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Modern-day astrophysics has a heavy dependency on observations of stellar sources, as these detections provide key insights
into how various stellar populations and their structures have evolved over time. Over the last few decades, the quality of
ground-based observations has improved drastically; however, most assessments of astrophotography still rely heavily on
visual judgements of the image, which make the quality subjective. Metrics such as “sharpness” or “clarity” obscure the depth
of any quality discussion of the image. This study develops and applies a reproducible and quantitative pipeline that brings
professional-style validation methods to consumer-grade telescope data such as that from the ZWO SeeStar S50, through
catalogue cross-matching against Gaia and a formal photometric check of the flux—-magnitude relationship, hence substituting
a subjective evaluation with an objective one. The pipeline detects stellar sources in FITS images using the DAOStarFinder
algorithm and validates them against the Gaia catalogue through the World Coordinate System transformation available in the
FITS metadata. Detection parameters were optimised per file using a plateau-stability criterion. This yielded a median FWHM
of 5.5 pixels (range 3.6-6.5), a detection threshold of 2.50, and a Gaia magnitude limit of G < 20, from the set of 17 files
with sufficient bright matched sources. Across these files, the photometric slope between Gaia G magnitude and log DAO flux
came out to be —2.266 + 0.537, a value that is consistent with the theoretical value of —2.5 (one-sample t-test, t(16) = 1.80,
p = 0.091), confirming the pipeline’s photometric validity. In addition, we created a normalised detection ratio in the form
(matched/catalogue) stars at Gaia G magnitude less than 14; this ratio ranged from 0.00 to 0.59 across the 18 observations, with
a mean of 0.26. This ratio is correlated against atmospheric variables derived from the Copernicus ERAS5 dataset. Only one of
the proxies used (the seeing proxy) produced a correlation of the correct sign (r = —0.522; R> = 0.27; p = 0.026). Three out of
five variables were seen to have changed signs, and after application of a Bonferroni correction for the number of comparisons
made, only one variable (low-level cloud cover) remained significant; this had a physically unrealistic trend and would therefore
be explained by a density effect due to the field being crowded. Henceforth, the analysis of atmospheric variables in this study
is reported as relatively exploratory and underpowered. Nevertheless, the pipeline still contributes as a strong and reproducible
quantitative validation workflow for consumer-grade astrophotography. The robust atmospheric characterisation will still require
a much larger dataset and homogeneous target selection over extended periods, with multivariate confounder control systems.
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Introduction

A key aspect of modern-day astrophysics is the observation
of various stellar sources, these sources provide us with valu-
able insights into structure and evolution of star populations.
Hubble’s (1929) discovery of a linear relation between the
distances of extra-galactic nebulae and their radial velocities
demonstrated the importance of linking observable properties
of celestial bodies to their physical characteristics'. Over the
following decades, the way astronomy is perceived has shifted
from purely observational to data driven models and methods,
which help us create precise and reproducible measurements

of stellar distributions?2.
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The development of standardized data formats such as the
Flexible Image Transport System (FITS) have been crucial to
the transformation of this field, data formats such as the FITS
can store image data and important metadata, values such as
the exposure time, instrument configuration, and celestial co-
ordinates 3. These meta values are extremely crucial for cali-
brating and mapping out celestial coordinates. Alongside this,
the development of open source computational tools have fur-
ther accelerated the growth, the Astropy library for instance
provides frameworks for FITS manipulation and coordinate
transformations®’. The major role of Astropy was in partic-
ular, the extraction of the World Coordinate System (WCS),
this enables us to convert pixel coordinates into sky coordi-
nates, which allowed us to make direct comparisons between
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the pixel level detections and map them directly out onto the
sky through catalogues®.

Star catalogues, including the Gaia Star Catalogue repre-
sent a major advancement in data driven astronomy. The Gaia
mission has produced high-precision astrometric and photo-
metric data for over a billion stars, generating a detailed three-
dimensional map of the Milky Way*'2. The Gaia star Cata-
logue’s accuracy becomes an important aspect as it is the ref-
erence through which validation for observational data occurs
by confirming those sources.

Alongside the growth of catalogues and computational
tools, the development of automated detection algorithms have
been crucial. Beyond DAOStarFinder, source-extraction tools
such as SExtractor are also widely used'>. One of the most
widely used methods is the DAOStarFinder (hereafter also ab-
breviated DAO), originally derived from the DAOPHOT al-
gorithm, developed and introduced by Peter Stetson'*. The
detections found through the algorithm are done by identify-
ing local maxima that agree upon an expected point spread
function (PSF)!%, which in turn allows us to filter out the
background noise from real star detections '°. DAO-based de-
tections have been extensively used for both professional and
amateur astronomical studies!”. One key factor to note is that
the accuracy of detections from DAO is heavily reliant on the
certain parameters, such as the full width at half maximum
(FWHM) and background noise estimations, these parameters
must be tuned based on the observational conditions '.

Although methods and technology has improved for bet-
ter ground-based observations, the whole process is still lim-
ited by environmental factors, particularly light pollution, in-
creased artificial and environmental brightness lowers the vis-
ibility of faint stars and lowers signal to noise ratio during
imaging 2%, Studies worldwide demonstrate this effect by
using atmospheric models to show the widespread impact of
artificial illumination on night sky visibility, especially in ur-
ban regions. Other models, for instance the ones developed
by Garstang, further explain how scattered light contributes to
skyglow and degrades observational quality 2223

Finally, atmospheric conditions cause discrepancies in the
variability of the number of stars detected. Parameters such
as relative humidity, wind speed, cloud cover, and low cloud
cover directly influence atmospheric transparency and stabil-
ity. Increased humidity and aerosol levels scatter and absorb
incoming starlight, which reduces the signal strength and low-
ers the detection completeness. Wind speed is used as a proxy
for atmospheric turbulence (seeing), where unstable air can
cause images to distort and broaden the point spread function,
which in turn will overall reduce the detection accuracy, trans-
parency proxies derived from atmospheric data indicate the
clarity of the sky, with lower transparency corresponding to
greater extinction of stellar flux. Additionally, cloud cover is
another important environmental indicator, wherein low-cloud

cover impacts the incoming light by obstructing its path and
creating attenuation across the image. In conclusion, these
factors affect the signal to noise ratio as well as the reliability
of source detection, making them extremely crucial in obser-
vational astronomy.

This investigation accounts for these effects by making
the comparison of the number of normalised stars detected
throughout the image with various atmospheric conditions.
Star counts from FITS data are correlated with variables such
as humidity, wind speed, cloud cover, and derived seeing and
transparency proxies, and validated against Gaia catalogue
data. Through which we are able to better understand the in-
fluence of atmospheric conditions on accuracy and complete-
ness of detections.

Motivation

Most professional astronomers assess astrophotographic im-
ages using one of two approaches: a qualitative (subjective)
approach or a quantitative one. Astrophotographers often de-
scribe the quality of their photographs using terms such as
“quality,” “definition,” or “sharpness,” based on the observer’s
personal opinion or the observations made at the time. Almost
all professional astronomical observations, by contrast, are
validated by objective measures, including detecting objects
against catalogues, using statistical methods to identify ob-
jects within images, and documenting observing conditions. A
significant methodological gap exists between these two types
of observational practice: very few student or low-budget as-
tronomy projects, which typically use relatively low-quality
instruments, undergo validation procedures similar to those
used in professional astronomy — including cross-matching
detections against trusted catalogues, systematically optimis-
ing parameters through data analysis, and validating detected
features using formal photometry. To bridge this methodolog-
ical gap and provide a degree of scientific validity to images
obtained from accessible instruments, this research establishes
an entirely quantitative assessment procedure for consumer-
grade astrophotography. Beyond establishing a quantitative
evaluation process, there is also a need to integrate additional
context into the determination of image quality: image quality
is affected not only by the instrumentation but also by environ-
mental factors such as atmospheric conditions and sky condi-
tions (including moon phase, cloud cover, and sky brightness).
The author’s long-term observations of decreasing night-sky
visibility due to increasing urbanisation provided the impetus
to document these environmental changes objectively rather
than subjectively. On the other hand formal and professional
astronomy relies strongly on validation by the detection of
objects: Detected sources are cross-matched against trusted
astrometric catalogues, detection algorithms are tuned using
statistical metrics, and observing conditions are carefully doc-
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umented.

Therefore, currently a gap between professional methods
and commonplace workflows (small-telescope or student-led
astrophotography projects) exist. This gap limits the scientific
strength and interpretability of data captured from accessible
instruments. The motivation behind this project is to bridge
this gap, the goal will be accomplished by developing a fully
functional and quantitative pipeline that has the ability to eval-
uate astrophotography data, which is the fundamental princi-
ple used in my professional settings. The overarching goal
is to shift the evaluation of astrophotography from qualitative
analysis to a quantitative measure.

Additionally, this work supports the idea of the need for
contextual data integration for astrophotography. It is impor-
tant to note that images are not only influenced by the type of
telescope or detector, but atmospheric conditions play a cru-
cial role in the output of data, such as sky brightness, cloud
cover, and moonlight. These projects are often not accounted
for in small-scale projects.

This work is intended to benefit student researchers who re-
quire scientifically defensible methodologies for image anal-
ysis, citizen-science initiatives in which data quality varies
widely and needs objective validation, amateur astronomers
seeking to understand why certain nights or setups yield better
results, and educational programs aiming to teach authentic,
data-driven astronomy rather than purely visual techniques.

Background information

FITS files

In the context of our project the FITS files form the founda-
tional input for all the subsequent star-detection and validation
analyses. Since the foundation of this project relies on the de-
tections of stars through DAOStarFinder and Gaia’s astromet-
ric catalogue, the preservation of each pixel is essential for
complete observation, and hence exemplifying the importance
of metadata stored in the fits file. The flexible image trans-
port system (FITS) file consists of the standard archival and
data for interchange of format to astronomical data. This has
remained as the principal method/medium for scientific imag-
ing since its adoption by NASA in the late 1970s. A FITS file
is not designed solely to act as a medium of image conver-
sion, but instead it is a rigorously structured scientific dataset,
capable of encoding instrument behaviour, observational con-
ditions, and calibrated pixel intensities with complete repro-
ducibility with merely the METADATA. The formation of the
FITS file is based on one or more Header/Data units (HDU’S).
THe header is composed of 80-character ASCII keywords,
values ,component cards, documents and all relevant meta-
data: telescope and detector identifiers, exposure parameters,
gain, readout noise, sensor temperature, Julian date, observa-

tory coordinates, atmospheric conditions, and any processing
history. This metadata ensures that the image is scientifically
interpretable independent of the original acquisition environ-
ment.

The data unit in the FITS file stores the pixel array in an
uncompressed, linear format (Usually 16 or 32 bit integers, or
floating point decimal values), hence preserving the complete
dynamic range of the detectors and meta data, allowing for rig-
orous and accurate photometric and astrometric data analysis.
Unlike consumer image formats, such as JPEG or JPG— FITS
data files preserve data in its original state, maintaining abso-
lute integrity in the astronomical signals captured. Such data
conservation is absolutely indispensable for quantitative tasks,
such as plate solving, flat fielding, bias subtraction, cosmic-
ray ejection and photometric analysis.

World Coordinate System

Within the scope of our project, the world coordinate sys-
tem bridges the gap between algorithmic star detection in
image space and physical validation of celestial coordinates.
The World Coordinate System (WCS) is the data that relates
image-plane pixel coordinates directly to the absolute celestial
coordinates on the sphere. WCS is embedded directly within
the FITS file, inside the headers, through a series of standard-
ized keywords, WCS enables an astronomical image to be in-
terpreted as a metrically accurate projection of the specific
area/region in the sky rather than a simple two-dimensional
intensity array. The WCS specification defines the reference
world coordinates (CRVAL1, CRVAL2 headers), the corre-
sponding reference pixel (CRPIX1, CRPIX2), the linear trans-
formation matrix (CDij or PCij), and the adopted celestial pro-
jection (e.g., gnomonic/TAN, orthographic/SIN, or AITOFF).
Collectively, these parameters describe the local astrometric
solution, including plate scale, rotation, parity, and, where ap-
plicable, distortion corrections.

Accurate WCS information is often obtained through pro-
cesses such as astrometric plate solving?, wherein detected
star centroids in the image are matched against positions from
an external astrometric catalogue (e.g., Gaia DR3). The solved
WCS results in the best fitting transformation that aligns the
image to an absolute celestial reference frame with extreme
precision. The resulting WCS mapping facilitates a wide
range of scientific operations: precise astrometric measure-
ment, field identification, multi-epoch registration, photomet-
ric cross-matching, and spatial modelling of sky-brightness
distributions.

Tools and apparatus used

All the images were captured using the ZWO SeeStar S50,
a telescope optimized for wide field astronomical imaging?S.
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The technical specifications of the telescope include a 50 mm
apochromatic triplet refractor with a 250 mm focal length
(f/5), this allows the telescope to capture the image with low-
aberration, fast optics suitable for short exposure and sky
brightness measurements. Imaging is performed with a Sony
IMX462 CMOS sensor (1920 x 1080, 2.9 um pixels), offering
high sensitivity, low read noise, and strong performance under
light-polluted conditions. The device records data in 16-bit
FITS format, retaining all metadata necessary for photometric
and astrometric analysis.

The telescope is mounted on a motorized alt-azimuth Go-To
system with automated tracking. Although alt-az mounts ex-
perience field rotation over long integrations, the S50’s rapid
stacked imaging workflow minimizes this limitation for envi-
ronmental sky assessments. Its internal plate-solving module
provides accurate World Coordinate System (WCS) solutions
for each FITS file, enabling pixel-level mapping to RA/DEC
coordinates and ensuring consistent comparisons across ob-
serving sites. Integrated dual-band Ha/OIlI filters suppress
broadband sky-glow, improving contrast for star detection and
background measurement. The system’s automated focus-
ing, exposure control, and mobile-based operation make it
a reliable, field-deployable platform for reproducible light-
pollution mapping.

Processing data on Python

All the data processing and analysis throughout this project
was completely conducted using Python due to its exten-
sive ecosystem of astronomical libraries and its suitability
for reproducing scientific workflows. The FITS files were
fed through a standard I/O routine, which works to preserve
both the pixel data arrays and all the header metadata. Pre-
processing steps include background estimations for the sky,
noise characterisation, and normalization, which are important
to standardise detections through images with varying sky-
brightness and exposure conditions. Background levels were
estimated using robust statistical methods to reduce the influ-
ence of bright sources, while noise properties were inferred
directly from the image statistics to ensure physically mean-
ingful detection thresholds.

Astrometric data was accessed directly through the head-
ers stored in the FITS files, allowing us to utilize pixel-to-sky
transformation of data from data in the FITS through the em-
bedded WCS solution. Detected sources, their position and
other useful data were stored in structured arrays, this allowed
us to efficiently filter, cross-match and variable sweep (such
as FWHM, DAO thresholds). This pipeline built with python
was designed to operate modularly, which allowed us to apply
the same analysis across different files. This process ensured
reproducibility, minimized subjective bias in parameter selec-
tion, and allowed systematic exploration of how detection per-

formance varies with image conditions.

DAOStarFinder

Stellar sources were detected through the DAOStarFinder al-
gorithm, which identifies point-like sources by locating local
maxima that match an expected point spread function (PSF).
The DAOStarFinder algorithm works completely in the pixel
space, by modelling stars as approximately Gaussian pro-
files characterized by a specified full width at half maximum
(FWHM). This parameter represents the spatial extent of a
stellar image and is influenced heavily by atmospheric con-
ditions, optical performance, and tracking stability. Selecting
an appropriate FWHM is henceforth crucial, values that are
too small suppress real stars, while excessively large values
increase false detections by merging light noise structures to-
gether as one and background fluctuations.

DAOStarFinder evaluates candidate detections by convolv-
ing the image with a Gaussian kernel and applying a signif-
icance threshold relative to the background noise. Therefore
this threshold works as a barrier, allowing only sources ex-
ceeding this threshold and satisfying shape constraints (set
by the FWHM) as retained as real detections. Additionally
this algorithm returns centroid coordinates, peak intensity, and
profile statistics, which form the basis for subsequent astro-
metric and photometric validation. Throughout the process
of this project, the DAOStarFinder algorithm was used itera-
tively across a controlled range of FWHM and threshold val-
ues which allowed us to find the most optimum combinations
of values outputting strong detections. This approach allowed
detection performed to be quantitatively assessed and chosen
rather than arbitrarily detecting stellar bodies.

Gaia query

The detections made by DAOStarFinder are often accurate in
identifying real astrophysical objects, but we need an extra
layer of confirmation and validation, hence an external astro-
metric reference catalogue was required. To fulfill this need
we used the extensive catalogue provided by Gaia queries,
which provides high-precision positions for over a billion
stars. The catalogue queries were performed systematically
within python, using sky coordinates of the centroids derived
from the FITS files. For each image, a region-based query was
executed to retrieve all Gaia sources within the field of view,
ensuring complete coverage for cross-matching.

The process of cross-matching was performed by compar-
ing the celestial coordinates of DAO detections with Gaia po-
sitions using a fixed angular match radius. Star matches within
this radius were classified as true detections, while unmatched
sources were treated as false positives and hence eliminated.
By repeating this procedure across varying DAOStarFinder
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parameters (FWHM and threshold), the relationship between
detection sensitivity and astrometric reliability could be quan-
titatively evaluated in terms of the matched stars. Importantly,
this process allowed the optimal FWHM to be identified not by
maximizing raw detection counts, but by maximizing agree-
ment with Gaia while minimizing false-positive matches.

Methodology

Step 1: Raw astronomical image acquisition and initial
representation

The raw data analysis begins with a pipeline where FITS file
data (astronomical data) is directly gathered using a CMOS
detector during observational exposure. At this stage, the data
is fundamentally a two dimensional grid of pixel intensities,
where each pixel encodes the number of photons detected
from a small region of the sky during the exposure time. It
is important to note that these pixel values are affected by a
wide range of factors, which include the astrophysical source
(stars in this case), the background sky noise, the instrumental
effects including detector noise, readout artifacts, and atmo-
spheric distortions. Additionally, it is important to note that
the current data we have is unprocessed, so it does not include
anything beyond intensity measurements.

To preserve the scientific integrity of the data, the data is
stored in the Flexible Image Transport System, better known
as FITS. This file type is effective in story astronomical data
as it allows for both the image array and extensive metadata to
coexist within a single file. The metadata present in the FITS
file include information on the observation time, the config-
uration of the telescope, and calibration parameters. What is
more important is that FITS eschews from compressed and re-
modelling the data in the file, essentially preserving the origi-
nal photon statistics without any compromising on initial data.
At this point the image can be interpreted as a visual star field,
but it remains an unprocessed numerical dataset awaiting sys-
tematic extraction of astrophysical information.

Step 2: FITS loading and separation of image data and
metadata

The following steps include the development of the pipeline,
alongside the data extraction from the FITS files. Once a
FITS file is selected for analysis, it is loaded into the pipeline,
wherein the image data and the header information are di-
rectly extracted as separate entities. The image itself is ex-
tracted and stored as a NumPy array, where we are able to
directly view the intensities of each and every pixel, while the
header is parsed into a structured metadata object. This step
is extremely crucial, because throughout the later stages of the
analysis, the image itself and the headers are used for disparate

parts of the analysis. The image is used for detections, cen-
troiding and photometric analysis, while the header provides
the contextual information required to interpret the image in a
physical and celestial framework.

The pipeline that was made at this stage did not have the
ability to transform or filter any of the data. The goal to this
stage was to preserve the image exactly as recorded while en-
suring it is accessible for subsequent processing. Additionally,
one crucial role that the headers play is that they contain World
Coordinate System (WCS), these are parameters and coordi-
nated that describe how a certain pixel located in the image is
positioned when mapped out onto the sky, but these are not yet
applied. The image remains entirely in pixel space, meaning
that any detected feature is defined only by its location within
the detector grid, not by its right ascension or declination.

Step 3: Channel handling and grayscale image prepara-
tion

Astronomical images can be stored as a single channel inten-
sity map or a multi-channel image which is obtained from
stacking multiple single-channel maps, resulting in a color
combined intensity map, with certain RGB values for each
pixel. However, most star detection algorithms, such as
DAOStarFinder can only take two-dimensional intensity dis-
tributions as input. Hence, whenever a multi-channel im-
age is encountered in the pipeline, it converts them into a
grayscale representation by averaging across channels. This
operation preserves the total signal while reducing channel-
specific noise fluctuations and eliminating color dependence,
which is irrelevant for positional detection.

It is important to note that the sole purpose for the grayscale
image is analytical only. The original multi-channel image is
still preserved throughout this process for visualization and
presentation of the authentic image. This separation allows
the detection decisions to be made on analytical and numerical
criteria, while the visual outputs are faithful to their original
capture. The grayscale image is efficient to isolate the bright-
ness structure of the field, allowing the detection algorithm
to focus only on identifying significant light intensity peaks.
By removing the factor of color complexity at this stage, the
pipeline ensures that the following detections are independent
of visual color artifacts, reinforcing the objectivity and repro-
ducibility of the detection process for other such FITS files.

Step 4: DAOStarFinder run

Following all the necessary steps performed earlier, the source
detection algorithm of DAOStarFinder, from the Photoutils
package, was run on the globular cluster M71 (Messier 71).
As mentioned earlier, the FITS file was altered dimension-
ally, where the multi-channel data was converted to a two-
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dimensional grayscale intensity map via channel averaging.
This ensured that the data was fully preserved, while making
the file compatible with the algorithm.

Before applying the detection algorithm to the image, we
estimated the background noise characteristics using sigma-
clipped statistics. Particularly, the mean and standard devia-
tion of the background was computed after excluding outlier
pixel values, this ensured that we eliminate the influence of
bright stars and cosmic artifacts which emit rays. Then the de-
tection threshold was defined as a multiple of the background
standard deviation, which in this case was around ~50, this
ensured that only statistically intense peaks of noise were con-
sidered as a real detection.

After all the above steps were considered, we then ran the
DAOStarFinder algorithm, this algorithm models stellar pro-
files using a two-dimensional Gaussian approximation of the
point spread function (PSF), considering a Full Width at Half
Maximum (FWHM) parameter tuned to match the expected
seeing conditions of the observation, based on the clipped
statistics considered and calculated earlier. The algorithm then
finds intensity peaks that match the set parameters and condi-
tions, and detects them as identified sources (The sources in
the Figure 1 are marked by a red outline, each red outline is
one real detection of the algorithm).

Step 5: Small radius Gaia search

To validate and evaluate the reliability of the DAOStarFinder
detection, a precautionary step was implemented, in which
we compared the output from the DAOStarfinder algorithm
with an external astronomical catalogue, which in this case
was Gaia. Through the use of the World Coordinate Sys-
tem (WCS), already embedded within the FITS file, we were
able to convert the pixel space into celestial coordinates
(RA/DEC). A cone search, with a relatively small radius, was
performed on the Gaia database with a defined angular radius
corresponding to a selected region of the image. This query to
the Gaia catalogue then returned the number of stars (N_Gaia)
that are expected to truly exist within the specific region, this
was set a baseline for the “true” detections, the output from the
DAOStarFinder algorithm run providing us with detected stars
based on intensity thresholds and point spread function char-
acteristics, yielding the number of detected sources (N_DAO)
within the same radius.

To check for the reliability of our DAO detection, a detec-
tion fraction was computed as:

. . N,
Detection Fraction = DAO

ey

Gaia
This ratio revealed how complete and effective the algo-
rithm is at finding true stellar sources, while values closer to
1 would indicate a high detection accuracy, lover values will

indicate missed detections or limitations in the setup due to
noise, thresholding or environmental constraints.

Step 6: Large radius Gaia search

To further validate the small radius Gaia search, a larger de-
tection was ran on the entire field of the image. Unlike the
small-radius validation, which samples a localized region, this
approach ensures that the entire observational field is repre-
sented, providing a more concrete assessment of detection
completeness. Similar to the small radius search the central
pixel coordinates of the image were transformed into celestial
coordinates (right ascension and declination), the cone was
defined by the angular separation between the centre of the
image and one of the image corners. By doing this, the entire
rectangular image was covered. Furthermore, the row limit
was asynchronously removed (ROW_LIMIT = —1), which al-
lowed us to retrieve data on every single star present in that
observational field.

Step 7: Plotting stars back onto the image

To further validate the spatial consistency between detected
and catalogued sources, the Gaia dataset was projected back
onto the original FITS image using the World Coordinate Sys-
tem (WCS) transformation. Each Gaia source, defined by
its celestial coordinates (right ascension and declination), was
converted into pixel coordinates using the inverse WCS map-
ping. This allowed direct overlay of catalogue stars onto the
observational image plane as seen in Figure 2.

The resulting visualization plots Gaia sources as markers
across the full image, enabling a qualitative assessment of po-
sitional alignment and source density. As observed, the over-
lay produces a high-density distribution of points, particularly
concentrated toward the core of the globular cluster M71. This
reflects both the intrinsic stellar density of the cluster and the
depth of the Gaia catalogue, which includes faint sources that
may not be detectable in the observational data.

This step is critical in identifying systematic discrepancies
between catalogue data and algorithmic detections. Regions
where Gaia sources are present but DAOStarFinder fails to de-
tect stars indicate limitations due to noise thresholds, crowd-
ing effects, or insufficient resolution. Conversely, detected
sources without Gaia counterparts may indicate false positives
or transient artifacts.

Step 8: Optimising the PSF through FWHM parameter
sweep

To define the most optimal point spread function (PSF) width
for the detections, a sweep for an extensive range of the
Full Width at Half Maximum (FWHM) was conducted. The
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Stacked_16_M 71_10.0s_LP_20241013-195925 fit

Figure. 1 DAOStarFinder detections on the globular cluster M71
(Messier 71). Detected stellar sources are marked with red outlines
on the FITS image; each red outline corresponds to one confirmed
detection by the algorithm.

FWHM value in the DAO function directly influences the al-
gorithm’s sensitivity to stellar sources.

A range of FWHM values from 2.5 to 7.0 pixels was
sampled at regular intervals. For each FWHM value,
DAOStarFinder was applied to the background-subtracted im-
age, where the background level was estimated using sigma-
clipped statistics and removed via median subtraction. The de-
tection threshold was fixed at 70 above the background noise
to ensure consistency across all trials. Detected sources were
then cross-matched with Gaia catalogue stars (filtered to G <
16) using a positional tolerance of 2 pixels, producing a rela-
tionship between FWHM and matched star count, as observed
in Figure 8.

Instead of selecting the value of FWHM that outputs the
maximum number of stars, a stability based approach was
used instead. The curve demonstrating the relationship be-
tween matched stars and FWHM values was smoothed using

Gaia stars projected onto original image

Figure. 2 Gaia catalogue stars projected back onto the original M71
image through the WCS transformation. The density of markers is
concentrated toward the core of the cluster.

a Gaussian filter, and its numerical gradient with respect to
FWHM was computed. Parts of the graph where the gradi-
ent approached zero were identified as plateau regions, indi-
cating that detection performance is insensitive to small vari-
ations in FWHM. The optimal FWHM was selected as the
midpoint of the longest contiguous plateau The plateau for
the FWHM sweep was determined quantitatively. A plateau
was defined as a window of at least four consecutive FWHM
samples whose average matched-star count was greater than or
equal to 90% of the highest matched-star count across the full
FWHM sweep. From this group, the leftmost (lowest-value)
qualifying window was used as the representative window, and
the optimum FWHM value was extracted from it., ensuring
that the chosen value reflects a stable and physically represen-
tative approximation of the point spread function, rather than
being influenced by local maxima or noise-induced fluctua-
tions.
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FWHM vs Matched Stars
Stacked_16_M 71_10.0s_LP_20241013-195925
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Figure. 3 FWHM versus matched star count. The curve identifies
the stable plateau region used for optimal FWHM selection.

Step 9: DAO vs Gaia

Next we refined the detection process to further strengthen
our detection process, a simultaneous, two parameter sweep
was conducted based on the DAOStarFinder detection thresh-
old and the Gaia catalogue magnitude limit. For this de-
tection process the FWHM was fixed at 3 as determined
from prior FWHM optimization. The detection threshold for
DAOStarFinder was varied between 2.5¢ and 100 above the
sigma-clipped background standard deviation, while the Gaia
catalogue was filtered across magnitude limits from G = 10 to
G =20.

For each possible combination of parameters, the
DAOStarFinder was applied to the background subtracted im-
age, and then were subsequently cross matched within a toler-
ance range/match radius of 2 pixels The 2-pixel tolerance was
selected from a dedicated match-radius sweep (0.5-5.0 pix-
els in 30 steps), choosing the plateau where the matched-star
count became insensitive to radius (gradient below 0.05). Its
false-match rate can be estimated as N_.DAO x 71> X p-Gaia,
where p_Gaia is the catalogue source density per pixel over
the 1080 x 1920 image; for the bright-star metric used in the
analysis (G < 14) this yields negligible contamination (of or-
der 1% of matched sources even in the densest fields), whereas
at the full catalogue depth (G < 20) chance coincidences be-
come substantial in crowded fields, which further motivates
the G < 14 restriction. The radius also exceeds the sub-pixel
astrometric residuals of the plate-solved WCS solutions, so
genuine matches are not excluded.

The number of matched stars was recorded, producing a
two-dimensional dataset representing detection performance
across parameter space, as observed in Figure 9.

Stacked_8_IC 405_10.0s_LP_20241012-234927
FWHM = 3.00 px
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DAO threshold (o)
Matched stars

Gaia G magnitude limit

Figure. 4 Two-parameter sweep of DAO detection threshold ver-
sus Gaia magnitude limit at fixed FWHM. Matched star counts are
shown as a heat map across parameter space.

Step 10: Gaia vs DAO optimal values

After this sweep’s data was collected and stored, the next goal
was to find the optimal DAO detection threshold and Gaia
magnitude limit were systematically determined for each FITS
image using a plateau-based analysis. For The optimisation
of parameters is partly two-dimensional: the detection thresh-
old and the Gaia magnitude limit are varied jointly over an
entire grid, so the effects of and interactions between both
variables are captured simultaneously. The full width at half
maximum (FWHM), by contrast, is optimised separately in
a prior sweep at a fixed 70 threshold, rather than optimising
all parameters over a full three-dimensional grid. Because the
FWHM optimum is defined by the location of a plateau — a
region insensitive to slight parameter variation — rather than
by a sharp peak, and because changing the detection thresh-
old produces only minor shifts in the location of that plateau,
no systematic bias is expected from the sequential approach.
A full three-dimensional grid search would nonetheless rep-
resent a more rigorous validation, and is noted as an addi-
tional step for future work. each sweep output, the data results
were transformed into a two-dimensional parameter surface of
matched star counts as a function of detection threshold and
magnitude limit. After which the gradient of the surface was
calculated along both the axes, and zones with a lower gra-
dient (stable zones) were identified as plateau zones For the
two-dimensional threshold—magnitude surface, plateau cells
were identified as those on the matched-star surface whose
normalised gradient magnitude was less than or equal to 0.10
and whose matched-star count was at least 80% of the sur-
face maximum. Where no cell satisfied both criteria, relaxed
thresholds were used: cells with a normalised gradient mag-
nitude at or below 0.15 and a matched-star count of at least
75% of the peak were treated as plateaus; otherwise the sur-

8 | NHSJS Reports

© The National High School Journal of Science 2026



face peak was taken as a default. The cross-matching radius
itself was determined using a sweep from 0.5 to 5.0 pixels in
30 steps, selecting the plateau where the gradient of matched
count with respect to radius was smallest (below 0.05). These
zones represent stable parameter combinations of Gaia and
DAO where detection performance is not affected by small
variations.

Step 11: Matched stars data collection

After collecting data from the sweeps and identifying opti-
mal threshold and limits from the plateau analysis for FWHM,
Gaia limit and DAO threshold, a final cross-matching proce-
dure was performed to construct the most optimal number of
stellar source detections for each image. Gaia catalogue data
were first loaded and transformed from celestial coordinates
(right ascension and declination) into pixel coordinates using
the World Coordinate System (WCS). Sources falling outside
the image boundaries were excluded, and a magnitude filter
was applied to ensure consistency with the observational de-
tection limit.

Next DAOStarFinder was applied to the background im-
age using the optimised detection thresholds, which give us
the centroid positions and flux measurements for all detected
sources. A nearest-neighbour matching algorithm, imple-
mented through a k-dimensional tree (cKDTree), was used to
efficiently associate each Gaia source with the closest DAO
detection within the predefined matching radius. The stellar
sources identified by DAO that overlaid with confirmations for
Gaia sources were then plotted back onto the original image
for visual representation of the matches, as observed in Figure
5.

Step 12: Photometric validation of matched sources

To further validate the consistency of the matched dataset from
the previous analysis, an additional step was taken. A pho-
tometric validation step was performed, this validation step
checked the Gaia magnitude of each individual stellar source
and compared it with the instrumental flux values obtained
from the DAOStarFinder. The Gaia G-band magnitude for
each star was compared with the logarithm of its correspond-
ing DAO flux value, and hence outputted a purely logarithmic
relationship between the two variables, as observed in Figure
6.

A scatter plot was generated for each dataset, with Gaia
magnitude on the x-axis (inverted to reflect increasing bright-
ness) and DAO flux on a logarithmic scale on the y-axis. A
strong negative correlation is expected, as brighter stars (lower
magnitudes) should correspond to higher detected flux val-
ues. Additionally the very same data was plotted on a non-
logarithmic DAO scale against the same magnitude, this re-

Stacked_8_M 74_10.0s_LP_20241012-235248
FWHM=3.0, DAO=6.50, Gaia G=20.0, r=2.0px | matched=70

Gaia (G = 20.0)
DAO

G

PR,

Figure. 5 Full-field overlay of Gaia catalogue stars (cyan), DAO
detections (yellow), and matched sources (green) for the optimised
parameters.

sulted in an expected exponential trend, since these variables
are logarithmic to each other in nature, as observed in Figure
7.

Step 13: Pixel-level validation of source detection

The next step of verification of the matched stars is to check
the spatial accuracy of the detection algorithm, is through a
localised validation performed on the sub-region of the image.
A 200 x 200 pixel box was extracted, centred on the median
position of Gaia sources to ensure an accurate representation
of the stellar field. Next, DAO was applied to this given 200 x
200 region using the optimised variables.

Meanwhile, simultaneously Gaia catalogue stars were fil-
tered to only include stars within that 200 x 200 region and
were projected back onto the pixel coordinated using the WCS
transformation function, through which we were able to create
a visualisations of an overlay where DAO detections and Gaia
sources were projected onto the sub-image, enabling qualita-
tive comparison of positional alignment.

Using a K-dimensional tree, each DAO detection was
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Photometric validation — Stacked_6_IC 410_10.0s_LP_20241012-235532
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Figure. 6 Photometric validation: Gaia G magnitude versus DAO in-

strumental flux on a logarithmic scale, with the fitted flux—-magnitude
relation.

matched to the closest Gaia source within a tolerance of
1 pixel. Finally the number of successful matches were
recorded, this helped us define a direct measure of sub-pixel
accuracy, as observed in Figure 8.

Step 14: Extraction of atmospheric data from ERAS and
analysis

The next step processed in the pipeline was the extraction of
atmospheric data, this was done to study the impact of en-
vironmental conditions on the number of normalised star de-
tections. The data was extracted from the Copernicus ERAS
reanalysis dataset?”28. This dataset provides globally gridded
and time resolved estimates of environmental conditions from
satellites and numerical data modelling. For each FITS file,
the corresponding data was extracted based on parameters of
individual observation time and location. The extraction gave
us data points for total cloud cover, low-level cloud cover, rel-
ative humidity, and wind speed at 10 m altitude. Addition-
ally, derived proxies for atmospheric seeing and transparency
were included to approximate optical observing conditions.
This data was then structured corresponding to their respective
fits files, which made sure each data point had a correspond-
ing FITS file, allowing us to identify the relationship between
these variables and the atmospheric conditions.

To analyse the relationship between atmospheric condition
and number of normalised FITS files, scatter plots were gen-
erated for each variable with detection efficiency on the y-axis
and the atmospheric parameter on the x-axis. Linear regres-
sion was applied to analyse trends, with coefficients of de-
termination (R2) and p-values were calculated to assess the

DAO flux vs Gaia G magnitude — Stacked_6_IC 410_10.0s_LP_20241012-235532
G < 14.0 | n = 315 matched stars
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Figure. 7 DAO instrumental flux versus Gaia G magnitude on a
linear scale, showing the expected exponential trend.

strength and statistical significance of correlations.

Step 15: Estimation of sky brightness and light pollution

To quantify the effect of background sky brightness on de-
tection performance, a photometric calibration procedure was
implemented to estimate sky brightness in units of magnitudes
per square arcsecond?®. For each FITS image, sigma-clipped
statistics were used to determine the median background sig-
nal, representing the sky contribution per pixel. This value
was normalised by exposure time and converted into surface
brightness using the pixel scale derived from the WCS solu-
tion.

To establish an absolute photometric scale, aperture pho-
tometry was performed on stars matched between DAO de-
tections and Gaia catalogue sources. Circular apertures were
used to measure stellar flux, while surrounding annuli pro-
vided local background estimates. Using Gaia G-band mag-
nitudes and measured fluxes, a photometric zero-point was
calculated for each image by taking the median of individual
star-based calibrations.

The sky brightness was then computed by applying
the zero-point to the background flux, yielding values in
mag/ arcsec?. This metric provides a direct measure of light
pollution, with lower values indicating brighter (more pol-
luted) skies.

Finally, sky brightness was compared against detection ef-
ficiency and source density, enabling analysis of how increas-
ing background illumination impacts the ability to detect stel-
lar sources. When sky brightness was included as a predictor
in the correlation analysis alongside the ERAS variables, it
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catalogue stars projected into pixel space (green circles). Right panel: overlay with matched sources (gold circles) within the matching

tolerance.

showed no significant relationship with the normalised detec-
tion ratio across the 14 files with a valid estimate (r = +0.248,
p = 0.393; bootstrap 95% confidence interval [—0.33, +0.73],
which includes zero). The absence of the expected negative
trend is consistent with the narrow range of sky brightness
sampled (14.2-15.6 mag/arcsec*) and with the G < 14 re-
striction of the metric to bright stars least affected by sky back-
ground.

Results and discussion

Photometric confirmation analysis

An additional step was carried out to check whether the DAO
vs Gaia pipeline was producing real detections rather than cap-
turing random noise, hence through the results from the photo-
metric confirmation step, and a fundamental relationship be-
tween DAO flux and Gaia G magnitude, G = —2.5/0go(F)
+ ZP = —2.5l0og1o(F) + ZP, a simple test was ran to check
the validity. Since a slope of —2.5 is established and fixed
as per the direct relationship, it allows us to use it as a tar-
get against which the pipeline can be tested. For all the ob-
servations the matched stars above with the G < 14 magni-
tude were retained, and were plotted against the logo(DAO
Flux), and the results from each file were aggregated. The
distribution of slopes across the 18 usable observations had a
mean of —2.266 + 0.537, and 76% of files fell within & 0.3
of the physical ideal and the rest falling within the range of
—2.7 to —2.0. To check whether this deviation had any sta-
tistical significance, we conducted a one-sample t-test com-
paring the distribution of fitted slopes against the theoretical

slope value of —2.5. Across all files the deviation was not
significant (t(16) = 1.80, p = 0.091; 95% confidence interval
[—2.54, —1.99], which contains —2.5). This indicates that the
mean photometric slope lies within the expected relationship.
Excluding the LDN 888 session, whose anomaly is discussed
below, the mean slope of the remaining 16 observations was
—2.385 £ 0.223 and remained close to the ideal (t(15) = 2.06,
p=0.057). Significance was calculated using a two-sided one-
sample t-test comparing the per-file fitted slopes against the
—2.5 reference value. Furthermore, a single outlier was iden-
tified, with a slope of —0.35 (Stacked_3_LDN 888) reflected
that this outlier was not produced due to errors in the pipeline,
but rather due to the specific observation session The LDN
888 region contains a large area of dark nebula, so the field is
mostly obscured by diffuse extinction rather than being popu-
lated with point sources. Only 28 bright stars (G < 14) were
identified in the data for the field, compared with 633 cata-
logued, which results in the lowest detection efficiency in the
dataset at 0.044. Given that only a very limited number of
photometric points are available to fit a slope, and that many
of those points fall within areas of nebulosity that affect the
estimated local background and exhibit variability, the slope
would be expected to show significant scatter due to small
numbers rather than because of any error in the instrument
or the pipeline processing. In fact, removing the session file
significantly tightened the slope distribution from —2.266 +
0.537 to —2.385 &£ 0.223 while not substantially changing the
average; the anomaly is therefore clearly associated with this
one session.. This validation step shows us that each detection
is physically meaningful and valuable and they have a basis
to be analysed for in subsequent atmospheric data analysis, as
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observed in Figure 4.

Distribution of photometric slopes across 17 files
Mean = -2.266 + 0.537 (76% within +0.3 of ideal)
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I Measured slopes
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Number of files

-2.0 -15 -1.0 -0.5
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Figure. 9 Distribution of photometric slopes (G vs logq flux) across
17 FITS files. The dashed red line marks the ideal slope of —2.5 and
the dotted line the observed mean of —2.266 + 0.537. Shaded regions
indicate acceptable (3-0.3) and noisy (£0.5) tolerances.

Overview of the atmospheric analysis

The relationship between the various atmospheric conditions
and the stellar detection was investigated through comparing
a normalised matched-star count across all images against the
various environmental conditions, derived through the ERAS
reanalysis data. The goal was to see how different conditions
have an effect on the detection efficiency in relation to cloud
cover, wind speed, seeing, and atmospheric transparency for
the 18 observations in the dataset. Detection efficiency was
expressed as a normalised ratio to account for the differences
between the type of stellar source we captured. Different fields
will always contain different numbers of Gaia catalogue stars,
for example a crowded field near the galactic plane contains
many times more stars than a sparse high-latitude field, hence
the raw number of matched detections is not comparable be-
tween observations. Therefore, by normalizing the number of
catalogued stars present in the field produces a metric that is
field size and density independent and is a direct metric for
efficiency.

Normalisation and analysis procedure

For each observation, the detection ratio was computed as

Nmatched' G< 14 @)
N(Gaia in field),G < 14
Both the numerator as well as the denominator were re-
stricted to stars that were brighter than Gaia G = 14, this
choice for the cut-off was made due to the photometric val-
idation stage of the pipeline, it showed that faint sources (G

Normalised stars =

> 14) are dominated by low signal-to-noise detections and
matching noise that scatter away from the expected logarith-
mic flux-magnitude relationship. Hence restricting the ratio
to G < 14 removes faint star noise and ensures that the stars
are genuinely detectable on a clean frame. Defined this way,
the ratio is a detection efficiency bounded between 0 and 1,
with higher values indicating more complete recovery of the
catalogue stars present in the field. The denominator was com-
puted using the Gaia catalogue stars within the image using the
WCS header, and applying the G < 14. The denominator was
computed by projecting Gaia catalogue coordinates into the
image coordinate system using the WCS header, counting all
catalogue stars falling within the image bounds, and applying
the G < 14 cut.

Low-level cloud cover

Low level cloud cover had produced positive correlation in
the dataset, with with r = +0.750, R? = 0.563, p =335 x
1074, and slope = +1.84. The correlation is both statistically
strong and numerically large. However, scientifically the cor-
relation is supposed to be negative, this discrepancy in the out-
put could be due to a few reasons, such as the observations
under higher low-level cloud fractions coincided with higher
detection ratios, henceforth the detection does not support the
direct interpretation, It should be noted that this interpretation
is not attributable to an atmospheric effect. A positive cor-
relation between low-level cloud cover and detection fraction
is physically impossible, so it is important to note that it is a
confounded artefact. The likely cause of this artefact is field
density: across the dataset the detection ratio is negatively re-
lated to the number of bright catalogue stars in the field (r
= —0.47, p = 0.047 against log field density), because in a
high-field-density region the DAOStarFinder algorithm recov-
ers a smaller fraction of the catalogued stars. Nights with low
cloud-cover values coincided with sparser fields and produced
false, spurious data points. Accordingly, no atmospheric con-
clusion should be drawn from this analysis. As observed in
Figure 10.

Seeing proxy

The seeing proxy produced a correlation whose sign and mag-
nitude matched physical expectations, r = —0.522, R%2=0.272,
p =0.026, and slope = —1.17, the relationship has a moderate
positive correlation. Higher seeing values (worse seeing con-
ditions) were matched to lower detection ratios, this is consis-
tent with the idea that atmospheric turbulence spreads stellar
light across more pixels, reducing peak signal-to-noise and in-
creasing blending in crowded fields. Although there still is
some scatter, especially at lower seeing proxy values, the neg-
ative trend indicates that this relationship is identified as con-
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low_cloud_cover vs norm_stars (G < 14)
R? = 0.563, r = +0.750, p = 0.000335 (n = 18)
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Figure. 10 Low-level cloud cover versus normalised star count (G
< 14,n=18). R? = 0.563, r = +0.750, p = 0.000335, slope = +1.84.

sistent with atmospheric turbulence being a factor that affects
detection performance, As observed in Figure 11.

Wind speed at 10 m

Wind speed on the other hand showed a positive correlation
with efficiency, with the r = +0.507, R? = 0.257, p = 0.032,
slope = +0.203. The positive direction is unexpected, because
generally wind is interpreted as a turbulent factor that should
degrade the seeing and reduce detection. It is possible that in
this dataset, windier nights coincided with drier or less hazy
air, some effects that would improve the transparency. Fur-
thermore the relationship could be confounded, where wind
conditions correlate with observation timing or target selec-
tion rather than directly causing a change in detection. In con-
clusion, the sign reversal is notable and consistent with the
general patterns where confounding variables affect datasets,
This sign is opposite to physical reality; the result is inconclu-
sive and does not represent an atmospheric correlation, given
the small sample size in question, with a similar field-density
confounding to that described in the low-cloud-cover analysis
applying here. As observed in Figure 12.

Total cloud cover

The total cloud cover has shown a weak positive correlation
with r = +0.276, R = 0.076, p = 0.267, slope = +0.241. The
direction of the trend line is opposite, and does not match
physical expectations, the expected strong negative correla-
tion does not appear within the 18 available observations As
with the other wrong-signed variables, this result is treated as
inconclusive rather than as an atmospheric correlation, subject
to the same field-density confounding., as observed in Figure
13.

seeing_proxy vs norm_stars (G < 14)
R2 =0.272, r =-0.522, p =0.0263 (n =18)
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Figure. 11 Seeing proxy versus normalised star count (G < 14, n =
18). R? =0.272,r = —0.522, p = 0.026, slope = —1.17.

Scatter, confounding, and limitations

Within each of the images there is a lot of scatter visible in
every plot. That suggests that not any atmospheric condi-
tion, on its own, has the ability to explain the observed vari-
ation, a lot of this variance is due to different factors other
than variables being plotted. These discrepancies are most
likely caused by different confounding factors that vary from
each observation. The 18 observations target multiple targets,
dates, stacking depths, and elevation angles, and these factors
are not independent of the atmospheric conditions. A night
with high cloud cover could also be a night on which I pointed
at a field with higher star density and stacked more frames,
or even observed closer to the horizons. The anomalously
strong, wrong-sign result for low cloud cover is the clearest
example of this: an R? of 0.56 at p = 0.0003 is statistically
striking, but a physically impossible positive sign means the
correlation is tracking something else, not cloud-induced at-
tenuation. Finally a limitation includes the 0.25 spatial and
hourly temporal resolution of ERAS, which is low compared
to how the transparency actually would vary. This mismatch
deserves emphasis: each ERAS grid cell spans 0.25°, roughly
25-31 km at mid-latitudes, so the extracted variables represent
an area average over hundreds of square kilometres rather than
the conditions directly above the telescope, and the hourly
time step is coarse relative to exposures taken over minutes.
Localised effects such as patchy low cloud, ground fog, or
heat-island turbulence can therefore differ substantially from
the grid-cell mean and add unquantified noise to every atmo-
spheric predictor. ERAS nonetheless remains a reasonable
first-order proxy, as it is globally consistent, freely available,
and validated against surface observations, and it is the only
practical source of co-temporal conditions for archival ama-
teur observations that lack on-site instrumentation. Even so,
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wind_speed_10m vs norm_stars (G < 14)
R2 = 0.257, r = +0.507, p = 0.0318 (n = 18)
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Figure. 12 Wind speed at 10 m versus normalised star count (G <
14, n = 18). R? =0.257, r = +0.507, p = 0.032, slope = +0.203.

this representativeness error would attenuate any true correla-
tion and is a further reason the atmospheric analysis is treated
as exploratory. Next the linear assumptions in the regressions
cannot capture the effects of threshold on the images. To de-
termine whether a linear model was suitable, given that the
detection ratio is bounded between 0 and 1, the residuals of
each regression were inspected and the regressions were run
again using a logit transform of the ratio. The residual plots
showed neither an apparent curvilinear nor a funnelling pat-
tern, and the signs of all relationships remained unchanged
under transformation, indicating that the linear specification
has not distorted the directionality of any relationship. While
the strengths of the correlations did reduce upon transforma-
tion — for example, the seeing and wind-speed relationships,
both already non-significant after Bonferroni correction, re-
duced further to p = 0.21 and p = 0.19 respectively — this is
in line with the exploratory nature of the atmospheric investi-
gation rather than with any non-linear form.

This pattern is characteristic of a small, heterogeneous sam-
ple in which confounding variables correlate incidentally with
atmospheric conditions. A Bonferroni correction was applied
to the five atmospheric variables that were tested simultane-
ously, giving a significance threshold of o = 0.05/5 = 0.01.
Under this threshold only the low-level cloud result remains
“significant” (p = 0.0003). The seeing and wind-speed cor-
relations, where p = 0.026 and 0.032 respectively, initially
seemed significant at the uncorrected level but now do not pass
the test, and the total-cloud-cover and transparency proxies
were never significant. Hence, the only result that survives the
test is the low-cloud correlation, which is physically impos-
sible in sign and is attributable to field-density confounding,
as explained throughout the manuscript; it is therefore safe
to conclude that no atmospheric correlation is physically in-
terpretable, given the small sample size and the exploratory

cloud_cover vs norm_stars (G < 14)
Rz =0.076, r = +0.276, p = 0.267 (n = 18)
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Figure. 13 Total cloud cover versus normalised star count (G < 14,
n=18). R? =0.076, r = +0.276, p = 0.267, slope = +0.241.

nature of the study. With n = 18, the minimum reliably de-
tectable correlation is |r| 2 0.47 (rising to |r| ~= 0.59 after Bon-
ferroni correction). Furthermore, the power to detect a mod-
erate true effect (r = 0.5) is only about 0.57, and stable cor-
relation estimates would require at least 30 observations. Ad-
justed R? values, which penalise small samples, are 0.54 (low-
level cloud), 0.23 (seeing), 0.21 (wind speed), and 0.02 (total
cloud and transparency). Bootstrap 95% confidence intervals
on Pearson r (10,000 resamples) were computed for each cor-
relation: low-level cloud [+0.545, +0.898]; seeing [—0.784,
—0.199]; wind speed [+0.152, +0.797]; total cloud [—0.034,
+0.687]; transparency [—0.699, +0.038]. The total-cloud and
transparency intervals include zero, confirming that these cor-
relations are not robust at such a sample size, restating the
exploratory nature of the study. The methodology is sound,
but a larger dataset, homogeneous target selection, or multi-
variate regression with confounder controls would be required
to isolate genuine atmospheric dependencies with high confi-
dence. The current results should therefore be interpreted as
an exploratory analysis, and not as proof that the pipeline can
detect atmospheric signals. None of the atmospheric variables
produced a correlation that was both statistically robust, sur-
viving the correction, and physically interpretable in its sign.
The value of this section lies in demonstrating the framework
of the analysis and in exposing the confounding factors that
must be controlled in future work, rather than in quantifying
how atmospheric conditions govern detection performance.

Conclusion

The analysis demonstrated that the normalised star ratio is a
well defined and comparable metric that the pipeline produces
reasonable detection behavior across the 18 image files. Three
out of the five relationships produce sign reversals relative
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to physical expectation, and the strongest correlation in the
dataset (low-level cloud cover, R? = 0.56) is among them. This
pattern is a characteristic of the small and heterogenous sam-
ple in which confounding factors correlate with atmospheric
conditions. The core validity of the pipeline is supported by
the photometric analysis, whose fitted slopes are statistically
consistent with the theoretical magnitude—flux relationship.
The atmospheric analysis, on the other hand, is exploratory:
after the correction for multiple comparisons, no atmospheric
correlation was both statistically robust and physically inter-
pretable, and the strongest apparent correlation is attributable
to field-density confounding. Isolating genuine atmospheric
dependencies would require a larger dataset, homogeneous or
repeated target selection to break the coupling between target
and weather, and multivariate control of confounders such as
field density, stacking depth, and target elevation.
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