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FIG. 1: Source: Caltech Science Exchange

The earthquake cycle, from slow deformation associated with interseismic behavior to rapid deformation associ-
ated with earthquake rupture, spans spatial scales ranging from fractions of a meter associated with the size of contact
asperities on faults and individual grains to hundreds of kilometers associated with plate boundaries (Kanamori and
Brodsky (2004)). Similarly, temporal scales range from fractions of a second associated with slip at a point during
earthquake rupture to hundreds of years of strain accumulation between earthquakes. In many cases, earthquakes
are triggered after pore pressure perturbations activate critically stressed seismogenic faults (Kanamori and Brodsky
(2004)), not just due to natural causes like earth tides (Scholz et al. (2019)), rainfall (Hainzl et al. (2006)), snowfall
(Montgomery-Brown et al. (2019)), typhoons (Liu et al. (2009)), but also due to human activity (Foulger et al. (2018)).
As faults slip, the induced stress field spawns seismic waves as shown in Fig. 1a, which travel through and around the
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FIG. 2: Annualized Earthquake Losses (AEL: estimated long-term value of earthquake losses to the general building
stock) by County. Sources: (1) https://www.usgs.gov/news/usgs-collaborates-fema-national-earthquake-loss-estimate and (2)
https://www.fema.gov/hazus. The analysis yielded an estimate of the national AEL of $6.1 billion per year. Loss estimates based
on the best science and engineering available (during 2016-2017). The study only addresses direct economic losses to buildings,
and does not cover damage and losses to critical facilities, transportation and utility lifelines or indirect economic losses.

earth and can be recorded with seismometers as shown in Fig. 1b. Ground motion and failure due to earthquakes lead
to huge losses to the tune of billions of dollars annually in the United States (see Fig. 2). Understanding the causality
between the events leading to fault slip, the location of the slipping fault and the earthquake recording is important
for seismic design and monitoring of underground structures (Hashash et al. (2001)), bridges (Priestley et al. (1996))
and reinforced concrete buildings (Moehle (2015)) as well as climate mitigation projects like carbon sequestration
(Zoback and Gorelick (2012)) and energy technologies like enhanced geothermal systems (Ellsworth et al. (2019)) or
oilfield wastewater disposal (Keranen and Weingarten (2018)).

Most earthquake detection methods are designed for moderate and large earthquakes. As a consequence, they
tend to miss many of the low-magnitude earthquakes that are masked by seismic noise. Detecting and cataloging
these earthquakes are key to understanding their causes (natural or human-induced) and, ultimately, to mitigating the
seismic risk. Although template matching techniques (which leverage the bank of seismic fingerprints to characterize
the seismogram output) have seen a lot of advances in the past decade (Yoon et al. (2015)), they still suffer from
poor earthquake location estimates. On the other hand, harnessing the remote sensing intellectual capital offers a
lot of avenues for earthquake location estimates. According to USGS, remote sensing is the process of detecting
and monitoring the physical characteristics of an area by measuring its reflected and emitted radiation at a distance
(typically from satellite or aircraft). Special cameras collect remotely sensed images, which help researchers ”sense”
things about the Earth. Some examples are:

v/ Cameras on satellites and airplanes take images of large areas on the Earth’s surface, allowing us to see much
more than we can see when standing on the ground.

v" Sonar systems on ships can be used to create images of the ocean floor without needing to travel to the bottom
of the ocean.

v/ Cameras on satellites can be used to make images of temperature changes in the oceans.

A holistic framework to study earthquakes would incorporate seismic wave propagation and subsurface pressure
perturbations, and have a dialogue with the remote sensing based inverse modeling framework. The first step is
working quasi-static simulations (Dana (2018, 2019a,b); Dana et al. (2018, 2020a); Dana and Jha (2021); Dana
and Lyathakula (2021); Dana et al. (2020b); Dana and Wheeler (2018a,b,c, 2019, 2020a,b); Dana et al. (2021)) in
which wave propagation is ignored and the solution is a time series of solutions to static problems with potentially



time-varying physical properties and boundary conditions. The next step is to gradually leverage this subject matter
expertise to render fully dynamic simulations. The next step is to arrive at deployable remote sensing techniques as
an inverse modeling framework to work with the aforementioned forward modeling framework.

0.1 Image processing in remote sensing

The image processing techniques typically used in remote sensing are:
v Image enhancement
v’ Feature extraction
v Segmentation
v Image classification
v’ Feature detection

0.1.1 Image enhancement

Contrast refers to the amount of differentiation that is there between the various image features. Images having a
higher contrast level generally display a greater degree of color or gray-scale variation than those of lower contrast.

v’ Histogram equalization is an image processing technique that adjusts image intensities to improve contrast.
Histogram Equalization is one of the simplest and commonly used method in low level image enhancement
using the histogram. The logic behind Histogram Equalization is that the image with the best visual appearance,
is the one whose histogram looks like the regular distribution.

v' Adaptive Histogram Equalization computes many histograms for each of the separate part of the image, and
uses them to redistribute the lightness values of the image, hence it differs from Histogram Equalization. Hence
it is suitable for bettering the local contrast in images.

v In Contrast Stretching the contrast in an image is stretched from the range of intensity values it contains to
span a desired range of values. It is also called Normalization. Some Contrast Stretching techniques include:
Minimum-Maximum, Percentage, and Piecewise Contrast Enhancement.

0.1.2 Feature extraction

Machines store images as a collection of numbers between 0 and 255 called pixels. Any image can be represented as
a combination of three colors, red, green, and blue. In essence, any image can represented as a collection of pixels
in three channels, with each channel representing either red, green, or blue. To interpret this, let us say that a pixel
in an image is a collection of a tuple like (34,243,8), which means that the pixel is /34/256 in redness”, "/244/256 in
greenness”, and "9/256 in blueness”. One of the ways to extract features is to take the mean value for each pixel i.e
(34+244+-8) /3 for this particular pixel, and create a feature vector. The number of entries in the vector is the number
of pixels in the image. One more feature extraction method is edge detection, which looks for sharp changes in pixel
values. To automate the process, there are various kernels which are used to operate on each pixel to ”manufacture a
neighborhood around each pixel”, which then exposes the edge pixels.

0.1.3 Image segmentation

Segmentation is about clustering a bunch of pixels into a common group.
v Region-Based Segmentation: Separates the objects into different regions based on some threshold value(s)
v Edge Detection Segmentation: Makes use of discontinuous local features of an image to detect edges and hence
define a boundary of the object.
v Segmentation based on Clustering: Divides the pixels of the image into homogeneous clusters.
v" Mask R-CNN: Gives three outputs for each object in the image: its class, bounding box coordinates, and object
mask



0.1.4 Image classification

Image classification is a method of pattern recognition in which images/pixels are classified based on some similarity
measures
v' Supervised method needs the training data to teach the classifier and recognize the instances of necessary details
in the image. It is divided into parametric and non-parametric methods where parametric method use algebraic
method for assignment to classes. Bayesian and decision tree come under this category. Non-parametric
method is used when density function is not present. K-Nearest Neighbor and Logical Regression come under
this category.
v Unsupervised method finds group of similar instances with no information about class label. Unsupervised
methods can be hierarchical and partition clustering

0.1.5 Feature detection

v' Harris corner detection: As shown in Fig. 3, corners are detected using the idea that shifting the window in any
direction should yield a large change in appearance. The algorithm is given in Algorithm 1.

“flat™ region: “edge™: “corner’”:
no change in no change along significant change
all directions the edge direction in all directions

FIG. 3: Harris corner detector gives a mathematical approach for determining which case holds

Algorithm 1: Harris corner detector algorithm

Compute spatial derivatives of image;

Compute products of derivatives at each pixel;

Compute sums of products of derivatives at each pixel;

Define a matrix H at each pixel using the sums of products of derivatives and products of derivatives;
Compute the response of the detector at each pixel as: R = Det(H) — k(Trace(H))?;

Threshold on value of R. Compute nonmax suppression

v Shi-Tomasi corner detection: The difference between the Harris corner detector and Shi-Tomasi corner de-
tector is the value of R. It is computed as the minimum eigenvalue of matrix H instead of R = Det(H) —
k(Trace(H))?

v" Scale-invariant feature transform: The scale-invariant feature transform (SIFT) is an algorithm used to detect
and describe local features in digital images. It locates certain key points and then furnishes them with quanti-
tative information (so-called descriptors) which can for example be used for object recognition. The descriptors
are supposed to be invariant against various transformations which might make images look different although
they represent the same object(s). The steps are:



Constructing a scale space: This is the initial preparation. You create internal representations of the

original image to ensure scale invariance. This is done by generating a scale space”.

— LoG Approximation: The Laplacian of Gaussian is great for finding interesting points (or key points) in
an image. But it’s computationally expensive. So we cheat and approximate it using the representation
created earlier.

— Finding keypoints: With the super fast approximation, we now try to find key points. These are maxima
and minima in the Difference of Gaussian image we calculate in step 2

— Get rid of bad key points: Edges and low contrast regions are bad keypoints. Eliminating these makes the
algorithm efficient and robust. A technique similar to the Harris Corner Detector is used here.

— Assigning an orientation to the keypoints: An orientation is calculated for each key point. Any further
calculations are done relative to this orientation. This effectively cancels out the effect of orientation,
making it rotation invariant.

— Generate SIFT features: Finally, with scale and rotation invariance in place, one more representation is
generated. This helps uniquely identify features.

v Speeded-up robust features (SURF): SURF is an improvement over SIFT. In SIFT, images are repeatedly
smoothed with a Gaussian and subsequently sub- sampled. Alternatively, in SUREF, filters of larger size on
the original image are used. Due to using integral images, filters of any size can be applied at exactly the same
speed. The "integral image” of an image represents the sum of all pixels in the image of a rectangular region
formed by (0,0) and (z,y). Furthermore, instead of using a different measure for selecting the location and
scale of interest points (e.g., Hessian and difference of Gaussian in SIFT), SURF uses the determinant of the
constructed modified Hessian to find both.
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