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In this study, a thermal model of a space telescope is established in Simulink. An intelligent autonomous thermal
control strategy based on actor-critic reinforcement learning (RL) for proportional-integral-derivative (PID)
parameter adaptive self-tuning, called RL PID, is proposed. This control strategy enables the PID thermal controller
to adaptively tune the PID parameters to achieve stable and precise temperature control. A single radial basis function
(RBF) neural network is applied to simultaneously approximate the strategy function of the actor and the value
function of the critic. The actor maps the system state to PID parameters, and the critic evaluates the output of the
actor and generates a temporal difference (TD) error. Based on the architecture of the actor-critic RL algorithm and
the TD error performance index, a design flow chart of RL PID is made. Both theoretical and experimental results
show that RL PID can achieve a temperature control precision of 0.01°C, and that the steady-state error is reduced
by 50 and 75% in the simulation and 50 and 67 % in the experiment compared with those of the traditional PID
controller and the traditional switch controller, respectively. RL PID has better reliability, more robustness, and a

faster response.

Nomenclature
ayrr = absorption coefficient of multilayer
¢ = specific heat capacity of node i
D;; heat transfer coefficient from node i to node j
E;; = radiative heat transfer coefficient from node i to node j
k = sampling number
m; = quality of node i
Paim = atmospheric pressure

Pheat = heating power

PID = proportional-integral-derivative
o = internal and external heat sources of node i
RB = radial basis function

RL = reinforcement learning

RLPID an intelligent autonomous thermal control strategy
based on actor-critic reinforcement learning

SAM = stochastic action modifier

T = sampling period

T; = thermal dynamic temperature value of node i

Tinside = temperature inside the incubator

Touwside = temperature outside the incubator

Vsup = volume

a = weighted coefficients of immediate reward

ay = learning rate of actor

ac = learning rate of critic

p = weighted coefficients of immediate reward

6o = temporal difference

My = learning rate of center

N = learning rate of width
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y = discount factor

€ = tolerant error band

EMLI = emission coefficient of multilayer
Esup = emission coefficient

1. Introduction

EMPERATURE is the main factor affecting the performance of

space telescopes. The spatial temperature uniformity and
keeping temperature change rate are critical to the precision thermal
control of space telescope. Proper thermal control strategies are
crucial to controlling the temperature of some key components within
their proper ranges to guarantee long-term stable operation. The
requirements for thermal control have increased with increasing
resolution of space telescopes [1,2]. Although the temperature
control precision of some space telescopes can reach one-thousandth
of a degree Celsius, much higher precision is needed.

High-precision temperature control can be achieved through a
variety of methods. Proportional—-integral-derivative (PID) thermal
control is widely used for space telescopes because of its suitable
static and dynamic characteristics, simple implementation, and high
robustness.

PID thermal control was applied to meet £0.05°C temperature
precision for the optical assembly of Envisat [3]. An adaptive PID
thermal control algorithm was applied to the Swift satellite thermal
controller, which is mainly used for active thermal control of an X-ray
telescope, with control precision of higher than 0.1°C achieved [4—6].
The US Jet Propulsion Laboratory developed a digital temperature
control system for space that uses a platinum resistance thermometer
as a temperature sensor and a PID temperature control algorithm to
adjust the temperature control power [7]. The system provides fault-
tolerant, multizone temperature control with temperature control
precision of 0.1°C. The far-infrared optical system of the Herschel
and Planck satellites [8] and the thermal control loop of the star sensor
adopt a proportional-integral (PI) thermal control algorithm. The
CALIPSO satellite thermal control heater [9] is controlled by a
programmable logic controller, and also uses a PI control algorithm.
The key parameters of a PID controller influence temperature control
precision in the traditional control process. And the traditional PID
thermal controller needs to manually tuning the parameters, which
will take a lot of time and it cannot be adaptively adjusted online.
Researchers have thus proposed a number of PID parameter tuning
methods, such as fuzzy adaptive PID control [10,11], neural network
adaptive PID control [12], and evolutionary algorithm adaptive PID
control [13]. Fuzzy adaptive PID control requires a large amount of
prior knowledge. Because neural network adaptive PID generally
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Fig. 1 Thermal model of space telescopes in Simulink.

uses supervised learning to optimize parameters and its teacher signal
is difficult to obtain, its practicability is relatively poor. Less prior
knowledge is required for evolutionary algorithm adaptive PID
control; however, it has a long calculation time and it is difficult to
apply it for real-time control [14-16].

To realize high-precision temperature control for space telescopes,
an intelligent autonomous thermal control strategy based on
reinforcement learning (RL) for PID parameter adaptive self-tuning,
called RL PID, is proposed in the present study. RL PID is different
from a traditional supervised learning algorithm in that supervised
learning adopts a reward and punishment method, whereas RL uses
an agent to obtain empirical knowledge according to interactions
with the environment. The RL agent first actively explores the
environment and then evaluates the results of the exploration based
on the optimized controller. This enables unsupervised online
learning without a model. The actor-critic learning algorithms
proposed by Barto et al. is one of the most important RL methods
[17,18]. It is a systematic method for simultaneously finding the
optimal action and the expected value in real time. Actor-critic
learning algorithms have been widely used for various tasks related to
artificial intelligence, robot planning and control, and optimization
and scheduling. In the present study, an actor-critic learning radial
basis function (RBF)-network-based adaptive PID intelligent
thermal controller for space telescopes is proposed. The actor-critic
learning algorithms adaptively tune the PID parameters. The
controller is online adapted according to system dynamics.

The remainder of this paper is organized as follows. Section II
presents a thermal model of a thin plate unit in Simulink. Section III
shows the process of RL PID. Sections IV and V, respectively,
describe simulation and experimental results. Finally, Sec. VI shows
the conclusions of this study.

II. Thermal Model of Space Telescopes

Before RL PID can be applied, it is necessary to first analyze the
thermal model of space telescopes. The thermal physics model of
space telescopes is very complex. The node network method [19-22]
is mainly used for modeling. Space telescopes can be divided into
various finite elements according to their characteristics, where each
unit is regarded as an isothermal body and used as a node. The
following heat balance equation is applied to each node:

Cimi— == Xi:Ej(Tj -T}) + Z:Dij(Tj -T)+0;+P (1)

where T'; is the thermal dynamic temperature value of node i; C; is the
specific heat capacity of node i; m; is the quality of node i; E;; is the
radiative heat transfer coefficient from node i to node j; D;; is the heat
transfer coefficient from node i to node j; Q; is the internal and
external heat sources of node i; and P; is the temperature control
power for node i.

Using the node network method, the main mirror support structure
of a space telescope is divided into 24 units as shown in Fig. 1.

Based on the node network method, combined with Simscape in
MATLAB and Simulink [23,24], the unit A1l in Fig. 1 is further
divided into four units, to construct a thin plate unit body thermal
model, as shown in Fig. 2.

III. Adaptive PID Thermal Controller
A. Architecture of Adaptive PID Thermal Controller

The structure of the proposed adaptive PID thermal controller
based on RL is shown in Fig. 3. Itis based on the design concept of the
discrete positional PID controller [25] described by Eq. (2).

u(t) = K(t)x(r)

=k, (0)x, (1) + k; () x5 (1) + kp (1) x3(1)
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@)

and T is the sampling period; k is the sampling number,
k=0,1,2,...; error(k—1) and error(k) are the system error
signals obtained for samples k — 1 and k, respectively; and K(7) =
[kp(1), k;(2), kp(2)] is a vector of PID parameters.

In Fig. 3, y(#) and y,(¢) are the actual and desired system outputs,
respectively. The system error e(¢) = y,(t) — y(¢) is converted into
system state vector x(z) through a state converter. An actor-critic
learning architecture consists of three essential parts, namely, an
actor, a critic, and a stochastic action modifier (SAM). The actor is
used for policy estimation, mapping system state variables to the
recommended PID parameters K' () = [k, (¢), k/(1), k[, (f)] from the
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Fig. 2 Thin plate unit body thermal model in Simulink.
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Fig. 3 Architecture of adaptive PID thermal controller based on actor-critic learning.

current system state vector. The parameters of the actor output do not
directly participate in the design of the PID controller; they are
corrected by the SAM according to the value function estimation
information provided by the critic so as to obtain the actual PID
parameters K (1) = [kp(?), k;(2), kp(#)]. The critic receives the state
vector of the system from the state converter and the immediate
external reward signal r(f) from the external environment. It
evaluates the decision-making effect in each time period of the RL
and generates temporal difference (TD) error (i.e., internal
reinforcement signal) drp(f) [26] and estimated value function
V(t), where 61p(¢) is directly provided to the actor and the critic and
used for updating their various parameters. At the same time, V (¢) is
sent to the SAM and used to modify the output of the actor.

In the course of designing the external reinforcement signal r(), it
must be considered that both the system error and the change rate of
the error impact system control performance. Therefore, the external
reinforcement signal r(¢) is defined as:

r(t) = are(t) + Pre.(1) ®)

where a and f are weighted coefficients and

_Jo le(t) < ¢
re(r) = {—0.5 otherwise ®
_Jo le(D)] < le(r = 1)
Fee(t) = {—0.5 otherwise (10)

where ¢ is a tolerant error band.

B. Actor-Critic Learning Based on RBF Neural Network

The RBF neural network is a multilayer feedforward neural
network proposed by Powell in 1987 [27,28]. It has good global
approximation ability, a simple structure, and a fast training method.
There is no local minimum problem. In this study, the RBF neural
network is used to learn both the actor’s strategy function and the
critic’s value function. The actor and critic inputs are all derived from
the state variables of the environment, but their outputs are different.
As shown in Fig. 4, the actor and critic share the input layer and
hidden layer resources of the common RBF neural network. This
structure not only reduces the storage system requirements of the
learning system, but also avoids the double calculation of the hidden
layer node and output layer node. It can also improve the learning
efficiency of the system. In this study, the RBF neural network is a
three-layer feedforward network (layer 1, layer 2, and layer 3). The
definition of each layer is given below.

Layer 1 (input layer): The number of input layer nodes is
determined by the dimension of the input signal. Each node in this
layer is a system state variable. The input vector or system state vector
is defined as:

an

k
X(t) = [xl-|1, 2, 3] = [e(t), Z e(t)T, Aé]'w(l’)]
t=0

where i is an input variable index. As shown in Fig. 4, the number of
nodes in the input layer is three. The input vector x(¢) is directly
delivered to the next layer.

Layer 2 (hidden layer): The kernel function of each neuron in the
hidden layer of the RBF network is selected to be a Gaussian function
where the output of the jth hidden neuron is:
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where p; = [y, o, /43j]T is the center and o; is the width scalar of
the jth hidden neuron, respectively, and 4 is the number of hidden
neurons.

Layer 3 (output layer): This layer is made up of two parts, namely,
the actor part and the critic part. The mth output of the actor part,
K,,(t), and the value function of the critic part, V(¢), can be,

respectively, calculated as:

K, (1) = iwm_i(t)d)j(t), m=1,2,3 (13)
j=1

h

V() =) v (@),

j=1

j=12....h (14)

where w,,; and v; are, respectively, the weights of the jth hidden
neuron to the mth actor neuron and to the single critic neuron. In this
structure, the number of output nodes is four.

As shown in Fig. 3, the output of the actor part is not be used by the
PID controller directly. A Gaussian noise term 7, is added to the
recommended PID parameters K'(¢) coming from the actor. Then,
the actual PID parameters K(7) are modified as shown in Eq. (15),
where the magnitude of the Gaussian noise depends on the estimated
value function V(). When V(¢) is large, 5, is small, and vice versa.
This solves the dilemma of exploration and exploitation. This
dependency is described in Egs. (15) and (16):

K() = K'(t) + ni(0,0v(1)) (15)
where

1
oy(t) = TT exp@VD) (16)

A very important feature of actor-critic learning is that the actor
learns the policy function and the critic simultaneously learns the
value function using the TD method. The TD of the value function
between successive states in the state transition is used to calculate the
TD error o7D as:

omo() =r(®) +yV(t+1) - V() a7
where r(t) is the real-time external reinforcement reward signal, and

7, whose magnitude is between 0 and 1, is the extent to which the TD
error affects future rewards. 57 D(t) reflects the degree of good or bad

of the selected actual action. Then, the performance index function of
system learning can be expressed as:

1
E() =580 (18)

Based on the TD error performance index, the gradient descent
method, and a chain rule, the weight of the actor network is iteratively
updated; that is, the weight of the actor network at time ¢ + 1 is the
weight at 7 plus the actor learning rate multiplied by a policy gradient.
The iterative equations are

km(t) - Kl/n (l)

Wyt + 1) = w,,; (1) + a46rp(?) ou(0)

() (19)

where a, and ac are the learning rates of the actor and critic,
respectively.

Because the actor and the critic adopt the same inputs and the same
hidden layers of the RBF neural network, the centers and the widths
of the hidden neurons need to be updated only once. This is done as
follows:

st 1) = (1) + (v (0D, (1) LT FI D o
O'j(t)
— . 2

ot + 1) = a,(1) + ndro (O, () OO o))

o3 (1)

According to the above analysis, the flow chart of RL PID is shown
in Fig. 5.

IV. Simulation Research

To verify that the parameters of RL PID dynamically self-tune
when the dynamic characteristics change, the algorithm was applied
to the temperature control of the main mirror support structure of a
space telescope. The related physical parameters of the main mirror
support structure are shown in Table 1. Because of the high thermal
coupling relationship between the support structure and the main
mirror, the temperature change of the support structure directly
affects the stability of the temperature of the main mirror, and so the
temperature control requirement is very high (required precision of
0.1°C). A multilayer material [29,30], with an emission coefficient
€gup 0f 0.69 and an absorption coefficient ag,, of 0.02, is coated onto
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Fig. 5 Flow chart of adaptive PID thermal controller.

the mirror to reduce the effect of the outside atmosphere on its internal
temperature. To verify the robustness of the proposed control
algorithm, two random temperature disturbance signals, denoted
conditions A and B, respectively, from 3 to 4°C are applied to one side
of the main mirror support structure. An active temperature control
loop is arranged on the side opposite to the main mirror, and RL PID
is applied in the loop. The related parameters of the simulation test
environment are shown in Table 2.

To evaluate the performance of RL PID, traditional PID, and
switch control in the presence of external random interference, the
simulation experiment is divided into two heating stages. The total
experimental time is 2700 s. From 0 to 1350 s, the temperature of the
thermal coupling zone is gradually increased from the initial
temperature of 21.98 to 23°C, which is used as the operating
temperature of this stage. From 1351 to 2700 s, the temperature of the
thermal coupling zone is gradually increased to 24°C, which is taken
as the operating temperature of this stage. To analyze the control
effects of the controllers, the simulation results of the switch
controller and traditional PID thermal controller designed by Ziegler-

Table1 Physical parameters of main mirror support

structure
Parameter Description Value
Psup Density, kg/m? 2637
Msyp Quality, kg 3.16
ksup Thermal conductivity, W/(m - K) 200
Csup Specific heat capacity, J/(m - kg - K) 904
Esup Emission coefficient 0.3

Vsup Volume, m? 0.3%0.2x0.02

Nichols [31] and those of RL PID are compared. The traditional PID
parameters are Kp =20, K; =0.008, and Kp = 0.001. The
temperature threshold of the switch controller is 0.01°C. The
parameters of RL PID are shown in Table 3.

The thermal model was built in Simulink, and the control
algorithm was designed in MATLAB. The results of the simulation
are shown in Fig. 6.

As shown, when the external disturbance changes, the traditional
PID controller exhibits a large overshoot of about 0.8°C and 0.5°C.
The traditional switch control has a static error of about 0.07°C. In
contrast, RL PID has almost no overshoot and has the fastest response
speed. Its temperature control precision reaches 0.01°C, and its
steady-state error is 50 and 75% smaller than those of traditional PID
control and switch control, respectively, as shown in Table 4 (see next
section).

V. Experiments

We carried out thermal experiments using a main mirror support
structure of a space telescope similar to that used in the simulation
(see Table 1). The related parameters of the experimental test
environment were similar to those of the simulation test environment
shown in Table 2. Because the accuracy of sensors and actuators is
very important for precision thermal control of space telescope, to
measure temperature changes more accurately, we used a platinum
resistance as a temperature sensor and placed them in some key
locations to monitor temperature changes in real time. We controlled
the thermal coupling zone between the main mirror and the support
structure, and monitored the temperature changes in the heating zone
and the boundary zone of hot and cold regions in real time with
platinum resistors. As shown in the Fig. 7, we used an incubator as an
insulating device for the experimental device to be insulated from the
outside. We change the heating power of the heater by changing the
voltage of the heater, which is controlled by the programmable power
supply controlled by the RL PID. It was ensured that the temperature
fluctuation was maintained within £0.1°C. To verify the robustness
of each control method, two random temperature disturbance signals,
shown in Fig. 8, from 3 to 4°C were applied to one side of the main
mirror support structure.

The algorithm was developed in MATLAB, and then joint control
was carried out with LabView [32-34] to make an experimental flow
chart (see Fig. 7).

A thermal test temperature and power control program was built in
LabView, and the temperature signal of the key node of the main
mirror support structure collected by the temperature data acquisition
system in real time was transmitted to the control algorithm in
MATLAB through a router for analysis. Then, the actor-critic
algorithm made an intelligent decision and sent a control signal to the

Table 2 Parameters of simulation test environment

Parameter Description Value
Py Atmospheric pressure, kPa 101.325
T'inside The temperature inside the incubator, °C 24.50

T gutside The temperature outside the incubator, °C  26.41 £ 0.3
PHeat Heating power, W 0-13.195
EMLI Emission coefficient of multilayer 0.69
ayLi Absorption coefficient of multilayer, m? 0.02

Table3 Parameters of RL PID

Parameter Description Value

a Atmospheric pressure, kPa 101.325
p The temperature inside the incubator, °C 24.50

€ The temperature outside the incubator, °C  26.41 £ 0.3
Y Heating power, W 0-13.195
ay Emission coefficient of multilayer 0.69

ac Absorption coefficient of multilayer 0.02

1y Absorption coefficient of multilayer 0.02

Mo Absorption coefficient of multilayer 0.02
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Fig. 6 Simulation results.

Table4 Temperature balance of various control methods in simulation and experiment

Condition A Condition B

Control method  Test type First period  Second period  First period  Second period
RL PID Simulation 23.99 +0.01 24.00 £0.01 23.99+0.01 23.99 £+ 0.02
Experiment 23.99 +0.02 24.00+0.01 24.01 £0.01 24.00 £ 0.02

Traditional PID Simulation 24.00 +0.02 23.99 £0.02 24.00 +0.01 23.99 £ 0.02
Experiment 24.01 £0.03 23.98+0.04 24.01 £0.03 23.98 £0.04

Switch PID Simulation 24.01 £0.06 23.99 £0.07 24.01 £0.05 23.99 +0.07
W Experiment 24.03 +£0.06 23.97 £0.08 24.02+0.07 23.97 £0.08

program-controlled power supply through the router for temperature
control.

As shown in Fig. 9, the temperature disturbance affects the overall
system temperature. For condition A, it has the greatest influence on
the temperature control of the traditional PID controller. For
condition B, when the steady-state temperature rises, the influence of

the temperature disturbance on the temperature of the overall system
isreduced. The steady-state temperature obtained with the traditional
PID controller is more stable and the temperature control precision is
higher.

As shown in Fig. 9 and Table 4, the traditional PID controller has
the longest response time and the largest overshoot (0.5°C and 0.6°C
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Fig. 9 Experimental results.

for conditions A and B, respectively). Its temperature control
precision reaches 0.02°C. The response time of the switch controller
is the shortest and its overshoot is very small (0.02°C); however, there
is a residual deviation of 0.13°C that cannot be eliminated. In
addition, its temperature control precision is only 0.03°C. RL PID has
afastresponse time and the smallest overshoot (0.01°C). It has almost
no residual deviation and its temperature control precision reaches
0.01°C. The adjustment time, stability, and temperature control
precision of RL PID are greatly improved, especially temperature
control precision, which is about 50 and 67% higher, compared with
those of traditional PID control and traditional switch control,
respectively.

VI. Conclusions

This study proposed an intelligent autonomous thermal control
strategy based on RL for PID parameter adaptive self-tuning. The
control effect of RL PID was shown to be better than those of
traditional PID control and switch control, with a shorter adjustment
time, a faster response speed, better resistance to interference, and
better adaptiveness of the controlled object parameters. RL PID has
better dynamic characteristics and steady-state performance than
those of conventional PID control and traditional switch control, with
a smaller steady-state error and higher control precision. Both
theoretical and experimental results show that the proposed controller
can achieve temperature control precision of 0.01°C. In simulations,
the steady-state error of RL PID was reduced by 50 and 75%, and in
experiments, it was reduced by 50 and 67% compared with those of
the traditional PID controller and the traditional switch controller,
respectively.

The convergence of RL PID is not particularly stable. It is
necessary to further improve the convergence and stability of the RL
algorithm to improve the precision and stability of the control.
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