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Introduction

Background and motivation

KAIST-MMR (Micro Modular Reactor)

» 10 MW, class S-CO, direct cycle in combination with a fast neutron nuclear reactor

>
>
>

Long life core (20 yrs) and enhanced safety feature
Full modularization (reactor core, power conversion system)
Transportable and installed to generate electricity in extreme environments (remote site)

7.0m

Precooler

Compressor ]

< Concept of KAIST-MMR >
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Introduction

Background and motivation

KAIST-MMR (Micro Modular Reactor): load following capability

» Reactor power control & power conversion system control

» S-CO, coolant: compressible fluid and large density variations with pressure changes

> Passive load following operation using coolant inventory control
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Introduction

Background and motivation

PID-based control of KAIST-MMR for load following operation

»  Scenario (ramp rate & operation range) based automatic controller design
under limited optimization
»  Control objective
- Regulation: Maintain a steady state value
- Tracking: Follow a prescribed trajectory
»  Control parameter
- Compressor inlet temperature

M dmc =k EC1T+k fECIT(t)dt+k

Stability,

Performance
optimization

Ecir = dECIT
CITdesign

- Turbine rotational speed

dw

at

_ (Wturb _Wcomp)Sgenerator—Wgenerator

Yiliw
Ergp = Mr frep = kpErgp + k; f Erpp(t) dt + kg4 dETBP

Wdesign
»  Optimization parameter
- Inventory

EIV -

M(t)—Mearget
Miarget
=kyEy +k; f Ey(t)dt + kg
mout =k EIV + k f EIV(t) dt + kd
>  Safety limit

- Compressor surge margin
SM = Meomp —Msurge

dEIV

dEIV

Msurge

Comprassor inlet temperature Compressor surgs margin

feedback

D\L Waee = Wy —W¢ W gencrator Load demand
4 |
Vs -~ Inventory .
‘ i Dypass Cycle efficiency
D :

: T _ Wnet s Wr— WC
%#]2"“ N~~~ 1 " Qore 1 %care.

: v Minimize

Dependent — V;: Control discharging flow 2 p,,; | 2 Qcore !
V,: Control charging flow 2 p,,q T2 Qcore T

V3: Control turbine bypass flow > Wy | (regulate w)
V,: Control cooling flow > regulate CIT

% Optimum combination of [V{,V,,V3,V,] with system stability
- Minimize Q..
% Many solutions satisfying a given scenario
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Introduction

Research scope

Deep reinforcement learning (DRL) based control

» RL: Sequential decision making setup which consists of an agent interacting with an environment in discrete steps.

» RL problems are described as Markov Decision Processes (MDP)
- State se S E— Agent |
- Actiona e A state rreward i IAZ{[i]c;n
- Reward R¢ = E[R¢4q | S¢ = 5,4, = a] % ' [P1seesPrT1yenTrstitypenstity s W, M, Q, .. 1, , 4 %
- Policy m(als) = P[A; = a | S; = s] Rsa .
- Discounting factor y E<s’” ; Environment [<¢——

» It aims to increase the number of independent state and control variables as compared to

the classic control environments

/ Environment: KAIST-MMR\

State: simulation data

Reward
- Control performance
- Off-design efficiency

vy P 1 t
! — Turbine bypass
P K

B S <
|:| " Action: control valve positions

\ \{ e 1 / , /
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System analysis
code data

Introduction

Research scope

Reinforcement
learning

Env. \ 4

Supervised :

learning Time series

KAIST-MMR
model

\ 4

surrogate model

state

Policy

Learning agent

Reinforcement

learning Action

Env. \ 4

KAIST-MMR

model

state

Policy

Pre-trained agent

Pre-training

1. Training time

2. code stability

Transfer learning
(Fine tuning)
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Supervised-learning

Data production

System modeling

» System analysis code: modified MARS code (MARS-CO,) Acoat ....... ’ ...... % Wl Sy 1 Ay F
> Based on MARS-KS 1.4 ver. | properties [N e k)
H Management
1. NIST database for accurate calculation near the critical point ' oy | CEMECATON |
2. PCHE heat transfer model for calculation (recuperator) - mw%‘g:” s
3. Pham(CEA) turbomachinery similitude model B . po il

User Friendly GUI & Nuclear Plant Analyzer

» Steady-state modeling including main components and control system

o
/_\ P[MPa] | T[K] Wmlkg/s]
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Supervised-learning

Data production

ion

ing simulati

Load follow

Load-following Scenario
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» Various PI gain values of control valves

> 9,900 simulation data with 5,949,900 data points

W
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Supervised-learning

Time-series surrogate model

Rolling window forecast

24 System parameters 5 Control parameters

| |
I | \
< > One-step ahead rolling forecast Inurt syor e R T T e e & R 8 ey
X t-2
o o o o o o o o o o 5
L 2
o o o o o o o o o o o
. . ‘ ‘ . . . . . . Hidden layers iy
o | o | 0o | 0|0 | 0|0 |0 0 o0 z
. . . . . . . ‘ ‘ . Dense (units: 25, sigmoid)
- - OUt‘IPUt2|2yer [Pi]Pa] sl pa]PsPe [T [1a [T [Ta T [ T [itc ine | w [we[ Wi o] et incefsm] £+
@ Input data point @ Labelled (or test) data point (x24 \ , )
24 System parameters
» LSTM based multivariate time-series forecasting model Training (80%) Validation (10%) Test (10%)
° ConvlD-LSTM MAE
. Number of
« Attention based LSTM nodes ConviD- Attention
. LSTM based LSTM
/\/ /{./1 i I Y 32 3.0e-3 6.37e-4
=) D § 0| e WA 64 1.9¢-3 5.17e-4
3 1fa I ] o Tl - .Je . e
Raw feature time series “n::::]:u;:lf::jt]l:i:i:l:;m LSTM model Prediction 128 1.86-3 4.589-4
4 I (N 256 1.7e-3 4.41e-4
Attention weigh t— ® _ s -
Attention V% hl[’ ‘5!_ ’_é - » ;:'r \W 512 1.6e-3 4.36e-4
o s 1fo 1fe | ¥
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12
MAE = NZ'ypred,i — Ymars,i

i=1

< NPNP




Supervised-learning

Time-series surrogate model

Surrogate model test results

Turbine inlet pressure
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< Comparison of MARS code data and predicted values from the surrogate model >

> Test results show very good agreement with MARS simulation data
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Reinforcement-learning

Pre-training using surrogate model

RL environment and training conditions

» Scenario: 100% - 70% - 100% operation (10%/min)

» Action space: Box(-1, 1, (3,)) control val
1. TBP (-1: V, fully closed, 1: V, fully o
2. Inventory (0: V, & V; closed,

ves
pened)

-1: V, fully opened, 1: V; fully opened)
3. CIT (-1: V, fully closed, 1: V, fully opened)
» Observation: Box(0, 1, (24,)) system parameters

> Rewards

RPM deviation
1. RPM 1
2. Efficiency 0
3. CIT

-50, done = true

4. Alive: +1
5. Abnormal termination (penalty)

» Algorithm: Proximal policy optimization (PPO)

Generator power demand [%]
@
&

Load-following Scenario

o
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Time [sec]

Efficiency
1

0

300
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» Max episode length: 600
» Max training length: 3e7

Environment
(Surrogate)

le- Action (a) -

[
(s,a,r,s)
}

[Actor-Critic PPO

_|

Actor network |

600

Policy m

t

| Critic network

Sample
memory

Update critic parameters
vis Gradient Descent

|—— State value V(s)

Va
bk X V3
; 4
b L PN |
: [ e
V2
CIT deviation
40 % 1 0K
25 % 0 / 1K
Update policy parameters .
via Gradient Ascent PPO Loss Cliped
h
I
Probability Ratio
(Current policy/Old policy)
Advantage
Function
h 4
Value Loss
15
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Reinforcement-learning

Pre-training using surrogate model

Pre-training results and control test

Load-following Scenario

e L o
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< Training & test scenario > < Control test results in surrogate environment (CIT & RPM) >

Pre-trained model test (MARS)
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< Control test results in MARS environment (CIT & RPM) >

» Pre-trained agent shows reasonably good control performance under the trained scenario.

< Pre-training result >

G NN NN NI NN NN NN NN NN NN E N NS S AN NS EEEEEN SN NEEEENNNNEEEEINNNEEEEEEEEEEEEEEEEEEEEEEE

16
» It also performs control in the correct direction in MARS environment, but needs to be improved further with post-learning. % NPNP
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Further Works

Transfer learning using system analysis code

>

vV V VYV

Fine tuning (lower training time steps)

Optimizer: Adam > SGD
Learning rate |

Training time comparison

Reinforcement
learning Action

- Surrogate model: 3e7 steps ~570 mins
- MARS: 1e5 steps ~2280 mins
Surrogate model - ~1200 times faster

Application to real world system
» Hardware validation of DRL-based control methodology

30 Mw M 550 °C

35 °C
8 MPa ‘)Eo MPa

m>mm§mmmmm

va

Y

< Layout of KAIST-MMR >
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< Layout of ABC test loop >

Policy

Pre-trained agent

< Inventory tank >
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System analysis code: MARS code modification

1. Physical properties of CO,

« NIST database for accurate calculation near the critical point

o

MARS Cp (Mg K]
. 9
Mo dified MARS Cp [Jkg K]

REFFROF Cp [Jikg K] REFPROP Cp [ kg K]

2. PCHE heat transfer model
+ For design and off-design calculation of recuperator

Nu = 0.0292Re %8137

3. Turbomachinery model
» CEA similitude model & performance maps

CEA Similitude Model
Performance

| i [ Prerr ]

Corrected properties

o[ . AH
- myfngRZT nyP AH,= ( RZ?‘) (NRZT) ey
n.P JnRZT), Tts

v (AP

_ Nrpm _
N,pm—( JrRAT (,fnstr)Ref ns = -5l 5, )

Inlet Conditions
| T,P,1h, RPM

L
: Accurate

properties

o,

Yau

*., Turbomachinery model .

[l
U
U

.t

%

MA:S 1.4

Multi-D System TH Analysis >

Easy-to-Maintain

Management

CODE RESTRUCTURING & MODERNIZATION
Modular Database-Type Structure & Dynamic Memory

CODE UNIFICATION

FORTRAN 90 Conversion

Flexible

Integrated Pressure Matrix & Solver
1D MODULE /0 System
(RELAPS) Water Properties
Heat Structure Coupling

Point Kinetics
Single CPU Platform
RELAPS New Features
Boron Transport

Maintenance and Improvement of
Existing Codes Capability

Readable

3D MODULE
(COBRA-TF)

Portable

User Friendly GUI & Nuclear Plant Analyzer
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System analysis code: loop modeling & code validation

Precooler-1

P cv-1

Filter
. Compressor
120

Recuperator

PCHE
OO OO0 000

PCHE

< Schematic of ABC loop modeling in MARS code >
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< Previous CIT control test data >
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< Transient scenario in MARS code simulation >

Time (Sec)




Niciear Paet & Praculsion Lsoeratcey

System analysis code: loop modeling & code validation

CO, Temperature (Exp.)
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CO, Pressure (Exp.)
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System analysis code: loop modeling & code validation

Mass flow rate (kg/s)
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» MARS code can well simulate the dynamic characteristics of the ABC test loop

>

400 500 600 700 800
Time (Sec)

It is possible to predict not only the normal state but also the abnormal state of the system.



< NPNP

Long Short Term Memory (LSTM) model

>

< Recurrent neural network (RNN) >

@ Output
A

\

put Gate
(Cell) state P p==(x o,
Forgqt G
®
e
Hidden State p

itp

ate @D
X Of
(o]

P Next (Cell) State

ut Gate

$ Next Hidden State

@ Input

& ®) @
1N — ‘IT\; t
2 g El]l/ﬂ A
© ® ©

< LSTM >

Model to solve the long-term dependencies in traditional RNNs.
To predict future data by considering not only the previous
data, but also the past data more macroscopically

6 parameters & 4 gates
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Long Short Term Memory (LSTM) model

Cell state Forget gate Input gate
Ciy P Pt 1%
%> ®

it :
Cy
hi—1
T [

it = G(Wi'[ht_l,ll)'t] + b,)
ét :tanh(W(;-[ht_l,fL’t] + bc)

ft=0Wg-[hi—1,2¢] + by)

Update Output gate
h/ A
¢,
— @ P
Ganb>
Tt it > ot )
Ci
htfl ﬂ ]lt

by

o =0 (Wy [he—1,2¢] + bo)
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Deep Reinforcement learning

» RL: Sequential decision making setup which consists of an agent interacting with an environment in discrete steps.

» RL problems are described as Markov Decision Processes (MDP)

[ Agent

[P1yeeePrusT1yenTgtiteestitgeeW, M, Q, .1, 4

Environment ]4—

- State se S -
: —
- Actiona e A
- Reward R% = E[R41 | S¢ = 5,4, = a] state rreward
Ky 14
- Policy m(als) = P[A; =a | S; = s] '
T,
- Discounting factor y !
s
| 1+1
1<t
1

> Objective: maximize the expected return by choosing an optimal policy

- Return G, = X8 ¥*Resr+1

- State-value function V,,(s) = E,[G; | S; = s] V7 (s) = max V,(s)
Vs

- Action-value function Q. (s,a) = E.[G; | S; = s,A; = a], Qi (s,a) = max Q,(s,a)
Vs

» Value based RL (DQN) > Policy based RL

- Minimize loss function L(0)

Vi . Val,
action
ar

S, =

> 7T,(S,)

- Maximize objective function j(6) = 1, (So)

- G4 < O — a - VoL(0) (gradient descent) - 011 < O + a - VpJ(0) (gradient ascent)

- 7*(als) = {1 if a = argmax, Q5 (s, a) - Action choice: softmax

0 otherwise




< NPNP

RL algorithm: Proximal Policy Optimization (PPO)

> Policy gradient (PG): Vgj(0) = E, [Vg logmg (s, a) - Qr, (s, a)]

Ery[Vologmy(s, a) - G Erg[Vologmy(s,a) - Ay (s, a)]
" Trust Region Policy Proximal Policy
PG/REINFORCE Actor Critic (A2C S . -
/ ( ) Optimization (TRPO), 2015 Optimization (PPO), 2017
state (s) state (s)
Decoder Network Decoder Network A<0
\/ 0 1-¢1 .
Actor Actor Critic V :
Network Network Network 0
(s; 8) (s 60) Vi(s;9) rp :
n(e) L(8)-C-KL L(8) H
Actor-Layer @
Nwé&‘ o () = _molals)
:\:‘or(\j'\mgziayer O ‘Q ng(azlse) . T[eold (a | S)
_— ot Advantage function
sy O Ot Ary = Qr,y(s,a) = Vi (s) Kullback-Leibler (KL) :
s‘ta!e[CnO]D () 6 it divergence CI'p parameter
O O Oweres J(0) —J(0o10) = L(B) >0 Dk (mg, (- [s) I (- |$)) < 6 I-e<sr(@®=1+e
O
St ©)



