none of the
active learning techniques managed to outperform random selection, with WAAL
even performing significantly worse. Thus, while 510 should implement the fine-
tuning of pre-trained models, it is recommended to use randomly selected data.
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1 Introduction

In 2022, over 30 thousand lives were lost due to natural hazards. On top, the
lives of 185 million people were e ected by these hazards and they resulted in eco-
nomic losses of over 220 billion Dollars (CRED, 2020). Damages due to natural
hazards have been increasing over the years, and are expected to increase further
due to climate change and an increased number of people living in areas prone
to disasters (Laframboise and Loko, 2012). Since the 1990s, there has been a 35
percent increase in the number of climate and weather-related disasters (IFRC,
2020). While the occurrence of hazards cannot be avoided, well coordinated aid
can reduce the impact of them.

Organisations such as the Red Cross provide aid when a disaster strikes. To target
this aid towards the locations where it is needed the most and to secure su cient
funding for the aid, it is important to assess where the disaster caused damage
and how large the damage is. A common method for this is conducting eld
surveys. Typically, the assessment of damages has multiple phases. First, a rapid
assessment for emergency needs is done within a week, using limited eld vis-
its. After this a more detailed assessment is conducted to obtain a more detailed
overview of damages. This typically takes up to 4 weeks (ICRC and IFRC, 2008).
Even this detailed post disaster needs assessment often has limited eld visits
(Jeggle and Boggero, 2018). Due to limited resources, as well as limited acces-
sibility of damaged areas, it is generally impossible to visit the whole a ected area.

One possibility to conduct damage assessments more e ciently is using remote
sensing technologies such as drones and satellites. Remote sensing techniques have
previously been used to identify land perturbations such as landslides. Lately how-
ever, its usage for damage assessments has been increasingly studied (Lallemant
et al., 2017). This research will use satellite images, as they are already collected
and cover a large area.

The information extracted from satellite pictures can assist relief work after disas-
ters in various ways. It can help in decisions on deploying international search and
rescue teams, identifying unknown damaged areas, coordinating the aid response,
decisions on sending international aid and deploying resources and to identify
housing requirements as well (Barrington et al., 2011). Conducting damage assess-
ments can be done visually by either experts or crowd-sourcing. Crowd-sourced
damage assessments are faster but less accurate as damages are not assessed by
experts (Westrope et al., 2014). Even using crowd-sourcing, assessing all buildings
in a ected areas manually can be time consuming, while a big advantage of using
satellite data could be the speed of the initial damage assessment of buildings.
On top, a large amount of volunteers needs to be available.

Automated damage assessment (ADA) algorithms can speed up damage assess-
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ments by having a computer estimate damages based on the satellite imagery
shortly after a disaster occurs, while it also decreases the dependence on the
availability of volunteers. The newest ADA algorithms typically use convolu-
tional neural networks (CNNs). 510, an initiative of the Netherlands Red Cross
for which this thesis is written, has constructed such a model. As input, the
model receives a satellite image of a building from before and and after a disas-
ter and it returns a damage classi cation. While results di er per disaster, they
are promising when the algorithm is trained on labelled data from the examined
disaster itself. In a practical situation, such training is not possible since it takes
too much time to label su cient data to train a model. Using models trained on
other previously occurred hazards, of which labelled images are available, have
less predictive capabilities, though in some cases reasonable results are achieved
(Valentijn et al., 2020). Results are likely to depend on the similarity of the type

of damage and location between both the trained on disasters which previously
occurred, and the newly occurred disaster on which the model is used.

Given training the model on imagery from the newly occurred disaster results in
better performance, 510 researches the applicability of active learning (AL) for
automated damage assessment. AL is a sub- eld in machine learning where an
algorithm selects unlabelled data to be labelled by an 'oracle’, which can e.g. be
a human annotator. The main idea is to make the active learner, which is the
model selecting which images it wants to be labelled, ask images in an e cient
way such that the model can achieve a high performance with limited labelled
instances (Settles, 2009).

Previously a core-set approach focusing on exploring diverse types of images has
been implemented (Sener and Savarese (2017) and Van den Bogaart (2021)), but
this did not lead to good results. Focusing on a diverse representation of data
may result in selecting a large amount of images which the model nds easy to
classify already. Another method, focusing on model uncertainty, showed some
promise (Van den Bogaart, 2021). Wang (2021) similarly shows promising re-
sults when using uncertainty based AL for ADA. Furthermore, she shows using
AL with a model pre-trained on labelled data from di erent disasters improves
results compared to solely training a model on new data using AL.

In this thesis, multiple AL methods are therefore implemented which aim im-
prove the previously tested uncertainty methods. Bayesian AL methods are used
for more reliable estimates for uncertainty. One of these Bayesian methods takes
into account the overlap in information which similar images may have. Lastly,
a dierent type of AL is used which more explicitly combines uncertainty and
diversity. On top, it uses unlabelled data when training the model. All methods
are explained in more detail later.



In Section 2, a literature overview containing in-depth information on automated
damage assessment, convolutional neural networks and transfer learning is given.
Furthermore, the basics of active learning are explained. The used data is intro-
duced in Section 3. Next, Section 4 contains the methodology with an elaborate
explanation of the used Active Learning methods, as well as explanations on how
transfer learning is implemented and the used performance metrics. It also con-
tains explanations on hyperparameters which must be tuned, of which the results
can be found in Section 5. The results comparing the di erent AL methods are
given in Section 6, followed by the discussion and conclusion in Sections 7 and 8
respectively.



2 Literature overview

2.1 Automated damage assessment

Automated damage assessment (ADA) is a research area which focuses on map-
ping the magnitude of damage after natural hazards. By creating models which
conduct such assessment automatically, it has the potential to quickly provide
organisations with a overview of damages and needs across an a ected area.

In an early application, Naeim et al. (2006) predict the damage to buildings after
an earthquake using sensor and structural data with a probabilistic approach.
Using this method, damage prediction can be made at a oor level. However, this
approach can only be used for earthquakes and needs buildings to be equipped
with sensors, which generally is not the case. Hence this type of methods cannot
be applied for ADA in most cases.

2.1.1 Using aerial imagery for damage assessment

Another option that does not depend on having sensors installed in a building is
using aerial imagery, e.g. by using footage produced by news vendors (Ozisik and
Kerle, 2004). Given the high quality of images from such sources, researchers were
able to conduct ADA based on intensity and color measures to classify buildings
in the year 2000 already. The ndings in such studies show that ADA does have
the potential to be a useful addition to traditional building damage assessment
(Hasegawa et al. (2000), Mitomi et al. (2001) and Yamazaki (2001)). However,
aerial images of news vendors are not easily accessible for large areas and the
automation methods used were not sophisticated.

Due to the improved accessibility and quality of unmanned aerial vehicles (UAVs),
often referred to as drones, the usability of aerial imagery for damage assessment
has increased lately. Since drones can circle around buildings, three dimensional
pointclouds of buildings can be created. Using these pointclouds, detailed assess-
ments of damages can be conducted (Fernandez Galarreta et al., 2015). Damage
assessment with these pointclouds can be automated using s-support vector ma-
chines and random forests. Using the random forest, 95 percent of the damaged
regions could be identi ed. However, when models were trained on data from
one site and tested on other unseen data, the accuracy drops by 15-30 percent
(Vetrivel et al., 2015). Performance on unseen data can be improved by combin-
ing features from such a 3D pointcloud with features extracted from the original
UAV images using a convolutional neural network (CNN, discussed in detail in
the next subsection). Using this combination, the transferability of models is in-
creased and an average accuracy of 85 percent is achieved (Vetrivel et al., 2018).
Using UAVs, it is even possible to form near real-time damage maps. A UAV



can be sent on a pre-de ned ight plan, while automatically creating a map by
combining images. ADA can be performed on this map using a combination of
algorithms, amongst which a CNN. A damage map is automatically constructed
by the algorithm before the UAV has even landed (Nex et al., 2019).

Hence UAVs can be useful in damage assessment after a disaster. This is espe-
cially the case for search and rescue teams by using the automated near real-time
damage mapping. Whilst being helpful in the disaster response, UAVs have some
drawbacks as well. Their usage is often limited by legislation. Furthermore, atmo-
spheric conditions can lead to unforeseen behaviour of a drone. Most importantly,
UAVs can only cover a limited area since they have a short battery life and hence
small operating range (Fernandez Galarreta et al. (2015) and Kerle et al. (2019)).
There is the need for UAVs to be available at the location of the disaster as well.

2.1.2 Using satellite imagery for damage assessment

Due to these limitations, other methods are needed for damage assessment in
larger areas. For this, satellite imagery can be used. Though satellite imagery
does face some drawbacks such as only having images from the top of the build-
ing, clouds which may interfere with capturing useful images and a reliance on
satellite companies making images available, there are clear advantages of using
satellite images. They are collected automatically, removing the need for UAVs at
the location. Furthermore, images collected by satellites map the whole impacted
areas, providing a better coverage for large disasters.

Satellite images have been used in disaster management for a long time, e.g. for
the mapping of areas a ected by oods in 1981. They are especially important
when the area hit by a disaster is inaccessible (Jayaraman et al., 1997). While
previously satellite images could only be used to identify large scale features such
as landslides, the introduction of civilian Very High Resolution (VHR) satellites
has made it possible to identify damages to smaller structures such as single build-
ings as well (Van Westen, 2000). Assessing damages to buildings can be done by
professional analysts who visually inspect satellite images and classify structures.
Since the availability of such professionals is limited, volunteers are also used to
map damages (Kerle and Ho man, 2013). While such damage assessments can
provide important information for relief organisations, it currently takes multiple
weeks to process the images after a disaster even while using volunteers (Barring-
ton et al., 2011).

Therefore, soon after VHR satellite images became more available, research has fo-
cused on automating the damage assessment based on these images. Al-Khudhairy
et al. (2005) used eCognition, which groups pixels forming objects and classi es

them using fuzzy logic. This assigns a value between 0 and 1 for each possible



class, related to how likely it is that the object belongs to the respective class
(Flanders et al., 2003). Huyck et al. (2005) use dissimilarities between pre and
post disaster images after some processing steps, amongst which convolutional
Iters which are explained in the next subsection. Both show that ADA using
satellite images is promising, but needs more research to be applicable in practice.
Other studies focused on methods such as linear relations, rule-based classi ca-
tion using di erences of shadow patters before and after disasters and one-class
support vector machines (Dell'’Acqua and Polli (2011), Tiede et al. (2011) and Li
et al. (2010)).

More recent research into ADA using satellite images has focused on the usage of
CNNs. These are able to teach itself to recognize features in pictures, and clas-
si es images based on these extracted features. Vetrivel et al. (2016) found that
CNN features signi cantly outperform handcrafted features. CNNs are also found
to outperform other methods such as SVM, classi cation and regression trees and
Random Forests by more that 10 percent (Ma et al. (2020) and Berezina and Liu
(2022)).

Using images from both before and after a disaster can improve results as well.
Shao et al. (2020) nd that combining both images instead of only using the post
disaster image results in a close to double Fl-score. The Fl-score is a metric
used for image classi cation which will be further discussed in Section 4.3. In
particular, results improve when images from before and after a disaster are rst
processed through separate CNNs, after which the output of both is jointly used
for classi cation (Xu et al. (2019) and Yang et al. (2021)). 510 has created such
a CNN, which will be discussed in more detail in Section 2.2.7.

While CNNs provide promising results for ADA, most research is conducted by
training and testing models on the same disaster event. The practical applicabil-
ity of such models is limited, since CNNs typically need large amounts of data
to train and hence such models would need many images to be labelled by hand.
This is not possible within the limited time after a disaster in which the analyses
should be conducted. Therefore some research looked into the transferability of
models between disasters. This involves the training of a model using labeled im-
ages from one or more previous disasters and predicting an unseen disaster using
this model. While in some cases reasonable results are found, especially when
a model was trained on multiple unseen disasters, such models always perform
worse than models trained on the same disaster it is used on (Valentijn et al.
(2020) and Xu et al. (2019)). This thesis will focus on active learning for the
CNN based ADA model created by 510.
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2.2 Convolutional Neural Networks

Note that overviews on CNNs by Goodfellow et al. (2016), Albawi et al. (2017),
O'Shea and Nash (2015) and Gu et al. (2018) are used throughout this subsection,
without explicitly referring to them each time.

CNNs are neural networks that use multiple di erent types of layers, amongst
which convolutional layers, that allow the model to extract features from the
data and make predictions based on them. The rst well known CNN frame-
works, LeNet-5 (LeCun et al., 1998) and AlexNet (Krizhevsky et al., 2017), rst
use a combination of convolutional and pooling layers. Together, these layers ex-
tract features from data while keeping the size manageable. These layers will be
explained in detail later in this subsection. After several convolutional and pool-
ing layers, typically the extracted features are attened and then fed to dense
fully connected layers. Figure 1 visualizes an example of a simple CNN with two
convolution layers followed by pooling, which is connected to a dense fully con-
nected layer.

As the network is able to extract and recognize certain features, it provides a
high performance in image recognition. All aforementioned layers will be ex-
plained next. These layers are the basic building blocks of a CNN, upon which
more sophisticated CNN models such as the one used by 510 are based.

Figure 1: Basic structure of a CNN (source: Albelwi and Mahmood (2017)).

2.2.1 Convolutional layer

The input to the rst convolutional layer, such as in Figure 1, is generally an im-
age represented by a matrix with pixel intensities or red, green and blue (RGB)
values. For convolutional layers following this rst one, the output matrices of
previous layers, called feature maps, are used as input. A convolutional layer uses
a lter, sometimes referred to as kernel, to extract features from the image. The
Iter is a block of weights, whose dimensions are chosen by the researcher. The
Iter is moved over the input matrix. At each position, the element-wise product
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is computed between the Iter and the part of the input matrix considered, which
has the same dimensions. The entries of the resulting matrix are summed and this
sum is the entry in the relevant position in the feature map, sometimes referred
to as the convolved image. In Figure 2 this process is visualized. The number
of rows or columns which the Iter moves can be adjusted and is referred to as
the stride. Sometimes padding is used, which are rows and columns containing
only zero values around the original image. Padding can prevent a decrease in
the spatial resolution of an image and can be used such that more information
on the edge of the image is detected. Without it, less Iters would be applied to
these edge values compared to those on the interior of the image.

A two-dimensional convolution can be computed as follows (Liquet et al. (2023)
and Goodfellow et al. (2016)}:

X X
Sy =(K i = Lagim ):on ) Kmin (1)

m n
whereS;; is the entry in row i and columnj of the feature map.| is the input
image andK is the kernel, which both are matrices.m and n range over the
dimensions of the kernel. a(i;m) and b(j;n) are functions that determine the
input indexes of the imagd . Generally this these functions are simply de ned as
i+ mandj + n (Liquet et al., 2023), but this can be altered e.g. to incorporate
a stride larger than one. When calculating the full convolution, this function is
applied for every combination ofi and j, with i andj ranging over the number
of rows and columns of the feature map respectively.

Convolution has several advantages. By using a Iter whose weights are the same
for each region it is applied to, the number of weights that need to be trained
remains relatively small. Furthermore, by applying the same lter to di erent re-
gions, features can be recognized anywhere within the image. By applying several
Iters in parallel, the network can learn to recognize di erent types of features,
such as edges (Albawi et al., 2017). By combining multiple layers with lters, the
model can learn complicated structures.

2.2.2 Activation Function

Convolution is generally combined with a non-linear activation function. Some-
times this step is considered to be a separate layer. the non-linear layer. It
introduces nonlinear capabilities to the network (Hao et al., 2020). Without such

IMathematically, a convolution is de ned slightly di erent. The correct mathematical formu-
lation is less easy to apply and mostly used for proofs. When implementing a convolution Iter
in practice, the formulation as stated here is generally used, which strictly speaking is a cross-
correlation formula. For CNNs, the di erence between the cross-correlation and convolution
functions is not relevant for its performance (Goodfellow et al., 2016).

12



Figure 2: Visualization of a convolution using a lIter with stride equal to one and
no padding, shifting through the rst two and last element-wise products (source:
Yamashita et al. (2018)).
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a function, the network would not be able to detect non-linear features (Gu et al.,
2018). While for a long time the sigmoid function (see equation (2)) has mostly
been used for CNNs, recently recti ed linear unit (ReLU) has become more pop-
ular. ReLU has a simple de nition, see equation (3). Furthermore, when a model
is trained using backpropagation, which will be explained later in this section,
functions such as sigmoid su er from the vanishing gradient problem. This es-
pecially becomes a problem in deeper neural networks. The problem is caused
by the sigmoid function having a gradient close to zero when values are not close
to zero. ReLU does not su er from this problem since its gradient is constant
for positive input (Albawi et al., 2017). In Figure 3, both functions are shown
to clarify this di erence. ReLU also has a low computational cost and its usage
results in fast learning (Nwankpa et al., 2018). Hao et al. (2020) and Mishkin
et al. (2017) both show that ReLU and activation functions closely related to
ReLU perform signi cantly better than sigmoid.

Sigmoid(x) =

(2)

l+e

ReLU(x) = max(0; x) (3)

Figure 3: Comparison ReLU and sigmoid function (source: Sun et al. (2019)).

A bias is generally added to the input of the activation function. This bias is a

learnable parameter. In regular neural networks, biases are connected to a single
neuron, where for each neuron a separate bias is learned by training. When using
CNNs, one bias term is used for each kernel. Hence the convolution step does not
only decrease the number of weights to be learned but also the number of biases,
decreasing the number of parameters to be learned (Nielsen, 2015). The bias can
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be interpreted as a term shifting the graphs of the ReLU and sigmoid functions
shown in Figure 3 to the left or right.

When the Iter is assumed to be a square and an activation function and bias are
added, equation (1) can be altered to:
K1x?!
Sy =(1 K)ij =f( lismj+nKmn + b) (4)
m=0 n=0
WhereS, |, K, i andj are de ned as before. Functiori is the activation function,
often ReLU. p is the dimension of the lter, e.g. when &3 3 lter is used, p = 3.
Lastly bis the bias (Liu et al., 2019).

2.2.3 Pooling layer

Often, convolutional layers are followed by a pooling layer. Pooling is used to
simplify the output from convolutional layers by decreasing the dimensions of
the output. It summarizes regions of the feature map into a single unit (Nielsen,
2015). Pooling reduces the number of trainable parameters, which results in faster
training. It also reduces over tting. Multiple ways of pooling are commonly used
(Zafar et al., 2022):

Max-pooling: regions of the original feature map are summarized by the
maximum value within the region.

A

Average pooling: The region is summarized by taking the average over its
entries

Mixed pooling: combines average and max-pooling by randomly choosing
between the two.

L, pooling: the square root of the sum of squares of neurons in2a 2
region is used. This can be extended tb, pooling by using thep and % as
exponents instead of squares and square roots.

In Figure 4, max-pooling is visualized. For eacBR 2 region without overlap, the
largest value is used to insert into the pooled feature map.

Figure 4: visualization of max-pooling (source: Gholamalinezhad and Khosravi
(2020)).

15



2.2.4 FRully connected layer

After the combinations of convolutional and pooling layers, the output of high
level features is attened. Thus, the di erent resulting feature maps are reshaped
to vectors and stacked onto one another, resulting into one large vector. This
attened vector is the input used for the fully connected layers. Fully connected
layers are layers where all neurons from the previous layer are connected to all
neurons in the next layer (Hijazi et al., 2015). It learns to correctly classify im-
ages based on the combination of features extracted by the convolutional layers.
These fully connected layers generally contain most of the parameters within a
CNN (Basha et al., 2020). Between fully connected layers, activation functions
such as RelLU are used.

In the classi cation layer another type of activation function is used. Often,
softmax (see equation (5)) is applied. The function assigns numbers in the range
of [0; 1] to each possible class, which together sum up to one. The outcome with
the highest number is predicted.

Softmax (x)i = P5—— (5)

j=1 €

In the equation, Softmax (x); is the score for class. x; is the sum of the product
of weights connected to output node with the output of the previous layer, with
the bias added to it. Hencex; = w]z + b with z a vector containing the output
of the previous layer,w; a vector with weights between this output and class
and b the bias for clasg. J is the total number of classes the model can predict.
In Figure 5, the attening of data and fully connected layers are visualized using
one feature map.

Figure 5: Flattening and fully connected layers (source: Srivastava et al. (2014)).
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2.2.5 Training of a CNN

Before discussing the training of a CNN, it is important to clearly distinguish
between the terms parameters and hyperparameters, which are both important
in training. Parameters refers to the weights and biases which the model should
learn. The hyperparameters refer to di erent settings used in training, set by the
researcher. For the training of a CNN, labelled data is needed. These are e.g.
images for which the class is known. These images are split in a train, validation
and test set. The train set is used to learn the parameters. The validation set
is used to evaluate the performance of models on unseen data while training by
applying the model to the validation data. This is used to select hyperparameters
and to assess whether the model is over tting after a certain amount of epochs.
Epochs are a type of training iterations which will be explained later in this sec-
tion. The test set is only used at the end after a model is constructed and used
to give a reliable estimation of the error in the model (Goodfellow et al., 2016).

Given the training set with labelled images, the CNN needs to know what a good
prediction is. For this, a loss function is used. For classi cation, usually cross-
entropy loss is used. When the model predicts the correct class with high certainty,
the output of the function is small. Predicting a class with high certainty for a
given datapoint refers to a large predictive value for the respective class, while
the predicted values for the other classes are snfalWhen the model contrarily
predicts the wrong class with high certainty, the output is large. The model aims
to minimize the cross-entropy loss (Zhang et al. (2021) and Nielsen (2015)):

XX
CE(y:¥) = yilog(¥i)+ (1 yj)log(l ) (6)
i=1 j=1
Wherei denotes the image andN the number of images used;. denotes the class
and K the number of possible classeg; equals one if image belongs to class
j and ¥y is the prediction made by the model for imageé and classj, which is
the output of the softmax function in the output layer. Equation (6) can also be
written with the images x; and parameters as input (CE(X;; )), which is useful
when describing the learning procedure using gradients.

2For example, consider a model predicting four classes. Let there be two datapoints, where
the output of the softmax layer of the rst datapoint is 0.05/0.1/0.8/0.05, with these num-
bers being the predictive value of the four classes. The output of the second datapoint is
0.2/0.25/0.3/0.25. Both predict the third class, but the predictive value for that class is much
larger for the rst datapoint, of which the model is therefore considered to be more certain of it
belonging to the thirs class. Thus, the cross-entropy loss will be larger for the second datapoint
compared to the rst datapoint if class three is indeed correct. If any of the other classes is
the true class, the loss will be larger for the rst datapoint as its predictive value would then
be relatively small for the correct class. Note that this interpretation of predictive values as a
measure of uncertainty is not entirely correct, which is discussed further in Section 2.3
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The training of a CNN has several steps. Firstly, all parameters are initialized.
Next an iterative process of updating weights and biases, together referred to as
parameters and denoted by, is started. First, feed forward propagation is used.
This is simply using the current parameters to obtain predictiony for images.
This prediction can next be used to calculate the loss. Next, a process called
back propagation is started which calculates gradients in order to decrease the
loss (Goodfellow et al., 2016).

Backward propagation starts from the output layer and moves backwards through
the network, computing gradients in each layer by applying the chain rule (LeCun
et al., 2015). Having calculated these gradients, parameters can be updated as
follows, using (batch) gradient descent (Bottou et al., 1991):

X
t41 =t it I CE(X; 1) (7)

N i=1
Wheret denotes the iteration. , are the current parameters, with ., the newly
updated parameters. ; is the learning rate, which is a hyper parameter set by the
researcher. It regulates the magnitude by which parameters are updated during
a training step and is sometimes referred to as the step size. CE(X;; ) IS
the gradient of the parameters for a given imagg;. However, one step takes a
lot of time since it involves computing the gradients using all images, which can
also result in memory issues when using a large dataset. Therefore stochastic
gradient descent (SGD) can be used, where one imagés randomly chosen and
the parameters are updated based on the gradient of this single image:

t+1 = ot i CE(z; 1) (8)

Using this method, the model can be trained faster. Being only based on one
image, the calculated gradients are not representative for the whole set. Therefore
often a combination of gradient descent and stochastic gradient descent is used,
where a mini-batch is randomly chosen which is a small sample of the training set.
Next the gradient for this batch is calculated and used to update the parameters,
see equation (9). This method is often referred to as mini-batch gradient descent,
though it is sometimes referred to as stochastic gradient descent as well (Nielsen,
2015).

t+1 — t

1M
tmizlr CE(Xi; ) (9)
M is the size of the mini-batch. Training is done in multiple epochs. One epoch
consists of randomly choosing mini-batches of images without replacement and
updating parameters as described above, until all images have been used in a
mini-batch.

Often more sophisticated update rules such as SGD with momentum, AdaGrad,
RMSProp and Adam are used which solve dierent problems that may occur
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when using the more simple versions of SGD. One of these problems is caused
by an ill-conditioned HessiaA. This leads to large oscillation of the gradients,
making convergence slow. Momentum is used to solve this issue by using previous
gradients in the current updating step. Another problem is caused by sparse
features. This can lead to the optimization being too sensitive to features with
large values. Adagrad and RMSprop solve this issue by changing the learning rate
for each parameter based on past gradients computed for that parameter. When
this gradient is large, the learning rate is small and vice versa. Adam combines
the advantages of all these methods, hence solving both issues. Using Adam,
weights are updated as follows:

1M
Oi+1 = mizlr CE(xi; 1)
1
Vier = 1 (v + (1 1)0+1)
1 (10)
St+1 = 1 t( 28t + (1 2)gtz+1)
2
— tVi+1
t+1 t S+ +1

Here v; solves the problem with an ill conditioned Hessian, while; solves issues
related to sparse featurest denotes the iteration andg; is the gradient computed
using mini-batches. ; and , are hyperparameters controlling the decay rate, set
close to 1. is a hyperparameter, which is usually small, used such that division
by zero is impossible. . is the learning rate (Kingma and Ba (2014), Ruder (2016)
and Balvert (2021)).

2.2.6 Dropout

One possible problem that can occur when training a CNN, or neural networks
in general, is over tting. When this happens, the model is adapting too much to
the training data used without generalizing well on new data. Over tting can be
identi ed when the loss of a model is decreasing while training, while the accu-
racy of the model applied to the validation set does not increase or even decreases
(Nielsen, 2015).

Over tting can be reduced in multiple ways, with the most straightforward way
increasing the amount of training data. Collecting additional training data is
costly and therefore this is often not feasible. In the model used by 510, dropout is

3The Hessian is ill-conditioned when derivatives increase fast in one direction but slow in
another direction. This can result in no signi cant progress in the directions where the derivative
only increases slowly (Goodfellow et al., 2016).
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therefore implemented. This method randomly drops neurons in a neural network
along with all corresponding connections. The dropped neurons are temporarily
removed from the network. Figure 6 shows this, with the crossed out neurons
representing the randomly selected neurons which are removed. For each mini-
batch, dropout is randomly performed and hence the model being trained changes
for each training step. When using dropout, the tunable hyperparametep is
introduced. p is the probability of retaining a neuron in the network. A largep
means only few neurons are dropped, while a smalresults in only few neurons
being turned on while training. For neurons in hidden layers, typicallyp):5 p

0:8 is used (Srivastava et al., 2014).

Figure 6: Comparison NN with and without dropout (source: Srivastava et al.
(2014)).

2.2.7 CNN model 510

To perform automated damage assessment, 510 has created a CNN called Cal-
adrius. The model is described by Valentijn et al. (2020), on which this subsection
is largely based.

The architecture of Caladrius is inspired by Siamese NNs. This type of NNs con-
sist of rst two distinct networks which both are given an image, or other data, as
input. The parameters in both networks are shared. The output of the networks
are then compared to make predictions (Bromley et al. (1993) and Koch et al.
(2015)). Since satellite imagery is available from before and after disasters, com-
paring these images is possible in the automated damage assessment application.
While usually parameters are shared between the two networks in a Siamese NN,
this is not the case in Caladrius as images before and after a disaster have distinct

4Other regularization techniques, such as L1 regularization and data augmentation, can be
used to reduce over tting as well. Given that these methods are not implemented, they will not
be discussed further.
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features which should be extracted. Furthermore, instead of immediately predict-
ing the outcome after both networks, the Caladrius model implements multiple
fully connected layers between the two CNNs and classi cation. These layers can
learn which features, or combinations of features, indicate certain damage classes
(Valentijn et al., 2020). In Figure 7, the network architecture is visualized with
rst the two separate CNN blocks, which are explained in more detail after the
gure, followed by fully connected layers.

Figure 7: Network design CNN Caladrius (source: Valentijn et al. (2020)).

As shown in Figure 7, the input consists of images of buildings with dimension
299 299 3. In Section 3, these will be elaborated upon further. An Inception-
v3 CNN is used for both images. It is an advanced CNN mainly consisting of
inception modules. These modules consist of parallel combinations of convolution
and pooling layers with varying lIter sizes, stride values and padding values.
Using these di erent convolutions, the model can learn features of di erent sizes.
The created feature maps within an inception module are concatenated. The
network design keeps the computational cost manageable (Szegedy et al. (2015),
Szegedy et al. (2016) and Ding et al. (2019)). In Figure 8 the architecture of
Inception-v3 is shown with the di erent types of inception modules used.

Figure 8: Inception-v3 architecture (source: Ding et al. (2019)).
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From each Inception-v3 CNN, a vector with 512 features is extracted. These are
concatenated into a vector with the 1024 features from both CNNs. This vector
next goes through three fully connected layers, which all use a ReLU activation
function, batch normalization to speedup training (lo e and Szegedy, 2015), and
dropout with p = 0:5. Lastly the softmax function is used to create predictions
for four di erent classes, into which the damage label is predicted. Cross-entropy
is used for the loss function (Valentijn et al., 2020).

The Inception-v3 CNNs are pre-trained on ImageNet as this improves accuracy.
Due to the pre-training, the model already knows how to recognize some features
(Marmanis et al., 2015). The full model is trained using the Adam optimizer
(Valentijn et al., 2020). The batch size is set to 32, while the number of epochs
used for training is elaborated upon further in Section 4.4.1.

2.3 Measuring uncertainty in neural networks

In deep learning models such as the CNN by 510, the predictive probabilities do
not represent the uncertainty of the model. These predictive probabilities are the
output of the softmax layer. Often deep learning models are only used to predict
the right class, without placing any importance on the uncertainty of the model.
However, when uncertainty is important, such as in Active Learning which is fur-
ther introduced in Section 2.5, this can become a problem.

Speci cally for instances which are more dissimilar from the training data, the
predictive probabilities can di er considerably from the uncertainty of the model
(Gal and Ghahramani, 2016). To clarify why the predictive probabilities found
by deep learning cannot directly be used for measuring uncertainty, an example
based on Gal and Ghahramani (2016) is used. In the example, the Gaussian
process in Figure 9 is used as this visualization is easily interpretable. The true
function to generate data points with isf (x) = x sin(x), wherex is the input.
Randomly drawn noisy points from this function are represented with the blue
dots. The prediction of the model is shown with the red line, with a 95 percent
con dence interval. These predictions are made using a Gaussian process regres-
sion, but for this example we assume the red line represents the output for class
c = 0 of a CNN model with two classes, before the softmax function is used.
Now let the model be used to predict for a data poink = 10. In this case,
the predicted function point estimate is very large ff\(x ) 341). If we assume
the output of the network for the other class is 8, the predictive probability for

e34:1

classc = 0 using the softmax function (see Equation (5)) iszrr; s 1. Hence
the model seems to be close to entirely sure aboxit belonging toc = 0 if only
the point estimate is used as input for the softmax function. Considering the
95 percent con dence interval from the Gaussian process regression in the g-
ure, the model is actually very uncertain about the prediction it made, but this

is not re ected in the point estimate used to make predictions. Thus, the pre-
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dictive probabilities of a CNN cannot be interpreted as the certainty of the model.

Figure 9: Gaussian process regression with true functidnx) = x sin(x) to
clarify why the predictive probabilities do not equal certainty (made using code
from Dubourg et al. (2022)).

To solve this problem, Bayesian Neural Networks can be used. These networks
are able to incorporate uncertainty in the model by using a distribution over the
estimated parameters. Multiple methods exist to create such BNNs, but these
often introduce additional parameters to be trained, increasing training time. This

is especially a problem for deep networks, such as Caladrius. Gal and Ghahramani
(2016) developed a method for Bayesian approximation in neural networks which
does not need any additional parameters. In Section 4.2, this method will be
explained in detail.

2.4 Transfer Learning

In traditional machine learning, the domain and task of a model is equal when
training the model on the training data and when using the model on the test
data. The domain is the sample space and distribution of input data and the
task refers to the label space and the conditional probability? (yjX) of labels.

Transfer learning is used when either the domain or the task di ers between the
training and test data (Pan and Yang, 2010). Thus for image recognition this is
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the case when either the type of images used as input, or the classes in which the
model is supposed to classify the images, di ers between training and testing the
model.

When data from former disasters is used to predict in a new disaster, the task is
the same. For di erent disasters, the aim is still to classify the damaged buildings
in the same categories. Furthermore, buildings with a same image from before
and after the disaster should be labelled the same irrespective of the exact disaster
it was part of. However, the sample space and distribution of data di er between
disasters. Thus, in this case transfer learning can be implemented.

2.4.1 Transferability models for automated damage assessment

Valentijn et al. (2020) have evaluated the performance of transferring Caladrius
CNN models trained using di erent disasters on the Joplin Tornado. The best
performance was found for a model trained on all other wind type disasters (see
Section 3). This model got close to the performance of a model which was trained
on data from Joplin itself, achieving a macro-F1 score of 0.73 compared to 0.79
for the latter. The macro F1-score will be explained further in Section 4.3.

Hence the model transfers quite well between these wind type disasters. What
must be noted is that Valentijn et al. (2020) mostly use data from the same
country (the United States of America) as Joplin, which likely results in more
similarities between the images compared to using images from other regions.
The transferability of models to other regions might be worse.

2.4.2 Fine-tuning after transfer learning

Fine-tuning the pre-trained model using data from the new disaster is likely to
improve the model. Especially when the new disaster struck in another region
than the disaster(s) which the model has previously seen, there will be some dif-
ferences with the images on which the model is pre-trained. After ne-tuning, the
model will have more knowledge of data from the new disaster and hence will be
more likely to perform well in this new situation.

Xu et al. (2019) found that such ne-tuning indeed improves the performance of
models. They randomly sampled 10 percent of instances available from the new,
unseen disaster to ne-tune a pre-trained model. The performance is tested on two
di erent disasters, where a comparison is made with solely using the pre-trained
model (Xu et al., 2019). The comparison between di erent models is shown in
Table 1.
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Table 1: Comparison of performances of models trained on di erent data sets,
with all considered disasters being earthquakes (source: Xu et al. (2019)).

Wang (2021) similarly compared using only transfer learning with a combination
of transfer learning with 10 percent of the instances from the tested disaster. Be-
sides only testing this with random sampling, she also tests the performance of
using uncertainty based active learning to select the 10 percent of images from
the test disaster that are used. Active learning is discussed in more detail in the
next subsection. Lastly, the results of only using 10 percent of instances selected
with active learning are included (Wang, 2021).

In Table 2 the results of Wang can be found. Similarly to Xu et al. (2019),
retraining a model using 10 percent of randomly sampled images from the test
disaster after having pre-trained on data from other disasters outperformed solely
using these other disasters. The di erence between both is even more clear in this
case study. Sampling these images using active learning improved the model even
further, hence showing that using AL for ADA is promising. Lastly, using only the
images selected with active learning instead of using them after pre-training on
data from other disasters shows signi cantly worse results (Wang, 2021). Thus,
previous exposure to damage assessment seems to improve the performance of the
model (Wang, 2021). Given this result, this thesis will focus on the usage of AL
in combination with transfer learning, instead of using only AL.

Table 2: Comparison of performances of models trained on di erent data sets,
including active learning (source: Wang (2021)).
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2.5 Active Learning

Models trained on data from the same disaster event as the one they were tested
on were previously found to outperform those trained solely on images from other
disaster events, even if these events are the same hazard type. However, labeling
a set of images that is su ciently large for training is time consuming. When
time is limited, such as after a disaster, labeling su cient data is not possible.
Hence AL can be used to select those images that can improve models the most,
such that only a limited number of images needs to be labelled. As mentioned
in Section 2.4, Wang (2021) showed that ne-tuning using active learning indeed
outperformed ne-tuning using random sampling. This subsection discusses the
general background of research into AL. In Section 4.2 more recent developments
that show promising results for image classi cation, which are implemented in
this thesis, are discussed. Note that the overview on active learning by Settles
(2009) is used throughout this section without explicitly referring to it each time.

The basic principle of AL is a machine, often referred to as the active learner,
that chooses certain unlabelled images which an oracle should label. The oracle is
generally a human annotator, which is also the case when AL is implemented for
ADA in practice. For this research however, a labelled dataset is used where the
labels are not yet known by the active learner. When a label request is made, the
label of the image is made available to the active learner. The labelling request
by the active learner will from now on be referred to as a query. Before going into
more detail on how active learners can decide which images to query, rst two
common scenarios are discussed.

The rstis a stream-based scenario, which assumes that unlabelled instances be-
come available sequentially. The active learner needs to decide whether to query
an instance or to discard it, after which the same question arises for the next
instance.

The other scenario is pool-based, which is most frequently occurring in literature.
This method assumes that a large number of instances can be gathered at the
same time. The active learner can decide which instances should be labelled by
the oracle based on several criteria, which are applied to a large number of in-
stances. Hence the pool-based scenario enables the active learner to decide which
images to query after having analyzed a large number of, or all, instances (Han
et al., 2016). In Figure 10, the pool-based AL method is visualized. As satellite
images are simultaneously made available, this thesis will focus on active learning
in the pool-based scenario.
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Figure 10: Pool-based active learning (source: Settles (2009)).

In the pool-based scenario, the active learner can decide which queries to make
using multiple methods. Next, some commonly used types of methods are dis-
cussed, though not focused on deep learning. Most focus on exploitation, meaning
they select those instances which are expected to improve the model the fastest.
Other methods focus on the diversity of the sample. Methods which are speci -
cally designed for deep learning and / or image data, which are implemented in
this thesis, will be discussed in detail in Section 4.2.

2.5.1 Exploitation

Uncertainty Sampling

Uncertainty sampling is one of the most commonly used AL query strategies. It
focuses on exploitation by choosing those images of which the model is the most
uncertain. This uncertainty is often measured by entropy, see equation 11. In the
equation, ¥} is the predictive probability® of labeli given the model for instancex.

K is the number of classes. This value is large when the predictive probabilities
for di erent classes are close to each other, and small when the probability is large
for one class and small for others. Hence it can be interpreted as a measure for
the certainty a model has about predicting a class. Other measures can be used
as well, such as least con dence in the predicted label, where a low maximum
predicted value shows that the model is not very con dent about predicting the
respective class (Settles, 2009).

5The output of the softmax layer is often interpreted as the probability of a class. In Section
2.3, more information on this interpretation is given.
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X
H(x)=  Yilog($) (11)

Van den Bogaart (2021) and Wang (2021) showed that uncertainty based AL
methods are promising when applied to ADA, with Wang (2021) implementing

an entropy based AL method similar to the method discussed above. For both,
improvements are likely possible due to problems such as using output of a NN
directly as discussed in Section 2.3 and no diversity being taken into account,
which will be discussed in Section 2.5.3.

Query-by-committee

Query-by-committee (QBC) is another commonly used type of active learning.

It uses a committee of models, which are trained using the same labelled data,
but represent a di erent hypothesis. A straightforward method to construct this
committee is using bagging or boosting (Abe, 1998). When a new instance needs
to be labelled, all models in the committee predict the label. The instance about
which the committee disagrees the most is chosen, as this is considered the most
informative query (Seung et al. (1992) and Settles (2009)). Hence QBC has large
similarities to ensemble methods such as random forests. Both use outputs of
multiple models, but while random forests try to nd the right prediction, QBC
uses these models to nd the instances that need to be labelled such that a good
model can be trained.

Expected model change

Other methods, which similarly to uncertainty sampling and QBC aim to nd
those images the model learns the most of, try to maximise the expected model
change more directly. Such methods aim to select an instance which is expected
to alter the weights in a model the most. The most straightforward method to
calculate the expected model change is using expected gradient length (EGL).
Since the true label is not yet known, the EGL is calculated by multiplying the
gradient length for all possible classes with their respective estimated probability
and summing over these multiplications (Settles (2009) and Settles et al. (2007)).
A drawback of such a method is that an instance which belongs to a certain class
and has a large gradient but a low predicted value for this respective class is un-
likely to be chosen when the gradient lengths for the other classes are small.

Combining methods

Given the previously found performance of uncertainty sampling by Wang (2021),
a more sophisticated uncertainty based method, speci cally designed for deep
learning with images, will be implemented. This method, Bayesian Active Learn-
ing by Disagreement (BALD), also includes some elements closely related to QBC
and expected model change. For a better estimation of uncertainty, multiple
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models constructed using dropout are used, as explained further in Section 4.2.1.
Using these multiple models to select the most uncertain images has similarities
to QBC. On top, BALD aims to query those images which contain the maximum
amount of information on the model parameters. These images are expected to
result in a large model change, and hence the method has some similarities with
expected model change. While QBC and expected model change are not directly
implemented, elements from both are found in this method. More information on
BALD is given in Section 4.2.2.

2.5.2 Diversity

Other methods focus on the diversity of selected datapoints. Instead of nding
those instances that the model is most uncertain about, or those that would result
in the largest change of the model, it focuses on nding a set of instances which
are most representative for the entire sample space. An example of such a method
tuned to CNNs is the coreset approach by Sener and Savarese (2017). They choose
images such that the maximum distance to the nearest labelled image is minimized
for unlabelled images. To measure distances between imadeadistance between
activations of the last fully-connected layer is used. In their experiment, the
method outperforms methods such as uncertainty sampling (Sener and Savarese,
2017). Van den Bogaart (2021) has already investigated the core-set approach
for ADA. Results are mixed, with the method sometimes even performing worse
than random selection. Hence, focusing solely on diversity does not seem to be
a viable option to train CNNs for ADA. This thesis therefore will not implement
stand-alone diversity algorithms.

2.5.3 Combining diversity and exploitation

When using methods such as uncertainty sampling, chosen samples may lack
diversity. This is especially the case when batches of datapoints are queried to-
gether. In such settings, the chosen images can be similar since the model may
be struggling the most with a certain type of image. Uncertainty sampling would
only select these similar, dicult to classify, images. Since these images have
considerable similarities, the amount of information in such batches decreases
(Mehrjou et al., 2018).

Retraining a CNN for each chosen instance is not practical since single instances
are not likely to have a signi cant impact on accuracy and full training to reach
convergence is time consuming (Sener and Savarese, 2017). Thus, solving this
problem by selecting datapoints one by one is not practical, while acquiring
batches of images by solely focusing on exploitation may reduce performance.
Therefore, methods which combine exploitation with diversity could be preferred.

In Section 4.2, such methods which are applicable to CNNs will be discussed in
more detail.

29



3 Data

In this section, the data used in this research is discussed. Similar to most other
recent research into satellite imagery based damage assessment, the xBD dataset
is used.

3.1 xBD dataset

Previously, no large labelled dataset containing satellite images of di erent disaster-
struck places was available. Since such dataset is essential to train and test ADA
models, Gupta et al. (2019) created the xBD dataset. It uses pre and post disaster
satellite images made available by Maxar, a satellite imagery company, through
their Open Data program. These satellite images have a high resolution, with a
ground sample distance of at most 0.8 meters. The dataset contains the locations
of building polygons as well, which can be used to extract images of buildings
from the satellite images. In real-life applications, these locations would not be
known. For this purpose, 510 has built a building detection model which must
be used prior to the damage classi cation model. However in this research, the
building polygons available in the xBD dataset are used.

xBD contains satellite images of more than 800,000 building polygons together
with damage labels, based on the Joint Damage Scale. This scale classi es build-
ings in four di erent categories: no damage, minor damage, major damage and
destroyed. Table 3 contains the characteristics of buildings in each class. The
labelling of buildings is performed by human annotators, after which the given
labels are reviewed by other annotators. This ensures the consistency of the la-
bels. Lastly a random sample of the annotated images is reviewed by experts,
who found that 2-3 percent was mislabelled (Gupta et al., 2019).
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Table 3: Joint Damage Scale classes and their respective description (source:
Gupta et al. (2019)).

The disasters included in the xBD dataset

The xBD dataset contains data from 19 di erent disasters. These disasters in-
clude earthquakes, tsunamis, oods, volcanic eruptions, wild res, hurricanes and
tornadoes. These disasters took place in di erent regions of the world. In Fig-
ure 11, the dierent disasters are shown with the type of damage caused and
geographical location.

Figure 11: Disasters included in xBD with damage type and geographical location
(source: Gupta et al. (2019)).
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3.2 Data of the disasters used in this research

To align with the priorities of the Red Cross, Valentijn et al. (2020) only focused
on tornadoes, hurricanes, oodings, tsunamis and volcanic eruptions. Training
CNNs on multiple types of disasters is time consuming. Therefore this thesis will
only consider disasters with wind type damages, which are hurricanes and torna-
does. This is chosen since wind type damage is likely to be visible on the roof, and
thus the damage is likely to be visible on satellite images. Furthermore, there are
multiple disasters available with this type of damage which can be used for trans-
fer learning. Valentijn et al. (2020) showed promising results when using transfer
learning for one of the wind type disasters. Lastly, Van den Bogaart (2021) sim-
ilarly used only wind type disasters, making comparison between results easier.
Hence images are used from the following disasters: hurricane Matthew, Moore
tornado, Tuscaloosa tornado, Joplin tornado and hurricane Michael. Two more
hurricanes, Florence and Harvey, are included in xBD. However, these hurricanes
caused ood type instead of wind type damages and hence these are not used
in this research. The included disasters mainly took place in the United States
of America (USA). Only data on hurricane Matthew is from Haiti instead of the
USA.

Table 4 contains an overview of all disasters used in this research, with both the
number of buildings available and the distribution over classes. For most disasters,
the most common class is no damage. In general, the distribution over classes
is very uneven. Hurricane Matthew has a di erent distribution in damage labels
compared to the other disasters, with the most buildings having minor damage.

Table 4: Disasters used in research, with the class distribution being no damage
/ minor damage / major damage / destroyed, similar to Valentijn et al. (2020).

Disaster Location Number of Buildings Class Distribution*
Hurricane Matthew Haiti 16,457 18/58/13/12
Moore Tornado USA 18,855 87/4/2/6
Tuscaloosa Tornado USA 12,577 74/15/3/7
Joplin Tornado USA 12,163 55/16/8/21
Hurricane Michael USA 31,332 64/25/9/3
Total 91,384 70/17/6/7

*Note: due to rounding, the class distribution could sum to a di erent amount than
100. The presented class distribution is based on the labels in the train set.

3.3 Data examples

To give some insight into the images used, this subsection shows some examples.
In Figure 12, satellite images of a residential area before and after the disaster for
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