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ANNOTATSIYA

Magolada nolinear, ko‘p o‘zgaruvchili va vaqt bo‘yicha xususiyatlari o‘zgarib turadigan
texnologik jarayonlarni boshgarishda neyron tarmoglarga asoslangan adaptiv modellar va
algoritmlardan foydalanish masalalari ko‘rib chigiladi. Tadgiqotda feed-forward neural
network, NARX, recurrent neural network, LSTM, GRU hamda physics-informed neural
network modellarining texnologik jarayonlarni identifikatsiyalash va prognozlashdagi
imkoniyatlari tahlil qilindi. Neyron modelni model predictive control bilan
integratsiyalash, model xatosini real vaqgt rejimida kuzatish, parametrlar driftini aniglash
va event-triggered online learning asosida modelni yangilash tamoyillari ishlab chiqildi.
Adaptiv boshgaruv arxitekturasida sensor ma’lumotlarini filtrlash, holatlarni baholash,
neyron prediktor, cheklovli optimallashtirish, xavfsizlik nazorati va rezerv
boshqaruvchidan foydalanish nazarda tutiladi. Tahlil shuni ko‘rsatadiki, neyron
tarmoqning yuqori prognoz aniqligi o‘z-o‘zidan samarali boshgaruvni kafolatlamaydi;
yopiq kontur barqarorligi, hisoblash vagti, constraintlarni bajarish va operating regiondan
tashgaridagi noanigliklar ham birgalikda nazorat qgilinishi zarur.

Kalit so‘zlar: neyron tarmoq, adaptiv boshqgaruv, texnologik jarayon, model predictive
control, RNN, LSTM, NARX, PINN, online learning, system identification.

AHHOTALIUS

B cratbe paccMaTpHBAarOTCS AQJaNTHBHBIE MOJEIA W AITOPUTMBI  yIIPABICHHS
HEJTMHEHHBIMH, MHOTOMEPHBIMU ¥ HECTAIHOHAPHBIMHM TEXHOJIOTHYECKUMH MTPOIIECCaMU
Ha OCHOBE HEHMPOHHBIX ceTell. AHamusupyrorcs Bo3moxkHoctu feed-forward neural
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network, NARX, recurrent neural network, LSTM, GRU u physics-informed neural
network s WACHTU(HUKAIMM W TMPOTHO3MPOBAHUSA JUMHAMHKH TEXHOJOTHYCCKUX
00beKkTOB. Pa3zpaboTaHbl IPUHIIKMIIBI HHTErpAIlil HelipoHHO Moaenu ¢ model predictive
control, MoHUTOpWHTa OMIMOKKM MOJEIH B peajbHOM BPEMCHH, BBIABICHUS Ipeiida
nmapamMeTpoB M aJanTaldd MoOJeId Ha oOcHoBe event-triggered online learning.
[IpenyiokeHHasT apXUTEKTypa BKITIOUACT (PHIIBTPAIIAIO CEHCOPHBIX JTAHHBIX, OIICHUBAHUE
COCTOSIHHSI, HEHPOHHBIH TMPETUKTOP, ONTHUMHU3ANMIO C OTPAHUYCHHUSIMH, KOHTPOJIb
O0e3zomacHOCTM U pe3epBHBbIN  perynarop. [lokazaHo, YTO BBICOKAs TOYHOCTH
HEHWPOCETEBOr0 MPOTHO3a cama Mo cede He rapantupyeT 3(h(PeKTUBHOE yNpaBlieHUE:
HEOOXOJMMO  COBMECTHO  YYMTHIBATh  yCTOWYMBOCTH  3aMKHYTOTO  KOHTYpa,
BBIYMCIIUTENILHBIE OrPAHUYCHUSI, BBITIOJIHEHUE TEXHOJOTMYECKUX OTrpaHUYEHUN U
HEOoIpeAeIEHHOCTD 3a MpeiesiaMu o0ydJaroieid 001acTH.

KiaroueBble cioBa: HEWpOHHAas CETh, AQJAITUBHOE YIIPABJICHUE, TEXHOJOTHYECKUN
nporiecc, model predictive control, RNN, LSTM, NARX, PINN, online learning,

HUJICHTU(PUKAIUS CHUCTEM.

ABSTRACT

This article examines neural-network-based adaptive models and algorithms for
controlling nonlinear, multivariable, and time-varying technological processes. Feed-
forward neural networks, NARX, recurrent neural networks, LSTM, GRU, and physics-
informed neural networks are analyzed as models for process identification and
prediction. The study develops principles for integrating neural predictors with model
predictive control, monitoring model error in real time, detecting parameter drift, and
updating the model through event-triggered online learning. The proposed architecture
combines sensor-data filtering, state estimation, a neural predictor, constrained
optimization, safety supervision, and a fallback controller. The analysis shows that high
neural-network prediction accuracy alone does not guarantee effective control; closed-
loop stability, computational feasibility, constraint satisfaction, and uncertainty outside
the training region must also be considered simultaneously.

Keywords: neural network, adaptive control, technological process, model predictive
control, RNN, LSTM, NARX, PINN, online learning, system identification.
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KIRISH

Zamonaviy texnologik ishlab chigarish jarayonlarining muhim Xxususiyati ularning
nolinearligi, ko‘p parametrli ekanligi va ish rejimining vaqt bo‘yicha o‘zgarib turishidir.
Kimyo, neft-kimyo, metallurgiya, issiglik energetikasi, ozig-ovqgat ishlab chigarish va
uzluksiz texnologik liniyalarda boshqgariladigan obyekt parametrlari xomashyo tarkibi,
jihoz holati, tashgi mubhit, ishlab chigarish yuklamasi va texnologik rejimga garab
o‘zgaradi.

An’anaviy PID yoki lokal chizigli regulatorlar nominal ish nuqtasida samarali bo‘lishi
mumkin. Biroq obyekt parametrlari o‘zgarganda dastlab tanlangan regulator
koeffitsientlari optimal bo‘lmay qoladi. Aynigsa, bir nechta kirish va chiqish
parametrlariga ega jarayonlarda o‘zaro bog‘lanishlar kuchli bo‘lsa, klassik regulatorlarni
sozlash murakkablashadi.

Neyron tarmogqlar bunday sharoitda texnologik obyektning analitik modelini to‘liq
qurmasdan turib, kirish va chiqish signallari o‘rtasidagi nolinear munosabatlarni
ma’lumotlardan o‘rganish imkonini beradi. Feed-forward neural network gisga xotirali
yoki statik munosabatlar uchun, recurrent neural network va LSTM/GRU esa vaqt
bo‘yicha kechikish hamda dinamik bog‘lanishlarni ifodalash uchun qulaydir.

Model predictive control texnologik jarayonlarni optimal boshgarishning kuchli
vositalaridan biri hisoblanadi. MPC kelajakdagi jarayon holatini model yordamida
prognozlaydi, ma’lum vaqt oralig‘i uchun boshqgaruv ketma-ketligini optimallashtiradi va
faqat birinchi boshqaruv ta’sirini obyektga uzatadi. Keyingi vaqt qadamida yangi o‘lchov
asosida optimallashtirish takrorlanadi.

Neyron tarmoq bilan MPCni birlashtirish, ayniqsa fizik model yaratish qiyin bo‘lgan
nolinear jarayonlarda istigbolli hisoblanadi. Biroq neyron modelning ishlashi uning
o‘qitilgan ma’lumotlar diapazoniga bog‘liq. Jarayon yangi rejimga o‘tganda prediction
error oshishi va controller noto‘g‘ri garor gabul qilishi mumkin.

Shu sabab adaptiv boshqaruvning asosiy vazifasi neyron modelni fagat bir marta o*qitish
emas, balki uning ishonchliligini doimiy kuzatish, model va real obyekt o‘rtasidagi
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tafovutni aniglash va zarur hollarda model parametrlarini xavfsiz ravishda yangilashdan
iborat.

Ushbu magolaning magsadi texnologik jarayonlarni boshgarish uchun neyron tarmoqga
asoslangan adaptiv model va algoritm arxitekturasini ishlab chigish, turli neyron
modellarni giyoslash hamda model identifikatsiyasi, online adaptation va MPCni yagona
boshqgaruv sikliga birlashtirishdan iborat.

METODOLOGIYA VA ADABIYOTLAR TAHLILI

Tadgiqot tizimli va giyosiy-analitik yondashuv asosida olib borildi. Neyron tarmoglarning
texnologik jarayonlarni identifikatsiyalash va boshqarishdagi o‘rni, model predictive
control, data-driven MPC, adaptive control va physics-informed neural networks bo‘yicha
iImiy ishlar umumlashtirildi.

Ren va hammualliflar neural network modelling for MPC yo‘nalishida FNN, RNN, GRU,
LSTM va encoder-decoder arxitekturalarini tahlil gilgan. Ushbu modellar nolinear
kimyoviy jarayonlarda prediction model sifatida qo‘llanishi mumkin, ammo training sifati
va closed-loop performance alohida baholanishi lozim.

Morato va Felix data-driven MPC bo‘yicha adaptiv boshqaruv, reinforcement learning va
trajectory-based wusullar rivojlanayotganini ta’kidlaydi. Mazkur yondashuvlarning
umumiy jihati - jarayon modeli haqida to‘liq analitik ma’lumot bo‘lmagan holatda
ma’lumotlar asosida boshqaruv qarorini shakllantirishdir.

Physics-informed neural network yondashuvida neyron tarmogning yo‘qotish
funksiyasiga fizik model tenglamalarining residuali Kiritiladi. Natijada model fagat
ma’lumotdagi statistik bog‘lanishni emas, texnologik jarayonning fizik qonuniyatlarini
ham hisobga oladi.

Taklif gilinayotgan adaptiv model umumiy ko‘rinishda y(k+1)=f0[y(k), y(k-1), ..., u(k),
u(k-1), d(k)] shaklida ifodalanadi. Bu yerda y jarayon chiqishi, u boshqaruv ta’siri, d
tashqi buzilishlar, 6 esa neyron tarmoq parametrlari hisoblanadi.

MPC optimallashtirish mezoni setpoint tracking xatosi, control effort va constraint
violation penaltylarni birlashtiradi. Shu sabab controllerning magsadi fagat setpointga tez
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yetish emas, balki boshgaruv harakatini silliq va texnologik xavfsizlik talablariga mos
saglashdir.

Adaptiv mexanizmda neyron model har bir vaqt gadamida majburiy qayta o‘qitilmaydi.
Prediction residual belgilangan chegaradan oshsa yoki model confidence ko‘rsatkichi
pasaysa, online update ishga tushadi. Ushbu tamoyil event-triggered adaptation sifatida
garaladi.

NATIJALAR

Tahlil natijasida texnologik jarayonlarni neyron tarmoq asosida adaptiv boshgarish uchun
uch pog‘onali arxitektura shakllantirildi. Birinchi pog‘ona sensor va ma’lumotlarni qayta
ishlash gatlami bo‘lib, bunda signal filtrlash, anomal o‘lchovlarni aniglash va jarayon
holatini shakllantirish bajariladi. Ikkinchi pog‘ona neyron prediktor, uchinchi pog‘ona esa
MPC va supervisory adaptation blokidan iborat.

Model turi | Afzalligi Vaqt Online Hisoblash | Qo‘llash holati
xotirasi moslashu | yuklamas
% i

FNN/MLP | Oddiy va tez |Laglar Oson Past-o‘rta | Tez dinamika
approksimatsiy | tashgarida
a n

NARX Input-output Ha Yaxshi O‘rta Sanoat
history aniq identifikatsiyas

[

RNN Ichki dinamik | Ha Mumkin | O‘rta Nolinear
state dinamik obyekt

LSTM/GR | Uzoq Kuchli Mumkin | O‘rta- Kechikishli

U bog‘lanishni yugori jarayon
ushlaydi
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PINN Fizik Modelga | Mumkin | Treningda | Ma’lumot
constraintni bog‘liq yugori cheklangan
Kiritadi holat

1-jadval. Texnologik jarayon boshgaruvida neyron model arxitekturalarining gqiyosiy
xususiyatlari.

Neural-network-based adaptive process-control architecture

Technological process: nonlinear dynamics + disturbances + constraints + parameter drift

/\

Data layer: Adaptive neural model:

sensors, filtering,
state estimation FNN / NARX / RNN / LSTM / GRU / PINN

Neural MPC: prediction horizon + objective function + statefinput constraints + optimizer

/\

Supervisory adaptation: Safety layer:
residual test, confidence, operating envelope,
event-triggered update fallback controller

\ /

Closed loop: optimize u(k) -> apply -> measure -> validate model -> update if needed -> repeat

1-rasm. Neyron tarmoqga asoslangan adaptiv texnologik jarayon boshgaruvining
integratsiyalashgan arxitekturasi.

Taklif etilgan arxitekturada supervisory layer model xatosi, sensor anomaliyasi va
operating regionni nazorat qiladi. Prediction residual normal diapazonda bo‘lsa, neyron
prediktor fagat inference rejimida ishlaydi. Residual bargaror ravishda oshganda learning
rate, training window va regularization cheklovlari bilan online update faollashtiriladi.
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MPC cost funksiyasi setpoint tracking xatosi, control effort va constraint violation
penaltydan iborat bo‘lishi mumkin. Shu sabab neyron modelga asoslangan controllerning
magsadi fagat setpointga tez yetib borish emas, actuator harakatini sillig saglash va
texnologik cheklovlardan chigmaslikdir.

Bosqich Kirish Hisoblash Chigish | Xavf Himoya
mexanizmi

Data Sensor Filter va anomaly | Clean Bad sensor | Quality flag
validation | stream check state
Neural y,u,d RNN/NARX/PIN | Predicted | Model drift | Residual
prediction | history | N inference states monitor
Adaptatio | Predictio | Threshold/confide | Update/n | Overfitting | Dead-band
ntrigger |n nce logic 0 update

residual
MPC NN Finite-horizon u*(k...k+ | Infeasible | Soft
optimizati | model + | optimization N) solve constraint/fallb
on constrain ack

ts
Control First Actuator u(k) Unsafe Operating
action optimal | saturation extrapolati | envelope

move on
Learning | Closed- | Windowed Updated 60 | Forgetting | Bounded update
log loop data | training

2-jadval. Neural adaptive MPC algoritmining tavsiya etiladigan bosgichlari.
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Priority structure of the proposed adaptive-control methodology

5 5 5

Design priority (1-5)

Prediction Adaptation Constraint Real-time Robustness
accuracy speed handling feasibility

1-diagramma. Taklif etilgan adaptiv boshgaruv metodologiyasida dizayn prioritetlari. Bu
diagramma tajriba statistikasi emas, metodik ustuvorlikni ko ‘rsatadi.

Indikator Mazmuni Yaxshi natija | Boshgaruvdagi | 1zoh
roli
RMSE Prognoz xatosi | Past Neural ~model | Offline va
anigligi closed-loop
alohida
baholanadi
IAE Integral Past Tracking sifati | Uzoq davom
absolute error etuvchi  xatoni
ko‘rsatadi
Overshoot Ortiqcha oshish | Past Dinamik sifat | Xavfsizlik
limitlari  bilan
bog‘liq
Constraint Cheklov 0 Xavfsizlik Hard/soft
violations buzilishi constraint
farglanadi
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Solver time Hisoblash vaqti | Sample Real-time Warm-start
timedan kichik | feasibility muhim

Prediction Model-real Bargaror Drift detection | Adaptation

residual tafovuti trigger

3-jadval. Adaptiv boshgaruv tizimini baholash indikatorlari.

MUHOKAMA

Neyron tarmoglar asosidagi adaptiv boshgaruvning asosiy afzalligi analitik modeli
murakkab bo‘lgan texnologik obyektlarni ma’lumotlar asosida ifodalash imkoniyatidir.
Bu aynigsa nolinear, ko‘p o‘zgaruvchili va vaqt bo‘yicha parametrlari o‘zgaruvchi
jarayonlarda muhim.

Biroq prediction accuracy va control performance bir xil tushuncha emas. Neural model
offline datasetda yuqori aniqlik ko‘rsatishi mumkin, biroq yopiq konturda controller bilan
ishlaganda kichik model xatosi ham boshqgaruv harakatlari orgali kuchayishi mumkin.

Shu sabab neural modelni baholashda fagat validation loss emas, closed-loop RMSE, I1AE,
overshoot, constraint violation va real-time solver time ham kuzatilishi kerak.

Neyron modelning yana bir xavfi training distributiondan tashqgariga chiqgishdir. Model
fagat ma’lum operating regionda o‘qitilgan bo‘lsa, undan tashqaridagi extrapolation
ishonchsiz bo‘lishi mumkin. Bunday vaziyatda operating envelope va fallback controller
alohida ahamiyat kasb etadi.

Online learning ham ehtiyotkorlik bilan qo‘llanishi kerak. Juda katta learning rate
modelning disturbance yoki sensor shovginiga ortigcha moslashishiga olib keladi. Juda
kichik learning rate esa haqiqiy model driftni kech qoplaydi. Event-triggered adaptation
ushbu kompromissni boshgarish imkonini beradi.

RNN va LSTM modellari vaqtli jarayonlarni yaxshi tasvirlasa-da, online MPC ichida
ularning hisoblash narxi yuqori bo‘lishi mumkin. Shu sabab architecture complexity
sample time bilan muvofiglashtirilishi zarur. Ayrim jarayonlarda ixcham NARX yoki
MLP model amaliy jihatdan foydaliroq bo‘lishi mumkin.
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PINN yondashuvi data-driven va first-principles modellar orasidagi kompromissdir. Fizik
constraintlar model extrapolationini yaxshilashi mumkin, birog murakkab differensial
tenglamalar uchun training xarajati sezilarli oshadi.

Sanoat joriy etishda interpretability va operator ishonchi ham muhim. Neural controller
tavsiya qilgan control actionning sababini operatorga tushuntirish qiyin bo‘lsa, uning
safety-critical jarayonda gabul gilinishi cheklanadi. Shu bois confidence measure, alarm
va fallback logic muhandislik talabi sifatida garalishi kerak.

Safety instrumented system, hard interlock va actuator limits neural controllerni
almashtirmaydi. Adaptiv neyron controller normal operating envelope ichida performance
optimization vazifasini bajarishi, mustaqil xavfsizlik gatlamlari esa saglanib qolishi kerak.

Kelgusidagi amaliy tadgiqot real kimyo, neft-kimyo, metallurgiya yoki energetika
obyektida neural soft sensor, adaptive NN-MPC, uncertainty quantification va event-
triggered adaptationni bir tizimda baholashga garatilishi magsadga muvofig.

XULOSA

Neyron tarmoglarga asoslangan adaptiv modellar texnologik jarayonlarning nolinearligi,
parametr drift va murakkab o‘zaro bog‘lanishlarini ma’lumotdan o‘rganish imkonini
beradi. Ularni MPC bilan birlashtirish prognoz, optimallashtirish va constraint
boshqgaruvini yagona yopiqg konturga birlashtiradi.

FNN va NARX nisbatan yengil real-time model sifatida, RNN/LSTM/GRU vaqtli
dinamika uchun, PINN esa data va fizik gonunlarni birlashtirish uchun mos. Model tanlovi
prediction accuracy bilan birga hisoblash va stability talablari asosida bajarilishi kerak.

Adaptiv algoritmning eng muhim elementi online trainingning o‘zi emas, model xatosini
ishonchli aniglash va gachon moslashish kerakligini belgilashdir. Trigger-based
adaptation, bounded updates va fallback controller sanoat xavfsizligi uchun muhim.

Amaliy joriy etishda neural predictor-MPC tizimi sensor quality monitoring, uncertainty
margin, hard safety constraints, operator supervision va validated fallback bilan birgalikda
loyihalanishi kerak.

Shundagina neyron tarmoq texnologik jarayonlarni boshqarishda tajriba vositasidan
ishonchli engineering komponentiga aylanishi mumkin.
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