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ABSTRACT: Exoplanet detection typically relies on expensive space-based or large ground-based telescopes. A large 
problem is a lack of telescope time for detection. A network of amateur telescopes, with measuring devices comprised of low-
cost spectroscopes and smartphones, was combined with an automated data analysis process involving a custom YOLOv3 AI to 
collect, clean, and prepare the data. The detection process implemented Doppler spectroscopy and transit photometry, and these 
two methods were cross-correlated for higher accuracy. In addition, they were used to calculate a variety of orbital parameters 
and predict exoplanet habitability. This system was then used to evaluate five-star systems, including stars both with and without 
exoplanets. The AI was 87.63% accurate at identifying stellar spectral lines compared to generally accepted spectra for the stars in 
question, which shows the high practicality of this system, and a comparison of the calculated values with the generally accepted 
ones using Spearman’s Rho test shows the high accuracy of the system overall, with a p-value of 0.043. Now that this method has 
been shown to be usable and relatively accurate, this method can be applied to myriad astronomical tasks, such as mapping the 
spectral classes of star clusters, or scanning for Near-Earth Objects..
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�   Introduction
This project attempts to address the fundamental issue 

in exoplanet discovery: a lack of telescope and observato-
ry time.¹,² There are an unknown large number of stars that 
could potentially have exoplanets that have not been investi-
gated for them, and a crowdsourced network would increase 
the number of telescopes capable of detecting exoplanets. Ex-
oplanet detection is important to provide a better picture of 
other planets, enable us to understand many aspects of plane-
tary systems, help fight climate change, and aid in the search 
for extraterrestrial life.³,⁴ 

While the ability of increased exoplanet detection to im-
prove understanding of planetary systems is immediately clear, 
its benefits in terms of fighting climate change and aiding the 
search for extraterrestrial life is less immediately clear. Exo-
planet detection can help with climate change by increasing 
the number of exoplanets available for more detailed follow 
up studies using precision spectroscopy and photometry to 
quantify atmospheric dynamics, greenhouse gas concentra-
tions, and temperature profiles in exoplanetary atmospheres.¹,⁴ 
Having more varied atmospheric data can provide informa-
tion on potential feedback loops or climatological interactions 
that only activate past a certain temperature threshold, allow-
ing for climate modelling to be improved, and maybe even a 
solution to be discovered.⁴ Exoplanet detection can also help 
with the search for extraterrestrial life by improving targeting 
techniques as it is believed that a rocky body with liquid water 
is a prerequisite for the formation of life.¹,³ It could also help 
find potential alien megastructures such as a Dyson sphere 
or swarm, suggested to explain abnormal dimming in KIC 
8462852 and other irregularly variable stars.⁵ 

Currently, most detection of exoplanets is done through 
two approaches: radial velocity and transit photometry.¹,⁶ Ra-
dial velocity techniques involve measuring a star’s spectrum 
over time to detect the shift in wavelength generated by the 
planet’s pull on the star, and calculate the radial velocity and 
period from this, which allows for many other orbital param-
eters to be ascertained (with the notable exception of mass, 
which can only be calculated as the quantity (mass) sin³(incli-
nation).¹ Some recent advances in radial velocity techniques 
involve precision spectroscopy, allowing for smaller exoplanets 
to be detected and for exoplanetary atmospheric wind speed 
to be determined.⁷

Transit photometry involves the measurement of the star’s 
flux over time, and exoplanets are detected through period-
ic decreases in flux during transits.¹ Some new approaches 
include “backyard” transit photometry with mirror rigs and 
CCDs, as well as atmospheric composition measurements.¹,⁸,⁹

This project also suggests stars for further investigation after 
already having detected a potential indication of an exoplan-
et’s presence and determined approximate orbital parameters, 
allowing for a much more effective use of professional re-
sources. While there are existing methods allowing people to 
conduct transit photometry surveys at home, these are often 
highly complex, and there are not presently any methods of 
conducting radial velocity surveys at home.⁸,⁹ This project 
improves upon this by vastly simplifying the process through 
automation, improving the measurements’ accuracy by hav-
ing more measurements taken from across the network, and 
by cross-correlating with independent radial velocity mea-
surements. It would also improve upon existing professional 
methods by reducing time and cost. 

ijhighschoolresearch.org



 74 DOI: 10.36838/v4i6.13

�   Methods

2.1. Data Gathering and AI Data Analysis:
Take the images of the Star's Spectrum
At the beginning of each night the experiment was run, 

once it was dark, an f/10 Schmidt-Cassegrain 150 mm diame-
ter telescope with a 9 mm Plossl eyepiece was aligned to a star 
with known apparent magnitude near the star being investi-
gated for calibration, with the entirety of the star’s Airy disk 
visible in the eyepiece, and no other light sources visible. The 
high-precision visible-light prism spectroscope was mounted 
to the telescope, and a phone was mounted to the spectroscope 
with its camera aligned with the spectroscope’s eyepiece, as il-
lustrated in Figure 2. A reference photo was taken with the 
phone camera, recording the spectrum and the intensity of the 
light. The same process was then used to align the telescope 
to the star being investigated, with the telescope’s auto-track-
ing feature enabled to keep the telescope pointed at the star 
under investigation, and a time-lapse phone camera app set 
up to take a picture of that star’s spectrum every 15 seconds 
with 6-second-long exposures. The spectra were collected by 
each telescope in the B and V bands and then the spectra in 
the network were then collected via web upload for AI data 
analysis (Figure 1).  

The Recognizer AI Locates the Spectral Lines and Calculates 
the Flux:

The spectral images of the star being investigated were then 
loaded into the AI spectrum recognizer. The AI recognized 
the reference marks, the numbers 4, 5, and 6 and the lines 
between them printed in the spectroscope and used those to 
determine the location and strength of the spectral lines by 
looking at the relative brightness of different areas of the im-
age, as shown in Figure 3. It measured brightness via a direct 
average of the luminosity of the pixels in the image of the star, 
adding up the R, G, and B values for each pixel, and averaging 
over the entire frame. This allowed for an effective calculation 
of the star’s relative luminosity in arbitrary units since all of 
the light from the star (and no other significant light) is being 
converted in a predictable manner into the brightness measure. 
The AI was created in Python using TensorFlow. It was fine-
tuned for accuracy and trained on different data sets of images 
of the spectra of different star classes, and of different stars of 
the same class, respectively. The spectral recognizer AI used 
YOLOv3 (You Only Look Once) object detection, which 
works by using a deep convolutional neural network that splits 
up an image into grid cells and labels the object it thinks is 
within that grid cell to predict where the spectrum is, was built 
with Keras and TensorFlow in Python 3. The YOLO algo-
rithm was useful for this project since it can operate effectively 
on a small, noisy data set, and does not require a large amount 
of processing power. The AI was trained on data with a seed 
from manually analyzed data, which was used to bootstrap to 
a large enough dataset to train, calibrate, and refine the AI on. 
All data were gathered from across the network using a Google 
Form for the images, time and location they were taken, and 
the star’s name. From there, the data were manually verified in 
order to ensure accuracy. The AI had an accuracy of 87.63%, 
as measured by the number of correctly predicted data points 
divided by the total number of data points in a testing dataset. 
Manual analysis was used to determine what the correct data 
value was, to the nearest nanometer. All training and testing 

Figure 1: Flowchart showing the overall layout of the methodology.

Figure 2: Image of telescope with the spectrometer attached.

Figure 3: Image of the interior of the spectrometer, with the sections the 
AI has recognized as the spectrum for Aldebaran and the reference markers 
identified in white boxes, as well as a series of calculated values. Note that 
brightness of the image is significantly enhanced for visibility. This was a 
calibration photo taken during the study and is meant to demonstrate the 
appearance of the raw data.
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datasets used were created by the author using photos taken 
with the same process but not used in the rest of the study.

The Spectra Are Adjusted for Atmospheric Reddening:
After the AI identified the spectral lines, an adjustment 

was done for atmospheric reddening by taking the observed 
magnitude (strength) of the spectral lines and subtracting the 
first order extinction coefficient multiplied by the airmass. The 
first order extinction coefficient is 0.4 for the B (Blue) band 
(400-500 nm) and 0.2 for the V (Visible) band (500-700 nm), 
while the airmass is the cosecant of the zenith distance, or the 
angle between the star and the zenith. This angle was calcu-
lated as 90 minus the altitude, which was determined via a 
conversion from the star’s right ascension and declination.¹⁰,¹² 
This formula was used as it is a fairly standard way of adjust-
ing for atmospheric extinction that does not require additional 
measurements, measurement which cannot be taken using at-
home equipment.

Identify the Spectral Lines:
Once the spectra were adjusted for atmospheric reddening, 

the identifier compared the locations and relative strengths of 
the adjusted spectral lines with all possible combinations of 
the relative distance between various spectral lines, account-
ing for all possible effects of line-broadening on the spectrum. 
After the closest spectrum was determined through a pairwise 
correlation test, the identifier output the star’s predicted un-
shifted spectrum. 

Convert the Shift into Radial Velocity:
The converter then converted the distance between the un-

shifted spectrum and the shifted spectrum (redshift) into the 
radial velocity using the standard formula for non-relativistic 
Doppler shift, Δwavelength/wavelength=c(velocity).¹,¹⁰,¹² In 
this way, for every telescope in the network, per minute each 
night, a single radial velocity value and a single relative flux 
value for the star were determined. 

2.2. Crowdsourcing:
Synthesize and Average Data from Across the Network:
At the beginning of each night the experiment was run. Af-

ter that, the calculated radial velocity and flux values for the 
star for each telescope in the network were averaged. This re-
sulted in a single radial velocity value and a single flux value for 
the star per minute each night for the whole network. Had the 
network been larger, this would have completely normalized 
the differing random atmospheric effects, since the network 
should be spaced out sufficiently that, aside for synoptic-scale 
interactions (which can be considered constant relative to the 
typically short orbital periods of stars detectable with Doppler 
spectroscopy or transit photometry), the atmospheric condi-
tions for different observation sites are independent. Due to 
the independence of the atmospheric phenomena and their 
inherent randomness, their distribution should mean that they 
will average out given a large enough sample size. 

Plot over Time:
Then averaged radial velocity and flux values were collected 

over as many nights as possible (in this case seven) and plotted 
over time. They were graphed as radial velocity vs. time and 
flux vs. time. 

Analyze To See If There Is an Exoplanet:
The graphs were then manually analyzed to see if they 

formed a periodic function. If so, there was likely to be a mas-
sive “Hot Jupiter” (a relatively large gas giant, both in mass and 
radius, with a short orbital period), exoplanet orbiting the star. 
By using two entirely independent methods of exoplanet dis-
covery, the presence of an exoplanet was predicted with a much 
higher confidence. The false positives from smaller secondary 
stars were caught via the slight increase in relative flux after a 
transit. If there was an exoplanet, the process proceeded to the 
calculations.

2.3. Calculation:
Classify the Star’s Spectral Type:
Next, by using the output line location references and the 

unshifted spectrum produced by the identifier AI, the star’s 
unshifted spectrum was compared to references of various stel-
lar spectra (assuming it was a main-sequence star). The spectral 
class of the reference spectra that the observed spectrum was 
closest to, based on a pairwise correlation test, was outputted, 
producing the star’s spectral class. The specific references used 
were a collection of spectra taken as part of this study of five 
highly visible stars of each spectral class. 

Calculate Astrophysical Data for the Star and Exoplanet:
After that, orbital parameters and other data were calculat-

ed in the following manner:
Radial velocity semi-amplitude: From the graph of the radi-

al velocity, the radial velocity value that corresponded to the 
nodes and antinodes of the graph were taken, and the abso-
lute value of the difference of the radial velocity values at the 
nodes and antinodes (pairing each node with the next occur-
ring antinode) were averaged to get the semi-amplitude.¹,¹⁰,¹²

Average relative flux: The median of the relative flux values 
was determined from the relative flux values gathered for the 
network each minute to get a value to use as the flux for the 
star.¹,¹⁰,¹²

Magnitude: The star’s apparent magnitude was calculated 
by comparing the flux measured from the single image of a 
star with known flux and absolute magnitude taken at the 
beginning of the night as way to adjust for refraction, and 
magnitude1/magnitude2=Flux1/Flux2.¹,¹⁰,¹²

Distance from Earth: The distance from Earth to the star 
system was determined through the distance modulus, ad-
justed for interstellar extinction using B-V band estimates 
based on various surveys of the interstellar medium in the 
region the star is located.¹,¹⁰,¹² Absolute magnitude was de-
termined using spectroscopic parallax.¹,¹⁰,¹² These equations 
were used as they are standard, precise, and the inputs for 
them were available from the collected data.

Luminosity: The star’s luminosity was calculated from its 
apparent magnitude using a standard equation.¹,¹⁰,¹²
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Mass: The star’s mass was calculated using a standard 
formulation of the empirical luminosity-mass relation for 
main-sequence stars, as it allowed for a simple conversion and 
is largely standard.¹,¹⁰,¹²

Lifetime: The star’s lifetime was calculated from a standard 
formulation of the empirical lifetime-mass relation, as it al-
lowed for a simple conversion and is largely standard. ¹,¹⁰,¹²

Temperature: The star’s temperature was estimated from its 
spectral class via standard values for the temperatures of var-
ious spectral classes with O being 30,000 K to 60,000 K, B 
being 10,000 K to 30,000 K, A being 7,500 K to 10,000 K, F 
being 6,000 K to 7,500 K, G being 5,000 K to 6,000 K, K be-
ing 3,500 K to 5,000 K, and M being less than 3,500 K. ¹,¹⁰,¹²

Radius: The stellar radius was calculated using the Ste-
fan-Boltzmann law.¹,¹⁰,¹²

Exoplanet radius: The exoplanet radius was calculated using 
a standard equation, Ftransit/Faverage=Rplanet/Rstar.¹,⁹,¹¹

Orbital period: The exoplanet’s orbital period was deter-
mined as the average of the periods of the radial velocity and 
relative flux graphs as a better measure of the actual peri-
od.¹,¹⁰,¹²

Semi-major axis: The exoplanet’s semi-major axis was deter-
mined from Newton’s form of Kepler’s third law, a standard 
equation in orbital mechanics.¹,¹⁰,¹²

Exoplanet mass: A minimum on the planet’s mass was de-
termined by using the star’s mass, the orbital period, and the 
semi-major amplitude of the star’s radial velocity, with a stan-
dard equation.¹,¹⁰,¹² Inclination assumed from the fact that it 
is transiting..¹,⁹,¹¹

Exoplanet orbital velocity: The exoplanet’s minimum orbital 
velocity was calculated from the vis-viva equation, a standard 
equation in orbital mechanics.¹,¹⁰,¹²

Exoplanet density: The exoplanet’s minimum density was 
calculated using the definition mass/volume.¹,¹⁰,¹²

Average exoplanet surface temperature: Using the semi-major 
axis of the exoplanet’s orbit and the star’s luminosity, as well 
as an estimated value for the bond albedo of a “Hot Jupiter” 
exoplanet (0.75), the exoplanet’s average surface temperature 
was calculated using a standard equation.¹,¹⁰,¹²

Estimate If the Exoplanet Is Habitable:
Finally, the astrophysical data from above was inputted into 

the commercially available Universe Sandbox 2 simulation 
software, to allow for an estimate of the planet’s habitability 
using the inbuilt Goldilocks Zone calculation.

Ultimately, due to limitations from COVID and time 
constraints, the network ended up consisting solely of obser-
vations made by the author, though the network principle of 
the project was still demonstrated effectively as multiple sets 
of observations were made and then averaged by taking more 
frequent photos to effectively generate multiple sets of data.
�   Results and Discussion
Five-star systems — Pegasi 51, Altair, Deneb, Algol, and 

Vega — were chosen to test the procedure. These systems 
were chosen for their relative brightness, and to ensure that 
some of the stars would have exoplanets in order to ensure 
that the detection system works, as well as that some stars 
would not have exoplanets to check for false positives. These 
five tests were important as practical proof that the approach 
works in practice. 

For each star system, the methodology listed in section 2 
was followed exactly, with reference images and spectra being 
taken, and then data were reduced to convert the input spectra 
into relative flux and radial velocity values. Those values were 
then plotted over time and analyzed in order to assess the 
presence of an exoplanet and calculate orbital parameters and 
estimate habitability if there was an exoplanet present. 

Figures 4, 5, and 6 display examples of the graphs of ra-
dial velocity and flux generated for analysis of the exoplanet 
for three selected star systems. Figure 4 shows the periodic 
appearance of the radial velocity curve in blue as well as a 
periodic trend in the relative flux that are in sync, while Fig-
ures 5 and 6 display the lack of a periodic trend indicating 
the absence of an exoplanet. None of the graphs have error 
bars due to the unknown variability of the measurement sys-
tem, primarily because of some unknown components in the 
phone camera used to record the spectra, which is likely to be 
the limiting factor in the setup. The hypothesis was that the 
measured and calculated data would be similar to the interna-
tionally accepted values within a margin of error, which was 
validated. 

Figure 4: Graph of the Doppler-calculated radial velocity and the adjusted 
flux of Vega over time. Values are a moving average over 15 minutes. Certain 
values are interpolated based on other data, since because of daylight, not all 
of the data was collected at once. The red is the relative flux, and the blue is 
the radial velocity. This displays the presence of an exoplanet, as indicated by 
the periodic appearance of the graph.
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Table 1 below describes a condensed form of the raw data 
as well as the calculated parameters for all five-star systems. 
The calculated and measured values are very close to the in-
ternationally accepted ones, with a statistically significant 
correlation between the accepted and measured values us-
ing Spearman’s Rho test (p=0.043<0.05). This statistically 
significant correlation shows the validity of this system and 
calculations as a tool for identifying exoplanet candidates. 

Figures 7 and 8 display the result of modelling the calcu-
lated values using Universe Sandbox 2 and predicting the 
habitable zones around the star. The definition for habitabil-
ity used here is the presence of liquid water on the surface, 
a common standard for habitability. It is important to note 
that this model uses reference albedos for different types of 
planets and does not account for the greenhouse effect, feed-
back loops, internal planetary heating, tidal heating, or other 
possible factors that could generate liquid water or affect the 
temperature on an exoplanet besides direct absorption of sun-
light. 

�   Conclusion
This project has shown that amateur home telescopes 

rigged with inexpensive spectroscopes and phone-photome-
ters can be utilized to discover exoplanets and calculate key 
factors affecting them by leveraging two popular methods of 

Table 1: Collection of key calculated data, as well as an estimate of 
exoplanet habitability.

Figure 5: Graph of the Doppler-calculated radial velocity and the adjusted 
flux of Altair over time. Values are a moving average over 15 minutes. 
Certain values are interpolated based on other data, since because of daylight 
not all of the data was collected at once. The red is the relative flux, and the 
blue is the radial velocity. This displays the lack of an exoplanet, as indicated 
by the lack of periodicity.

Figure 6: Graph of the Doppler-calculated radial velocity and the adjusted 
flux of Deneb over time. Values are a moving average over 15 minutes. 
Certain values are interpolated based on other data, since because of daylight 
not all of the data was collected at once. The red is the relative flux, and the 
blue is the radial velocity. This displays the lack of an exoplanet, as indicated 
by the lack of periodicity.

Figure 7: Depiction of the Vega star system with the values calculated for 
that particular system, showing the habitable zone for that star in green. Red 
is the slightly too warm zone, and blue is the slightly too cold zone, modeled 
using Universe Sandbox 2. It shows the one Hot Jupiter exoplanet orbiting 
Vega, Vega b, and that it is likely too hot to be habitable (Universe 
Sandbox 2 is a commercially available software that can be used to relatively 
accurately model astrophysical phenomenon, including star systems).

Figure 8: Depiction of the Altair star system with the values calculated for 
that particular system, showing the habitable zone in green for that star. Red 
is the slightly too warm zone, and blue is the slightly too cold zone, modeled 
using Universe Sandbox 2. It depicts the lack of exoplanets (Universe 
Sandbox 2 is a commercially available software that can be used to relatively 
accurately model astrophysical phenomenon, including star systems).
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exoplanet discovery, Doppler spectroscopy and transit pho-
tometry. Clearly, as the AI in this system worked to within 
87.63% accuracy on average for astrophysical data for five-
star systems with only one telescope, it is highly practical and 
promising. Additionally, comparison of the similarity of the 
measured values and the internationally accepted ones using 
Spearman’s Rho test revealed that there is a statistically sig-
nificant correlation between the two sets of values (p=0.043). 
However, it is important to note that these results may be 
significantly biased due to the extremely limited number of 
observations and the high margin of error involved. The bias 
is likely to be introduced from the fact that the actual net-
work did not have the desired geographic diversity. There 
were three key phases to this project, each with their own 
benefits: first, gathering of initial data and AI data analysis to 
generate precise, accurate data at a low cost and with amateur 
equipment; second, crowdsourcing data to average out ran-
dom errors; third, calculation of a wide variety of useful data 
points from a few initial ones. 

Now that this method of combining AI, crowdsourcing, 
and low-cost home equipment has been shown to be effective, 
reliable, cheap, and relatively easy, it can be applied to a wide 
variety of other applications in science. The same principles 
used in this project can be applied to home monitoring sys-
tems to track pollution; phone cameras to track things such 
as crop yields, endangered animals, and water sources; home 
thermometers to track global warming; and more. Data gath-
ered by this method could be used to provide a more accurate 
and complete picture of a large number of problems scientists 
are trying to solve today and help lead to solutions. 

At its current stage, this project has many limitations, in-
cluding the small number of nodes in the network, a lack of 
geographic diversity in the network, the limited precision of 
the measurement devices, and the relatively small test size. 
These limitations could be overcome by a recruitment drive 
to encourage more people to join the network, which would 
improve the size of the network, as well as the geographic 
diversity. A redesign of the spectroscopes or the addition of a 
secondary lens in front of the phone camera used could help 
improve the precision of the measurement devices. Lastly, 
the small test size could be improved simply by investigating 
more star systems, and a wider variety of star systems. More 
observations would also allow for more data to be available to 
train the AI, which could increase its accuracy as well. 

While overall this project was successful, it could be im-
proved further by improving the AI to remove large-scale 
differences more effectively. Some of these large-scale dif-
ferences include the change in atmospheric reddening at 
different latitudes, synoptic-scale atmospheric interactions, 
and systemic errors in the low-cost spectrometers used to 
generate data that is not only relatively accurate (which was 
enough to generate useful results for finding exoplanets in 
this project), but absolutely accurate. Combining this existing 
system with more precise refraction information from Dop-
pler radar might also be useful in improving accuracy if the 
network cannot be expanded to a large enough size. Finally, 
another improvement might be open sourcing the tools used 

in this project to allow anyone to help discover exoplanets in 
their backyard. The author is currently working on improving 
the efficiency, reliability, and documentation of the code until 
it is at a state where it can be readily accessed online either via 
a website or public GitHub repository. 

In addition, while the purview of this project falls more un-
der the realm of pure science, the astrophysical data of this 
project and the average surface temperature estimates, com-
bined with an investigation of the atmospheric spectra of the 
exoplanets using larger telescopes to measure the atmospher-
ic temperature and composition, could be used to measure 
the effects of greenhouse gases and climate change on other 
planets. A better understanding of how the greenhouse effect 
works on other planets could help elucidate feedback loops 
that could kick in on earth once the temperature rises past a 
certain point or the levels of certain greenhouse gases pass a 
threshold. In turn, that could help improve the understanding 
of climate change and allow for the development of better 
climate models, and maybe one day allow for the solution to 
climate change altogether. 
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