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AKTyaJIbHOCTH McciienoBanus. Ileab n 3agaun padoThI

Hapsiny ¢ TtexHonorusiMd (pa3BUTHEM M JOCTYMHOCTHIO IIATGOPM U HMHCTPYMEHTOB, KOTOpPbBIE MO3BOJISIIOT
UCII0JIb30BaTh MCKYCCTBEHHBIN MHTEJUICKT B MPOU3BOJICTBEHHBIX MPOIIECCaX), 1aTaCEThl MPOIOJKAIOT ObITh BaKHOU
Y4aCThIO MIPOEKTOB 110 MAIIMHHOMY OOYUYEHHUIO.

KonnuecTBo 1 KauecTBO 3aruceil 00 00bEKTax B JaTaceTe OMPEICICHHO BIUSET HAa KaueCTBO PE3YJIbTATOB IIPOCKTOB
MamrHHoro oOydenusi, HO co3nanne o0beMHOro Ka4yeCTBEHHOIO JlaTaceTa SBISIETCS BpEMe- U TPYI03aTpaTHBIM
IIPOLIECCOM.

Ha coBpeMEHHOM ypOBHE pa3BUTHS TEXHOJOTMH MAIIMHHOTO O00y4€HUs OOJIBIION pa3Mep J1aracera MepecTaeT ObITh
ONpeAeAoNUM (aKTOPOM PE3YJIBTATUBHOIO MPOEKTA IO MAIIMHHOMY OOydeHuto. B padome npeocmaenen ananu3s
AKMYAIbHbIX NPEOCMABIeHUN 0 O00abWUX U MAAbIX HAOOPAX OAHHBIX C 6blOCNEHUEM 0CODEeHHOCmell
2eooamacemos no 00beKmam UH@PaAcmpyKmypsl JUHEUH020 RPOMANCeHusA. [ e aHaIn3a UCIOIb30BaJIUCh
Marepuasibl COIMAIbHON uccaenaoBarenbckol cetn ResearchGate (https://www.researchgate.net/), a Takxke
COOCTBEHHBIE Pa3pabOTKU 1aTACETOB JIECOTPAHCHOPTHON UH(PPACTPYKTYPHI.

MupoBoii ONBIT MPEACTABIICH aHAINW30M JaTaCETOB OTKPBITOrO JIOCTYyIa IO JOPOXKHOW CETH Ha TEPPUTOPUIO Psijia
ctpad (BenukoOputanus, Anonus, Mumus, Yexus, Hopserus, CIIA, Kwuraii), onyOJMKOBaHHBIM Ha pa3HbBIX
matdopmax B 2021-2025 rr. u noctynsbiM 1o JuieH3uu CC BY 4.0 (ITogonbckas, 2025).
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How to Do Machine Learning with Small Data?
— A Review from an Industrial Perspective

Ivan Kraljevski, Yong Chul Ju, Dmitrij Ivanov, Constanze Tschipe, and Matthias Wolff

Machine learning algorithms in context of small data

Data Consolidation

Simulations

= ML prior SIM run = Removal

= ML after SIM run
= ML during SIM run

= Imputation: mean, median, mode

Generative Models

* Generative Adversarial Metworks
* Recument Meural Metworks

Abstract—Artificial intelligence experienced a technological domain-specific data samples, and the P is a measure of
breakthrough in science, industry, and everyday life in the gyccess achieved in a particular task 7. A less formal definition
rucent few decules. The adv can be credited to the o oivon in [7), machine learning (ML) “is a sub-field of
ever-increasing ility and ization of computational . . . . "
resources that resulted in exponential data growth. However, ccmpL!Lcr SCIC[‘[CC,-]JI_.II 18 oﬂcn_ also referred to as prcd]f:uvc Semi- SI.IFIEI'UISEH:!
because of the insufficient amount of data in some cases, analytics, or predictive modeling”. Its goal and usage is 1o Learning

employing machine learning in solving complex tasks is not

P

str ward or even possible. As a result, machine learning  data, in order to build generalizable models that give accurate = Generative models Learning
with small data experiences rising importance in data science and . o iony o (o find patterns, particularly with new and + Sali-training
application in several fields. The authors focus on interpreting the i imilar data” + Sali-taught
general term of “small data™ and their engineering and industrial tiseen simiar data”. . « Active leami
application role. They give a brief overview of the most important In the last two decades, considerable progress was made  FEAITED
= Co-training

industrial applications of machine learning and small data. Small
data is defined in terms of various characteristics compared to
big data, and a machine learning for was introduced

build new and/or leverage existing algorithms o learn from

in ML-science leveraging the growing computational power
[4]l, [8], [9] and the vast amounts of data increasingly being
available (big data), see [10]. Consequently, data-driven ML

= Graph-based methods

Reinforcement

same domsin

= \arationsl Autoencoder
« SMOTE (M-SMOTE)
Deep Belief Metworks (DBM)

Dimensionality reduction

il;:;f]s:;:fal c'l_lajls_:ngmn:::nﬂnncl l ‘:mln g t“';:t::'!a“ data :: methods are applied to social, economic, industrial, environ- Transfer LBEFI'III'I; N
data, missir:g data, insufficient data, and rare events. Based on mental, and even political tasks [11]). A large variety of com- « Inductive . ﬁar‘:\e — m;,atlnn
these definitions, an overview of the considerations in domain prehensive ML publications appeared, e.g., [1], [4]. with . Semiinductive different . Megecl‘md of moments
representation and data acquisition is given along with a tax-  references therein related to one such as search engines, ma- . U ized - Blind signal separation
;:ntamy of machine learning approaches in the context of small p. translation, online retailers, social networking services, (PCAICA.SVD)
i . ) . . _ financial modeling, marketing, education, and policy-making. Sequenc:e
Index Terms—machine learning, small data, industrial appli-  Further detailed understanding of the underlying mechanisms s generstive |5 i -
cations, engineering applications of ML methods was gained as in statistical learning theory « Markov model e Lpery Clustering
) * Hikdem Mgriow model ; « Hierarchical
arXiv:2311.07126v1 [cs.LG] 13 Nov 2023 - Matkos Random filde /4: — regtesson K means

* Linear Regression Distribution (GMMs)

Random « Mor-linear Regression - Density (DESCAN, OFTICS)
* Maive Baye + Suppaort Vector Regression « Hidden Markov Models
e = = Gaussian Process Regression = Self-Onganizing Maps

= Latent Dirichlet
= Belief Metwork

*Small data is defined in terms of various characteristics

= Arificial NNs

f:omlzlareddto big data, and a machine learning formalism was —— Dosp Loairing Ensembling Methods
= Comolutional NNS * Gtacki
lntI‘O uced. - E&Ldass SVM « Deep Feed Forward NMs . Baggi!:?
: based « Recurrent NNs « Boosting

= ksolation Forests

/

* Five critical challenges of machine learning with small data in
industrial applications are presented: unlabeled data,
imbalanced data, missing data, insufficient data, and rare
events.

N-shot learning Mulli-class Machine Leaming

= Support Vector Machines

= k-Mearest Meighbars

= Linear Discriminant Analysis
= Aritficial NMs

= Decision Trees

Class Balancing
= Over-sampling (SMOTE, ROS)
+ Under-szmgling (RUS)

+ Class Weights

Sismese NN

Matching Metworks
Memory Augumentad MM
Multi-task learning
Emkbedding learning
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Making the most of small Software Engineering
datasets with modern machine learning

[Firidl applied m\"fl

. . L o7 >
Julian Aron Prenner, Romain Robbes e SCICHCES
Abstract—This paper provides a starting point for Software Engineering (SE) researchers and practitioners faced with the problem of Editorial
training machine learning models on small datasets. Due to the high costs associated with labeling data, in Software Engineering, 1 1 - -
there exist many small (< 1000 samples) and medium-sized (< 100 000 samples) datasets. While deep learning has set the state of the MaChlne Leamlng MEthOdS Wlth NOISY! Incomplete or
art in many machine learning tasks, it is only recently that it has proven effective on small-sized datasets, primarily thanks to Small Datas ets

pre-training, a semi-supervised learning technique that leverages abundant unlabelled data alongside scarce labelled data.

In this work, we evaluate pre-trained Transformer models on a selection of 13 smaller datasets from the SE literature, covering both,
source code and natural language. Our results suggest that pre-trained Transformers are competitive and in some cases superior to Cesar F. Caiafa 1*(, Zhe Sun 2", Toshihisa Tanaka 3, Pere Marti-Puig *) and Jordi Solé-Casals **
previous models, especially for tasks involving natural language; whereas for source code tasks, in particular for very small datasets,
traditional machine learning methods often has the edge.

In addition, we experiment with several techniques that ought to aid training on small datasets, including active learning, data
augmentation, soft labels, self-training and intermediate-task fine-tuning, and issue recommendations on when they are effective. We
also release all the data, scripts, and most importantly pre-trained models for the community to reuse on their own datasets.

! Instituto Argentino de Radioastronomia—CCT La Plata, CONICET/CIC-PBA /UNLP, 1894 V. Elisa, Argentina
Computational Engineering Applications Unit, Head Office for Information Systerns and Cybersecurity,
RIKEN, Wako-Shi 351-0198, Japan; zhe sun.vk@riken.jp
Department of Electrical and Electronic Engineering, Tokyo University of Agriculture and Technology,
Tokyo 184-8588, ; tanakt@cc. tuat.ac j

Index Terms—Small Datasets, Transformer, BERT, RoBERTA, Pre-fraining, Fine-Tuning, Data Augmentation, Back Translation, Soft 1 oo . lapan_ am ) a ?CJP R s A . .

3 . Data and E':lgnal Processing Research Group, University of Vic-Central University of Catalonia,
Labels, Active Learning. . I
08500 Barcelona, Spain; pere. marti@uvic.cat
Correspondence: ccaiafa@gmail.com (C.EC.); jordisole@uvic.cat ().5.-C.)

arXiv:2106.15209v1 [¢s.SE] 29 Jun 2021

Abstract: In this article, we present a collection of fifieen novel contributions on machine learning
methods with low-quality or imperfect datasets, which were accepted for publication in the special
issue “Machine Learning Methods with Noisy, Incomplete or Small Datasets”, Applied Sciences
(ISSN 2076-3417). These papers provide a variety of novel approaches to real-world machine learn-
ing problems where available datasets suffer from imperfections such as missing values, noise or
artefacts. Contributions in applied sciences include medical applications, epidemic management
tools, methodological work, and industrial applications, among others. We believe that this special
issue will bring new ideas for solving this challenging problem, and will provide clear examples of

application in real-world scenarios.

Keywords: artificial intelligence; imperfect dataset; imperfect dataset; machine learning

Caiafa, C.F.; Sun, Z.; Tanaka, T.; Marti-Puig, P.; Solé-Casals, J. Machine
Learning Methods with Noisy, Incomplete or Small Datasets. Appl. Sci. 2021, 11,
4132. https://doi.org/10.3390/app 11094132
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Tutorial WSDM 20, February 3-7, 2020, Houston, TX, USA
Learning with Small Data
Zhenhui Li Huaxiu Yao Fenglong Ma
Pennsylvania State University Pennsylvania State University Pennsylvania State University
State College, Pennsylvania State College, Pennsylvania State College, Pennsylvania
JessieLi@psu.edu huaxiuyao@psu.edu fenglong@psu.edu
ABSTRACT advanced material (50% for beginners and 50% for intermediate and

In the era of big data, it is easy for us collect a huge number of image
and text data. However, we frequently face the real-world problems
with only small (labeled) data in some domains, such as healthcare
and urban computing. The challenge is how to make machine learn
algorithms still work well with small data? To solve this challenge,
in this tutorial, we will cover the state-of-the-art machine learning
techniques to handle small data issue. In particular, we focus on
the following three aspects: (1) Providing a comprehensive review
of recent advances in exploring the power of knowledge transfer,
especially focusing on meta-learning; (2) introducing the cutting-
edge techniques of incorporating human/expert knowledge into
machine learning models; and (3) identifying the open challenges
to data augmentation techniques, such as generative adversarial
networks. We believe this is an emerging and potentially high-
impact topic in computational data science, which will attract both
researchers and practitioners from academia and industry.

advanced).

2 PREVIOUS OFFERING OF THE TUTORIAL

The topic of this tutorial is relatively new to machine learning and
data mining area, and this is the first tutorial to systematically focus
on small data. We have offered this tutorial internally at Penn State
(https://sites.psu.edu/daml/) and have drawn a full class of students
and have received very positive feedback.

3 PRESENTERS

3.1 Contacts of the Presenters

Zhenhui (Jessie) Li (main contact), Email: JessieLi@pswedu, Tel:
814-863-6317, Website: https://faculty.ist. psw.edu/jessieli/

Huaxiu Yao, Email: huaxiuyao@psu.edu, Tel: 814-862-8330, Web-
site: http://huaxiuyao.mystrikingly.com/

https://dl.acm.org/doi/pdf/10.1145/3336191.3371874

Practical machine learning is learning on small
samples

Marina Sapir

Abstract
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Machine learning on small
size samples: A synthetic
knowledge synthesis

Peter Kokol'(", Marko Kokol? and Saso

Zagoranski®
'Faculty of Electrical Engineering and Computer Science, University of Maribor, Maribor,

Slovenia
*Semantika, Marbar, Slavenia B yem cocmoum np05

OHA MOYIcem Obl
Abstract

Machine Learning is an increasingly important technology dealing with the growing complexity of
the digitalised world. Despite the fact, that we live in a 'Big daw’ world where, almost ‘everything
is digitally stored, there are many real-world situations, where researchers are still faced with
small data samples. The present bibliometric knowledge synthesis study aims two answer the
research question ‘What is the small data problem in machine learning and how it is solved?” The
analysis a positive trend in the number of research publications and substantal growth of the
research community, indicating that the research field is reaching maturity. Most productive coun-
tries are China, United States and United Kingdom. Despite notable international cooperation,
the regional concentration of research literature production in economically more developed
countries was observed. Thematic analysis identified four research themes. The themes are con-

Based on limited observations, machine learning discerns a dependence which
is expected to hold in the future. What makes it possible? Statistical learning
theory imagines indefinitely increasing training sample to justify its approach. In
reality, there is no infinite time or even infinite general population for learning.

Here I argue that practical machine learning is based on an implicit assump-
tion that underlying dependence is relatively “smooth” : likely, there are no
abrupt differences in feedback between cases with close data points.

From this point of view learning shall involve selection of the hypothesis
“smoothly” approximating the training set. I formalize this as Practical learning
paradigm. The paradigm inclides terminology and rules for description of learn-
ers. Popular learners (local smoothing, k-NN, decision trees, Naive Bayes, SVM
for classification and for regression) are shown here to be implementations of this
paradigm.
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causing the small data problem are the small
size of the dataset, high/low dimensionality
of datasets and unbalanced data.

Abstract
Machine Learning is an increas

3000 200

and substantial growth of the
maturity. Most productive coun-

s are
nin complex big data analysis, data augmentation techniques in
deep learning, data mining and statistical learning on small datasets.

150 * Our analysis also revealed that small datasets
may result from hardware requirements to
cope with limited processing power or small
100 storage size of devices like for example
Raspberry PI.

Keywords

Machine learning, small data sets, knowledge synthesis, bibliometrics
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|« Some research also shows that high quality

small sample can be better than a low quality
0 large sample in the case of statistical
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Less (Data) Is More: Why Small Data Holds the Key to the Future of
Artificial Intelligence

Ciro Greco , Andrea Polonioli” and Jacopo Tagliabue”
Tooso Labs,
San Francisco, CA, US54,

Kevwords: Artificial Intelligence, Big Data, Probabilistic Programming, Concept Learning, Machine Learning.

Abstract: The claims that big data holds the key to enterprise successes and that Artificial Intelligence (AT) 1s going to
replace humanity have become increasingly more popular over the past few years, both 1n academia and 1n
the industry. However, while these claims may indeed capture some truth, they have also been massively
oversold, or so we contend here. The goal of this paper i1s two-fold. First, we provide a qualified defence of
the value of less data within the context of AL This 15 done by carefully reviewing two distinct problems for
big data driven Al namely a) the limited track record of Deep Learning (DL} in key areas such as Natural
Language Processing (INLP), b) the regulatory and business significance of being able to learn from few data
points. Second, we briefly sketch what we refer to as a case of “A 1 with humans and for humans™, namely Greco, C., Polonioli, A. and Tagliabue, J. (2019).
an AT paradigm whereby the systems we build are privacy-onented and focused on human-machine Less (Data) Is More: Why Small Data Holds the
collaboration, not competition. Combining our claims above, we conclude that when seen through the lens of s .
cognitively inspired A I, the bright future of the discipline 15 about less data, not more, and more humans, not Key to t},le Future of Artificial h_’ltelhgence' In
fovver. Proceedings of the 8th International Conference on

Data Science, Technology and Applications - DATA,

hitps://doi.ore/10.5220/0007956203400347  ISBN 978-989-758-377-3; ISSN 2184-285X,

SciTePress, pages 340-347. DOI:

10.5220/0007956203400347
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Kaxoewt ocnoenvle npooinemovt maivix
oamacemos ¢ nyoauxkauyuax?

Tembt uccneoosanuil maavix oamacemoes

Theme Colour More frequent codes Prevailing sub-categories
Dimension reduction in Red Machine learning (339), Classification (51), Machine learning algorithms in bioinformatics,
complex big data analysis Feature selection (50), Ardficial neural Classification on small samples with feature
network (28), Neural network (19), Nawral selection, Ensemble learning for solving
language processing (16), Ensemble leaming under-sampling in personalised medicine,
(14), Bicinformatics (13), Decision tree (12), Solving missing data in breast cancer using
Breast cancer (11), Machine learning deep neural networks, Dimensionality
algorithms (10), Computer vision (10), reduction. with feature extraction in cancer
Microarray (9), Small datasets (9), Text classification, Natural language processing in
classification (9), Big data (9), Dimensionality social media and text analysis
reduction (9), Social media (7),
Data augmentation Blue and Deep karning (89). Convolutional neural Deep and transfer learning using in image
techniques in deep learning yellow networks (45), Transfer learning (38), Pattern classification using data augmentation and
for pattern recognition and recognition (14), Image classification (14), synthetic data, complex neural networks,
classification data augmentation ( 12), Generative Pattern recognition in mobile sensing using
adversarial networks (8), LSTM (6), Resnet - Principal component analysis and LTSM,
Residual neural network (n=4) Resnet and Desnet based deep learning using
auto encoder on case of glaucoma,
Support vector machines, Green Support vector machines (109), Random Support vector machines and random forests
Random forest and Genetic forest (24), Prediction (18), Fault diagnosing in prediction, forecasting and fault diagnosis,
algorithms in statistcal (18), Forecast (10), Genetic algorithms (8), Genetic algorithms in optimisation and time
learing Regression (8), Gaussian process (7). series analysis
Optimisation (7), Time series (6), Statistical
learning theory (6)
Data mining on small Violet Small darasets (2), Data mining (15), Support

daxtasets with support
vectors regression

vector regression (1), Virual sample (7)

Small datasets augmentation with virtual
ples, Data mi i

L

regression

g with support vector

Numbers in parenthesis present the number of papers in which an author keyword occurred

Small data size problem  Machine learning algorithms

Small — data pre-processing
technique

Application area

Theme

Dimension Missing daa (3),
reduction Unbalanced

in complex big daa (8), Under
data analysis sampling (3)

Data augmentation
for deep learning

in pattern recognition
and classification

Statistical based
machine
learning

Small sample (98)

Data mining on
small datasets

Big data (9)

Bagging (9), Bayesian
networks (7), Boosting (6),
Decision trees and forests
(43), deep neural network
(12), Ensemble learning (21),
manifold learning (5), neural
network (30), naive Bayes
(2), semi supervised learning
(17), supervised learning
(19), unsupervised learning
(4). FMRI (7)

Convolutional neural
network (42), Dense CNN
(3). Generative adversarial
networks (8), LSTM (6).
Resnet (4), rransfer learning
(40), semi-supervised
learning (17)

Support vector machines
(89). Least square SVM (10),
genetic algorithms, random
forest (24), Particle swarm
(27). support vector
regression (1 1)

Dimensionality reduction (9),
Feature extraction (12),
engineering (4), fusion (2),
Lasso (6), Linear and multiple
discriminant analysis (13),
PCA (16), autoencoder (10)

Data augmentation (12),
Domain adaption (5), data
fusion (3), synthetic data (3),
autoencoder (10)

Feature engineering (3),
memaa-learning (5), Monte
Carlo (3), Small sample
learning (5), virwal sample

D)

Image analysis (18), genetics
and bioinformatics (27),
personalised and precision
medicine (6) neuroimaging
(7). memeal health (25)

Image classification (22),
genetics (3), mobile sensing
(10), predictive modelling (6).
semantic segmentation (3)

Forecasting (13), Fault
diagnosing (18), regression
(19). prediction (26), pattern
recognition (17), rock
mechanics (5), security 7),
computer vision (10), data
mining (15)

Text and social media
analysis (21), Precision
medicine (3), Nawral
language processing (16),
Sentiment analysis (9),
clustering (8)

Numbers in parenthesis present the number of publications.

Intelligence. In Proceedings of the 8th International Conference on Data Science, Technology and Applications - DATA; ISBN 978-989-758-

Greco, C., Polonioli, A. and Tagliabue, J. (2019). Less (Data) Is More: Why Small Data Holds the Key to the Future of Artificial

377-3; ISSN 2184-285X, SciTePress, pages 340-347. DOI: 10.5220/0007956203400347
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ﬂaTaceTbl MAIOINMHHOTO OﬁY‘IEHI/IH AJH PpaCIIO3HABAHUSA T0POr

COop naraceToB 1O paclio3HABAHUIO JOPOT ObLT MPOBEAEH MO
MarepuajiaM COLMAIbHOW UCCIIEI0BATEIILCKOU CETH
ResearchGate (https://www.researchgate.net/): cnenanbl
3aIlpOChl HA PYCCKOM («IaTaceThl MAITUHHOTO 00yUeHUs JJis
pacrio3HaBaHus JOpOry) U aHrmiickoM (“‘machine learning
datasets road recognition”) si3bIKax.

CornacHo COBpEMEHHBIM MPEACTABICHUSIM O pa3Mepe J1aTacera,
COOpaHHBIE MPUMEPHI MOXKHO OTHECTH K OOJIBIINM.

Xil MexdynapodHasn Hay4Has KoHpeperUus
«PeauoHansHsie npofinems! dUcmadyuoHH020 30HdUposaHun 3emnus
9eceHmatpa - 12 cenmabpa 2025 2., KpacHoapek, Poccus
-

\

AOATACETbI MALULWMHHOIMO OBYYEHUA
AnA PACMNO3HABAHNA OOPOI

CeI(LI,HH «TeXHO.nOI‘HH NCKYCCTBEHHOIro
uHTennekta un Big Data»
Aypnutopua YINK-112. MNpepcepatens MynotuH H.H.

Togomeckan Exarepuna CepreceHa, K. T. H.,

B&TVITHE HAVEHELN COTPYIEEE J1abopaTopHH MOHHTOPHHTA IecHEX 3xocHcTeM 1[3TITT PAH.
Jouent PaxyieTera reorpadun B reonEdopManHOEHER TexHoIorEH HITY BIITS3

ekaterina podolskaia@gmail com

epodolskava@hse.ru

https://rprs.sfu-
kras.ru/sites/default/files/nauchnaya_programma_koferencii_r
p_dzz 2025 3.pdf

Opururansnoe Komuwec | I'eorpadm Cemunka
Ha3BaHie M roj 180 A JaHHBIX
nyOmKansm uz00pax
» CHMI |
' Oxford Road 62605 Bemuxobp | Jaracer: https://oxford-robotics-
Boundaries (2021) WTANHS institute. github.jo 'road-boundaries-datasev;
(Oxford) | crames: [11]
' RDD2022 - The 47420 Anonns, Jaracer;
multi-national Road Hums, https://figshare com/articles/dataset RDD2022
Damage Dataset Yexus, _-_The mult-
(2022) Hopserus, | national Road Damage Dataset_released_thr
CIA, ough CRDDC 2022/21431547/1; crares:
. Krrait [12]
' Dataset of Unpaved 8484 Huans Jaracer:
and Paved Road https.//data.mendeley.com/datasets §2m7 zz4r
Surface with Seasons g/2; crarea: [13]
(2022) |
' Road Surface | 16000 Kurait Jaracer:
Reconstruction (Beijing, | hups:/github.com/ztsrxh RSRD _dev_toolkit;
| Dataset (2024) Qingdao) | cramex: [14]
HighRPD: A high- | 11696 Kurraii HMaracer:
altitude drone dataset (Shanxi) | https://data.mendeley.com/datasets/sywswj7d]
of road pavement J/1; crarea: [15]
distress (2025)

N3yuennble naracersl qoctynHsl no auuensuu CC BY 4.0

(http://creativecommons.org/licenses/by-nc-sa/4.0) ¢ 00s13aTeNbHBIM YKa3aHUEM

pa3zpaboTuuka
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JlaraceTbl HHPPACTPYKTYPHI JUHEHHBIX 00beKTOB (1)
Jlamacem 3umnukoe Kpacnoapckozo kpas:

cOOp OAQHHBIX U3 PAZHBIX UCMOYHUKOS o o oo e o o
2
IIo cocrosinuro Ha: 29.04.2025
L] L] L]
L]
NuTepBaj QyHKIHOHUPOBAHMS 3UMHHUKOB B ce30He 2024-2025: Hos10pb- anipeJib
490 3anucei
IIpoTaEeHHOCTE
Msmre asTogoporm(ing Paiton Hazgamme Jara oTepeITIA  (EM) ToHHa®E JlaTa 3aKpeITHA f, g
Kpaeesten |Joporm Jopora 'g 2
P c H c Togsesg K.
SETOROPOTH  |TPYHTOE (1dimmmp 1 Abamcrmi Tymens (3IMMHIEK) - 8.7 - 05 deppams 2023
oburero BIM OEEHHEI Jopora
HO.IESDBM[IQ\-I TMOKPBIT (& HUKETEEBU -
Ne Mymnpmameroe obpatoeamme paiton ) HeM JoporH | 3MMEIEIL KymEmieT
2 Abancrnt (SIMVEDE) - 0,29 - 28 mapta 2017
Hopora
1| ABaHCKINT MYEMIBITATEEBEL pailos 148 891 0 0 8.633 "Uepenryrmar -
2 | AupEHCKIET MYHILIT i1 paiiol 35,018 23919 23919 0 Tromomra" -
3 |Banasmmcrasii My fi pafion 63.038] 1039] 1039] 94266] 3 puummciant  Bepesosas 18 mexabpr 2024 271 - _
4|BepezoEcKiiT MYEMIMIATLHEL pafiox 62445 30431| 30432 0 Topora
3 |BitpimEoccrItl MyEIITHT it pafion 15,1 3.09 5,00 73,138 Yep enrymmar -
6 |BoroTomscram My HIIRT i1 paiion 32,889 1451 14.51 ] T}o.mol:rra
7|Bory MYHIHLI panos 438.409) 67313 67513 320324 4 Banaxmimicsani (i) 18 mexabpz 2024 16,50 - -
8 | Bomp e MYy P THECEINT MYHMIIIIATLHELT paftor 70,131 8378 8,378 0 Topora
% | BompITe VITVIICEITT MYEILIHE i1 paiton 67413 ] ] ]
M - z z
10[ropon Awmex A1804] 0521 0521 0 H am;a;cz;xa g &3
11|ropon BoroTam 9895 0227 0,227 0 = . P 2 3
=z e 5 bupwmoccKInT  (3MMEDIK) -
12 |ropon Bopomizo 8.604 0,335 0,335 0 Topora Tun Tpysomon
13 |ropop Juenoropck 7829 0232 0222 ] \-iep BN Hasgammte  mepenpae Jlata wemHocts ata
14[ropon Exmceiick: 1092|0095 o0sos| 711 \m:;:x i Pation mepenpazer 11 onrria (ronm)  sapermia
15|ropon Kasck 20,038 0,399 0,359 ] 6 E . p JHopora
16|ropon Kpacsoapex 287.68| 140.761] 140.761 0 upumocciant  (snu) - Buprmocce:- 24
17 |ropop Jecocubpex 36 7363 7,363 3.016 Brpun  Buktimmpos deepana
18 |ropon MimycHHCK 35,864 2623 2623 0 Hopora roccraniit ka (14451)  Jlemosaz 2025 20 -
19|ropon Hasapozo 13643 3016] 3016 0 Iponop -
20|ropon Hopumsex 103,077 19732 19732 0 . ~ porormoe
21[rapon Illapsmoso 13582  243] 243 0 7 Bupwrmoccradi (i) -
22| Tsepramcari vymmpmam it patios 58771 0 0 0 Hopera Jopora
23[E RO MysTIpT ii pation 95086 37.009) 37009 0 Amrapeai- 5 i —
24 |Ermceficranit Mymnpmamsseii paiton 238.200| 277688| 600,245 1192235 § Boryuanciat  Benmat (simnik) 09 gexabpa 2020 |PRORE K:zrz":‘f;"g e i oy o &
25 |Epmaroscri mymmpm ji paiion 9.085] 1L119] 1119 0 Hopora B - YcnoeHbie 0603HaueHns
26(3ATO ropop AHenessoropek 43.78) 6802 46802 ] Anrapeagi- / =3 p— o
27|3ATO rovon 3enenoronex 21o43] 4518l 4618 0 9 Boryuancrani  Benmar (sinvroi) 09 pexabpa 2020 J , ; y
Topora z L. 3uMHIMKW (aaTaceT cesona 2024-2025 rr) z
BupuIROcce- 5 =l ’ . S
Hopora OGxon Bupun  Buxmamupos 18 smonn 8 80°00°E 90°00°E 100°00°E 10°00°E %
10 BoryuaHcrent Boryuan 11 mexabpa 2017 |roccsanit ka (14451)  Tlapoumas - - 2024 Kilometers
Topora ) 250 0
Ilnaruso 2- 10 .. . . . .
Sopun Tomawea, - s . https.//miigaik.ru/scidata/section2/#table-section 11
HOCCEMH (= - JlenoBaa U2 -
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JlaraceTbl HHPPACTPYKTYPHI JUHEHHBIX 00bEKTOB (2)
Jlamacem npocek noo aunuamu 3nekmponepeoay (JI1311):
pacno3nasanue no chumkam Sentinel npu nomowu neiupocemu YOLO

2446 cnumkog ¢ yuemom ayzmenmauuu

CoepemeHHble Npobnemsl AMCTAHLWOHHOND 30HAMPOBAHNUA 3eMIM M2 Kocmoca, 2025. T. 22. N2 4. C. 11-26

ABTOMaTNUECKOE JEeTEKTUPOBAHNE MPOCEK MOA NNHUAMM
aneKTponepegau Ha cHUMKax Sentinel-2 ¢ nomouwblo MeTopoB
MaLlVHHOTro obyuyeHNA U KOMMNbIOTEPHOTO 3PEHNUS

1. 0. Baxpavxan ', 1. M. Epmakos >, E.C. Tlozonsckaa
1 . .
Hauuonanwhbiii uccaedosamenwbckuil ynuaepcumem «Boicuias wiKona 3xoHOMuKu»
Mockesa, 109028, Poccus
E-mails: ybahramhan@gmail.com, podols_kate@mail.ru

2 Hucmumym xocmuveckux uccaedosanuit PAH, Mockea, 117997, Poccus
E-mail: d.m.ermakov@cosmos.ru

3 Dpazurckuil uauas Hicmumyma paduomexsHuku U 21eKmposuKu
um. B. A. Komeavnuxosa PAH, @pazuno, Mockoackas o6a., 141190, Poccus

4 Ilenmp no npodaemam sxonoeuu u npodyxkmueHocmu aecog um. A. C. Heaesa PAH
Mockea, 117997, Poccus

PerynapHbIil MOHHTOPHHT COCTOSIHUS TMHMIT dnekTponepenay (JIDI1) neobxonum s Gecnepedoii-
HOTO 3JIEKTPOCHAGKEHHs HACEIEHHBIX IYHKTOR M 00beKTOR HHbpacTpyKTyphl. OIHAKO HA JECHBIX
TepPHTOPHAX ¢ HH3KOI [UIOTHOCTLIO HACENIEHHs H I0POT 331344 NOCTOSAHHOTO MOHHTOPHHTA YCII0K-
HsieTes. 15 AMCTAHIIHOHHOTO MOHHTOPHHTA npocek o1 JIDT] B TPyIHONOCTYIIHEIX JIeCHBIX TEPpH-

TOPHAX HACTOALIMM WCCIeJ0BAHWEM [pe/araeT
KoCcMHUecKMX cHuMKax Sentinel-2. Takoit anrop
Iara AETOMATH3IAUMH IHCTAHIIHOHHOTO MOHHTO
CTH, JeTeKTHPOBAHHA H3MeHeHWI ([POKIaIKH, 3
Jloruka paboOTHI AITOPUTMA HMeeT HAIAIHYI0 HH
TOB MHTepeca B [IPOCTPAHCTRe JelH(POBOYHBIX 1
CTHK MO[e/b JIOTHCTHYECKOi perpeccHM BhIAEs
ceKaM, 3aTeM BeposITHOCTHOe NpeodpasoBaHue X
MacKe 3THX y4acTKOB. PaspaOGoTaHHBIH anropwi
He TpedyeT HHIMBHIYATRHON HACTPOHKH Iapame
TATOB CO3/AHLI METPUKH KA4eCTBA BBIIEIEHHS Mf)
AITOPHTM KOPPEKTHO onpenenser ob1acTH pacro.
HBIX CIY THUKOBBIX H300paKeHHAX B Ipelesax per

KoHdepeHLMa MONoabIX yueHbIx «DyHAaMeHTanbHbIe U NPUKNaAHbIE KOCMUYEcKUue
nccnepoBaHus»

CerMeHTaumsa necHbix npocek nog, J131
Ha cHMMKax Sentinel-2 ¢ nomoLpo
He#poHHow cetn YOLO

BaxpamxaH £1.0., HAY BLI3
Epmakoe .M., UKU PAH, ®UP3 um. B.A. KotenbHukosa PAH
Moponbckas E.C., L3NS PAH, HAY BLI3

Knouessle ciaoa: npoceku, JIDT, mucraHunon
HHTEPIPETHPYEMOCT ATTOPHTMA, NPeoGpa3oBaHH

http.//jr.rse.cosmos.ru/article.aspx?id=3045

Kapma paiiona uccneoosanus u pacnonoxcenus
mMecmoBviX V4aACMKO8

BoryuaHckui paos

500 1000 kv

Tarwerckun *
" - /
DaMoH

(] TpaH#us TecToBsIX yya

1aA NHHEHKa Nutinnm 3 pone

0 KapTh

& [ Mpannua paiona ueeneposanus

https.//kmu.cosmos.ru/sites/default/files/2025/presentations/
Bakhramkhan_DZZ.pdf
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BroiBoabI McciIe10BAHUA

* ComnracHO COBPEMEHHBIM HAyUYHBIM pabOTaM, pazmep Maiozo 0amacema mMoxcem apbuposamsbcs u onpeoensamovca nopaoxkom ¢ 100-
1000 3anuceii/00BEKTOB, HET CTPOTOTrO pa3eieHUs Ha OONBIION/ MaJIBIH.

*  Memoouueckumu O02PpAHUYECHUAMU MA1020 Joamacema s6,11emcs HtlﬁOp CJledylouwx npu3HaxKkoe: HCAHHOTHPOBAHHLIC TAHHLIC,
OTCYTCTBHC OajlaHca B JaHHBIX, ITIPOMMYIICHHBIC JAHHBIC, PpCAKNC U HCAOCTATOYHBIC JaAHHBIC IJIA OIIPCACIICHHOTO ABJICHUS.

* Bwmecre ¢ pabotamu 110 HEOOXOIUMOCTH CO3AaHUs OOIBIINX JATACETOB, CO3AABAEMBIX U MOJAEPKUBAEMBIX BBUAY TPYAOEMKOCTH U
CTOMMOCTH IIPEUMYIIECTBEHHO OOJBIINM KOMIAHUAM, €CTh IEPCIIEKTUBBI MaJIbIX, HO KAUECTBEHHBIX J1aTACETOB
(MexayHapoaHbIN onbIT B cTaThix 2019-2020-2025 rr).

e Jlns tepputopun Poccun B OTKPBITOM JOCTYIE €CTh HEAOCTATOK JIAHHBIX MO 00bEKTaM UHPPACTPYKTYPHI TUHEHHOTO MPOTIKEHUS
(mpoceku, JOPOru); TOPOKHOU CETH OOIIETO U CIEIUAIbLHOrO (HampuMep, JIECHBIE), a TAKKE CE30HHOTO MCIOIb30BaHus (3UMHUKHU U
JIETHUKH ), YTO MOXKET OBITh PEILICHO IMyTeM cOopa, 00OpabOTKH U OOHOBJICHUSI Pa3HOPOIHBIX JAHHBIX UCCIEA0BATEILCKUMH/yueOHBIMU
rpyIIamMu B paMKaX PErHOHAJIbHBIX MPOEKTOB.

* [lonmyudeHHble pe3yJbTaThl sl 3MMHUKOB U IIpocek (KpacHosipckuii Kpaii) IeMOHCTPUPYIOT MPAKTUYECKYI0 3HAUMMOCTb U MOT'YT OBITh
MCMOJI30BAHBI JJISI OJJCPKKY MPUHATHUS PEIICHUN B PAJIE OTPACIEH XO35IMCTBA PETUOHA U CTPAHBI ITPU YCIOBUU MOMJIECPKKH UX
AKTYaJIbHOCTH.

Paooma evinonnena ¢ pamkax 2ocyoapcmeennozo 3aoanusn L{II11/I PAH no meme
«buopaznooopasue u skocucmemnwie Qyukyuu necoe» (Pecucmpayuonnovtic nomep HUOKTP 124013000750-1)
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Jluteparypa
OTaenbHbIE PA00OTHI JIECOTPAHCIOPTHOM TeMaTuKkHU 2025 roga

® baxpamxad f. O., Epmakos /. M., [Togonbckas E. C. ABroMarndeckoe AETEKTUPOBAHUE MTPOCEK IO JIMHUSIMHU

AJIEKTpOIIepeIad Ha CHUMKax Sentinel-2 ¢ moMoIbI0 METO/IOB MAIIIMHHOTO O0YYEHUS M KOMITbBIOTEPHOTO 3peHMUS //
CoBpeMeHHbIE TTPOOJIEMbI JUCTAHIIMOHHOTO 30HIUpoBaHus 3emMiun u3 kocmoca. 2025. T. 22. Ne 4. C. 11-26.
http://jr.rse.cosmos.ru/article.aspx?1d=3045

[Tononwsckas E. C. JlaTaceTbl MalIMHHOTO 00YUY€HUS JJIs1 pacro3HaBaHus J0por // PeruoHanbHbIE TPOOJIEMBI
JUCTAHIIMOHHOTO 30HAMpoBanus 3emin: Marepuaibl XII MexayHnapoanoi HayuHon koHpepenuu. Kpacnosipck, 09—12
ceHntsa0psa 2025 r. / Cub. denep. yH-T, UH-T kocMmud. u uapopm. TexHonoruii; Kpacaospek: COY, 2025. https://rprs.sfu-
kras.ru/sites/default/files/sbornik_2025.pdf

CununmHa A. H., Ilogonbckasg E. C. OneIT co3ganus jaraceTa 3MMHUKOB JJIs1 JIESCHOT'O XO3MCTBa U
nH}ppacTpyKTYpHBIX ITpoekToB KpacHosipckoro kpas // IlpoctpancTBeHHble naHHbIe (28-29 mas 2025 r.), Mockaa,
Poccua. M.: MUUT'AuK, 2025. https://miigaik.ru/scidata/section2/
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