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Abstract: Spaceborne optomechanical systems face the dual

challenges of extreme thermal disturbances and
millikelvin-level temperature control precision during orbital
operations, demanding robust control strategies. To address
the performance limitations of conventional fixed-parameter
active disturbance rejection control (ADRC) under complex
operating conditions, this work proposes a Q-
ADRC

thermal-transfer model incorporating multisource distur-

learning-enhanced  adaptive framework. A
bances (solar radiation, structural conduction, and contact
thermal resistance) is established, coupled with a reinforce-
ment learning-driven parameter optimization mechanism.
The e-greedy policy dynamically adjusts observer band-
width (w,e[0.01,0.2]) and bandwidth

(w,€[0.01,0.1]) to enable real-time estimation and com-

controller

pensation of total disturbances. Simulation results demon-
strate significant improvements over fixed-parameter ADRC
and a self-tuning internal model control proportional-integral
(SIMC-PI) controller: 31.3% and 15. 4% reduction in set-
tling time during setpoint responses, respectively; 21.8%
lower integral absolute error (IAE) than the fixed-parameter
ADRC during setpoint step responses; 12.7% and 52. 5%
enhancement in control precision over conventional
fixed-parameter and SIMC-PI controllers, respectively, un-
der +10 K periodic and step thermal disturbances. Monte
Carlo robustness tests reveal smaller fluctuation ranges of
IAE, settling time, and overshoot under +5% parameter per-
turbations. This methodology establishes a new paradigm
for millikelvin-level thermal control in space optical pay-
loads.

Key words: optomechanical system; active disturbance re-
jection controller; Q-learning; high precision temperature

control

Received 2025-04-27,Revised 2025-10-17.

Biography: GU Yanping (1986— ) , female, doctor, senior research
fellow, gyp0523@163. com.

Foundation items: The National Key R&D Program of China (No.
2022YFB3902902) , the National Natural Science Foundation of China
(No. 52276003 ).

Citation: GU Yanping,ZHANG Hao, XU Tao,et al. Temperature regula-
tion of an optomechanical frame based on reinforcement learning active
disturbance rejection control[J]. Journal of Southeast University (Eng-
lish Edition) ,2026,42(1) : 112-120. DOI: 10. 3969/j. issn. 1003-7985.

2026.01.011.

DOI:10. 3969/j. issn. 1003-7985. 2026. 01. 011

In satellite-based Earth observation and cosmic explora-
tion missions, spaceborne optical systems have over-
come the limitations of ground-based observations, sig-
nificantly advancing fields including terrestrial monitor-
ing, atmospheric studies, oceanographic surveys, and
astronomical exploration''’. During orbital operations,
spacecraft experience variable thermal radiation from so-
lar exposure, planetary albedo, and deep-space back-
ground radiation (with an equivalent temperature of ap-
proximately 4 K) , causing periodic thermal fluctuations
in optomechanical structures'>’. Particularly for geosta-
tionary orbiting cameras, their optical systems endure ap-
proximately 4 h of solar radiation per orbital cycle, fol-
lowed by extreme cold immersion in shadow periods, re-
sulting in surface temperature variations exceeding +200
K"/, These thermal gradients induce changes in lens cur-
vature, thickness, and refractive index through conduc-
tive and radiative heat transfer, severely compromising
imaging fidelity"*. Consequently, precision thermal
regulation of optical components has emerged as a criti-
cal technology for maintaining satellite imaging stabil-
itym.

Global efforts in spacecraft thermal management have
achieved significant advances.
aerospace systems have attained thermal control preci-
sion of #0.02 K'® , while China’ s GF-2 satellite
achieved +0. 3 K accuracy'”’. Critical components of the
Hubble Space Telescope maintain temperature within
+0. 1 K. Tong et al. ) enhanced thermal regulation
through an improved proportional-integral (PI) algo-
rithm, elevating temperature control precision from
+0. 8 to 0. 5 K for lens barrels and from +0. 15 to +0. 05 K
for primary mirror mounts.

Emerging requirements present new challenges: the
Herschel Space Observatory’ s far-infrared optics de-
manded +3 mK stability within 10-s intervals''®', while
space interferometers necessitate =1 mK precision'>. Ac-
tive disturbance rejection control (ADRC) has shown ex-
ceptional promise in thermal management due to its
model-independent architecture and algorithmic simplic-

International advanced
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ity!""). Pan et al. "'* developed an ADRC-Smith compos-

ite system, achieving a 0. 14 ‘C temperature tracking er-
ror for shroud temperature control. Yun et al. '*! imple-
mented discrete ADRC on CompactRIO hardware, at-
taining 0. 03 “C/10 min stability for blackbody radiation
sources.

Reinforcement learning (RL) is categorized into
value-based methods (e. g., Q-learning, deep Q-networks)
and policy-based methods (e.g., policy gradients and
actor-critic algorithms)''*). Compared with modern algo-
rithms that rely on large-scale neural networks and exten-
sive training data, classical Q-learning, characterized by
its lightweight implementation, stability, and discrete ac-
tion mechanism''>’, exhibits greater suitability for
ADRC parameter-tuning tasks with limited state-action
spaces and strict real-time requirements. It is noteworthy
that existing research has rarely explored the integration
of RL and ADRC in spacecraft thermal control. This
work pioneers the application of Q-learning-ADRC to op-
tomechanical thermal regulation. Comprehensive simula-
tions comparing adaptive and fixed-parameter control-
lers, along with time-frequency domain analyses, vali-
date the proposed system’ s effectiveness for precision
thermal management in spaceborne optical systems.

1 Problem Formulation

1.1 Optomechanical thermal control system over-
view

The optomechanical system’s core function is informa-
tion acquisition. Photoelectric conversion transforms op-
tical signals (reflected or radiated from target objects)
into processable electrical signals for subsequent image
processing and data analysis. The imaging performance
is fundamentally governed by the inherent properties of
the optical lenses and the thermal regulation precision.

Fig. 1 is a schematic of a typical optomechanical sys-
tem. In this configuration, the lens exterior interfaces
with external thermal loads from solar radiation, plan-

etary albedo, and cold-space background radiation

Shroud

Lens

Support
structure

Front-end
components

Fig. 1 Schematic of the optomechanical structure!'”!

(about 3 K) , while the interior interacts with thermal
emissions from the system’s internal environment. Heat-
ing elements are integrated into the lens mount for pre-
cise temperature stabilization, providing a thermal con-
duction framework that enables millikelvin-level tempera-
ture control through advanced algorithmic optimization
of the controlled plant''®’.

1.2 Simplified thermal dynamics model

This work adopts the thermal control model proposed
by Li"'"!, which simplifies the mathematical representa-
tion of the optomechanical assembly to a first-order iner-
tial system with pure delay. This simplification effec-
tively captures the dominant low-frequency thermal be-
havior relevant to temperature regulation, while neglect-
ing the higher-order transient processes that have a lim-
ited impact on closed-loop performance. Moreover, the
ADRC framework uses an extended state observer
(ESO) to compensate for unmodelled dynamics and ex-
ternal disturbances in real time, thereby ensuring robust
and accurate control. Given that this simplified thermal
model has been experimentally validated"” , this work
focuses on optimizing the control strategy rather than re-
identifying or remodeling the plant.

The energy-balance equation governing the lens-mount
temperature regulation can be expressed as

T,
modr

=Q,+a,(T, - T,)+a,(T, - Tm)+%

e

(1)
where T, represents the lens-mount temperature; O, de-
notes heater power; C, =262.3 J/(kg-TC) is the total
heat capacity of the lens mount; o, = 1. 515 x 107°(T. +
T2T, + T, T} + T;) is the heat-transfer coefficient be-
tween T, and the shroud temperature 7, in W/K;
a, = 0.055 W/K is the heat-transfer coefficient be-
tween 7T, and the main support structure temperature
T,; R, = 1. 897 K/W gives the contact thermal resistance
between T, and the lens temperature 7.

Applying the Laplace transformation to Eq. (1) yields
the transfer function from heater power Q, to lens-mount
temperature 7, as

Ty = 1 -3s

G,(s)=—"= e (2)
8 0, Cos+a +a,+ ijcl

C

Disturbance terms from the shroud temperature T,
main support structure temperature 7,, and lens tempera-
tures 75 to T, are defined as

T

Gl(s)zin‘l: al -1 o
T, Cos+a; +oa, + R
T a

G,(s)=-"= 2 e

2 T, Cus+a, +a,+Ry (3)

T R},

G3(S) — m _ J - -3s
Iy  C.s+a, +a,+R,



114

GU Yanping, ZHANG Hao, XU Tao, and QIAN Bin

1.3 Control system design objectives

The system is modeled as a four-input single-output
configuration composed of first-order transfer functions.
The ADRC framework regulates the heater power input,
treating the remaining three thermal pathways as exog-
enous disturbances as defined in Eq. (3). The control
system dynamically optimizes ADRC parameters via
RL, outperforming fixed-parameter ADRC and SIMC-PI
in the following scenarios:

(D Setpoint tracking. Achieve engineering require-
ments for transient-response metrics (settling time ¢,
overshoot o, integral absolute error (IAE) , and maxi-
mum sensitivity M) during temperature setpoint transi-
tions.

(2 Disturbance rejection. Maintain lens-mount tem-
perature stability within +50 mK precision when sub-
jected to periodic £10 K variations in adjacent compo-
nent temperatures.

(3 Model robustness. Ensure rapid setpoint tracking
and stable operation with minimal performance degrada-
tion under +5% parameter perturbations in the controlled
plant''*.

2 First-Order ADRC Scheme

Although nonlinear ADRC (NLADRC) can theoreti-
cally improve tracking accuracy and disturbance rejec-
tion, its implementation suffers from tuning complexity
and uncertainty in stability analysis. Conversely, linear
ADRC (LADRC) is more suitable for engineering appli-
cations, offering a simpler and analytically tractable
structure. Therefore, this work employs a first-order
LADRC as the baseline controller in the lens-mount
heater-regulation system.

2.1 System architecture

Fig. 2 illustrates the Q-learning-ADRC framework.
The state-space model of the first-order plant is

}7 = xl
X, =X, + byu (4)
X, :f

where x, and x, denote the system states; b, represents
the estimated high-frequency gain; and f is the lumped
disturbance, which is regarded as an extended state to be
estimated in real time.

Q-table
— Baffle, lens, and
, | o support structure
r d | Lens y
_ mount

Fig. 2 Q-learning-ADRC architecture

To achieve dynamic estimation and compensation of

the total disturbance'"’, an ESO is designed as

:Zl

y
X, =2, =B,(y = z,)+ 2, + byu (5)
X, =2, =ﬁ2(y - 11)
where z, and z, represent the estimated system states; f3,
and 3, denote the observer gains.
Based on the estimated states, the control law is for-
mulated in the form of disturbance compensation as

uo = kp(r - Zl>
1 (6)
u=- (uy - z,)
0
where r denotes the reference input and k, denotes the
proportional gain.

Key tunable parameters in this ADRC system include
by, By, B, k,, along with the Q-learning optimization
framework. This architecture enables a systematic distur-
bance estimation and compensation process while main-
taining analytical tractability.

2.2 Parameter tuning methodology

Conventional ADRC relies on manual pole placement
to configure the observer and controller parameters. For
a first-order LADRC, three parameters are particularly
critical :

(1) Estimated high-frequency gain b,. It influences
the system s stability margin and control authority">"".

(2) Observer bandwidth w,. It determines the distur-
bance estimation speed and noise sensitivity 2.

(3) Controller bandwidth @, It governs the
closed-loop response speed and the degree of over-
shoot 22/,

Due to nonlinear coupling among parameters, manual
tuning cannot yield a global optimum. Therefore, a
Q-learning algorithm is used to adaptively adjust the pa-
rameters, ensuring optimal operation under various con-
ditions.

2.3 Performance-evaluation metrics

To quantitatively evaluate the control performance,
the following metrics are selected:

(1) TIAE™. It measures the cumulative deviation be-
tween the output and the reference.

240 It evaluates the system’s

(2) Maximum sensitivity
robustness against model uncertainties.

(3) Gain margin. It quantifies how much the loop
gain can increase before the system reaches instability.

(4) Phase margin. It measures the additional phase
lag the system can tolerate before becoming unstable.

For comparison, the fixed-parameter ADRC controller
employs median values from the RL action space. The

proposed method’ s superiority is validated through TAE
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reduction, maximum sensitivity optimization, and ro-
bustness testing under +5% parameter perturbations.
This evaluation framework ensures a comprehensive as-
sessment of transient response, disturbance rejection,

and model uncertainty tolerance.

3 Q-Learning-Based Controller Parameter Ad-
aptation

Q-learning, an off-policy RL algorithm, updates a
Q-table that maps state-action pairs to weight estimates

51 as illustrated in

for adaptive parameter adjustment"
Fig. 3. In this figure, Ae represents instantaneous tem-
perature deviation and Ar represents setpoint variation;
w, and w, are the two parameters to be optimized in the
ADRC framework; s; and a, represent the state vector

and action vector at simulation interval i, respectively.

Fig. 3 Q-table (state-action mapping)

3.1 RL framework for ADRC tuning

The ADRC parameter optimization control is formu-
lated as a Markov decision process, whose three funda-
mental components are defined as follows;

(1) The state space captures real-time thermal regula-

tion as
S =[Ae,Ar]" (7)

(2) The action space governs parametric adjustments

according to the bandwidth tuning principle.
A=]w, wC]T (8)

(3) Reward function is expressed as

20

R=Y[-k(J=J)-
i=0
k,(|Mg—1.4|+0.8)> + k,Gy, + k, Py, ] (9)

where J and J, denote the IAE and deviation-compensated
IAE, respectively, with J penalizing the cumulative
tracking error and J,; accounting for deviations during set-
point transitions; Mg enforces robustness via the maxi-
mum sensitivity near the ideal range [1.2, 1.6]; G,
and P,, represent the gain margin and phase margin, serv-
ing as the rewards for stability margins; k,, k,, k;, and
k, are weighting coefficients, which ensure dimensional
consistency and stable training. They can be adjusted to
emphasize different control objectives according to the
application scenario. Initially, the coefficients are nor-
malized to balance the contribution of each term to the to-

tal reward, with typical magnitudes around 1, 1, 107,
and 107°. Although these coefficients have little impact
on training speed, proper initialization helps prevent di-
vergence during the early training stages. Fine-tuning is
based on the final convergence of the training to ensure
stable and effective learning.

This formulation enables autonomous adaptation to dy-
namic thermal loads while maintaining strict stability con-
straints, demonstrating superior control compared to
fixed-parameter configurations in subsequent analyses.
The Q-learning hyperparameters and training specifica-

tions are summarized in Table 1.

Table 1 Q-learning parameters

Parameter Value
Learning rate o 0.99
Discount factor y 0.5
Episodes 6 000
Initial &, 1
Decay rate of & 1.98x 107
Interval i 60
Duration #/s 10
w, action range [0.01,0.2]
w, action range [0.01,0.1]

The procedure of the Q-learning-ADRC algorithm is
compiled as follows.

Algorithm 1 Q-learning-ADRC

1 Initialize Q-table Q (s, a,)

2 For episode = 1 to 6 000

3 Reset system state s, = [ Ae,, Ar ]

4  For each interval i = 1 to 10

5  Selectactiona; = [ w, , w_,]via e-greedy policy

6 Execute action a, for 60 s, observe reward r; and
next state s, , ,

7 Update Q-table: Q(s,,a,) < Q(s,,a,)+ alr, +
ymax Q(s,, ,a) - Q(s,a;)]

8 Update state: s, <— s, ,

The reward moving average (calculated over every 20
episodes) demonstrates progressive policy optimization,
achieving convergence after 6 000 training episodes, as
shown in Fig. 4.

|
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|
o
(=3

Total reward
|
(=N
[e)

— Q-learning

—— Moving average

0 1000 2000 3000 4000 5000 6000
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L
[
(=

-120

Fig.4 Cumulative reward curve
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3.2 Offline simulation in a composite training sce-
nario

Fig. 5 presents the time-domain performance of the
Q-learning-ADRC system under multicondition testing.
A multisegment reference trajectory is designed to simu-
late alternating heating and cooling phases, representing
orbital thermal load variations such as solar heating and
deep-space cooling.

—_
(=]

_— Q—I-é;lm'ing;A

Mount
temperature/°C
wn

DRC
--------- Set point
oL , Desired . . N
0 100 200 300 400 500 600
Time/s
a
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g 100
=]
=0
3
T -100 . : : : : ;
0 100 200 300 400 500 600
Time/s
(b)
0.20 1.12
B56658688880) () | ()
0.15
0.08
g 0.10 0.06 &
e 0-04
0.05
g 0.02
oL - ' 0
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Time/s

(c)
Fig. 5 Offline simulation results. (a) Multisegment tracking
performance; (b) Control inputs; (c) Adaptive adjustment of
ADRC parameters

As shown in Fig. 5, the ADRC system with a
Q-learning parameter tuning strategy exhibits superior
control performance, with a total TAE value of 331.77

calculated from the simulation results.

3.3 Stability and sensitivity analysis

The graph of the test scenario frequency-domain met-
rics in Fig. 6 validates the controller’s robust stability. It
can be observed from Fig. 6 that the maximum sensitiv-
ity remains within the ideal range [1.2,2.0] The gain
margin ( >10 dB) and phase margin ( >30°) are main-
the The
Q-learning-ADRC controller exhibits moderate sensitiv-

tained  throughout training  process.
ity during dynamic parameter changes, while not being
overly sensitive to disturbance, and has a phase margin

and gain margin in line with engineering applications.

1.9
1.8
1.7
1.6
1.5
1414

Maximum sensitivity

1.3

12 300 400 500 600
Time/s
(a)
35¢ 175
—e— Gain margin
_ —©— Phase margin
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(=)

25

20
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15

300
Time/s

(b)
Fig. 6 Dynamic changes during controller parameter adapta-

0 100 200 400 500 600

tion of maximum sensitivity, gain margin, and phase margin in
training scenarios. (a) Maximum sensitivity variation; (b) Gain
margin and phase margin variations

3.4 ESO observer performance

Fig. 7 illustrates the estimation performance of the
ESO for both total and output disturbances. As shown in
Fig. 7, the Q-learning-ADRC controller achieves smaller
estimation errors than the fixed-parameter ADRC, with
its error trajectories are closer to zero.

To quantify the estimation accuracy, the estimation er-
in Table 2. The
Q-learning-ADRC controller achieves a total disturbance

ror statistics are summarized

031 — ADRC
o2k — Q-learning ADRC
: Reference line
Y 0.1r
I\(; O [ SN L— N
—0.1p |
—0.2k . . . . . )
0 100 200 300 400 500 600
Time/s
(a)
0.15 — ADRC
0.10 — Q-learning ADRC
A 0.05 A Reference line
N0 / :5>>-
-0.10 t; ; ;
005700 200 300 400 3500 600
Time/s

(b)
Fig. 7 ESO tracking performance comparison. (a) Compari-
son of total disturbance estimation error; (b) Comparison of
output estimation error
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Table 2 ESO estimation error performance comparison

Controller Disturbance z, — y Output z, — f
Q-learning-ADRC 5.86 1.50
Fixed-parameter ADRC 17.57 2.28

estimation error of 5. 86 and an output estimation error of
1.50, which are significantly lower than those of the
fixed-parameter ADRC. These results further confirm
that integrating the ESO with Q-learning effectively im-
proves disturbance estimation accuracy.

4 Comparative Simulation

4.1 Tracking under setpoint steps

During orbital operations, the lens-mount temperature
requires dynamic adjustments to accommodate varying
imaging tasks. Fig. 8 compares the performance of the
Q-learning-ADRC controller with the fixed-parameter
ADRC controller (using median action values) and a
SIMC-PI controller under setpoint step changes.

~
1

s
-

Mount
temperature/°C
[\e]

—— Q-learning-ADRC
—— ADRC SIMC-PI
o . - Setpoint ---—- Desired
0 20 40 60 80 100
Time/s
(a)
0.10
g 0.05¢
—o— 0,
0 . . . o 40
0 20 40 60 80 100

Time/s
Fig. 8 Setpoint tracking performance. (a) Tracking perfor-
mance under setpoint changes; (b) Adaptive adjustment of
ADRC parameters

The key performance metrics summarized in Tables 3
and 4 demonstrate the superiority of the Q-learning-ADRC
controller.

Table 3 Dynamic performance comparison

Controller IAE t/s al%
Q-learning-ADRC 39.77 494 0.00
Fixed-parameter ADRC 58.18 72.0 0.00
SIMC-PI 34.30 58.4 25.95
Table 4 Robustness comparison
Controller Max1mum Ga'%n mar- Pha.se mar-

sensitivity gin/dB gin/ (°)
Q-learning-ADRC 1.708 12.507 42.155
Fixed-parameter ADRC 1.730 11.709 41.872
SIMC-PI 1.694 9.469 47.763

A comparative analysis of Table 3 and Fig. 8 shows that
under the setpoint step condition, the Q-learning-ADRC

controller has significantly better control performance
than the traditional fixed-parameter ADRC and SIMC-PI:

(1) The settling time is shortened by 31.3% and
15. 4%, respectively, and the dynamic response is faster.

(2) The overshooting amount is reduced by 26% com-
pared to the SIMC-PI system, and the stability of the sys-
tem is strengthened.

(3) The IAE is reduced by 21.8% compared to the
fixed-parameter ADRC system, and the control accuracy
is improved.

In addition, the robustness comparison in Table 4 dem-
onstrates that the system preserves adequate stability mar-
gins under varying operating conditions, confirming the
effectiveness of the proposed Q-learning-based
parameter-tuning algorithm in real time during setpoint

tracking.

4.2 Stability against periodic and step disturbances

During the satellite’ s operation in orbit, the shroud
temperature exhibits cyclical changes: the initial tempera-
ture is 250 K, and under the cyclic influence of solar irra-
diation, its temperature change behavior can be de-
scribed as follows: for the first 40 min, it rises by 10 K,
followed by a drop of 10 K in the next 80 min, and then
returns to the initial temperature of 250 K for the last
40 min, forming a complete 160-min cycle of change,
with a temperature fluctuation amplitude of + 10 K. This
periodic temperature fluctuation can be approximated as
a sinusoidal function with an amplitude of 10 K. The
temperature of the hood is maintained in the range of 250
+ 10 K, and the heat is transferred to the frame by ther-
mal radiation, which has a significant effect on the frame
temperature. Based on the above analysis, the tempera-
ture perturbation can be modeled as the following sinusoi-
dal function form:

T, =250 + 10sin(%t)

In addition, time series plots of the two-parameter tra-
jectories for the three controllers are shown in Fig. 9,
where black dashed vertical lines indicate the times at
which - 30 and 5 K steps occur in 7, and T, respec-

(10)

tively.

The maximum amplitude and deviation integrals of the
three controllers are shown in Table 5. As shown in Fig.
9 and Table 5, the ADRC system based on Q-learning ex-
hibits superior control performance under the effect of pe-
riodic external perturbations: the system response time is
significantly shortened, and the maximum amplitude of
the temperature fluctuations is effectively controlled
within the range of +40 mK. Compared with the
fixed-parameter ADRC and SIMC-PI control systems,
the Q-learning-ADRC controller achieves a substantially
lower TAE value. In addition, the system’s phase mar-
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Fig. 9 Disturbance rejection performance. (a) Tracking per-
formance under disturbances; (b) Adaptive adjustment of
ADRC parameters

Table 5 Tracking accuracy comparison

Controller IAE Peak deviation/K
Q-learning-ADRC 27.53 0.040 4
Fixed-parameter ADRC 29.64 0.046 9
SIMC-PI 38.28 0.097 2

gin and gain margin are verified by stability analysis to
meet the requirements of engineering applications, veri-
fying the reliability of the proposed method.

The simulation experiment results show that there is a
significant difference in the control accuracy of the three
systems under the fluctuating working conditions of
shroud temperatures: the traditional fixed-parameter
ADRC control system has an accuracy of +46 mK, and
the SIMC-PI system has an accuracy of +97 mK, while
the Q-learning-ADRC control system improves the con-
trol accuracy to +40 mK, which is 12. 7% and 52. 5%
higher, respectively. This result proves that the proposed
Q-learning-ADRC control system can effectively achieve
the target control accuracy requirements and provides a
reliable technical solution for orbital thermal control of
satellites.

4.3 Robustness analysis through perturbation simu-
lations

To comprehensively evaluate controller robustness,
we implement Monte Carlo simulations with 5% pertur-

[27]

bations in the following parameters'>’': (1) Lens-mount

total heat capacity C, ; (2) Frame-shroud heat transfer co-
efficient a,; (3) Frame-support heat transfer coefficient
ay; (4) Frame-lens contact thermal resistance R, .; (5)
System time delay L.

Fig. 10 illustrates the parameter variation ranges across
100 randomized trials, while Fig. 11 statistically ana-
lyzes the performance metrics. Based on the experimen-
tal results, the distribution of the total system error IAE,

settling time 7, and overshoot o is plotted in Fig. 11.

A rmemeees | — Q-learining-ADRC
| ! — ADRC
i i SIMC-PI
SR S ot
e | :
E ! : 29
IS ! i
(5] A S 1
2, 2.7
g 3.9 25
5 3.7 23
= 1t 35 20 30 40 50
33
. 515 25 35
0 20 40 60 80 100
Time/s

Fig. 10 Parameter perturbation ranges of +5%

60
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55} o ADRC

SIMC-PI

50

45+

TAE

401

45 50 55 60 65 70 75
t/s

(a)

o Q-learning-ADRC
o ADRC
10F SIMC-PI

o/%

45 50 55 60 65 70 75
t/s

(a)
Fig. 11 Performance metric distributions under model uncertain-
ties. (a) IAE-settling time distribution; (b) Overshoot-settling
time distribution

Statistical analysis of Fig. 11 reveals that the
Q-learning-based ADRC control system exhibits superior
robustness when the controlled object parameters vary
within +5%: the fluctuation ranges of the settling time
and IAE are reduced, compared to the fixed-parameter
ADRC controller and the SIMC-PI controller. The ex-
perimental results confirm that the Q-learning mechanism
effectively enhances the ADRC controller’s ability to ob-
serve and compensate for the unmodelled system dynam-
ics and significantly improves the tolerance of the control
system to model uncertainty. Specifically, the introduc-
tion of RL enables the control system to adaptively com-
pensate for parameter perturbation effects, effectively

suppress performance fluctuations caused by the unmod-
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elled dynamics, and maintain stable control despite the
presence of model uncertainty. These properties make
the proposed method particularly suitable for orbital ther-
mal control scenarios with complex operating conditions
and uncertainties.

5 Conclusions

To address the high-precision temperature control re-
quirements for optomechanical systems in space explora-
tion satellites, this work proposes a Q-learning-ADRC
scheme. Through systematic theoretical analysis and
simulation validation, the method achieves real-time
adaptive optimization of ADRC parameters, significantly
enhancing control performance under complex operating
conditions. The three main conclusions are as follows:

(1) The proposed Q-learning-ADRC control system
demonstrates superior dynamic characteristics. Com-
pared with fixed-parameter ADRC and SIMC-PI under
the setpoint step condition, the proposed system exhibits
superior dynamic performance: the settling time is re-
duced by 31.3% and 15.4% relative to the fixed-
parameter ADRC and SIMC-PI, respectively, while the
overshoot decreases by 26% compared with SIMC-PI and
the IAE by 21. 8% compared with the fixed-parameter
ADRC.

(2) The system maintains excellent stability under pe-
riodic external disturbances with control precision within
+40 mK, representing a 12. 7% and 52. 5% improvement
over conventional fixed-parameter methods and SIMC-PI
methods, respectively.

(3) Monte Carlo simulations indicate that the pro-
posed Q-learning-ADRC controller yields a 3%-6% re-
duction in the fluctuation ranges of settling time and IAE
compared with fixed-parameter ADRC and SIMC-PI con-
trollers under +5% variations in system parameters, indi-
cating enhanced robustness to model uncertainties.

Although the proposed Q-learning-ADRC framework
exhibits strong potential in simulation studies, its practi-
cal deployment remains challenging. The online explora-
the

Q-learning algorithm may impose real-time constraints

tion and high-frequency updates inherent to
on satellite hardware with limited computational re-
sources. Future work will focus on lightweight algorithm
design, state-space discretization strategies, and
hardware-in-the-loop testing to evaluate the framework’ s
real-time performance in embedded systems. This work
presents an innovative solution for high-precision tem-
perature control of optomechanical systems, offering
both significant theoretical insights and practical engi-
neering value for advancing spacecraft thermal manage-

ment technologies.

(8]

[10]

(11]

[12]
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