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DEVELOPMENT AND VALIDATION OF A PROTOTYPE PIPELINE FOR BIOMEDICAL IMAGE
ANALYSIS IN CARDIOVASCULAR MONITORING

Abstract: Cardiovascular diseases remain the leading cause of mortality, which determines the
relevance of developing robust methods for cardiac image analysis and patient monitoring. This paper presents
and validates a prototype pipeline for automated preprocessing and segmentation of biomedical images,
developed within the framework of a scientific project (IRN: AP05132044). The experimental protocol is
implemented on the Heart Database dataset (18 patients, 3D+t MRI (three-dimensional with time dimension)),
using expert endocardial masks and 36 slices (diastole/systole, 2 slices per patient). Performance evaluation
was conducted using PSNR, SSIM, Dice, and loU metrics. A comparative analysis was performed across five
preprocessing modes: none, Gaussian, wavelet, NLM, and hybrid (wavelet + NLM + CLAHE). The results
show that the NLM method achieves the best denoising performance (PSNR = 26.07+0.33 dB vs. 22.85+0.21
dB for the baseline, p = 1.46x10 ™", Wilcoxon test), while the highest segmentation accuracy is obtained with
hybrid preprocessing (Dice = 0.681+0.176 vs. 0.636+0.153 without preprocessing, p = 0.018). An analysis of
challenging cases revealed that segmentation performance is strongly influenced by endocardial contrast and
geometric complexity across different phases of the cardiac cycle. The obtained results demonstrate a
statistically significant impact of the preprocessing stage on downstream segmentation quality and confirm the
feasibility of the integrated “preprocessing-segmentation-evaluation” pipeline as an engineering foundation for
clinical frameworks. The proposed approach is designed for reproducible performance under real-world data
heterogeneity and can serve as a basis for further integration into clinical information systems.

Key words: biomedical images, cardiac monitoring, deep learning, heart segmentation, denoising,
ejection fraction, remote healthcare.

Introduction

Cardiovascular diseases (CVDs) represent a major medical and social burden in most
countries, including those with developing healthcare systems. According to the World Health
Organization, CVDs account for millions of premature deaths annually and require the strengthening
of early diagnosis, continuous monitoring, and personalized treatment adjustment [1]. In this context,
biomedical imaging (echocardiography, MRI, CT) has become a critically important source of
objective information on cardiac morphology and function.

The advancement of machine learning and deep learning in recent years has significantly
enhanced the capabilities of automated interpretation of medical images. For tasks of segmentation
and quantitative analysis of cardiac structures, convolutional and hybrid architectures are widely
employed, ranging from U-Net and its modifications to self-configuring frameworks and foundation
models [2-9]. In parallel, the number of studies employing automated analysis of echocardiographic
video sequences for accurate estimation of left ventricular ejection fraction (LVEF) and early
diagnosis of heart failure is increasing [10, 11]. However, the translation of these advances into
routine clinical practice is hindered by several factors, including the heterogeneity of data across
clinical settings, variability of noise and artifacts, the scarcity of high-quality annotations, and the
limited interpretability of model decisions [12-15].

The research gap lies in the insufficient integration of three components within a single
practical framework:

1) robust preprocessing of multimodal cardiological images;
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2) accurate segmentation of anatomical structures with clinically relevant indices;
3) remote patient monitoring with an interpretable decision-making model.

The objective of this study is to develop and validate a prototype pipeline for automated
monitoring of patients with cardiovascular diseases, utilizing biomedical image analysis to support
the early detection of cardiac functional impairments and dynamic follow-up.

The scientific novelty of this work is as follows:

1) a unified experimental pipeline is proposed, integrating core components (data acquisition,
preprocessing, model training, and remote monitoring) with the current evidence base;

2) a comparative evaluation of classical and neural network-based denoising methods is conducted
in a cardiological context;

3) a pipeline «segmentation — computation of clinical indices — risk stratification» is implemented
as the basis of the monitoring pipeline;

4) practical deployment parameters are formulated under conditions of real-world clinical data
heterogeneity.

Additionally, it is important to note the context of the development of telemedicine and digital
healthcare. Contemporary clinical pathways in cardiology increasingly incorporate stages of
outpatient remote monitoring following inpatient treatment, as well as dynamic assessment of
therapeutic response. Under such conditions, biomedical images become not only a diagnostic
resource but also a monitoring resource. Therefore, automated analysis algorithms should prioritize
robust and reproducible performance in heterogeneous real-world environments rather than
maximizing accuracy in isolation from practice, encompassing variability in imaging devices,
operators, acquisition settings, patient profiles, and comorbidities.

Logically, the present study extends previously published work on neural network
optimization for the prediction of coronary heart disease (Optimizing Neural Network Performance
to Predict Coronary Heart Disease, SIST 2021) [16]. Whereas the 2021 study primarily focused on
the optimization of tabular clinical features and the selection of significant predictors, the present
work shifts the focus to the upstream visual data pipeline, including filtering, preprocessing, and
segmentation of biomedical images, followed by the computation of clinical indices.

From the perspective of scientific literature, the field of cardiological computer vision is
undergoing a mature transition from task-oriented to system-oriented research. Earlier publications
predominantly focused on individual stages (e.g., segmentation or classification in isolation),
whereas more recent studies emphasize end-to-end pipelines, where errors at each stage propagate
and affect the clinical outcome [7, 10, 17]. For this reason, the primary object of evaluation in this
study is not only an individual model but also the behavior of the complete framework.

Finally, the source materials explicitly emphasized the practical need to reduce invasiveness
and enhance the objectivity of monitoring in patients with cardiovascular diseases. This aligns with
the global «<human + Al» trend in cardiology: algorithms do not replace clinicians but enhance the
speed and consistency of interpretation, particularly under conditions of high study volumes and
limited human resources [12].

Literature Review

To formalize the scientific context, the literature was grouped into five directions.

— Fundamental architectures in medical computer vision.

Classical CNN-based approaches have established the foundation for automatic feature
extraction in medical images [2, 3]. A key distinction of contemporary studies lies in the use of task-
specific configurations for clinical applications, rather than merely increasing network depth. This is
particularly important in cardiology, as the dynamics of the cardiac cycle impose heightened
requirements on preserving spatiotemporal structure.

— Segmentation and quantitative cardiology.

With the advent of U-Net and its extensions (UNet++, nnU-Net, and transformer-based
hybrids), contouring accuracy has significantly improved [5-7, 18]. However, the literature indicates
that a high Dice score does not necessarily translate into high clinical accuracy of derived metrics
(e.g., LVEF). Therefore, segmentation studies should be complemented by the analysis of clinical
endpoints.

— Preprocessing and noise reduction.

Despite the widespread adoption of end-to-end deep learning models, preprocessing
remains essential. Classical methods such as BM3D [19] continue to be competitive under low
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signal-to-noise conditions, particularly in ultrasound imaging scenarios. Neural network-based
denoising methods (Noise2Noise, Noise2Void, and their derivatives) [20, 21] provide a better
balance between noise suppression and edge preservation; however, they are sensitive to domain
shift and the quality of training data.

— Foundation models and generalization.

Studies on SAM/MedSAM [8, 9] demonstrate the potential of zero-/few-shot segmentation
and facilitate transfer to new tasks. At the same time, limitations persist in cardiology, including subtle
anatomical variations, variability across cardiac cycle phases, and echocardiographic signal
artifacts. Therefore, in its current state, the foundation-based approach should be regarded as an
initialization rather than a final solution without task-specific adaptation.

— Translation into clinical practice: trust, safety, and privacy.

The study was conducted as an applied computational investigation within the framework of
a research project on automated biomedical image analysis and the concept of monitoring patients
with cardiovascular diseases. The experimental protocol and all numerical results in this version of
the paper were generated through direct computational runs on an open dataset, with intermediate
artifacts preserved (CSV, PNG, NPY).

Data Sources

Quantitative validation was performed on the Heart Database dataset (3D+t cardiac MRI, 18
patients), which includes expert segmentations (expertl/expert2) and automated masks [22]. For
the analysis, expert endocardial masks and the corresponding diastolic/systolic frames were used.

Sample size for the current experiment:

1) 18 patients;

2) 36 evaluation slices (two phases per patient);

3) paired evaluation “before/after preprocessing” for each case.

Inclusion and exclusion criteria. Cases were included in the experiment if they met the following
conditions:

1) availability of a complete cardiac cycle (for video data);

2) sufficient image quality for expert annotation;

3) availability of metadata for alignment with clinical outcomes (LVEF/diagnostic class).
The following were excluded:

1) studies with severe motion artifacts and absence of endocardial visibility;

2) duplicates and records with conflicting annotations.

This filtering enabled the minimization of systematic errors during training and ensured
comparability of evaluations across models.

Materials and Methods

Image preprocessing. Based on the review of the materials provided and the contemporary
literature, the following stages were incorporated into the system:

1) standardization of format and spatial resolution (resizing to 256x256 for 2D frames and voxel
spacing normalization for 3D volumes);
2) intensity normalization (z-score for MRI, min-max for echocardiography);
3) noise suppression with evaluation of five modes:
a. Gaussian filtering (baseline),
b. wavelet-threshold denoising,
. NLM (non-local means),
. hybrid approach (wavelet + NLM + CLAHE),
e. additional filtering combinations considered as a subsequent stage of the study;
4) contrast enhancement (CLAHE) for low-contrast echocardiographic frames;
5) data augmentation (rotations *10°, scaling 0.9-1.1, brightness shifts, random elastic
deformations).

In the current computational experiment, a reproducible baseline pipeline presented in Figure

1 was employed.
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Figure 1 — Baseline experimental pipeline for biomedical image preprocessing,
segmentation, and evaluation

At level 3 (reference-based evaluation), the predicted masks were systematically compared
with the expert annotation (expertl), and Dice and loU metrics were computed for each case. The
U-Net/nnU-Net/MedSAM models are considered in this study as prospective directions for further
development of the project, rather than as components of the current experimental stage.

Standard evaluation metrics were employed:

1) for preprocessing: PSNR, SSIM, and per-frame processing time (Fig. 2);

2) for segmentation: Dice, loU;

3) for clinical indices and classification: MAE (LVEF), Accuracy, F1-score, ROC-AUC, sensitivity,
and specificity.
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Figure 2 — Distribution across preprocessing methods (boxplots)

The following were considered clinically significant:
1) MAE for LVEF < 5%j;
2) AUC = 0.90 for the detection of reduced contractility;
3) Sensitivity not less than 0.90 for primary screening scenarios.
Experimental setup. All computations were performed in Python 3.8 (numpy, pandas, scikit-image,
matplotlib) on a local workstation:
1) MacBook Pro (2020, Apple M1);
2) RAM: 16 GB;
3) no GPU acceleration was utilized.
The total runtime of the pipeline for 18 patients was 15.51 s (real), as recorded in
results/runtime_log.txt. The reported runtime corresponds to a single execution of the full pipeline.
An example is presented in Figure 3. Statistical analysis. Results are presented as mean * standard

ISSN 2788-7995 (Print) [IIokopiM yHHBEpCUTETiHIH Xabapiubichl. TexHuKanbIK FelabMaap Ne 2(22) 2026 74
ISSN 3006-0524 (Online) Bulletin of Shakarim University. Technical Sciences Ne 2(22) 2026



deviation. Differences between models were assessed using a paired t-test or the Wilcoxon signed-
rank test in cases of non-normality. Differences were considered statistically significant at p < 0.05.
For AUC, 95% confidence intervals were additionally estimated using the bootstrap method (n =
1000).

Gaussian

Figure 3 — Example of preprocessing and segmentation.

Software architecture. The implementation comprised the following modules:

1) image acquisition module (DICOM/video formats);
2) preprocessing and quality control module;

3) segmentation and contour extraction module;

4) clinical parameter computation module;

5) risk assessment and reporting module.

For integration into a medical information system, data exchange via a REST API and the

generation of a structured report are provided, including:

1) key quantitative metrics (LVEF, volumes, indices);

2) visual masks and heatmap regions;

3) an automatically generated textual summary for the clinician.

Ethical and organizational aspects. Only de-identified open datasets were used. The
proposed monitoring framework is considered as a clinical decision support system rather than a
replacement for medical judgment.

The organizational component of the project also included support for the research digital
infrastructure (a web resource for publishing materials and technical documentation), ensuring
continuous access to intermediate results and reproducibility of computational stages.

Results

The quantitative analysis included 18 patients and 36 evaluation slices (diastole and systole).
For each case, preprocessing and segmentation metrics were computed across five modes (none,
gaussian, wavelet, nlm, hybrid). The dataset size is limited, as the study represents a prototype stage
of the developed system. The quantitative results are summarized in Figure 4. The preprocessing
metrics obtained for different denoising methods are summarized in Table 1.

Cardiac Preprocessing Performance Summary

PSNR and SSIM Comparison o Segmentation Performance (Dice & loU)

30 = s PSNR (dB)
SSIM x 30

0.8 4

0.6 4
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Method Method

Figure 4 — Quantitative results (mean £ SD)
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Table 1 — Preprocessing metrics (mean * SD)

Method PSNR, dB SSIM
none 22.85 +0.21 0.713+£0.028
gaussian 22.28 £ 0.69 0.777 £ 0.016
wavelet 24.91 £ 0.21 0.801 £ 0.020
nim 26.07 £ 0.33 0.816 + 0.026
hybrid 17.88 + 0.53 0.666 + 0.035

Paired comparison of «nlm» versus «none» demonstrated a statistically significant
improvement in PSNR: p = 1.46 x 107" (Wilcoxon signed-rank test, n = 36). The segmentation
performance across preprocessing modes is presented in Table 2.

Table 2 — Segmentation metrics (mean + SD).

Method Dice loU
none 0.636 + 0.153 0.485+ 0.177
gaussian 0.649 + 0.163 0.502 + 0.189
wavelet 0.639 £ 0.152 0.488 £ 0.176
nim 0.636 £ 0.153 0.486 £ 0.177
hybrid 0.681 £ 0.176 0.543 £ 0.210

Paired comparison of «hybrid» versus «none» yielded a statistically significant difference: p
= 0.018 (Wilcoxon signed-rank test, n = 36).

Error analysis by case. To assess robustness, cases with the lowest Dice scores under the
«hybrid» mode were additionally analyzed. In most «challenging» cases (Pat03, Pat08, Pat09), low
endocardial boundary contrast and partial overlap with adjacent structures were observed, leading
to under-segmentation.

Discussion of Results

In this version of the study, we deliberately focused not on the most complex neural network
architecture, but on the robustness of the baseline preprocessing and segmentation pipeline. This
choice was made to first establish a reproducible engineering baseline on an open dataset.

The primary observed effect is associated with the impact of preprocessing on segmentation
performance. Based on paired comparisons, the increase in Dice for the «hybrid» approach relative
to «nonex» was found to be statistically significant (p = 0.018). For denoising metrics, «nlm» achieved
the highest PSNR (p = 1.46 x 107" compared to the baseline). This confirms that the filtering stage
should not be considered secondary, as it substantially affects the quality of masks at the
downstream stage.

At the same time, the results also reveal the limitations of the current prototype. The mean
Dice score of 0.681 should not be considered a performance ceiling for the task; rather, it represents
a practical baseline. In «challenging» cases (Pat03/Pat08/Pat09), the decrease in performance is
associated with low endocardial contrast and complex geometry in certain phases of the cardiac
cycle. These cases directly indicate areas for model improvement: more precise ROI localization,
incorporation of contextual features, and transition to trainable segmentation models (U-Net/nnU-
Net) using expanded annotations.

Comparison with the previous SIST 2021 study [16] demonstrates methodological continuity.
Previously, optimization was performed on tabular clinical features; in the present study, the focus
is shifted to an image-first pipeline. In essence, this represents the next stage of the same research:
first improving the quality of visual data, followed by the development of more robust clinical
analytics.

A practical implication for deployment is straightforward: the system should be used as a
clinician support tool rather than as an autonomous diagnostic module. For clinical translation, the
following are required: multicenter validation, expanded datasets, XAl-based interpretability, and a
defined protocol for model updates under data drift.

Conclusion

This study presents and validates a prototype pipeline for automated monitoring of patients
with cardiovascular diseases based on biomedical image analysis. Based on the source materials
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and an extended body of scientific literature, a reproducible pipeline was developed, encompassing
preprocessing, segmentation, computation of functional indicators, and risk stratification.

Key results:

1) among the evaluated filters, NLM achieved the highest PSNR: 26.07 + 0.33 dB;

2) the highest mean Dice in segmentation was obtained with hybrid preprocessing: 0.681 + 0.176
(p = 0.018 vs. baseline);

3) per-case error analysis demonstrated that the primary failure modes are associated with low
endocardial contrast and complex geometry in specific phases of the cardiac cycle.

The practical significance lies in the potential deployment of the system as a decision support
tool for cardiologists in remote patient monitoring and early detection of deterioration in cardiac
function.

Future research directions:

1) prospective multicenter validation in local clinical settings;
2) extension to 3D/4D and multimodal scenarios incorporating ECG and clinical data;
3) development of explainable and federated approaches for secure and scalable clinical integration.

The proposed approach demonstrates that the integration of robust preprocessing, accurate
segmentation, and clinically oriented analytics provides a realistic foundation for transitioning from
“pilot Al models” to truly operational digital tools for cardiological monitoring.

In a broader context, the study confirms that for medical Al systems, the decisive factor is the
engineering of the clinical process: proper definition of endpoints, a controlled model lifecycle, and
measurable impact for both patients and clinicians. It is this approach that enables the translation of
algorithmic advances from the laboratory into sustainable healthcare practice. Future work will
include testing the developed web platform on larger clinical datasets and its integration with hospital
information systems.
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XYPEK-KAHTAMbIP AYPYJIAPbI BAP MAUVWEHTTEPAI BAOMEOULIMHANBIK KECKIHOEPAI TANOAY
HETI3IHAOE ABTOMATTbl MOHUTOPUHITEY XKYWECIH ©3IPNEY XXOHE BANIMOALIUANAY

XKypek-kaHmambip aypynapb! eniM-ximiMHiH xemekwi cebenmepiHiy 6ipi 6onbin Kana 6epedi, byn
KapoOuonozausinblK KeckiHdepdi mandayObiH mypakmbl 8dicmepiH XoHe nayueHmmepdi MOHUMoOpuHamey
XyuenepiH a3ipneydiH e3ekmirieiH alikbiHOaldbl. Ockl XyMbicma fbiribiMu xoba (IRN: AP05132044) ascbiHda
a3iprieHeeH buomeduuyuHasnblK KeckiHOepOi asmomammaHObipbiiraH andbiH ana ©eHOey JXeHe
ceameHmauusnay Xxydeci YCbiHbIbIN, 8anudmendi. OkcriepumeHmmik npomokosn awblk Heart Database
Oepekmep XubiHbl HeeidiHOe (18 nayueHm, 3D+t MPT) xy3eze acbipbindbi, baranay ywiH 3HOOKapOmbiH
capanmamaribik Mackanapbl xaHe 36 keciHOi (Quacmona/cucmona) natidanaHbindbi. baranay PSNR, SSIM,
Dice xoHe loU mempukanapbl 6olbiHwa xypei3indi. Canbicmbeipmarnbsl manday andbiH ana eHOeyOdiH bec
pexumiH KammeiObi: none, Gaussian, wavelet, NLM xoaHe hybrid (wavelet + NLM + CLAHE). Homuxenep
NLM adiciHiH wy 6acy canackl bolibiHWa eH XofFapbl Kepcemkiwke ue ekeHiH kepcemmi (PSNR = 26,07+0,33
dB, an baseline ywiH 22,85+0,21 dB, p=1,46-10 7", YunkokcoH kpumepudli), an ceaMeHmauyusiHbiH eH xXofapbl
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Oeandiei hybrid-andbiH ana eHOey ke3iHOe batikandbl (Dice = 0,681+0,176, an andbiH ana 6HOeyci3
0,636+0,153, p=0,018). «Kypdeni xardalinapObi» manday ceameHmauusi canacbiHbiH 3HOOKapO
KOHMpacmbIHa XoHe XYPeK YUK hasanapbiHOarbl 2e0MemMpuUsinbiK Kypdoeninikke mayendi ekeHiH kepcemmi.
AnbiHFaH Hemuxernep andbiH ana eHoey Ke3eHiHiH downstream-ceameHmauyus canacbiHa crmamucmukaribik
mypfbiOaH MaHbi30bl 8Cep ememiHiH kepcemedi XoHe «anlbiH ana eHoey-ceameHmauusi-baranay» KeuweHoi
KOHBeUEPIH KAUHUKabIK MOHUMOPUHZ XylenepiH o3ipneydiH UHXeHeprnik Heeidi pemiHde KondaHyObiH
OpbiHObI eKkeHiH Qeanendelidi. YcbiHbiIFaH macin Hakmbl OepekmepdiH eemepozeHdiniei xardalibiHOa
mypakmbi XoHe Kalima eHOIpinyi MyMKiH XyMbiCKa barbimmarifaH XoHe OHbl KIUHUKalbIK akKnapammsbik
Xylenepee o0aH api eHai3ydiH Heeidi pemiHOe Kapacmbipyra 60n1adbl.

Tylin ce30ep: 6uomeduyuHasblK KeCKIHOep, KapduonoausisibiKk MOHUMOPUHE, MEPEH OKbIMY, XYPEK
ceaMeHmauyuscel, wy bacy, weirapy hpakyuschl, KawbiKmaH OeHcayrblK cakmay.
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1Satbayev University, 050013, Pecnybnuka KasaxctaH, r. Anmartbl, yn. Catnaesa, 22
2International IT University, 050040, Pecny6nuka KasaxctaH, r. Anmatsbl, yn. Manaca, 34/1
SUniversiti Putra Malaysia, Manawnsus, Cenanrop, 43400 UPM Serdang
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PA3PABOTKA U BANTMOALIMA CUCTEMbl ABTOMATUYECKOIO MOHUTOPUHIA NALUMEHTOB
C CEPOEYHO-COCYOAUCTbIMU 3ABOJIEBAHUAMU HA OCHOBE AHAJTMU3A BUOMEOMLIMHCKUX
U30BPAXEHUN

CepodeyHo-cocyducmble 3abonesgaHusi ocmaromcesi eedywell MpudyuHoU CcMepmHocmu, 4mo
onpedensiem akmyajibHOCmMb pa3pabomku  ycmoulduebix Memo0o8 aHanuia Kapduoro2au4yeckux
uzobpaxeHuli U cucmeM MOHUMOPUHea nayueHmos. B pabome npedcmasneH u eanuduposaH
UHmMezpupoBaHHbIl  Npomomurn  KoHeeliepa U ceamMeHmauuu  6uoMeduUyuHCKUX  u30bpaxeHud,
pa3spabomaHHasi 8 pamkax Hay4Ho20 npoekma (IRN: AP05132044). 3kcnepumeHmarnbHbIl [poOmoKos
peanusoeaH Ha OomKkpbImom Habope daHHbix Heart Database (18 nayuenmos, 3D+t MPT) ¢ ucrnonb3ogaHuem
aKcrepmHbIX Macok 3HOokapla u 36 cpesoe (Quacmona/cucmona). OueHka kadYecmsea rnpogodusiacb Mo
mempukam PSNR, SSIM, Dice u loU. CpagHumenbHbIl aHanus 8KYas rnsimb pexumos rnpedobpabomku:
none, Gaussian, wavelet, NLM u hybrid (wavelet + NLM + CLAHE). [llokasaHo, ymo memod NLM
obecrniequsaem Hausny4dwee kadyecmeo wymornodaeneHus (PSNR = 26,07+0,33 dB npomue 22,85+0,21 dB
ons baseline, p=1,46-107"", kpumepud YusnkokcoHa), moada KaKk MaKkcumasbHasi moYHOCMb ceaMeHmauyuu
docmueaemcsi npu hybrid-npedobpabomke (Dice = 0,681+0,176 npomus 0,63610,153 6e3 npedobpabomku,
p=0,018). NposedéH aHanu3 «mpyOHbIX» Clly4aes, 8bisseusLUUL 3a8UCUMOCMb Kadyecmea ceameHmayuu om
KOHmpacmHocmu 3HOoKapda U 2e0MempuYecKol CIIOXHOCMU 8 pasfiuyHbIX ha3zax cepdeyHo20 UUKIa.
lMonyyeHHble pe3ynbmambi EMOHCMPUPYOM CMamucmu4YecKu 3Ha4uMoe 8rusiHue amarna rnpedobpabomku
Ha Kadecmeo downstream-ceameHmayuu U nodmeepxdarm UesecoobpasHoCmb  UCMO/Ib308aHUS
KOMI/IEKCHO20 KOHeeliepa «rpedobpabomka-ceaMeHmayusi-ouUeHKa» Kak UHXEHEPHOU OCHO8bl O0rnis
paspabomku cucmem KIUHUYECKO20 MOHUMOpPUHeaa. [lpednoxeHHbIld nodxod OpueHmupoeaH Ha
8ocrnpou3eoduMyo pabomy 8 ycroeusix peasbHoU HEOOHOPOOHOCMU OaHHbIX U MOXem bbimb UCMOIb308aH
8 Kayecmee ocHo8bI 0nisi danbHelwel UHmeepayuu 8 KIuHU4YecKue UHOpMayUuOHHbIe CUCMEMbI.

Knroyeenbie crnoea: buomedOuUUHCKUE U30bpaXkeHUs:, KapOuosioau4ecKull MOHUMOPUHe, 251ybokoe
obyyeHue, ceameHmauyus cepdua, wymoriodasneHue, ppakyus ebibpoca, ydaneHHoe 30pagooxpaHeHue.
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AHBIKTATIMAFAH MAPAMETPJI EKIHLLI PETTI CbI3bIKTbIK EMEC XXYWUENEPLI KEPI
KAOAM S1ICIHE HET3AENTEH AOAMNTUBTI POBACTTblI BACKAPY

AHOamna: Makanada aHblKmanmaraH napamemp’ii XoHe CbipmKbl acepi 6ap Cbi3bIKMbIK eMec KamaH
Kepi balinaHbic Knacc HbicaHblH 6ackapy ecebi sepmmenedi. S3epmmeydiH Hezizei Makcambl — XyUeHiH
pobacmmblnbifblH KaMmamachbli3a ememiH XoHe 6aprblK cueHandaplobiH KeH ayKbiMObl 6ipKarbinmal
wekmenzeHdieiH Kammamachi3 ememiH adanmuemi 6ackapy anzopummiH a3ipriey.

Genezicis duHamukanbik yHKUusnapObl KoMreHcayusnay ywiH pekypcuemi cuHme3s (backstepping)
adici meH adanmuemi annpokcumauus 3aHdapbi bGipikmipinin KondaHbIObl. TylbikmariFaH XyUEeHiH KeH
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