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AUTOMATED WAVELENGTH CALIBRATION OF ASTRONOMICAL SPECTRA
WITH DTW-RANSAC MATCHING AND CNN-BASED PREPROCESSING

Abstract

This paper presents an automated pipeline for wavelength calibration of slit-based astronomical spectra,
combining robust peak-matching techniques with a lightweight preprocessing step. The method is based on initial
peak alignment using Dynamic Time Warping (DTW), followed by refinement of the dispersion solution with the
Random Sample Consensus (RANSAC) algorithm. To ensure consistency between observed and reference spectra,
a compact one-dimensional convolutional neural network (CNN) is employed at the preprocessing stage to identify
the spectral range and corresponding diffraction grating. This step enables the selection of an appropriate reference
spectrum but does not directly affect the calibration procedure. The DTW-based approach provides reliable initial
correspondences between spectral peaks under nonlinear distortions and noise, while RANSAC filtering removes
incorrect matches and yields a robust polynomial dispersion solution. The method is validated on real observational
data from calibration lamps and demonstrates stable performance, high matching accuracy, and full automation
capability. Compared to traditional manual or semi-automatic approaches, the proposed pipeline significantly
reduces processing time while maintaining calibration precision. The developed solution is planned to be deployed
as a service in the virtual observatory infrastructure and is applicable for processing numerous spectral data.

Keywords: astronomical data processing, slit-based spectral calibration, dynamic time warping, RANSAC,
machine learning.
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Introduction
Spectral studies play a fundamental role in modern astrophysics, as it is spectroscopy that enables

us to determine the chemical composition, physical parameters, kinematics, and evolutionary state
of astronomical objects. With the development of virtual observatories, there is a growing need for
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automated methods of processing spectroscopic data. The Fesenkov Astrophysical Institute (FAI)
holds a significant volume of raw observational data, including both contemporary and archived
material. This makes the development of methods ensuring consistent and reliable spectral reduction
particularly relevant. In particular, the automation of wavelength calibration represents an important
task, linked both to improving the efficiency of processing new observations and to the possibility of
re-analysing previously accumulated data.

Despite its importance, the practical implementation of these tasks faces significant operational
hurdles. Traditional reduction methods (e.g., within the IRAF environment) create a critical bottleneck:
during a typical monthly observing cycle at the AZT-20 telescope, which yields approximately 40
raw frames (with about 10 requiring precise calibration), manual processing takes roughly 15 minutes
per frame. Cumulatively, data preparation for even a single instrument consumes substantial expert
time that could otherwise be dedicated to physical interpretation. Given the extensive data archives
and the planned expansion of the telescope network at the Academician T.B. Omarov Assy-Turgen
Observatory (ATO), the total data volume is projected to increase severalfold. Such scaling renders
manual intervention fundamentally unscalable.

Wavelength calibration ensures the conversion of detector pixel coordinates into a physical
wavelength scale, typically based on identifying emission lines from calibration lamps and
approximating a dispersion solution. However, manual line matching remains a labour-intensive and
error-prone process, especially in the presence of noise, incomplete line sets, or nonlinear distortions
of the wavelength scale. To automate calibration, template matching and cross-correlation methods
are widely used in modern spectroscopic surveys [1, 2]. Nevertheless, fully automated calibration
remains challenging, particularly under realistic observational conditions where distortions and noise
can significantly affect the matching of spectral features. For example, the IRAF package [3] provides
automated modes, but initial setup and quality control still frequently require observer intervention,
particularly in cases of low signal-to-noise ratio or complex dispersive distortions. While machine
learning has been explored for spectral classification and parameter estimation [4—10], the core
calibration procedure still largely relies on establishing manual correspondences to ensure a stable
solution.

Recent work has demonstrated the applicability of DTW to automated spectroscopic wavelength
calibration. Davenport et al. [11] used DTW for first-pass alignment between observed and reference
spectra, followed by refinement using conventional emission-line fitting. In contrast, in the present
work DTW is used to generate candidate peak correspondences based on local spectral similarity,
which are subsequently filtered using RANSAC to obtain a robust polynomial dispersion solution.

In this work, we develop an automated pipeline for wavelength calibration that addresses these
limitations. The method is based on a convolutional neural network (CNN) [12], which is used at
the preprocessing stage to determine the spectral range, followed by two sequential methods: initial
alignment using the Dynamic Time Warping (DTW) algorithm [11, 13] and subsequent refinement
using the Random Sample Consensus (RANSAC) algorithm [14].

Materials and methods

Data Description and Automatic Determination of Spectral Range

The observational data used to develop and test our algorithm (https://github.com/fai-kz/ransac_
wv_calib) were primarily acquired with the AZT-20 telescope at FAI’s ATO, which provides the
main source of slit spectroscopic observations. The data were obtained using a He-Ne-Ar calibration
lamp in the H , H,, and combined Ha/H[3 spectral ranges. The proposed pipeline uses a user-provided,
previously wavefength—calibrated spectrum as the reference. In the present implementation, the
reference spectrum used for testing was calibrated with IRAF. Depending on the wavelength coverage,
diffraction gratings with line densities of 360 lines/mm for the combined H /H, range, 1800 lines/mm
for H_, and 2400 lines/mm for H, were used. To improve the robustness of the method and extend the
coverage of input conditions, the dataset was supplemented with synthetic spectra.
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The first step in processing a spectral frame is the automatic identification of the type of diffraction
grating used to obtain the spectrum. This information is required to correctly define the operating
wavelength range and select the parameters for further calibration. To automate this procedure, a
neural model has been developed in the form of a one-dimensional CNN. Given the frequent absence
of wavelength range in FITS headers, CNN-based approach reconstructs the observational context
directly from the raw data, automatically identifying the grating configuration through spectral
morphology to select the appropriate calibration template.

The network architecture consists of three convolutional layers with decreasing kernel sizes
(50, 30 and 14) and an increasing number of channels (8, 16 and 32), allowing both global and
local spectral features to be extracted. Batch normalisation is applied after each convolution, and
non-linearity is introduced using the ReLU activation function [15]. The extracted features are then
passed to a fully connected layer that outputs class probabilities for the corresponding grating type.

The model was trained using synthetic spectra generated from real observational data. Synthetic
samples were produced by applying inverse polynomial calibration to pre-calibrated spectra, with
random variation of the calibration coefficients under the constraint of a positive derivative over
the calibration interval. Gaussian noise was added to improve robustness. Approximately 5,000
synthetically generated spectra across the three classes (360, 1800, and 2400 lines/mm) were used for
training. The synthetic spectra for each class were generated using one representative observational
frame obtained with the corresponding grating configuration; these observational frames were not
included in the training dataset. The dataset was divided into training, validation, and test subsets in
proportions of 70%, 15%, and 15%, respectively. Training and data generation were implemented
using PyTorch, with parallelisation of synthetic data generation via mpi4py [16], enabling efficient
preparation of large training sets. The model was trained for 100 epochs with a batch size of 32 using
the Adam optimiser [17] and cross-entropy loss. The initial learning rate was set to 0.001 and varied
during training. Dropout regularisation with a rate of 0.3 was applied to reduce overfitting [18].
The input to the network consisted of a single-channel spectrum of 1024 samples. The CNN
comprised three convolutional layers with 8, 16, and 32 output channels, kernel sizes of 50, 30,
and 14, and padding values of 25, 15, and 7, respectively. Each convolutional layer was followed
by batch normalisation and a ReLU activation. The final linear layer mapped the resulting (32x128)
features to the three output classes.

The CNN is used exclusively at the preprocessing stage to determine the spectral range, after
which the calibration proceeds using peak matching and model fitting methods. As shown in Figure 1,
the network achieves high classification accuracy in distinguishing among the three grating
configurations.

100

98.1%

Confidence (%)

360 lines/mm 1800 lines/mm 2400 lines/mm
Classification Classes

Figure 1 — Neural network classification accuracy across 3 classes
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Initial Peak Matching Using DTW-RANSAC

Spectral calibration aims to establish a relationship between the coordinates of the detector
pixels and the physical wavelength values. To achieve this, the spectrum of the calibration lamp is
compared with the reference spectrum of the corresponding source from a spectral atlas.

The alignment is performed by comparing the recorded spectrum of the lamp with a reference
set of lines for that lamp (the so-called spectral atlas (https://noirlab.edu/science/data-services/other/
spectral-atlas )). The traditional method is based on the use of reference lines — characteristic emission
maxima that are clearly distinguishable in the spectrum. For each such line, a correspondence is
determined between its position on the detector (in pixels) and the known wavelength from the
atlas. The resulting set of corresponding points is used to construct a dispersion solution, which is
approximated by a polynomial function:

k

Ap) = Z a'p,, (1)

n=0

where 2 is the wavelength, a® is the coefficient of the n™ power, P, is the pixel number, and k is
the order of the polynomial used for the approximation. In automated data processing, the correct
matching of spectral lines presents a non-trivial challenge. The algorithm must remain robust against
various observational artefacts, including noise, missing real lines, the appearance of false maxima,
significant non-linear distortions of the wavelength scale, and other effects. Nevertheless, when
successfully implemented, automatic calibration significantly speeds up data processing and reduces
the likelihood of human-induced errors.

In manual mode, aligning a single spectrum takes on average around fifteen minutes. In the same
amount of time, an automated system is capable of aligning approximately 4 to 20 frames, depending
on computational resources and the level of noise in the data. The efficiency of the method in terms
of time can be assessed using Figure 2.

s . ]
10 [ —8— Manual
[ —a— Auto
)
Q
E 10°F .
-—
on
R
(]
F] ——
¥ _,_._4’*__’.-_;
&
10? 1
i L i i i
20 40 60 B0 100

Mumber of spectra

Figure 2 — Comparison of the time spent on processing spectra in the case
of the traditional method and the proposed method
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In the course of seeking solutions to improve alignment accuracy, it was found that the use of
standard spectral atlases for calibration lamps is not always effective. The operational observation
ranges are generally limited (e.g., ~6200-7000 A for H , ~4600-5200 A for H, and ~3000-7700 A
for H /H ) whereas atlases cover a much wider range (~3000 10600 A). Furthermore, observational
data d1ﬁ“er significantly in terms of spectral resolution: their resolution is approximately 0.5-4.5 A/
pixel, depending on the grating used, whereas the atlases are presented at a high resolution of around
~0.02 A.

Additional discrepancies arise due to observational effects — noise, overexposure and
underexposure —as well as local non-linearities in the dispersion solution (compression and stretching
of the wavelength scale). These factors exacerbate the discrepancy between the observed spectra and
the atlas data. Consequently, the use of real, pre-calibrated observations proved to be a more effective
basis for developing and testing the algorithm.

Let us introduce the following notation:

S is the spectrum to be calibrated, represented as a pixel-intensity function;

R is the spectrum used to calibrate spectrum S, represented as a “wavelength — intensity”
relationship and treated as a reference spectrum;

P, ;‘, wheren=0,1,...,N,m=0,1, ..., M —peaks detected in spectra S and R, respectively;

Model is a polynomial of the form (1) that defines the dispersion solution and determines the
calibration of spectrum S.

Before the algorithm begins, the spectra S and R are normalized to the dimensionless range [0,1]
along both the abscissa (pixel/wavelength) and ordinate (intensity) axes. This normalization reduces
the dynamic range of the data, improves the numerical stability of the algorithm, and decreases
sensitivity to noise and variations in observational conditions.

Spectral peaks in the normalized spectra S and R are detected using scipy.signal.find_
peaks. Peak detection is performed with a prominence threshold of 0.01 in normalized-intensity
units, while the default SciPy values are used for the minimum peak height, width, separation, and
other parameters.

Having the sets Ps', Pg", the next step is to establish correct correspondences between the peaks
of spectra S and R, i.e., 1™ = (P}, PF'), ensuring the accuracy of the subsequent calibration.
For each peak Pg', the most probable match among the peaks Pg' is determined by comparing
their local neighborhoods. The similarity between the nelghborhoods is evaluated using the DTW
method applied to local windows centered at the corresponding peak positions. Each local window
contains 45 pixels, and the DTW distance between the intensity sequences is calculated using the
absolute-difference (L1) metric. The similarity between neighborhoods is evaluated using the DTW
method on short windows centered at peak position, which returns a snnllarlty score. The peak Pg.

, that maximizes this score is selected as the corresponding match. Thus, pairs 1™ = (PZ, P7")
are formed. Based on the identified correspondences, a polynomial approximation is constructed,
defining the calibration function for spectrum S.

It should be noted that in the presence of closely spaced spectral lines, incorrect matches may
occur, leading to a degradation in the accuracy of the dispersion solution (as shown in Figure 3. A
related work [13] has demonstrated a calibration scheme in which DTW is used for first-pass spectral
alignment, followed by refinement using traditional emission-line fitting.

In our case, DTW is used only as a similarity measure for generating candidate correspondences,
which makes the resulting set of matches inherently noisy and prone to outliers. Therefore, not all
correspondence pairs I1™™ are reliable, and an additional filtering stage is required to identify reliable
matches. To address this task, the RANSAC algorithm is employed — an iterative probabilistic method
for estimating model parameters in the presence of outliers in the data.

In this study, the algorithm is applied as follows:

1. Asubsetof (K=5)distinct correspondence pairs j7 ™ is randomly selected without replacement
from the DTW-generated candidate-pair list, and these correspondences are assumed to be correct;

2. Based on the selected pairs, a calibration model is constructed, which is then applied to the
spectrum S;
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3. The accuracy of the obtained model is then evaluated. As an error metric, the deviation
between the wavelengths predicted by the model for the peaks of spectrum S and the wavelengths of
the corresponding peaks in spectrum R is used:

Enm |“1’£"‘1 - APmﬂl; (2)
4. For each pair, the error tolerance condition is checked: if £,,, < £,,,., the correspondence is
considered valid;
5. If the number of valid correspondence pairs JI™™ at the current iteration exceeds that of the
previous best result, the model is considered optimal and is retained.
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Figure 3 — Result of peak matching between
spectra R and S using the standalone DTW algorithm

The automated RANSAC procedure uses a fixed stopping criterion of 3,000 iterations. This fixed
value was introduced to avoid the subjective manual determination of the point at which the number
of inliers ceases to change substantially.

The use of RANSAC makes it possible to filter out incorrect pairs and retain only those peak
correspondences that minimize the chosen error function and provide the highest calibration accuracy.
Since the algorithm is stochastic, the optimal solution may be found either at early iterations or
only after a large number of iterations. It is at the RANSAC stage that the final set of consistent
correspondences between spectral peaks is formed.

Unlike legacy tools (e.g., the IRAF reidentify task) that necessitate a priori knowledge of the
reference spectrum and manual initialization, the proposed DTW and RANSAC-based framework
ensures complete calibration autonomy while exhibiting high robustness to non-linear distortions
and stochastic noise.

As a final step, an inverse transformation from normalized coordinates to physical quantities —
wavelengths — is performed.

Results and discussion

We performed a series of tests of the developed algorithm using calibration lamp data (He-Ne-
Ar). Peak detection was first applied to both the measured spectrum and the reference spectrum,
producing two sets of spectral features: image peaks and reference peaks.

For wavelength calibration, we modeled the relation between pixel position and wavelength
using a polynomial of order &=3 A third-order polynomial was chosen because it provides sufficient
flexibility to describe nonlinear variations in the pixel-to-wavelength relation while retaining a
relatively small number of free parameters, which is important for robust fitting based on a limited
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number of peak correspondences. Higher-order polynomials were avoided to limit model complexity
and sensitivity to mismatched peaks. This choice aligns with established automated calibration
approaches (e.g., [19]). A polynomial of this order requires a minimum of four points to be defined;
however, to improve robustness against noise and mismatches, we used random subsets of 5 peak
pairs when estimating model parameters.

All spectra contain 1,024 pixels along the dispersion axis. Therefore, a fixed tolerance of (£,m
=1/1024) in normalized wavelength units corresponds approximately to one detector pixel. This value
is used exclusively as the RANSAC inlier threshold: a peak correspondence is considered consistent
with a candidate polynomial solution if its residual is smaller than this threshold. It should therefore
not be interpreted as the final wavelength calibration accuracy. Since the equivalent tolerance in
physical wavelength units depends on the spectral range and dispersion of the particular grating
configuration, the value of approximately 4.64 A applies specifically to the 360 lines/mm grating and
is not used as a fixed physical tolerance for the other configurations. The final wavelength calibration
is obtained only after RANSAC identifies the consistent peak correspondences and the third-order
polynomial wavelength solution is determined from the retained matches.

Due to the stochastic nature of the RANSAC approach, the same number of iterations under
identical conditions can yield different numbers of inliers. To estimate the algorithm’s effectiveness
and stability, we measured how the mean number of inliers grows with an increasing number of
iterations. The results are shown in Figure 4.
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Figure 4 — Dependence of the mean number of detected model inliers
on the maximum number of RANSAC iterations.
Error bars represent the standard deviation

In the test spectrum, with peak-finding prominence set to 102, 36 peaks were detected. The
analysis shows that a few hundred iterations are sufficient to achieve successful calibration of up
to ~90% of the detected peaks, while further increasing the number of iterations leads to gradual
saturation of the solution quality. This behavior is consistent with the probabilistic nature of
RANSAC, where additional iterations primarily increase the likelihood of finding near-optimal peak
correspondences rather than dramatically improving the solution. This proportion of successfully
matched pairs allows for a robust polynomial fit of the pixel-wavelength relation of the chosen order,
as illustrated in Figure 5.

It should be noted that RANSAC can be applied as a standalone method for peak matching,
even without preliminary conditioning using DTW or other techniques. However, its effectiveness
strongly depends on the constraints imposed on the candidate correspondences. In its basic form,
RANSAC operates solely on positional information and does not take into account the shape of
spectral features or their local neighborhoods.
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Figure 5 — Polynomial fit to the identified peak correspondences

For reliable peak matching, it is therefore important that the input spectra (both target and
reference) are broadly consistent, i.e., they correspond to the same spectral range, lamp type, and
overall spectral structure. In practice, this consistency can be ensured using preliminary classification
methods or similarity-based approaches such as DTW.

Even in the absence of DTW, effective matching can be achieved by introducing additional
constraints into the pair selection process. A naive construction of candidate pairs scales as
Ny airs ~ Ng - Ng, which leads to a large number of incorrect combinations. To reduce this search
space, candidate correspondences can be restricted to peaks that are close in normalized coordinate
space. At the same time, this limitation also justifies the use of DTW at the preconditioning stage.
DTW is able to compare local spectral patterns in a way that is robust to non-linear distortions
along the dispersion axis. Unlike direct positional matching, DTW aligns local intensity profiles
while allowing elastic shifts between sequences, making it well suited for spectra affected by
stretching, compression, or small calibration offsets. As a result, DTW provides more reliable initial
correspondences in cases where simple proximity-based criteria may fail.

The resulting polynomial can then be applied to the entire spectrum to perform wavelength
calibration, as shown in Figure 6.
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Figure 6 — Spectra R and calibrated S,
with black lines indicating the matched peaks
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The error between peaks in spectrum R and their corresponding matched peaks in spectrum S
remains within the acceptable tolerance defined by the RANSAC filtering and stays approximately
constant across iterations. This indicates that the proposed approach allows an increase in the number
of matched peak pairs without a loss of calibration accuracy.

The subsequent application of RANSAC made it possible to eliminate false correspondences
and significantly improve the calibration accuracy. Figure 7 shows the final result of the described
algorithms: the calibrated spectrum of the calibration lamp and the spectrum of the observed
object — the standard star HD 205027 — mapped using the derived calibration.
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Figure 7 — Calibrated spectrum of the object (top)
based on the calibrated lamp spectrum (bottom)

Overall, the proposed approach demonstrates that combining DTW-based initial matching with
subsequent RANSAC filtering provides a robust and efficient solution to the spectral calibration
problem. The DTW stage enables the identification of candidate correspondences based on local
spectral structure, while RANSAC effectively eliminates outliers and refines the calibration model
using only geometrically consistent peak pairs.

The results show that the method achieves a high proportion of correctly matched peaks and
produces a stable dispersion solution, even in the presence of noise, missing lines, and closely spaced
spectral features. The observed saturation in the number of inliers with increasing iterations confirms
the expected probabilistic behavior of RANSAC and indicates that a relatively small number of
iterations is sufficient for practical applications.

The final calibrated spectra demonstrate good agreement between the reference and measured
data, confirming the validity of the obtained polynomial model. The method is computationally
efficient and can be readily applied in automated data reduction pipelines, significantly reducing
processing time compared to manual calibration while maintaining high accuracy. The automation
and computational efficiency of the proposed approach suggest its potential applicability to space-
based observational systems, where data processing may require minimal operator involvement and
operate under computational constraints. However, its application to such systems has not yet been
tested and will require dedicated validation. Prospective orbital telescope systems, including the
proposed cislunar telescope (https://fai.kz/projects/cislunar_phase_1), therefore represent a potential
direction for future application of the method.

Conclusion

In this work, we developed and tested an automated pipeline for wavelength calibration of
astronomical spectra that combines robust signal matching techniques. The present implementation
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was developed and validated using observational data obtained with the AZT-20 telescope, a He-
Ne-Ar calibration lamp, and diffraction gratings with line densities of 360, 1800, and 2400 lines/
mm. The proposed approach successfully addresses key challenges of spectral calibration, including
noise sensitivity, nonlinear distortions, and incorrect peak identification. The DTW algorithm proved
effective for initial peak matching, while the subsequent application of RANSAC significantly
improved the robustness of the calibration by eliminating false peak matches.

Akey contribution of this work lies in the integration of DTW-based local similarity analysis with
probabilistic RANSAC filtering into a unified calibration pipeline, enabling reliable correspondence
identification without manual intervention. This combination allows the method to operate effectively
under realistic observational conditions, where noise, missing lines, and line blending are present.

The results show that the developed method enables fully automated processing of spectral data
and substantially increases efficiency compared to traditional manual calibration procedures. This
makes it particularly valuable for large datasets, such as those stored in distributed astronomical data
centers and made available through Virtual Observatory networks. In addition, the computational
efficiency and robustness of the method make it well suited for application in resource-constrained
observational systems, including future space-based instruments.

Future work will focus on extending the proposed method to a wider variety of spectral
instruments and on its systematic validation and refinement using a substantially larger and more
diverse set of real observational data. While the current classification model was primarily trained
using synthetically generated spectra and evaluated on the available observational data, further testing
on spectra obtained under different observational conditions and instrumental configurations will
be essential for assessing and improving its robustness and generalization capability. As additional
observational data become available, the pipeline will be progressively adapted and optimized to
improve the reliability and accuracy of the wavelength calibration procedure. Furthermore, the
developed pipeline has already been integrated into the Kazakhstan Virtual Observatory (KazVO)
infrastructure, providing both an interactive web-based interface (https://vo.fai.kz/calibration/ ) for
users and a scalable service (https://vo.faikz/obs_data.php?path=/misc/wvl_calib/comp/external)
compliant with the IVOA protocol.
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ACTPOHOMMUSIBIK CHEKTPAEPAIH TOJIKBIH ¥3bIH/IbIF'bIH
ABTOMATTBI TYPAE KAJIUBPJIIEY: DTW-RANSAC COUKECTEHAIPY
ZKOHE CNN HET'T3IHAEI'T AJIAbIH AJIA OHAEY

Anjgarna
Makanaia MallMHaJIbIK OKBITY 9/1iCTePl MEH CEHIMJII COMKEeCTEH Py alrOpUTMIEPiH OipiKTipyre HerisuelnreH
ACTPOHOMHUSIIBIK CAHBUIAYIIBI CICKTPIICPIIIH TOJKBIH Y3BIHIBIFBIH KaTHOpICyre apHaFaH aBTOMATTaHIbIPBUIFaH
ANTOPHUTM YCHIHBUTAIBI. ¥ CBIHBUIFAH TOCUT CIEKTPITIK JKOJIAKTHI aBTOMATTHI TYpPJC aHBIKTayFa apHAIFaH OipesmemIi
KOHBOITIOIISUTBIK HeHpoHBIK skenini (CNN), omaH KeifiH JHHaMUKaIbIK YaKbITTH BIFBICTRIPY (DTW) omici apKbUTEI
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OacTarkpl HIBIHJIAP/BI COMKeCTEHIPY/ kKoHE Ke3aencok yirinep koHceHcychl (RANSAC) anropurmi Herisinue
KeHiHT1 HaKThUIay bl KaMTHbl. CNN MoJIelTi CHHTETHKAJIBIK )KOHE HAKThI CIIEKTPIIIK JAEPEKTEP 1€ OKBITHUIBII, SPTYPIIi
J(paKkInsUIBIK, TOpJIAp YIIIH KOFaphl KikTey nonairin xkepcereni. DTW oxici CBI3BIKTHIK emec OypmManaHynap
MeH Iy OoNFaH jKardaiiia na OaKbLIaHATHIH JKOHE DTANOHJBIK CIIEKTPIEPIiH CeHIMII OacTamksl TypalaHyblH
Kamramachi3 erefi. RANSAC anropuTMiH KOJIAaHy KaTe IIBIH COHKECTIKTEPIiH CY3Y JKOHE AMCIIEPCHSITBIK IISITiMI1
OHTAMJIAHABIPY aPKBLIBI KATHOPIICY MONIITTH OIaH opi apTThIPAbl. OIC KAIUOpIey IMaMIapblHaH aJbIHFAH HAKTHI
Oakpliay JIEpPeKTEpIH/IC CHIHAJBIIN, KOFAphl CEHIMIUIK, THIMAUIIK JKOHE TOJBIK aBTOMATTaHJbIPy MYMKIHJITH
kepceresi. JlocTypii KOJIMEH HeMece KapThljlail aBTOMATTaHAbIPBUIFaH TACUIAEPMEH CaNBICTBIPFaHAA, YCHIHBUIFaH
OHJICY KYOBIPKOJIBI KOFaphl KAJIMOPIIEY JQJIITH CaKTall OTBIPHII, OHAEY YaKbIThIH €/19Yip KbICKapTaabl. O3ipiIeHIeH
LIeIiMIi BUPTYyaabl o0cepBaTopust MHPPaKYpbUIBIMBIHIA KBI3MET PETiHAE OpHAJACTBIPY JKOCHApaHy[a >KOHE
KOMTETeH CHEeKTPIIK JepeKTepAl OHIeY YIIiH KOIJaHbUIab.

Tyiiin ce3mep: acTPOHOMUSUIBIK JACPEKTEP/Il OHCY, LICNICNTI CIEKTpIep Al Kaaubpiey, dynamic time warping,
RANSAC, malmHamnbIK OKBITY.
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ABTOMATHUYECKASA KAJIMBPOBKA JJIMHBI BOJTHBI ACTPOHOMMUYECKHUX
CHEKTPOB C HCITIOJIB30OBAHUEM DTW-RANSAC COTIOCTABJIEHHUS
N NNPEABAPUTEJIBHOU OBPABOTKHN HA OCHOBE CNN

AHHOTALUA

B nmanHOi1 cTaThe MpeACTaBICH aBTOMAaTH3HPOBAHHBIN aJITOPUTM KaTHOPOBKH JUTMHBI BOJHBI IIIEJIEBBIX aCTPO-
HOMHYCCKUX CIICKTPOB, OCHOBAHHBIN HA COYETAHUU METOA0B MAaIlIUHHOT'O o6yqu1/1${ 1 HAJCKHBIX aJITOPUTMOB CO-
nocrasnenus. [lpemaraemMplii TOIX0/ BKIIIOYAET B ceOsl OJJHOMEPHYIO CBEpTOUHYIO HeHpoHHYI0 ceTh (CNN) mst
ABTOMAaTHYECKOM MICHTH(UKAIIMN CIEKTPaJIbHOTO AMAIa30Ha, 32 KOTOPOH CIIEAyeT MepBOHAYaIbHOE COMOCTaBIIe-
HHUE THKOB C HCIIONB30BAaHUEM METOa AWHAMHUYecKoro BpeMerHoro capura (DTW) u mocienyromiee yroqHeHue
C TIOMOIIBIO0 aJTOpHTMa KOHCEeHcyca cirydaifHbIX BEIOOpOoK (RANSAC). Momens CNN o0ydeHa Kak Ha CHHTETH-
YECKUX, TaK W Ha PEATBHBIX CHEKTPANBHBIX JAHHBIX U JIEMOHCTPUPYET BBICOKYIO TOUYHOCTH KITACCU(PHUKAINN IS
pa3nuyHbIX AudpakuoHHbIX pemeTok. Metogx DTW obecrieunBaeT HaleKHOE HAYalbHOE COBMEIICHUE HAOIIO-
JTA€MBIX W JTAJIOHHBIX CIIEKTPOB J@)K€ NPU HAIWYMU HEIWHEWHBIX McKakeHHH u nryma. [Ipumenenne RANSAC
JIOTIOJTHUTEIEHO MOBBIIIAET TOYHOCTh KaJTMOPOBKH 32 CUET OTCEHBAHHS HEKOPPEKTHBIX COOTBETCTBUI IUKOB U OII-
TUMH3AIAN PEIICHUs nuctiepcud. MeTon ObLT MPOBEPEH Ha pealbHBIX JTAaHHBIX HAOMIONCHUH OT KAIIMOPOBOYHBIX
JIAMIT ¥ JeMOHCTPHPYET BBICOKYIO YCTOWYHBOCTH, 3()(hEeKTHUBHOCTS M BO3SMOYKHOCTBH TOJHOM aBToMarm3arun. [1o
CPaBHEHHIO C TPAJUIIMOHHBIMHA PYYHBIMU WJIH TIOTyaBTOMaTHYECKIMHU TOAX0IaMH, MTPEIOKCHHBIA KOHBEHep 3Ha-
YHUTEJILHO COKpallaeT BpeMsi 00pabOTKH, COXpaHss IMPU STOM BBICOKYIO TOUHOCTh KaJMOpoBKH. PazpaboranHoe
pelIeHue UIAHUPYETCs Pa3BEPHYTh B BHJE CEpBUCA B MH(PACTPYKTYPE BUPTYaIbHBIX 00CEpBATOPUIl U IPUMEHSTh
JUIst 00pabOTKM MHOTOUYHCIICHHBIX CHIEKTPAIbHBIX JTaHHBIX.

KaioueBble cioBa: 00paboTka acCTPOHOMHUYECKHX JIAaHHBIX, KAJIMOpPOBKA IIEIEBBIX CHEKTPoB, dynamic time
warping, RANSAC, mammuHoe oOydeHue.
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