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1o address the issue of thermal energy supply and demand balance during deep
peak regulation of thermal power units with a high proportion of new energy, this
paper proposes an automated regulation algorithm that integrates reinforcement
learning and adaptive control. Using the Markov decision process as a frame-
work, a high dimensional state space and a multi-constrained action space are
constructed, and a multi-objective weighted reward function is designed to balance
accuracy, speed and economy. A 600 MW unit simulation platform is built based on
MATLAB/SIMULINK and verified under conditions of rapid load rise and fall, low
load stability, and variable operating disturbances. The results show that: when
the load fluctuates, the main steam pressure overshoot is 2.1%, the adjustment time
is 320 seconds, and IAE and ISE are 42.3% and 58.7% lower than PID, respec-
tively; the temperature fluctuation in low-load operation is £0.5%, and the coal
consumption is 322 g/lkWh, which is 4.7% lower than PID. The recovery time in the
anti-disturbance experiment is 28 seconds, and the maximum deviation is 0.4 MPa.
The robustness is superior to that of the traditional algorithm, providing technical
support for deep peak regulation.
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Introduction

The global energy transition clean energy is accelerating, with the installed capaci-
ty of new energy sources, such as wind power and PV power, increasing. It is estimated that
global new energy power generation will account for more than 40% in 2030 and is expected
to reach over 60% in 2050, placing high demands on the power system’s flexibility. Driven by
my country’s dual carbon goals, the average annual growth rate of new energy installed capac-
ity exceeds 15%. By the end of 2024, the cumulative installed capacity of wind power and PV
power is expected to exceed 1.2 billion kW, accounting for more than 40% of the total installed
capacity. The deep peak-shaving capacity of thermal power units has become a key factor in
ensuring the stability of the power grid, and frequent adjustments are required below 30% of
the rated load to mitigate frequency fluctuations. Deep peak-shaving has significant technical
value, which can reduce the abandonment rate of new energy, optimise energy configuration,
and ensure the safety of the power grid [1]. Among them, the balance of thermal energy supply
and demand is the core, and a deviation of more than 5% will affect the equipment’s lifespan.
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There are mature technical systems in this field abroad, such as Siemens’ system in Germany
and GE’s combustion optimisation transformation in the USA. However, there are limitations,
including adaptability to working conditions [2]. Domestically, the focus is on engineering
optimisation, and the relevant research conducted by North China Electric Power Universi-
ty and Zhejiang University has achieved certain results. However, the adjustment accuracy is
insufficient under variable working conditions. Existing research has limitations in traditional
PID control and model predictive control (MPC) [3]. For this reason, this paper proposes an
innovative algorithm that integrates reinforcement learning and adaptive control, which will be
verified through simulation experiments and actual unit transformation cases, providing sup-
port for engineering practice.

Theoretical basis of deep peak regulation of
thermal power units and balance of heat supply and demand

Principle and current situation of deep peak regulation of
thermal power units

Basic concept of deep peak regulation of thermal power units

Deep peak regulation of thermal power units refers to the operation mode of load
regulation for units below the lower limit of conventional peak regulation (typically <30% of
rated load). It is a key technical means for mitigating the load fluctuations of the power grid
following the large-scale integration of new energy sources into the grid. Boundary conditions
can define its load range:

Lpg ={L]0.2L 0 SL<03L0y ) (1

where L,,.q1s the rated load. The lower limit of this range is not a fixed value, but is dynami-
cally adjusted according to the fuel characteristics [4]. For pulverized coal boilers, due to their
relatively stable combustion characteristics but the difficulty of stable combustion at low loads,
the minimum load usually needs to be >20% of the rated load; circulating fluidized bed boilers
rely on their unique fluidized combustion method, and the minimum load can be as low as 15%
of the rated load, which has a more obvious advantage in deep peak regulation.

The quantitative model of key technical indicators can more accurately describe the
deep peak regulation performance. As an important indicator reflecting the speed of load re-
sponse, the dynamic characteristics of the peak regulation rate satisfy a specific functional
relationship:

dL

R =3 = pe ot/ Tt 4 f, @)
rated
where ki, k», k; are the equipment characteristic parameters. This formula reflects the attenu-
ation characteristics of the rate regulation at low load. When the unit load decreases, the peak
regulation rate will gradually decrease [5]. The minimum stable combustion load is the primary
indicator for measuring the unit’s deep peak regulation capability. The combustion stability
restricts it and is closely related to the excess air coefficient, a:

L..=1L, [l+cl(a—aopt)+cz (a—aopt )3} (3)

where a,, is the optimal excess air coefficient. The introduction of the cubic term reflects the
non-linear effect of the excess air coefficient on the minimum stable combustion load when it
deviates from the optimal value under extreme conditions [6].
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Deep peak regulation operation mode of thermal power units

Sliding pressure operation is a commonly used operation mode in deep peak regula-
tion. It adjusts the load by adjusting the steam inlet pressure of the turbine. The relationship
between the steam inlet pressure and the load satisfies:

I AL)
Pin = Prated {L_] (4)

rated
where

A(L)=0.8+0.4¢ (L)

is a variable exponential function. This function characteristic causes the pressure decay rate to
be faster at low loads. Constant pressure operation maintains the steam inlet pressure of the tur-
bine unchanged and adjusts the load by changing the valve opening. The relationship between
the valve opening, i, and the load is:
2
1+d, (1 - L j ®)]

rated

H=H

rated

The composite operation mode combines the advantages of sliding pressure operation
and constant pressure operation, adopts different operation modes in different load ranges, and
realizes mode conversion through the L, switching point. The switching threshold satisfies:

L, =0.5L, [1 +e !t T (6)

where 7 is the lag time constant, which is used to avoid frequent switching of operating modes
when the load fluctuation approaches the switching point, thereby reducing parameter fluctua-
tions and ensuring the stability of unit operation.

Basic theory of heat supply and demand balance

Thermal energy generation and conversion process of
thermal power units

The boiler is the main heat-generating equipment of thermal power units. The rela-
tionship between its combustion heat generationm, Q,, and fuel input, B:

Qb = BQnetnb (a’L) (7)
The combustion efficiency:

Ty = 0.92—0.05[1— J—0.0S(a ~1.2)?

rated
which reflects the coupling effect of low load and air coefficient deviation on combustion effi-
ciency. The steam turbine is the core equipment for converting thermal energy into mechanical
energy, and its thermal energy conversion efficiency, 7, satisfies:

—k( 70A3j
Lmtc
mo=ng|l=e V= = £ pin = Pino) (8)

This formula reflects the non-linear relationship between steam parameter deviation
and efficiency. The auxiliary system also consumes a certain amount of heat energy during the
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operation of the thermal power unit, and its energy consumption increases significantly at low
load. Taking the fan as an example, the change law of its power, Py, is:

2
Pf=Pf,o[ L j+0.3[1— L ] 9
Lrated Lrated

At low load, although the fan’s output demand is reduced, its power reduction is
smaller than the load reduction due to the fan’s characteristics, increasing the proportion of
auxiliary system energy consumption [7]. This increase in energy consumption will affect the
overall economy of the unit and needs to be taken seriously during deep peak regulation.

Dynamic changes in heat supply and
demand during deep peak regulation

During the load reduction stage, the heat supply and demand relationship of the ther-
mal power unit changes significantly, and the dynamic equation of the heat supply and demand
deviation AQ is:

A -
thQz—dewa%—q%e 1 (10)

This equation reflects the asynchrony between the release of boiler heat storage and
changes in turbine demand. In the load increase stage, it is common for heat energy supply to
lag behind demand, and the supply lag time, ,,, satisfies:

ez
o =1o| 1+0.8¢ 1o +0.3‘%‘ (11)

When the unit load increases rapidly, the boiler must also increase its heat production
rapidly. However, due to its large thermal inertia, it cannot meet the steam turbine’s thermal
energy demand promptly, resulting in a drop in steam pressure.

Under extremely low load conditions (such as 20%-30% of the rated load), heat gen-
eration, conversion and consumption show particularity, and the heat energy fluctuation ampli-
tude, oy, is:

15
L
oy =0y (Ttdj [1+ g, sin(or)] (12)
where o is the combustion pulsation frequency.

Reinforcement learning — adaptive control automatic
adjustment algorithm model
Algorithm design ideas
Algorithm core ideas

The automatic adjustment algorithm of the reinforcement learning — adaptive control
fusion architecture uses the Markov decision process as a framework, abstracts the unit state
into a high dimensional space, and explores the optimal strategy through the interaction be-
tween the intelligent agent and the environment. Its core control logic meets:

u(l):ng [s(t)]+Auadp [e(t),é(t)} (13)
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among them, my[s(¢)] is the reinforcement learning strategy function, 6 — the neural network
parameter, s(f) — the unit state vector at time #, Au,q, — the adaptive correction term, which is
determined by the real-time supply and demand deviation, e(?), and its rate of change, é(?).

Differences and innovations from traditional algorithms

Traditional PID control relies on a fixed parameter group, making it difficult to bal-
ance control accuracy and stability within a wide load range, particularly for deep peak reg-
ulation. When the load drops from 50%-30% of the rated load, the pressure control deviation
usually increases by 2-3 times. This algorithm uses a dynamic strategy update mechanism to
make the control parameters meet:

0(t+1)=0()+aV s (0)e 0N (14)

where o is the learning rate (range 0.001-0.01), £ — the deviation attenuation coefficient (usually
0.5-2), and V,J(0) — the policy gradient. This mechanism allows the parameter update amplitude
to adaptively decay as the supply and demand deviation decreases adaptively, thereby avoiding
parameter oscillation caused by over-adjustment.

Compared to MPC, this algorithm does not require the establishment of an accurate
unit dynamic model, instead, it handles the non-linear characteristics of the system through the
experience playback mechanism. Its model error tolerance satisfies:

t
Sy =0y {1+7I"r(1)"dr} (15)
0
where J, is the initial error tolerance and y — the learning gain, and

[lr(e)ksz

is the cumulative reward points [8]. As the learning process deepens, the cumulative reward
gradually increases, and the model error tolerance increases accordingly, allowing the algo-
rithm to maintain a stable control effect even when the boiler efficiency fluctuates by £3%. The
turbine steam inlet parameters deviate from the design value by 5%.

Model construction

Training 3000 epochs on NVIDIA V100 takes 8.5 hours and inference latency is 0.3
second per step (compatible with 0.5 second DCS sampling). Requires 16 GB memory, meeting
industrial computer standards — no additional hardware upgrades needed for retrofitting.

State space design

The selection of the state variable set directly affects the algorithm’s ability to per-
ceive the unit’s operating status. Taking into account the key factors affecting the supply and
demand of thermal energy in thermal power units, the state variable sets = [p, T, G, L, Ty, O,]
is selected, where p [MPa] is the boiler outlet steam pressure, 7' [°C] — the boiler outlet steam
temperature, G [tone per hour] — the turbine steam inlet, L [MW] — the actual load, 7;[°C] — the
furnace temperature, and O, [%] — the flue gas oxygen content. These variables reflect the core
states of the heat generation, conversion, and consumption links, covering the entire process
from fuel combustion power output.
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Due to the significant differences in the dimensions of each variable (such as pressure
in MPa and oxygen content in per cent), principal component analysis is necessary for standard-
isation and dimensionality reduction. After processing, it meets the requirements:

Sted :WT (S—,Lls)z—% (16)

where W is the eigenvector matrix, u,— the mean vector of the state variables, and Y, — the
covariance matrix. After standardization, the weights of each principal component satisfy
>nw* = 1, which effectively eliminates the impact of dimensional differences on the conver-
gence speed of the algorithm and reduces the number of model training iterations by about 20%.

Action space design

The design of the adjustment action set must consider both the control effect and
the safety of unit operation [9]. Select the regulation action set a = [B, V, V;, W, u,], where B
[tone per hour] is the fuel supply, which affects the heat supply by changing the combustion
heat production, ¥ [m® per hour] — the air supply, which adjusts the combustion sufficiency, V;
[m? per hour] — the induced draft, which controls the furnace negative pressure, W, [m® per
hour] — the feed water flow, which affects the steam production, and u,[%] — the turbine throttle
opening, which adjusts the steam flow distribution.

Each action must meet strict constraints:

da(t)

—= .max 1
o |5 (17)

Apin < a(t) < Apax >

where the upper and lower limits of action @u,d||a@m.. are thedetermined according to the unit
design parameters (for example, the lower limit of fuel quantity is usually 20% of the rated
value), and the action change rate constraint adopts non-linear restriction:

03
Ay (L):dO[LL j {1+§sin£2;L H (18)
rated rated

where d, is the maximum change rate under rated load and ¢ — the correction coefficient (taken
as 0.1-0.3). Fuel supply lower limit dynamically adjusts to 18% rated at <25% load (verified via
CFB boiler tests). The ¢ = 0.2 is calibrated using 500 sets of low-load operation data, balancing
adjustment agility and combustion stability; constraint boundaries are validated against 600
MW unit safety protocols.

Reward function design

The reward function is the baton of the reinforcement learning algorithm. Its design
needs to comprehensively consider the balance of heat supply and demand, operational econo-
my and safety. The multi-objective weighted form is adopted:

r(2) = oy (1) + @1y (1) + @37 (2) (19)
where wd||w,dl|w; 1s the weight coefficient, satisfying w,+ w,+ w;= 1.
Heat supply and demand balance reward item:

Osup ~Odem
Orom (20

-k

rQ (1)=rye
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where ry is the basic reward value and x, — the attenuation coefticient, Oy, and Qg — the actual
heat supply and heat demand, respectively, and Q,.» — the rated heat supply. When the sup-
ply-demand deviation is 0, the reward value reaches the maximum; when the deviation exceeds
10% of the rated value, the reward value drops to 0.

The economic reward item

oo = —¢[ D(t) =B |

is linked to the power supply coal consumption deviation, b(¢) — the real-time coal consump-
tion, b, — the benchmark coal consumption, and ¢ — the coefficient determined according to the
power generation cost. The penalty item satisfies:

= Xk (t)_xk max ]2
r..(t)=—> A max|(0,————— 21

Pen( ) kzz; ¢ ( xk,max _xk,min ( )
where x,(7) is the safety constraint parameter (such as steam pressure, furnace negative pres-
sure) and A, — the penalty coefficient (the safety parameter takes a larger value). The weight
is optimized through the particle swarm optimization algorithm, so that the reward function
gradient satisfies

IVr| ele.6] (4 = 0.1, =0.5)

to ensure the balance between the algorithm convergence speed and stability.

Experimental simulation verification
Simulation platform construction

The advantages of using the MATLAB/SIMULINK platform are: the Simscape Pow-
er Systems module library contains a dedicated model for thermal power units, which can be
directly called to improve modelling efficiency by 40%. It supports continuous-discrete hy-
brid simulation and can be integrated with Python integrate reinforcement learning algorithms
[10]. Tt has better real-time performance, a simulation step of 1-10~* seconds, and can capture
dynamic transient responses. The boiler adopts the lumped parameter method, the combustion
system takes into account the pyrolysis characteristics of bituminous coal, and the furnace tem-
perature field is simulated using a dual-zone model with a deviation of <5%. The steam-water
system includes economizers, steam drums, efc., and the dynamic response time constant of
the components is 60-90 seconds. The steam turbine is based on variable operating condition
curve fitting, divided into high, medium, and low pressure cylinder modelling, taking into ac-
count the influence of steam humidity, and outputs shaft power in real time. The generator is a
600 MW synchronous motor, which is connected to the power grid to simulate the grid-con-
nected frequency response [11]. The control system includes load processing and main steam
parameter control loops. The algorithm is embedded through the S-function module, with a
sampling period of 0.5 seconds, which is consistent with the on-site DCS.

Its rated load is 600 MW, with main steam at 25.4 MPa/571 °C, reheat steam at
569 °C/4.5 MPa, the boiler’s maximum evaporation capacity at 1890 tone per hour, and the tur-
bine’s rated steam inlet at 600 tone per hour, based on the parameters of a 600 MW supercritical
unit. Initial operating parameters include a 300 MW load, main steam pressure of 18 MPa, fuel
volume of 120 tone per hour, and air volume of 280000 m? per hour, with a deviation from the
power plant’s historical data of <2%.
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Simulation experiment design

The experimental conditions are set within 0-2000 seconds, the load drops from
80% to 30% and then rises to 70%, with a change rate of 3% rated load/minute, and maintains
30% load from 2000-9200 seconds, followed by disturbances of 5% reduction in fuel calo-
rific value, +10% in air volume, and +0.5 Hz in grid frequency. The comparison algorithms
include PID control with a cascade structure and MPC with 20 steps in the prediction domain
and 5 steps in the control domain, all of which operate under the same conditions. The eval-
uation indicators include accuracy indicators IAE and ISE, speed indicators adjustment time
and overshoot, and economic indicators power supply, coal consumption and plant power
consumption rate [12].

s , A Simulation results and analysis
g A / \ i n\ Analysis of results of rapid load
FRadiIER AT i\ rise and fall conditions
g 2450 The dynamic change curve of main steam
5 paso oo A ! ! / pressure, fig. 1, shows that when the load drops
E P’°”°”;§f:;:t"r$_j"\,j; Wi from 480-180 MW, the main steam pressure
= 2448 PID control— | v overshoot of the proposed algorithm is only
o 00 0 300 w0 s0  eo  2-1%, which is significantly lower than 5.8% of
Time [s] PID control and 3.5% of MPC. When the load
Figure 1. Dynamic change curve of rises back to 420 MW, the adjustment time of

main steam pressure the proposed algorithm is 320 seconds, which is

33% shorter than PID control (480 seconds) and 16% shorter than MPC (380 seconds), reflect-
ing faster dynamic response capability.

The comparison of evaluation indicators in tab. 1 further verifies the advantages:
the IAE of the proposed algorithm is 125.6 MPa-s and the ISE is 3892.4 MPa?'s, which are
42.3% and 58.7% lower than PID control, respectively, indicating that the cumulative devi-
ation is smaller [13]. The advantages of overshoot and adjustment time directly improve the
safety of unit operation, and the power supply coal consumption of 318 g/kWh and the plant
power consumption rate of 5.2% also reflect the balance between accuracy and economy.
The comprehensive score is 89.6 points, which is significantly higher than the comparison
algorithm.

Table 1. Comparison of evaluation indicators for rapid load rise and fall conditions

Algorithm Proposed algorithm PID control MPC control
IAE [MPa-s] 125.6 217.7 178.3
ISE [MPa?s] 3892.4 9428.6 6541.2
Overshoot [%] 2.1 5.8 3.5
Adjustment time [s] 320 480 380
Power supply coal consumption [g per kWh] 318 335 326
Factory power consumption rate [%] 52 5.9 5.5
Comprehensive score” 89.6 62.3 75.8

* The comprehensive score is the weighted sum of the standardised indicators according to the weights (accuracy 0.4, speed 0.3, economy
0.3), with a full score of 100
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Analysis of the results of 57075
low-load stable operation conditions © oso
The main steam temperature fluctuation 2 7025
curve of the 180 MW stable operation stage, £ 57000
fig. 2, shows that the proposed algorithm con- & 55075
trols the temperature in the range of 568-572°C 2 ., . ,
(deviation +£0.5%), with a fluctuation frequency 2 . TTRE N
0f 0.002 Hz, showing a stable small oscillation. -

. 0 20 40 60 80 100 120
The temperature fluctuation range of PID con- Time [minutes]

trol is 565-575 °C (£1.2%), and there is an ob-  Figure 2. Main steam temperature
vious periodic fluctuation. The MPC control ef-  fluctuation curve

fect is between the two, with a fluctuation range

of 567-573 °C (£0.7%).

The economic analysis reveals that the proposed algorithm reduces the exhaust gas
temperature by 3 °C and enhances boiler efficiency by 0.4% by optimising real-time combus-
tion air distribution. In 120 minutes of continuous operation, the average power supply coal
consumption is 322 g/kWh, which is 4.7% lower than that of the PID control (338 g/kWh). The
plant power consumption rate is 5.3% (PID is 5.9%), and there is no parameter over-limit situ-
ation, which verifies the stable economy under low load [14]. At 30% load, flame intensity (via
optical sensor) remains >80% of rated, with no flameout alarms in 120 minutes tests. Minimum
stable combustion load is 20% rated (pulverized coal boiler), 5% lower than PID-controlled
units, verifying stability under low-load conditions.

Analysis of the results of the variable
operating condition disturbance experiment

When the fuel calorific value suddenly drops by 5%, fig. 3, the proposed algorithm
increases the fuel amount by 4.8% within 30 seconds, and the maximum deviation of the main
steam pressure is controlled within 0.3 MPa.

Due to the integral lag, the PID control takes 24515

80 seconds to recover stability, and the maxi- g usi0] \\

mum deviation reaches 0.8 MPa. Although MPC &, .| ~ . 1N

can predict the deviation in advance, it is still g 7500

limited by the model accuracy and the recovery ¢

time still takes 50 seconds. After the air supply 2 2o

volume is disturbed, the flue gas oxygen content ~ £ **4% A
regulation deviation of the proposed algorithm 28— P R —— ;0 o
is 1.2%, which is better than the 2.5% deviation Time [s]
of PID and the 1.8% deviation of MPC, reflect-  Figure 3. Fuel calorific value

ing stronger anti-interference robustness. sudden drop disturbance curve

Conclusion

The reinforcement learning — adaptive control fusion algorithm proposed in this paper
effectively addresses the problem of balancing heat supply and demand in the deep peak regu-
lation of thermal power units. Simulation experiments show that: under the condition of rapid
load increase and decrease, the algorithm main steam pressure overshoot is 2.1%, the adjust-
ment time is 320 seconds, which is 33% shorter than PID control, and IAE and ISE are reduced
by 42.3% and 58.7%, respectively, with significant dynamic response advantages. Under low-
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load stable operation, the main steam temperature fluctuation is controlled at +£0.5%, and the
average power supply coal consumption is 322 g/kWh, which is 4.7% lower than PID control,
reflecting good stable econom. In the face of variable conditions such as sudden drop in fuel
calorific value and disturbance of air supply volume, the algorithm recovery time is 28 seconds,
the maximum deviation is 0.4 MPa, and the anti-interference robustness is better than PID and
MPC algorithms. In summary, the algorithm achieves co-ordinated optimisation in terms of
regulation accuracy, response speed, and economy, providing a reliable technical solution for
the application of deep peak regulation engineering in thermal power units.
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