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Abstract

Gamma rays are thought to be produced in some of the most violent
and energetic events in the universe. Studying gamma rays provides in-
sight regarding the physics behind these events. Ground based observation
of very high energy gamma rays is subject to a large background signal
and therefore requires a precise statistical analysis technique. For several
decades, the significance of a ground based detection was calculated using
the method of Li & Ma. In order to improve transient signal sensitivity,
a time dependent statistical analysis method has been developed. This
method requires fast retrieval of light curve data, and a binary search
interpolation class is implemented for this purpose. The new method is
tested and applied to a tidal disruption event that has been observed
across a broad energy scale but has not yet been detected in the very high
energy range.

1 Introduction

Cosmic rays and gamma rays are thought to be the results of some of the most
energetic processes in the universe. Possible sources include supernova rem-
nants (SNRs), active galactic nuclei (AGN), gamma ray bursts (GRBs), tidal
disruption events, and, potentially, dark matter annihilation. It is of great in-
terest to study these events to gain insight to the violent and energetic processes
creating them. Cosmic rays, relativistic charged particles, are created in these
sources and can provide important information about the physics in these high
energy events. While cosmic rays can be detected at high energies, they are
unable to be traced back to their source due to the presence of magnetic fields
throughout space. These magnetic fields scatter the cosmic rays and their path
cannot be reconstructed. During these events, cosmic rays will often interact
with other matter producing gamma rays through processes such as hadronic
decays, inverse Compton scattering, Bremsstrahlung radiation, and synchrotron
radiation. Gamma rays, being electrically neutral, will point directly at their
source making them a useful way to study these high energy events [3].

The Very Energetic Radiation Imaging Telescope Array System (VERITAS)
is an array of four Imaging Air Cherenkov Telescopes (IACTs). These ground
based telescopes detect gamma rays through Cherenkov radiation. Incoming
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gamma rays will interact with atomic nuclei in the upper atmosphere and pro-
duce an electron positron pair. Through Bremsstrahlung interactions, these
particles will produce more high energy photons which will again go through
pair production. These events will continue to cascade and create more parti-
cles in what is known as a particle shower. Any charged particles in the shower
moving faster than the speed of light in air will produce Cherenkov radiation.
Due to the geometry of the gamma ray particle showers, the Cherenkov radia-
tion will hit the ground in a light pool with a diameter of approximately 250m
where it can be detected by IACTs [3].

The VERITAS telescopes use an array of photomultiplier tubes (PMTs) as
the focal plane of the camera, allowing the entire particle shower to be imaged,
rather than just detected. This technique was developed by the Whipple Col-
laboration and was used to detect gamma rays from the Crab Nebula in 1989.
The ellipsoid shape of VERITAS images of the shower can be parameterized
to construct the arrival direction of the gamma ray. The number of detected
Cherenkov photons directly corresponds to the energy of the incident gamma
ray. Through analysis, the VERITAS array can be used to effectively detect the
direction and energy of incident gamma rays. Stereoscopic shower reconstruc-
tion can be performed increasing the sensitivity as compared to one telescope.
VERITAS is sensitive to gamma rays with energies ranging from 85 GeV to
greater than 30 TeV. This corresponds to gamma rays in the very high energy
range. In this report, I will discuss the standard statistical analysis technique
used in gamma ray astronomy, a new statistical analysis technique designed to
improve sensitivity to transient signals, incorporation of this technique into the
VERITAS analysis software (VEGAS), and the application of this technique to
an elusive tidal disruption event.

2 Standard Statistical Analysis

While collecting data with IACTs, there is a large background of light due to
various sources including cosmic ray particle showers. Triggering techniques
employed by VERITAS during data collection help reduce the background sig-
nal [3]. However, statistical analysis must still be performed to ensure that a
detection is not likely the result of background fluctuations. This is done by
taking measurements of the number of counts in the source, Non, and back-
ground, Noff , regions for periods of time Ton and Toff , respectively. These
data are used to calculate the significance of the signal. For gamma ray signals,
5σ significance is usually required for detection .

As the field of gamma ray astronomy developed, beginning in the 1960s, there
were several different statistical techniques employed to determine the signifi-
cance of a signal. Some of these techniques would systematically overestimate
or underestimate the significance of a signal. This was recognized and addressed
by Li & Ma [5] in their 1983 paper which outlined a statistically sound technique
for calculating significance. Their method became the standard technique for
use in gamma ray astronomy.

The Li & Ma significance formula is derived using a hypothesis test and
maximum likelihood theory. Both the source and background counts follow a
Poisson distribution in this derivation. The Poisson distribution is a discrete
random variable distribution where the probability of N events occurring is a

2



function of N and the expected value µ [Equation 1].

P (N) =
µN

N !
e−µ (1)

This technique requires the use of two hypotheses as well as the parameters
associated with the probabilities of each. The null hypothesis states that no
source exits, and all detected counts are from the background. The alternative
hypothesis states that a source is present. The parameters involved in each
hypothesis are the average background count rate, b̄, and the average signal
count rate,s̄. These are initially used to define the expected number of ON and
OFF counts, but will later be resolved as functions of the four measured values
Ton, Toff , Non, and Noff [Table 1].

We will define the following likelihood ratio:

λ =
L(X|E0, T̂c)

L(X|Ê, T̂ )
(2)

Where the E0 is the null hypothesis stating that there is no source (s̄ = 0)
and all counts are from the background, T̂c are the maximized parameters given
the condition that E = E0, E is the alternative hypothesis (s̄ 6= 0), T̂ are the
maximized parameters for the alternative hypothesis.

To find the maximized parameter values, and thus the maximum likelihood
ratio, the Poisson probability distribution and expected values are used to define
probabilities of an event for each hypothesis. These probabilities are differenti-
ated with respect to each parameter and set equal to zero. Doing this allows us
to solve for the maximized values for the parameters for each hypothesis individ-
ually. This process yields intuitive solutions for the background and signal rates
for each hypothesis [Table 1]. Once the maximum likelihood ratio is defined, it
can be interpreted and solved using Wilks theorem. Wilks theorem states that
on the condition that the null hypothesis is true E = E0, −2lnλ will follow a
χ2 distribution with r degrees of freedom, where r is the number of parameters
in the null hypothesis [Equation 3].

−2lnλ ∼ χ2(r) (3)

In this case r = 1, the only parameter in the null hypothesis is that s 6= 0.
A chi squared distribution with 1 degree of freedom is simply equivalent to the
square of a standard normal variable. Thus

√
−2lnλ will be equal to a standard

normal variable and can be taken directly as the significance.
In Li & Ma’s paper, this result is tested against other significance formula-

tions through Monte Carlo simulation, and is found to be the most accurate.
Other methods for significance calculations were found to overestimate or un-
derestimate the significance based on the relative observation times Ton and
Toff .

3 Time Dependent Statistical Analysis

A gamma ray burst is a source of gamma ray radiation that can have several
causes, but is often characterized by a strong burst of radiation that fades
roughly according to a power law. This is followed by a weak afterglow. This
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Table 1: Inputs and parameters resulting from finding the maximum likelihood
functions. The expected values are the definitions used in the Poisson distri-
bution to find the likelihood function. The maximized parameter values the
results of maximizing the likelihood with respect to each parameter. The Al-
ternative Hypothesis (Weiner) parameters are not fully resolved, and must be
solved numerically because of the free parameter θ
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Figure 1: Light curve for GRB 130427A. This represents a typical GRB light
curve shape and demonstrates the nature of their signal to fade roughly accord-
ing to a power law.

pattern can be clearly seen in the x-ray light curve of a gamma ray burst [Figure
1]. Due to their rapidly fading nature, it is difficult for ground observations to
record initial data for GRBs. A GRB must first be detected by satellites, and
then ground facilities will direct their cameras at the source as fast as possible.
GRBs are intriguing targets for ground observation, but they have not yet been
detected in the very high energy range (above 100 GeV). This is partially due
to the above limitations.

The Li & Ma method does not take into account signal variability in time,
as it is only a function of the four recorded values. This technique works well for
sources expected to have a steady signal such as SNRs. However for GRBs and
other transient events, we have additional knowledge about the signal properties
over time. The time dependent analysis technique was developed by Ori Weiner
in an effort to improve the sensitivity of our analysis by taking this into account
[6].

The time dependent analysis technique is derived using the same principles
as the Li & Ma derivation. Those are Poisson distributed count rates and
a maximum likelihood ratio test solved through Wilks theorem. In the time
dependent method, the signal rate is set to s(t) rather than the constant average
signal rate s̄. By changing the signal rate to be time dependent, this parameter
is modified in the alternative hypothesis. In order for Wilks theorem to be
applied, the two models must be nested. The likelihood ratio can be solved in
this way, leaving a free parameter in the solution. The simplest solution to this,
and most realistic when applied to GRBs, occurs when the free parameter is
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the amplitude of the signal.
In the time dependent model the null hypothesis is the same as in the Li &

Ma analysis. As a result, the null likelihood and maximized parameters will also
have the same values. The formulation of the alternative hypothesis is where the
new parameter is incorporated. To account for the changing signal amplitude
for events at different times, the run will be broken into a large number of time
bins. These bins will be small enough that there will be at most one count in
each bin, and each time bin will have a size of ∆t. The probabilities for events
each time bin are then multiplied to form the alternative hypothesis likelihood.
Omitting the entire derivation, an important term appears in the alternative
hypothesis likelihood involving s(t) [Equation 4].

Π{ton}
1

b+ θf(t)
(4)

This expression has interesting applications when the maximized parameter
values are found. The extra parameter θ must be maximized numerically in
order to apply Wilks theorem. In order to do this, the signal (f(t)) must also
be measured each time a value of theta is tested.

The ultimate effect of incorporating the time profile of the signal is a statis-
tical analysis method where the high strength signal is given more weight. This
could be useful in GRB detection where the signal fades rapidly. With the Li
& Ma method, additional analysis spent in observation with a low signal can
decrease the significance. With the time dependent analysis this is not an issue,
and observations of GRBs during later stages might be able to yield a detection
[6].

4 Light Curve Interpolation Class

In order to use the time dependent likelihood method, it is necessary to measure
the light curve signal continually as the θ parameter is maximized. The light
curve data for these events are readily available through the Swift Collaboration.
The Swift satellite is equipped with a wide field of view Burst Alert Trigger
(BAT) as well as an x-ray telescope (XRT). Swift operates autonomously and
quickly slews to the location of a GRB when it is detected. The XRT light
curve for all detected GRBs is available through their database [4]. Because the
X-ray emission is created by the same processes as gamma rays in a GRB, it
is reasonable to take the XRT light curve to represent the shape of the gamma
ray signal.

A C++ class was created in order to quickly read in this data and calculate
the amplitude at various points. This is used to complete the maximization
necessary for the significance calculation. This class had to be able to calculate
flux values at any given time using linear or exponential interpolation. The class
also needed to operate quickly in order to accommodate analysis runs where it
could be called on the order of 1011 times.

The class begins with an initialization of the data structure to store the
light curve. Each member of this structure holds the flux, time, log(flux),
and log(time) for each point in the light curve. All of these can be potentially
used for different interpolations. After the data are read from the class, it
must be sorted according to time. This is important for Swift XRT data, as the
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telescope takes data in two different modes, windowed timing (WT) and photon
count (PC), often switching back and forth during collection. In the light curve
data files, all of the WT data are listed followed by all of the PC data. This
sorting can be accomplished with the C++ internal sort method by defining the
< operator for the data structure.

The class needs a method to gather the flux at a given time through inter-
polation. In order to find what points to interpolate between, a search method
must be employed. However, light curve files can be large and a linear search
would take far too long for analysis. Several different search methods were
tested to determine the most suitable for this application.

The first technique employed was done in an effort to avoid searching entirely.
Instead of searching, a linear function following the data would dictate which
points to interpolate between. In order to employ this technique, the data set
would have to have an equal ∆t between each point. Light curves are often
not binned in this way in order to improve data resolution. To resolve this, the
initialization of a light curve class object also had to create extra data points
with equal time steps. In order to not lose any resolution, this time step had to
be equal to the smallest time step in the data set.

During flaring times of a burst signal, the time bins can be very small com-
pared to the length of the overall data set. This became apparent when imple-
menting the linear method with Swift data. While employing this method, the
size of the light curve used to test this program grew from 2.5 × 103 points to
9.7× 106 points. Because of this, initializing objects in this class took about 45
seconds on average. However, it required little time to interpolate flux values.
The class could search 106 points in less than .25s. [Figure 2].

While this was incredibly fast at interpolating points, it would not work
well with its implementation in VEGAS. This method was created under the
pretense that one class object would be initialized during the analysis, then used
to find flux values. However, due to the simplest integration with VEGAS, a
class object would be initialized on the order of 104 times per analysis. the
analysis to be unreasonably long had this method been implemented

The second search method was designed to be fast in its initialization and
execution. The same technique to read in the data was used, but no large
vector was created. Instead a recursive search technique, binary search, was
implemented. To search for a given point, the method splits the data at the
center point and tests if the given point is greater or less than the center.
Whichever subset, top half or bottom half, the given point is in becomes the
new data set to be searched. This is applied recursively, and the data set is
split in half after each iteration. This search method executes in O(log n) time.
While running tests, this method was able to initialize a class object and search
106 in roughly 1 second. This was very fast compared to the overall run time of
the previous method. The binary search method was ultimately inserted into
VEGAS for use in analysis.

5 Testing The Time Dependent Analysis

In order to test the time dependent analysis technique, a data run was created
with a fake signal and fake light curve associated with that signal. This would
result in a large spike in significance at the point where the fake signal was
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Figure 2: Histogram showing the time to interpolate 106 points using each
method. The linear equation method is plotted in blue, and the binary search
method is plotted in gray. Changes in other processes running on the server are
likely to have caused the gap between the linear search data.
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Figure 3: These are two significance maps for the added counts trial of the time
dependent analysis. The left image shows where one count was added for 100ms
resulting in a significance of 4.22σ. The right image shows the addition of three
counts, each for 100ms. This resulted in a significance of 7.65σ.

added. While being analyzed, VEGAS would recognize the added count, and
search the light curve at that time. When adding a flux increase with a very
narrow peak, a large increase in significance is expected. Additional tests were
run with several counts and with varying lengths of time of the added signal.
This resulted in an increase in significance that was expected [Figure 3].

6 Application of Analysis to Swift J164449.3+573451

Swift J164449.3+573451, hereafter Swift J1644+57, was an event detected by
several radio, optical, and x-ray observatories and had unique characteristics.
The burst did not fade like a typical GRB, was too variable to be an AGN,
and too luminous to be an SNR. It was classified as a tidal disruption event
[2]. These events occur when a star orbiting a black hole is drawn close enough
that tidal forces begin to pull stellar matter away from the star. The stellar
matter forms an accretion disk around the black hole and relativistic jets form
perpendicular to the accretion disk. The relativistic jets accelerate particles
and, through inverse Compton scattering, can produce VHE gamma rays.

Swift J1644+57 triggered the BAT on 28 March 2011. VERITAS began
observation of Swift J1644+57 beginning on the night of 29 March 2011 and
continued until 15 April 2011 [Figure 4]. VERITAS was able observe this source
for approximately 28 hours, and the standard VEGAS analysis was applied.
After analysis using hard, medium, and soft cuts, there was no source detected,
and the maximum significance in the source location was found to be 1.34σ
using medium cuts [1].
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Figure 4: This is a graph of the XRT light curve for Swift J1644+57. The light
curve has several peaks with high count rates and continued to emit for many
days. VERITAS coverage is also indicated on the graph.

7 Results

Swift J1644+57 was tested using hard cuts, medium cuts and soft cuts with the
standard VEGAS analysis package up through stage5. A total of 84 runs were
used in the analysis. These runs were split into 100 separate runs for proper
integration with the time dependent analysis. The time dependent analysis
technique was applied for stage6 with the respective cuts. The results are given
below.

The hard cuts run resulted in a positive bias in significance, and a high
significance point 1.34 deg from the source location [Figure 5. This might be
due to the minimum number of on counts parameter cutting a large number of
runs. If this were the case the statistics would be biased by only analyzing runs
with a excess counts. The positive bias in significance is also clearly seen in
the significance distributions [Figure 6].Likely due to this shift, the source had
a significance of 3.75σ. These results cannot be considered accurate, as there is
a systematic error that has shifted the distribution.

The medium cuts run yielded results with more evenly distributed signif-
icance maps. The large spike in significance from the hard cuts map was no
longer present. This strengthens the idea that some of the errors in the hard
cuts analysis are due to the minimum on counts parameter cutting too many
runs. While the significance maps were more evenly distributed [Figure 8], there
was still a slight positive bias. This likely also due to small effects of the number
of counts bias. Again there was no detection at the source, with the significance
only reaching 1.57σ [Figure 7].

The soft cuts run reflected artifacts of large data set interference. This is
evident from the large spread in significance values [Figure 10]. In the ring
background analysis model, the acceptance is a function of the distance from
the source. This is normalized using a curve generated from all runs in the
analysis. This introduces systematic errors that become a bigger factor as more
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Figure 5: Significance map for hard cuts analysis

Figure 6: Significance distributions for hard cuts analysis
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runs are used. The error is more evident in the soft cuts analysis for this reason.
A hole in the significance is also found at the star location[Figure 9]. During
data collection, PMTs in this spot may be turned off due to the large amount
of light they detect. This causes a negative significance hole which is more
prominent with a large number of runs. Overall, the source significance with
soft cuts was found to be 0.063σ.

Ultimately there was no detection at the source location. However, this
has given some insight to a number of effects that could be taking place with
analysis of large data sets. These can now be further investigated and improved
upon. Furthermore, VEGAS is now equipped to run a time dependent analysis
if a light curve is provided. This will be useful in analyzing future events, and
it may yield a detection for a source with a transient VERITAS signal.
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Figure 7: Significance map for medium cuts analysis

Figure 8: Significance distributions for medium cuts analysis
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Figure 9: Significance map for soft cuts analysis

Figure 10: Significance distributions for hard cuts analysis
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