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Abstract
Natural disasters ravage the world’s cities, valleys, and shores on a monthly basis. Having
precise and efficient mechanisms for assessing
infrastructure damage is essential to channel resources and minimize the loss of life. Using a
dataset that includes labeled pre- and post- disaster satellite imagery, we train multiple convolutional neural networks to assess building damage
on a per-building basis. In order to investigate
how to best classify building damage, we present
a highly interpretable deep-learning methodology that seeks to explicitly convey the most useful
information required to train an accurate classification model. We also delve into which loss
functions best optimize these models. Our findings include that ordinal-cross entropy loss is the
most optimal loss function to use, as well as that
including the type of disaster that caused the damage in combination with a pre- and post-disaster
image best predicts the level of damage caused.
Future work can build on our approach of interpretability by studying more input types. Our
research seeks to computationally contribute to
aiding in this ongoing and growing humanitarian
crisis, heightened by climate change.

1. Introduction
Natural disasters devastate countless vulnerable communities and countries every decade. They are responsible for
the deaths of 60,000 people a year worldwide, on average
(Ritchie & Roser, 2014). The timely allocation of resources
in the event of these tragedies are crucial to saving lives. Additionally, natural disasters cause varying levels of damage
∗
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to buildings. The havoc wreaked by them causes widespread
infrastructure damage, in some cases leading to a ”cascade
effect” (Kadri et al., 2014). The resulting economic impact
is colossal. For example, since 1980, the United States has
sustained 273 weather and climate disasters that have caused
damages exceeding 1 billion US dollars (USD), totalling
1.79 trillion USD (for Environmental Information). Unfortunately, the frequency and severity of these disasters will
only continue to increase, exacerbated by climate change
(Van Aalst, 2006). The catastrophic impact of natural disasters and their increasing prevalence motivates the problem
addressed in this work.
In order to prepare for and recover from these terrible but
inevitable events, robust emergency response plans must
be in place. This is especially needed in a world where
weather and climate disasters are increasing in occurrence
and brutality. This requires quickly and accurately analyzed
data from the disaster site. Because it is almost always slow
and hard (and sometimes impossible) to obtain damage assessment and other details from on the ground in a timely
manner, satellite imagery has gained popularity in being
used to analyze these types of situations. Deep neural networks (DNNs), which are machine learning algorithms that
have multiple layers, have been used to locate and classify
building damage within satellite imagery (Hao et al., 2020;
Gupta & Shah, 2020; Xu et al., 2019; Gueguen & Hamid,
2015). However, the current literature (see Literature Review) is limited in the interpretability of what exactly these
neural networks are learning and what is most useful in
assessing building damage.
To better address this problem, we present a novel analysis of the most important information that a deep learning
model needs to assess building damage. We use a convolutional neural network (CNN) architecture called a residual
neural network (ResNet), pre-trained on Imagenet data (He
et al., 2016). In our approach, we train multiple CNNs on
xBD satelite imagery data (Gupta et al., 2019), with different modalities of input, as well as using different loss
functions, and compare accuracy on the validation set. We
aim to explicitly provide insight into the most effective ways
to train models to classify levels of building damage, max-
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imizing the efficiency of the emergency response after a
natural disaster, which has the potential to save lives and
reduce economic strain.

2. Literature Review
2.1. Image Classification
Image classification is a well-studied area with work ranging
from classical techniques (Haralick et al., 1973; Lu & Weng,
2007; Wang et al., 2010; Nath et al., 2014) to deep learningbased techniques (Mikołajczyk & Grochowski, 2018; Wu
et al., 2015; Yang et al., 2018). Such deep-learning techniques have been enabled by ImageNet data (Deng et al.,
2009). Classification enables many opportunities in applications, such as object classification (Song et al., 2011), scene
classification (Boutell et al., 2004), and action recognition
(Wang et al., 2011). In this work, we adapt the common
image classification problem to damage assessment of buildings, using labeled satellite imagery.
2.2. Computer Vision for Satellite Imagery
Satellite imagery is useful in a plethora of areas, including for assessment of marine ecology (Stoffle et al., 1994),
weather forecasting (Conway & Browning, 1988), and even
in studying and predicting the spread of infectious disease
(Rogers et al., 2002). Computer vision is the study of how
computers gain high-level understanding from digital images and video. Used in tandem with satellite imagery, there
are many possibilities for applications. Lately, there has
been increased interest in using satellite imagery for humanitarian purposes such as responding to natural disasters
(Novikov et al., 2018). Satellite imagery also provides insights for agriculture (Yang et al., 2012) and urban road
damage (Li et al., 2011). More generally, change detection,
which is the process of identifying differences in the state of
an object by observing it at different times, can be used with
satellite imagery in a variety of contexts. There are a few primary categories in which change detection approaches fall:
algebra-based, transform-based, and classification-based
(Asokan & Anitha, 2019). Change detection has been employed on satellite imagery to study deforestation (Viña
et al., 2004), urban growth (Hegazy & Kaloop, 2015), and
more. In our case, the change between the pre-disaster
image and post-disaster image can help in assessing and
classifying building damage.

2019). Furthermore, Gueguen and Hamid present a semisupervised approach (Gueguen & Hamid, 2015). xView2
recently introduces a dataset, xBD, discussed more in detail later in this work (Gupta et al., 2019). Many teams
(Weber & Kané, 2020) competed in the xView2 data competition and improved on the baseline model provided (Gupta
et al., 2019). In our work, we focus on building damage
assessment via image classification and change detection.
We specifically hone in on what information is most useful
in accurate classifications of building damage and analyze
which loss functions are most fit for training our models
and yield the most precise results. Our primary contribution
is to improve upon the interpretability of machine learning
models of prior works and existing literature in this area by
explicitly examining per-building classification prediction
accuracy with different combinations of inputted information and loss functions.

3. Purpose
1. Our first goal is to grasp a solid understanding of the
dataset, xBD, that we are working with. This is necessary and important because the remainder of the
project, which includes training models, hinges on
our insight into various aspects of the dataset and its
constituent parts. This goal is achieved through data
preprocessing. Moreover, we weed out noisy and/or
useless data points.
2. As previously mentioned, current literature on building damage classification with satellite imagery lacks
interpretability in what exactly deep neural networks
are learning and what kinds of information help them
train for the highest accuracy. Our first step in tackling this problem is setting up and training a baseline
model, which will take in only post-disaster images
as input. The recorded accuracy of the validation set
on this model will serve as a baseline for comparisons
with other models.
3. We train other models, with different types of input.
This will allow us to find which types of information
are most useful for the network. We also experiment
with various loss functions. We compare the results
with those of the baseline model.

4. Methods
2.3. Building Damage Assessment
One specific area that has garnered significant attention in
computer vision and satellite imagery is building damage
assessment. Recent works have studied semantic building
segmentation (Hao et al., 2020; Gupta & Shah, 2020) and
cross-region transfer learning to avoid overfitting (Xu et al.,

4.1. Dataset Details
For this project, we utilize the xBD dataset (Gupta et al.,
2019), which consists of 22,068 high-resolution, annotated
1024 by 1024 satellite images for the purpose of building
damage detection. This dataset covers a wide range of disasters in fifteen countries around the world (Figure 3), from

Interpretability in Deep Learning Models Used to Classify Building Damage in Satellite Imagery

Guatemala to Portugal to Indonesia (over 850,736 building
polygons totalling an area of 45,361 square kilometers). One
of xBD’s main purposes is to demonstrate changes between
pre-disaster and post-disaster satellite imagery to aid in detecting the damage caused. Therefore, each post-disaster
building is labeled as one of the following: ”unclassified,”
”no damage,” ”minor damage,” ”major damage,” or ”destroyed.” (We later discard the ”unclassified” buildings, as
described later in this section). The classification technique
utilized is called the Joint Damage Scale (JDS), as presented
and described in detail in Figure 1. We use the xBD dataset
because it incorporates a variety of disaster types, building
types, and geographical locations. This allows for diversity
in training the model. For example, the wide variety of
geographical locations is important for cross-region generalization. Additionally, the high resolution imagery allows
for detailed change detection between pre-disaster and postdisaster images. These factors currently make xBD the
leading dataset for building damage detection using labeled
satellite imagery (Gupta et al., 2019). Previous satellite
imagery datasets were not as comprehensive, and, for example, had only covered singular disaster types or did not
have uniform building damage assessment criteria like the
JDS used in xBD (Fujita et al., 2017; Chen et al., 2018;
Foulser-Piggott et al., 2012).

(a) Bounding Boxes on an Image

(b) One such bounding box.
Figure 2. Top: Nine bounding boxes drawn in red on an arbitrary
image from the dataset, each containing a building. Bottom: A
building crop (the interior of one of these bounding boxes), resized
to 100 pixels by 100 pixels.

Figure 1. Joint Damage Scale descriptions, which are used in the
labeling of the xBD dataset. Table taken from xBD dataset release
paper (Gupta et al., 2019).

4.2. Data Preprocessing
We use the Python programming language (Sanner et al.,
1999) to preprocess the data and train CNNs. The dataset
consists of 1024 pixels by 1024 pixels satellite images.
In order to zero in on the changes we begin by collecting bounding boxes of the buildings in each image. As
aforementioned, the dataset provides segmentation ground
truth masks with classification labels for each corresponding
building polygon, which is a collection of Cartesian coordinates. Thus, we take the maximum and minimum x coordinates of each polygon, xmax and xmin , respectively, and
the maximum and minimum y coordinates, ymax and ymin ,
respectively, and construct a bounding box with a lower left

corner at coordinates (xmin , ymin ), width xmax − xmin , and
height ymax − ymin . A visual representation of bounding
boxes is displayed in Figure 2.
We create graphical representations of the data, plotting
the number of buildings per disaster type and per damage
classification (Figure 4). Furthermore, we analyze the distribution of building bounding box sizes (Figure 5), noting
that buildings that are too small and blurred will not be valuable training data and may hinder the model from achieving
accurate results (Figure 6). We discard buildings that have a
bounding box size of less than 2,000 pixels. We also discard
any buildings with the classification ground truth label of
”unclassified,” because this information is not useful for our
purposes. We could then randomly shuffle the dataset and
split it into training and validation sets according the ratio
0.8:0.2. However, in order to maintain an equal distribution over JDS classification (damage level) in our training
and validation sets so that we can properly assess model
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Figure 3. Map of locations worldwide from which satellite imagery data was taken. Figure taken from xBD dataset release paper (Gupta
et al., 2019).

ume of buildings with no damage (see Figure 4) (Gupta
et al., 2019), but training on such a lopsided data distribution would yield artificially high accuracy numbers and not
give valuable results.

Figure 5. A histogram representing the distribution of building
bounding box areas in the xBD dataset. Outliers (bounding boxes
with a pixel area greater than 8000) have been removed from the
graph.

Figure 4. Top: Distribution of buildings by damage level. Bottom:
Distribution of buildings by damage type.

accuracy, we provide for an equal number of buildings of
the categories ”destroyed,” ”major damage,” ”minor damage,” and ”no damage” in each set, while still maintaining a
0.8:0.2 ratio between train and validation. The xBD dataset
is deliberately created with a disproportionately large vol-

4.3. Baseline Model
We train a baseline classification model to classify buildings
by damage level, as defined by the Joint Damage Scale
(Figure 1). The model input is only the post-disaster image.
Notably, our baseline model does not use change detection.
Because the data is labeled, this is a supervised approach.
The model architecture is ResNet18, an 18 layer CNN, and
was pre-trained on ImageNet data (Deng et al., 2009). This
baseline model uses the cross-entropy loss function, which
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rate of 0.001 is used. The model trained for 100 epochs on
NVIDIA Tesla K80 GPUs. We use PyTorch (Paszke et al.,
2019) to train this model, as well as any subsequent models.
4.4. Improvements

(a) A building with a bounding box of 64 pixels. Resized to 100 by 100 pixels for better
viewing.

We train other models that improve upon the performance
of the baseline model. To do this, we introduce other model
inputs, namely the pre-disaster image (in combination with
the post-disaster image) and the type of disaster (e.g. volcano, wind, etc.) that caused the building damage. To train
a model that takes in both pre-disaster images and their corresponding post-disaster images, we concatenate the RGB
channels of the two and use that as input. To train a model
that takes in the pre-disaster image, post-disaster image,
and disaster type, we do the same, but also concatenate a
one-hot encoded representation of the disaster type in one
of the later layers of the CNN.
Furthermore, we experiment with other loss functions,
namely mean squared error loss and ordinal cross-entropy
loss to train these models. We define mean squared error as
b

1X
(y − ŷ)2 ,
b i=1

(b) A building with a bounding box of 6232
pixels. Resized to 100 by 100 pixels for better
viewing.
Figure 6. A comparison of two vastly differently sized buildings
in the dataset. Clearly, the blurred building of size 64 pixels would
not be a useful data point for any deep learning model to learn
from and yield accurate results. Instead, buildings like this are
noisy and are discarded in our method.

is defined as
−

4
X

yo,c log(po,c ),

c=1

where yo,c is a binary indicator (either 0 or 1) of whether
c, as a label, correctly classifies observation o, and po,c is
the predicted probability that observation o is of the class c.
Cross-entropy loss is defined, in other words, as the negative
sum of the expression yo,c log(po,c ) across all 4 possible
classes c: no damage, minor damage, major damage, and
destroyed. The network is trained on 12,800 buildings crops
with a batch size of 32. The Adam optimizer with a learning

where b is the batch size, y is the ground truth (a class from 0
to 3 representing each damage level), and ŷ is the prediction.
Ordinal cross-entropy loss differs from cross-entropy loss
in the sense that it takes into account the distance between
the ground truth and the predicted class (hence ”ordinal”).
Since the building damage classification problem involves
different and increasing levels of damage from no damage
to destruction, this function is useful to distinguish between
different categories. To implement ordinal cross-entropy
loss as the loss function, we treat it as generic multi-class
classification and encode the classes no damage, minor damage, major damage, and destroyed as [0, 0, 0], [1, 0, 0],
[1, 1, 0], and [1, 1, 1], respectively. (Cheng et al., 2008).
The other aspects of the training process (optimizer, learning rate, number of epochs, etc.) remain the same. These
improved models contribute to our understanding of what
information leads to the most accurate prediction results for
building damage assessment.
4.5. Qualitative Interpretability
In addition to the quantitative approaches achieved above,
we also make progress in the study of model interpretability
in a qualitative manner. One important question that one
might ponder in the sphere of examining how, explicitly,
models assess and classify building damage, is where the
model is looking to make its decision. To address this question in a qualitative way, we create gradient class activation
maps (Selvaraju et al., 2017), or ”heat maps,” to represent
which parts of an image (building crop) are most integral
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for the model’s prediction. We do this after already training
a model and saving its weights. For our purposes, we only
perform this task on the baseline model, which takes in just
the post-disaster image as input.

which types of input aid the convolutional neural networks
in making accurate predictions. From the results generated,
it seems that having the aspect of change detection (when
the pre-disaster image is concatenated with the post-disaster
image and inputted) is useful, along with the type of disaster.

5. Results

We also note that models using ordinal cross-entropy loss as
their criterion for optimization perform the most accurately.
This is also reasonable because, as previously mentioned,
ordinal cross-entropy loss is most specifically applicable for
a classification problem that involves an ordinal scale (in
this case, the JDS), as opposed to categories with no intrinsic ordering. Mean squared error (MSE), not surprisingly,
showed itself to be the least effective loss function to use for
training. This is a justifiable because MSE is primarily used
in regression problems, not classification problems. We find
that cross-entropy loss models fall somewhere in between.

5.1. Quantitative Results
In Table 1, we present model accuracy on the validation
set across nine different models, which are differentiated
by three different input combinations and three different
loss functions. The baseline model, which is trained with
post-disaster data only and the cross-entropy loss function,
has an accuracy of 59.5%, as shown. It is important to
note that all models were trained and validated on data that
is evenly split between building crops of each class (no
damage, minor damage, major damage, and destroyed), so a
purely blind guessing model would achieve approximately
25% accuracy.
When the model is trained and validated on both pre-disaster
and post-disaster building imagery as opposed to solely the
post-disaster data, we see an 8.8% increase in accuracy on
the validation set in comparison to the baseline model, while
keeping the loss function constant. Adding the disaster type
as a third type of input subsequently increases accuracy by
another 4.4%.
Reverting back to the baseline model, changing the loss
function utilized to ordinal cross-entropy loss instead of
simply cross-entropy loss, we see a 4.7% accuracy jump
on the validation set. Sticking with ordinal cross-entropy
loss, adding the pre-disaster image as a mode of input increases accuracy by another 7.0%, while adding the disaster
type as yet another mode of input increases accuracy by an
additional 3.4%.

In summation, Table 1 shows that we were able to improve
upon the baseline model by adding two more modes of input,
as well as switching the loss function used to ordinal-cross
entropy loss.
However, overall, we note that none of the accuracy numbers are necessarily optimal. This can be explained by the
fact that the differences between categories, particularly
between minor-damage and major-damage, are in many
cases difficult to discern, for both humans and computers.
This is certainly a challenge that comes with non-binary
classification tasks with building damage, and it has been
acknowledged by many, including Gupta et. al (Gupta et al.,
2019). In addition, there is some noisy data in the dataset
and cleaning it more thoroughly would most likely yield
marginally more accurate model predictions.

5.2. Qualitative Results

Furthermore, the qualitative results generated in the form
of gradient class activation maps display a more visual interpretation of what our baseline model is ”seeing.” These
visuals can help in the study of other types of useful model
inputs in the future.

In Figure 7, we present some qualitative results that we
generated in the form of gradient class activation maps (Selvaraju et al., 2017), as discussed earlier. Semantically, we
can see that portions of the buildings that showed evidence
of damage, such as cracks and debris, are depicted to have
been the most useful to the model for classification.

These results, taken together, contribute to the research area
of building damage detection by addressing the limited interpretability of current literature in regards to what types
of information are most useful to building damage classification models as well as what loss functions are the best
criterion.

6. Discussion

7. Conclusion

Much of our results conform to our hypotheses. Firstly,
accuracy on the validation set improves when more modes
of useful information are inputted into the model (accuracy generally increases moving down the rows of Table 1).
This is reasonable because the more information that the
model has to work with, the more accurate predictions it
should make. A large part of our research was addressing

The main insights that can be drawn from our work include
using individualized building crops instead of semantic segmentation to train models, performing experiments with
various combinations of model inputs and loss functions to
explicitly examine their differences, and using overlaid heat
maps to qualitatively analyze which aspects of a building are
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Table 1. Comparison of the Validation Accuracy on 9 Different Models
Model Accuracy on Validation Set with Chosen Loss (100 epochs)
Model Input
Loss Function
Mean Squared Error Cross-Entropy Loss
Post-Disaster Image Only
45.3%
59.5%
Pre-Disaster, Post-Disaster Images
50.2%
68.3%
Pre-Disaster, Post-Disaster Images, Disaster Type 49.7%
72.7%

Ordinal Cross-Entropy Loss
64.2%
71.2%
74.6%

Figure 7. Gradient class activation maps depict which parts of the building crop lead the baseline model to predict a certain classification.
On the top are the original images (crops) and on the bottom are the corresponding gradient class activation maps. The images included
are only post-disaster images. From left to right: (1) A building with label ”no damage,” after flooding in the Midwestern United States,
(2) A building with label ”minor damage,” after Hurricane Michael, (3) A building with label ”major damage,” after Hurricane Harvey,
and (4) A building with label ”destroyed,” after Hurricane Michael.

useful to derive predictions. Our work’s main contribution
to the field is presenting a novel, more interpretable and
step-by-step, analysis of how to classify building damage
most accurately and effectively in the event of a natural
disaster. Practically, our work and others in the field advance methods for more robust emergency responses and
more efficient allocation of resources, which saves lives and
property. This research is especially important now, when
climate change is ramping up the frequency and intensity of
these devastating events.

dient class activation maps for the models that take in both
the pre-disaster and post-disaster images, or other models.

Building on our work with improving interpretability, in
the future, one could investigate the prediction performance
of deep learning models with other types of input added,
such as neighboring building damage levels. Experiments
with other loss functions, if any, are also an aspect of future work in this area. Additionally, other ways to combine
information such as pre-disaster and post-disaster images
(instead of a simple concatenation like we did here) should
yield interesting results. Moreover, it should be noted that
the qualitative results we present are only from the baseline
model. In the future, one could generate these types of gra-
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