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ABSTRACT Unit commitment (UC) is a fundamental problem in the day-ahead electricity market, and it is
critical to solve UC problems efficiently. Mathematical optimization techniques like dynamic programming,
Lagrangian relaxation, and mixed-integer quadratic programming (MIQP) are commonly adopted for UC
problems. However, the calculation time of these methods increases at an exponential rate with the number
of generators and energy resources, which is still the main bottleneck in the industry. Recent advances
in artificial intelligence have demonstrated the capability of reinforcement learning (RL) to solve UC
problems. Unfortunately, the existing research on solving UC problems with RL suffers from the curse
of dimensionality when the size of UC problems grows. To deal with these problems, we propose an
optimization method-assisted ensemble deep reinforcement learning algorithm, where UC problems are
formulated as a Markov Decision Process (MDP) and solved by multi-step deep Q-learning in an ensemble
framework. The proposed algorithm establishes a candidate action set by solving tailored optimization
problems to ensure relatively high performance and the satisfaction of operational constraints. Numerical
studies on three test systems show that our algorithm outperforms the baseline RL algorithm in terms of
computation efficiency and operation cost. By employing the output of our proposed algorithm as a warm
start, the MIQP technique can achieve further reductions in operational costs. Furthermore, the proposed
algorithm shows strong generalization capacity under unforeseen operational conditions.

INDEX TERMS Deep reinforcement learning, multi-step return, optimization methods, unit commitment.

I. INTRODUCTION is known [4], UC can be categorized into deterministic UC

Unit commitment (UC) is a crucial decision-making tool used
by Independent System Operators (ISOs) in the day-ahead
electricity market. In UC problems, the optimal schedule of
generators needs to be determined given the supply offers,
demand bids, transmission network situations, and opera-
tional limits. The UC problems can be classified into different
subgroups in a few ways [1]. With respect to security con-
straints, UC problems can be divided into conventional UC
problems and security-constrained UC (SCUC) problems
[2], [3]. According to whether uncertainty is considered and
whether the probabilistic distribution of uncertain parameters
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problems, stochastic UC problems [5], [6], and robust UC
problems [7], [8], [9].

It is critical for enhancing the efficiency of the day-ahead
electricity market to obtain near-optimal solutions to UC
problems. The existing approaches to UC problems include
heuristic algorithms [10], mathematical optimization algo-
rithms, intelligent optimization algorithms [11], [12], and
machine learning (ML) based approaches. Among these
approaches, mathematical optimization algorithms including
dynamic programming (DP), branch-and-cut algorithm [13],
Benders decomposition [14], outer approximation [15], ordi-
nal optimization [16], and column-and-constraint generation
[17] have been widely studied in UC problems. Even though
satisfactory performance is achieved by these methods, their
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calculation time grows at an exponential rate with the number
of energy resources. Thus, obtaining a near-optimal UC solu-
tion efficiently can be difficult when the renewable energy
resources and corresponding uncertainties keep rising. To
improve the performance of large-scale UC problem solvers,
some researchers try to improve the tightness and com-
pactness of the UC problem formulation as a mixed-integer
programming (MIP) model [18], [19], [20]. Recently, a novel
quantum distributed model is proposed to solve large-scale
UC problems in a decomposition and coordination-supported
framework in reference [21]. A temporal decomposition
method was proposed in reference [22] which systematically
decouples the long-horizon MIP problem into several sub-
horizon models.

The main limitation of the aforementioned mathematical
optimization algorithms used for solving UC problems is that
they assume one-shot optimization where the UC problems
need to be solved from scratch each time. In practice, UC
problems are solved on a daily basis in the day-ahead market
with small changes to the input data while the structure of the
problem formulation stays the same [23]. Thus, the previous
UC problems’ solutions provide useful information that can
be utilized to improve the solution quality of similar UC
problems. Besides, these algorithms may not scale well with
the increasing size of the power system. As the number of
generating units, transmission lines, and load nodes grows,
the computational requirements and solution time of these
algorithms tend to increase significantly.

The recent advances in artificial intelligence motivate the
development of machine learning-based methods to solve
UC problems [24]. A series of machine learning techniques
are proposed to extract valuable information from solved
instances of UC problems to enhance the warm-start capa-
bilities of MIP solvers in reference [23]. Neural networks
are developed to imitate expert heuristics and speed up the
branch-and-bound (B&B) algorithm, which achieves sig-
nificant improvements on large-scale real-world application
datasets including Electric Gird Optimization [25]. Unlike
supervised learning, which requires labeled data, reinforce-
ment learning (RL) is a mathematical tool for learning to
solve sequential decision-making problems such as volt-var
control problems in power distribution systems [26]. The
reason why UC problems can be formulated as sequential
decision-making problems is that the solution to UC prob-
lems is a sequence of generation units’ operations and the
current decision of units’ scheduling is based on the status
of units in the previous time period. In reference [27], UC
problems for a system with 4 units are modeled as multi-
stage decision-making tasks, and RL solutions are formulated
through the pursuit method. Three RL algorithms including
approximate policy iteration, tree search, and back sweep are
proposed to minimize operational costs on a 12-unit system
in reference [28]. The UC problem with 10 units is tackled
as a multi-agent fuzzy RL task, and units play as agents
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to corporately reduce the overall operation cost in reference
[29]. A method based on decentralized Q-learning to find a
solution to UC problems on a system with up to 10 units is
introduced in reference [30]. An RL-based guided tree search
algorithm is developed to solve stochastic UC problems for a
system with 30 generation units in reference [31], which uses
a pre-trained policy to reduce the action space and designs a
neural network as a binary classifier that sequentially predicts
each bit in the action sequence.

Most of the existing RL-based algorithms have only been
tested on small-scale UC problems because they suffer from
the curse of dimensionality. Specifically, the number of states
and feasible actions increases exponentially with the size of
the UC problems. Besides, many operational constraints such
as the transmission line capacity limit can not be strictly
enforced in these RL-based algorithms. Moreover, the utiliza-
tion of gradient-based training in these RL algorithms makes
them susceptible to getting stuck in local optima.

To address the limitations of the existing mathematical
optimization algorithms and RL algorithms, we synergis-
tically combine mixed-integer programming with RL and
propose an optimization method-assisted ensemble deep rein-
forcement learning algorithm to solve deterministic UC prob-
lems. The overall framework of the proposed approach is
shown in Fig. 1. First, we establish a candidate action set
by solving a series of simplified optimization problems to
ensure that the solutions are feasible and can achieve decent
performance. These candidate actions will serve as part of the
inputs to the RL-based solution. Then, we design a multi-step
deep Q-learning algorithm to find good sequential unit com-
mitment decisions. By leveraging the multi-step return, the
proposed algorithm explicitly accounts for the fact that the
total impacts of a unit commitment decision may not instantly
appear in the system operational cost and could influence the
costs of many subsequent time steps. Finally, we propose an
ensemble framework consisting of a group of deep Q-learning
agents that are trained separately in parallel threads with
different initial model parameters to find a better UC solution.
This design can alleviate the problem that gradient-based
training is prone to be trapped by a locally optimal solution.

The performance of our proposed algorithm, a base-
line optimization method, as well as a state-of-the-art RL
algorithm [31] are evaluated on three test systems. The exper-
imental results show that our proposed algorithm identifies
feasible unit commitment solutions with lower costs than
both the Proximal Policy Optimization (PPO)-based guided
tree search algorithm and the MIP given the same amount
of computation time. The proposed algorithm can also accel-
erate solutions of MIP by using the results generated by
our algorithm as warm starts. Moreover, additional scenario
analysis demonstrates that our proposed algorithm possesses
the great capability to solve emergency unit commitment
problems in real time when there is a generation unit or
transmission line outage.
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FIGURE 1. The overall framework of optimization method-assisted ensemble RL algorithm.

The unique contributions of this paper are as follows:

e This paper proposes an optimization method-assisted
ensemble multi-step deep reinforcement learning algorithm
that synergistically combines the merits of mixed-integer
programming with reinforcement learning to accelerate the
solution process of UC problems.

e The proposed algorithm establishes a candidate action
set by solving a series of simplified UC problems, which
ensures high-quality unit commitment solutions that satisfy
operational constraints.

e The ensemble RL framework reduces the operational
costs of the power system by mitigating the problem that
gradient-based training of neural networks is prone to be
trapped by a locally optimal solution.

e The proposed optimization method-assisted ensemble
multi-step deep reinforcement learning algorithm has great
capability to solve emergency unit commitment problems
when there is a loss of generation units or transmission lines,
which will enhance system security while simultaneously
reducing operational costs.

The remainder of the paper is organized as fol-
lows: Section II gives the formulation of UC problems.
Section III introduces the technical methods. Section IV
discusses the experimental and algorithm setup as well
as the results of numerical studies. Section V makes the
conclusion.

Il. PROBLEM FORMULATION

In this section, we discuss how UC problems are formu-
lated as mixed-integer quadratic programming (MIQP) in
subsection II-A, then the preliminaries of the Markov Deci-
sion Process (MDP) are provided in subsection II-B, and
finally, how the UC problems are formulated as MDPs in
subsection II-C.
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A. FORMULATION OF UNIT COMMITMENT PROBLEMS
The objective of UC problems is to obtain the optimal com-
mitment of generators as well as the corresponding power
generating levels while minimizing the total operation cost

T N
min > > {cf(t)+c;f(t) +c,¢(z)}, (1
t=1 i=1
where N is the number of units, T is the number of peri-
ods, cf @), cl(), cf (t) are the production cost, startup cost,
and shutdown cost of unit i in period ¢, respectively. The
minimization in equation (1) is subject to the following oper-
ational constraints:
Generation Capacity Constraints: Generation levels p;(t)
of unit i are constrained as follows:

Blvl(t)fpl(t)sﬁl(t)v i=17"'7N’t=11"'5T7

0<pit)<Pwit), i=1,---,N,t=1,---,T,
3)

where v;(¢) is the commitment status, p;(¢) is the maximum
available output, P; is the generation capacity and P; is the
minimum output of unit i at time 7.

Ramp-Rate Constraints: Ramp-rate constraints require that
unit i’s change of power from p;(¢ — 1) to p;(¢) does not exceed
RU; while ramping up, and RD; while ramplid down. More-
over, the ramp rate of a unit starting up cannot exceed SU;
and the ramp rate of a unit shutting down cannot exceed SD;:

pi(t) < pi(t — 1)+ RUw;(t — 1) + Pi(1 — vi(r))
+ SU;vi(t) — vit — )],

i=15""N7t=17"'7T5 (4)

pi(t) < Pivi(t + 1) + SD;[vi(r) — vi(z 4 1)],
i=17"'7Nat=15"'5T7 (5)
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pi(t — 1) < pi(t) + RD;(t) + SD;[vi(t — 1) — vi(1)]
+ Pi[1 —vi(t — D),
i=1,---,N,t=1,---,T, (6)

Minimum Up- and Down-Time Constraints: After unit i is
turned on, it must stay online for UT; time periods:

min(G;,T)
> [M=vi®]=0, i=1,-- N, t=1-,T, (7
t=1

min(t+UT;,T)
> i) = o Ovilt) — it — D],
n=t+1

i=15"'aN7t=Gia"'7T_17 (8)

where G; is the number of periods during which unit i must
be on or off in the beginning; ¢//(¢) is the number of periods
that unit i must be on starting from period ¢, which is defined
below as:
in(UT;, T —1t), ifT > G;j,
oty = { MUT T =0, T =G ©
0, else,

Likewise, after unit i is turned off, it must stay offline for DT;
time periods:

min(L;,T)
> wity=0,i=1,-.N, (10)
t=1
min(r+DT;,T)
> H=viml = of Ovilt — 1) = vi(o)],
n=t+1
i=1,---,N, t=L,--,T—1, (11)

where L; is the number of periods during which unit i must be
off in the beginning; aid(t) is the number of periods that unit i
must be off starting from period ¢, which is defined below as:
in(DT;, T —1t), ifT > L;,
oid(t) _ min(DT; ), ifT > L; (12)
0, else.

System Demand Constraints: The total power generated by
online units, should meet the total demand for each hour ¢ as:

N M
D opity=D dt), t=1,---,T, (13)
i=1 j=1

where M is the number of buses.

Spinning Reserve Requirements: The total maximum
power output of online units should need the total demand as
well as the spinning reserve requirement R(¢) of the system
as time ¢:

N M
D opi =D i)+ RO, t=1,---,T. (14
i=1 j=1

Transmission Capacity Constraints: For DC power flow,
the following transmission capacity constraints apply:

N M
F7 <D pi0f = D iy < Ff
i=1 j=1
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where F;” and F 1+ are the negative and positive power flow
limit of line j; I'f; and T'Y, are the power transfer distribution
factor from unit i to line /.

The production cost, startup cost, and shutdown cost in
equation (1) are specifically defined as follows:

1) PRODUCTION COST
Following reference [32], a quadratic production cost func-
tion is used:

(1) = ai(t) + bipi(t) + cipi(0),
Vi=1,--- ,N,Vi=1,---,T, (16)

where a;, b; and ¢; are the coefficients.

2) STARTUP COST
A mixed-integer linear function for the stair-wise startup cost
is formulated as follows:

k
ci(r) = CU¥ [v,-(r) = > it - n)} ,

n=1
vi=1,---,N, Vt=1,---,T, Vk=1,.-- ,ND;,
a7
cf(ty=0, Vvi=1,---,N,vVt=1,---,T, (18)

where CUi-‘ is the stair-wise startup cost of unit i in period k.
ND; is the number of intervals of the staircase startup cost
function of unit i.

3) SHUTDOWN COST
The shutdown cost is defined as follows:

¢d(t) = CD;(vi(t — 1) — vi(1)),
Vi=1,---,N, Vt=1,---,T, (19)
d@y=0, ¥i=1,---,N,Vi=1,---,T, (20)

where CD; is the shutdown cost of unit i.

B. PRELIMINARIES OF MARKOV DECISION PROCESS

As the most widely used mathematical framework to formu-
late sequential decision-making problems, Markov Decision
Process can be defined as a tuple (S, A, P, R, y), which
consists of a state space S, an action space .4, a state transition
probability P, a reward function R and a discount factor
y (0 < y < 1) [33]. This setup will allow for efficient
exploitation within the Reinforcement Learning. Namely,
by observing the environment through the above-mentioned
states, the decision-maker (the agent) chooses an action a; €
A at every time step ¢ depending on the current state s;, and
it gains a certain reward r;1. To achieve the above, the agent
first finds a policy 7 (al|s) that gives the maximum anticipated
discounted return J(r) = E[G(7)],! then the agent processes

THere G(z) = th:O y'riyq, T is the length of the episode, and 7 is a
trajectory of states and actions.
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the state by using the policy to make an appropriate decision.
Subsequently, the environment shifts to the next state s;41
based on P(s;+1|s:, ar).

In order to demonstrate the value of states and state-action
pairs given a policy m, we give the definition of two crucial
value functions v (s) and g (s, a):

v (8) = Ex[G]S; = 5]

= Ex [ Xh_o v rsnls: =), @
gz (s, a) = Ex[G|S; = 5, A; = al

= Ex [l v rcals = .4 =] @2)

We define the best policy as m(als) = argmax, vy (s) for
all s € S or w(als) = argmaxy g,(s,a) for all s € S and
a € A(s).

C. FORMULATE THE UC PROBLEMS AS AN MDP

In this subsection, we construct UC problems by using MDP,
while giving the definitions of the episode, state, action, and
reward functions as follows.

1) EPISODE AND TIME STEPS

The episode is defined as one complete play of the RL agent
interacting with the UC environment. Each operation period ¢
is defined as a time step. Since the UC problems are solved
daily in the day-ahead market, we formulate them as continu-
ing tasks, which means an episode ends only when no feasible
action can be found.

2) STATES

In order to ensure the environment is Markovian, the state
at time ¢ is defined as s; = (¢, v, ps, u;,d;), where ¢ is the
global time, v, is a vector of the commitment status v;(z) of
generator i in time ¢ (1 if the unit is on, 0 otherwise), p; is a
vector of the power generation p;(¢) of unit i in time 7, ¥; is a
vector of the number of periods that unit i has been running
or offline until time ¢, and the transition function of u;(¢) can
be formulated as equation (23):

(=1 1, ifvi(®) =vi(t — 1),
wilt) = ui( )+ 1v(). vi(t — 1) 23)
1, otherwise.

Here v;(0) is the on/off state of unit i at the beginning of the
episode, and «;(0) is the number of periods that unit i has
been running or offline before the initial period of the episode.
Finally, d; is a vector [d(t + 1),d(t + 2),--- ,d(t + k)] of
load predictions for the next k periods.

3) ACTIONS

The action a; at time ¢ is defined as shifting the commitment
status of all generators to v,4 in period ¢t + 1. There are
numerous infeasible statuses due to the operational limita-
tions of generators (e.g., due to minimum up- and downtime
constraints). It is important to obtain all possible actions in
the current state in order to avoid missing out on the best
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action. While infeasible actions can be filtered out, the space
of feasible actions remains prohibitively large. As a result,
reinforcement learning will have difficulty learning a good
policy from such a large action space. This will be resolved
by an optimization method to down-select candidate solutions
and build a feasible action subset A; in subsection III-A.

4) REWARDS

A large penalty is imposed when there is no feasible action
that can be taken to prevent early termination of the episode.
Accordingly, the reward function is defined as follows:

C ) f @,
S e 1 A1 # 24)
Cy if Al+1 =d.

Here C;4 is the operational cost in period ¢ 4 1 defined as:

N N N
Civr=D F+ DD el + D+ e +1). (25)

i=1 i=1 i=1

where the production cost cf’ (t + 1) is derived by solving a
single-period economic dispatch (ED) after the commitment
status v;(¢+1) is obtained. Here we use u; to directly calculate
the startup cost as:

SCU; [min{NDy;, u;(1)}], if vi(t+1)>vi(t
it + 1):{ i [min{ND;, ui(0)}],  if vi( + )>vi(t)
0, otherwise,
(26)
where SCU; = CU} st CU?ID" is a list of the staircase

startup cost of unit 7, and the symbol SCU [j] represents the
Jj-th element of the vector SCU;.

IIl. TECHNICAL METHODS

In this section, we present the proposed optimization
method-assisted ensemble RL algorithm. We present a pro-
cess for finding candidate actions by using optimization tech-
niques, followed by a multi-step deep Q-learning algorithm
for solving the UC problems. The ensemble framework is
designed to boost performance further.

A. FINDING CANDIDATE ACTIONS USING OPTIMIZATION
METHODS

The process of finding candidate actions can be divided into
two parts. First, based on the current state, we solve a tailored
UC problem for the next couple of periods to obtain a unit
commitment schedule as the cardinal action. Then, given
the cardinal action, we obtain more candidate actions by
turning on or off more units based on their priority. There
is a chance that certain candidate actions may be infeasible
for the original Unit Commitment (UC) problem. To address
this, one approach is to extend the optimization horizon of the
tailored UC problem. However, it’s important to note that this
may lead to longer computation time.
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1) FINDING THE BASE ACTION
Starting from period ¢, the mathematical form of a H-period
UC problem can be formulated as follows:

t+H N

min D D> {Cik) + o (vitk + 1) — vi(k) i, }
k=t+1 i=1

s.t. (13) — (15) 27

where Ci(k) = c{’ (k) + ci(k) + c?(k) is the production cost
of unit i in period k. w; is a coefficient related to # which is a
positive constant when ¢ = 0 and equals to zero when ¢ > 0.
p; is the average fuel price per output power of unit i, which
is given in the following formula (28):

ai + biP; + c;P}
P; '
After solving the UC problem above, we can obtain the unit

commitment schedule of next H-period as v;41, - ,Vi4H
and we set v,y to be the cardinal action v}’ | of next period.

pi= (28)

2) OBTAINING MORE CANDIDATE ACTIONS

Assume there are X units which are turned on or off at period
t+1 if we take action v;"+1, where X = vazl [VEt+1)—vi(t)].
Then, instead of turning on/off X units, we turn on or off z
units that have the higher priority by solving the following
single-period UC problems:

N
min > (it + 1) = vi(0)) pi, (29)
i=1

sitovit + 1) =vi(1), Vj € 6y, (30)

N
D it + 1D =il =z,

i=1
(2) = (6), (13) = (15), 3D

where z gradually increases from max(X — Y 0) to min(X +
Y*,N). Y~ and YT denote the parameters of the searching
range for unit status change beyond X. ®; denotes the set
of indexes of the units that cannot be turned on/off due to
the minimum up/downtime limit at period ¢ 4 1. Specifically,
we add index i to O, if u;(r) < 1.

Note that here we can keep the top K best solutions to
the single period UC problem, which means we can obtain
|Z| x K candidate actions, |Z]| is the number of elements in
the range of z. Finally, there are |Z| x K + 1 candidate actions
in the action subset .4;. Note that K is a trade-off parameter.
With larger K, we will have more candidate actions to find
a better solution, but it also makes the training process more
difficult to converge.

B. MULTI-STEP DEEP Q-LEARNING FOR UC PROBLEMS

For the purpose of solving MDPs with continuous state space
[34], Deep Q-learning integrates the standard Q-learning
with a deep neural network named deep Q network
(DQN) QOC(s¢, a;10) to estimate the action-value function in

100130

equation (22). We use Adam gradient descent to train DQN to
minimize the mean-squared temporal difference error L(6):

2
L(6) = Esa.r.5)~D (r +y max Q(s', a'16") — QGs. a|e>)
(32)

where Q(s’, a’|0") is the target neural network with the same
structure as Q(sy, a;|6). In order to make the training process
stable, we update the parameters 6’ of the target network from
the parameters 6 of Q(s;, a;|6) in a periodical manner. D is
the replay buffer to collect the transition tuples (s, a, r, ).

However, adopting DQN to solve UC problems without
modifications can be inefficient, since taking an action may
not only affect the next reward but also influence the rewards
multiple steps later. We need several updates to propagate
the reward to the related preceding states and actions [35],
which makes the training process both time-consuming and
tremendously sample-inefficient.

To address this issue, we use the multi-step return
method [36] to update the action-value function Q(s;, a;|6):

L(©®) = (Q(s:, a;|0) — R(1))*, (33)

where R(?) is defined as:
RO =rip1+yria+t: '+V”‘1rz+n+gﬁ<, V" Qs14n, a'10")
(34)

Note that we make the agent-environment interact for n steps
to acquire the rewards r;1¢, k = 1, ..., n and the n-step next
state s;45, and then calculate the n-step return.

Using the n-step return, the long-term, as well as the
short-term impacts of taking an action, can be studied by
propagating toward the exact reward, instead of bootstrapping
from the target network Q(s, a|0"). Therefore, the learning
efficiency of UC problems is prominently enhanced by apply-
ing multi-step deep Q-learning algorithm [37].

C. ENSEMBLE RL FRAMEWORK FOR UC PROBLEMS
We now present a multi-threaded ensemble reinforcement
learning framework. The aim of designing this framework is
to mitigate the problem of reaching a bad local optimal solu-
tion from a single random initialization of deep Q-network
parameters. Specifically, we initialize the aforementioned
multi-step deep Q-learning algorithm in different threads with
different random seeds and run them in parallel. The pseu-
docode for training the ensemble multi-step deep Q-learning
for UC problems is shown in algorithm 1. After the ensem-
ble multi-step deep Q-learning algorithm is trained, the M
instances of RL agents can be run in parallel during the testing
phase. The multi-step deep Q-learning agent that identifies
the unit commitment solution with the lowest operational cost
will be selected as the final solution.

Here are some key implementation details of algorithm 1.

e Q-network structure: We adopt the feed-forward neural
networks as the Q-networks, whose inputs are state-action
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Algorithm 1 Training of Ensemble Multi-Step Deep
Q-Learning for UC Problems

Initialize M evaluation Q-network with random parameters
01Oy

Initialize M target Q-network with parameters 491’ =61,
0y = 6um

0: forthreadm=1,--- ,M do

0:  Input historical data set of N; days and set day d = 1

0: Initialize replay buffer D as a queue with a maximum
0: lengthof n

0: Initialize learning counter v = 0

0: forepisode=1,---,I do
0

0

Input historical load data of day d
Formulate initial state 51 of day d

fort=1,---,7T do

0: Obtain candidate action set A; of state s; using
optimization method.

0: With € choose a random action a; from A;,
otherwise choose a; = max,e 4, O(s;, al6;,).

0: Obtain the schedule of units on next period 7 + 1
based on action ay.

0: Solve a single period ED and calculate reward
rr+1 according to (24).

0: Calculate u#;+1 according to (23) and then

formulate the next state s;41.
Use optimization method to calculate 4;.
Sete; = 1if A;y) = Delse 0
Store (s, a;, re+1, St+1, Arg1, &) in D
if length(D) = nor &; = 1 then
R =0if g = 1 else max, Q(s;+1, alb,,)
fori=t,t—1,---,t—length(D), do
SetR=ri+ yR
Perform a gradient descent step on
(R — Q(si. ailOm))*
Setv=v+1
if mod(v, I14rge:) = O then
Update 6, = 0,
if day d is over then
d = mod(d + 1, Ny)

P

e

pairs and outputs are the resulting Q value. The reason for
selecting this architecture is that it can scale linearly with the
number of generators.

e Episode initialization: Since UC problems are formu-
lated as continuing tasks, which means we aim to maximize
the overall reward received in all training episodes, we get
the initial state of the current day from the final period of the
previous day. Thus, the historical data of the next day will
not be utilized for training until a policy that meets all load
demands of the current day is found.

e Global Time encoding: In order to present the peri-
odic nature of the problem, the global time step 7, which
varies from 0 to 23, is decomposed into two coordinates
[cos(2mt[24), sin(2mt /24)] [38].
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IV. NUMERICAL STUDIES
A. EXPERIMENTAL AND ALGORITHM SETUP
In this subsection, we give the experimental and algorithm

setups. All algorithms are executed on a server with a 32-core
AMD Ryzen Threadripper 3970X 3.7GHz CPU.

1) EXPERIMENTAL SETUP

We apply the proposed method to solve a 48-hour period UC
problem for the IEEE 118-bus system, IEEE 300-bus system,
and the South Carolina 500-bus system [39]. The parameters
of units such as minimum up and down time limit are obtained
from reference [40]. The detailed experimental setup for the
three testing systems can be found in our open-source reposi-
tory.> The aforementioned minimum and maximum staircase
startup cost CU of all units are equivalent to their hot start
cost and cold start cost. Initial on/off time is the number of
periods that one generator has been running or offline before
the first period of the starting day. Here we give four different
initial status setups to verify the generalization ability of our
algorithm. The historical load data of the California Indepen-
dent System Operator (CASIO) [41] from January 1, 2021,
to July 5, 2021, is used and scaled to be suitable for the three
testing systems. Note that we use 90 days for training, one
week for validation, and two weeks for testing.

2) RL ALGORITHM SETUP

The hyperparameters of the benchmark PPO-guided tree
search [31] and the proposed ensemble multi-step deep
Q-learning algorithm are summarized in Tab. 1. We tune all
parameters separately to achieve optimal performance.

TABLE 1. Hyperparameters of benchmark and proposed RL algorithms.

Number of threads M 10
Number of steps n 24
Load forecast steps k 9
Learning rate « 0.0001
Ensemble multi-step deep-Q Updétreeige}?‘ﬁzf;‘igye[?rgw [0.0(1(’)1'0]
Optimization Horizon H 2
Search Down Y — 1
Search Up Y+ 1
Top K Best Actions 1
Actor learning rate 0.003
Critic learning rate 0.001
PPO-guided tree search Clipping & 0.2
Search Depth H 2
Branching Threshold p 0.1
Number of hidden units {150, 150}
Number of hidden layers 1
Discount factor ~y 0.99
Shared parameters Number of episode 50
Optimizer Adam
Activation function Relu

B. PERFORMANCE COMPARISON

In this subsection, we compare the performance of the
PPO-guided tree search, the MIQP algorithm with

2https:// github.com/jqin020/Emsemble-Deep-RL-for-UC-problems
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Gurobi 9.1 [42] solver, and our proposed algorithm. In all
following analyses, for Gurobi we set the time limit to
10 minutes and the MIP gap to 0.01%, whichever comes first.
Note that the optimization periods of MIQP are 48 hours
and we obtain the operation cost of the first day from the
optimization result. The mean daily operational cost of our
proposed algorithm during the validation days of the three
testing systems under four initial status setups are reported
after every training episode in Fig. 2. The beginning com-
mitment status of generators on the first validation day is the
same during the training process. The solid curves and shaded
areas represent the average values and standard deviations
across different runs in 10 threads, respectively.
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\_.'\'\_,_V\__‘____’
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FIGURE 2. The average daily cost of validation days.

As shown in Fig. 2, the average daily costs of validation
days decrease rapidly as the training continues and maintain
a low level under all four initial status setups. When training
processes are done, the testing days are adopted to evaluate
the algorithms. For PPO-guided tree search and our proposed
algorithm, we use the network parameters that yield the min-
imum average daily costs of the validation dataset for testing.

100132

The average daily operation cost of testing days across four
initial status setups of three testing systems are summarized
in Tab. 2 to Tab. 4, respectively. The percentage variation of
both the PPO-guided tree search and the proposed Ensemble
N-step Q-learning from the MIQP, §; and §; respectively, are
also given to compare their performance.

TABLE 2. Daily operation cost of the 118-bus system.

Week PPO tree Ensemble

-Day | search ($) | N-step Q ($) MIQP (8) | 61(%) | 62(%)
1-1 2,816,927 2,251,095 2,245,754 1.45 0.24
1-2 2,647,468 2,106,565 2,073,649 3.30 1.59
1-3 2,853,497 2,322,511 2,308,647 4.82 0.60
1-4 2,370,398 2,344,690 2,327,352 5.64 0.74
1-5 2,376,388 2,343,923 2,323,781 5.93 0.87
1-6 2,847,783 2,339,326 2,301,149 5.95 1.66
1-7 2,831,246 2,330,793 2,285,692 5.81 1.97
2-1 3,058,294 2,535,563 2,511,276 0.91 0.97
2-2 3,021,903 2,524,269 2,490,130 2.64 1.37
2-3 3,010,909 2,524,673 2,487,975 3.90 1.48
2-4 2,906,699 2,399,318 2,348,203 3.93 2.18
2-5 2,385,750 2,412,025 2,365,566 4.03 1.96
2-6 3,081,577 2,647,766 2,606,349 2.87 1.59
2-7 2,796,340 2,935,628 2,907,972 2.01 0.95

TABLE 3. Daily operation cost of the 300-bus system.

Week PPO-guided Ensemble

-Day | tree sez%rch ($) | N-stepQ ($) MIQP (8) | d1(%) | 82(%)
1-1 2,844,044 2,736,283 2,702,568 5.23 1.25
1-2 2,548,734 2,503,574 2,484,569 2.58 0.76
1-3 2,881,019 2,769,865 2,755,564 4.55 0.52
1-4 2,894,951 2,798,182 2,780,654 4.11 0.63
1-5 2,934,550 2,798,752 2,778,608 5.61 0.72
1-6 2,902,320 2,772,518 2,746,544 5.67 0.95
1-7 2,866,755 2,761,019 2,738,949 4.67 0.81
2-1 3,124,671 3,069,440 3,011,760 3.75 1.92
2-2 3,046,178 3,003,487 2,977,668 2.30 0.87
2-3 3,054,133 3,003,764 2,972,566 2.74 1.05
2-4 2,890,670 2,852,659 2,807,185 2.97 1.62
2-5 2,908,886 2,865,494 2,831,723 2.72 1.19
2-6 3,193,841 3,152,416 3,121,763 2.31 0.98
2-7 3,552,765 3,499,896 3,471,958 2.33 0.80

TABLE 4. Daily operation cost of the 500-bus system.

Week PPO-guided Ensemble

-Day | tree search ($) | N-step Q (%) MIQP ($) | 61(%) | 02(%)
1-1 3,549,315 2,914,691 2,866,915 23.80 1.67
1-2 3,327,740 2,703,534 2,638,381 26.13 2.47
1-3 3,556,423 2,964,527 2,918,775 21.85 1.57
1-4 3,575,735 2,987,438 2,942,108 21.54 1.54
1-5 3,579,062 2,987,382 2,941,296 21.68 1.57
1-6 3,552,901 2,960,946 2,910,310 22.08 1.74
1-7 3,542,087 2,948,115 2,913,829 21.56 1.18
2-1 3,853,485 3,221,384 3,172,680 21.46 1.54
2-2 3,772,796 3,180,762 3,121,204 20.88 1.91
2-3 3,767,703 3,169,001 3,129,194 20.40 1.27
2-4 3,621,150 3,018,659 2,966,289 22.08 1.77
2-5 3,629,776 3,026,885 2,984,438 21.62 1.42
2-6 3,877,078 3,311,642 3,258,709 18.98 1.62
2-7 4,205,935 3,646,493 3,584,884 17.32 1.72

From Tab. 2 to Tab. 4 we can see that the average daily
operation cost, as well as the percent variation of the proposed
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algorithm from MIQP is much smaller than that of the
PPO-guided tree search, while the computation time of our
algorithm is shorter than that of PPO-guided tree search and
MIQP. Additionally, the total computation time of testing
weeks of the three testing systems is shown in Tab. 5. Here
we only compare the testing time of RL-based and MIQP
algorithms since the training process of RL-based algorithms
can be done in an offline manner. For the 118-bus system,
the training time of our proposed algorithm is approximately
2 hours and the training time of the baseline algorithm
is around 9 hours. The speed-up factors are calculated by
dividing the computation time of both algorithms by the
computation time of MIQP. The values before the slash are
the speed-up factor of the PPO tree search. Compared to the
MIQP algorithms, our proposed RL-based algorithm achieves
about 30 times reduction in computation time on average.

TABLE 5. Total computation time of testing weeks.

PPO tree Ensemble MIQP
search (s)  N-step Q (s) (s) Speed Up
118-bus week 1 583 113 4,278 7.3/137.9
° week 2 601 122 4,283 7.1/35.1
300-bus week 1 741 125 4,355 5.9/34.8
week 2 756 144 4,353 5.8/30.2
500-bus week 1 388 179 4462  11.5/24.9
week 2 469 167 4,451 9.5/26.7

To further demonstrate the improvement of our proposed
algorithm, the total operation costs of the first test week
of each of the three testing systems computed by PPO-
guided tree search, ensemble multi-step deep Q-learning,
MIQP, and MIQP using the result of ensemble multi-step
deep Q-learning as a warm start, are shown in Fig. 3. From the
figure, we can see that the performance of PPO-guided tree
search is close to MIQP while our proposed algorithm clearly
outperforms MIQP. In other words, to identify a unit commit-
ment solution of the same total operation cost, our proposed
ensemble n-step deep Q-learning only needs a fraction of the
computation time required by PPO-guided tree search and
the MIQP algorithm. Given sufficient computation time, the
MIQP algorithm will as expected eventually identify a solu-
tion, which has a lower operational cost than our proposed
method. After using the result of our proposed algorithm as
a warm start, MIQP can achieve an even lower operational
cost.

C. ABLATION STUDY

In this subsection, we study the impact of systematically
removing some features from our proposed algorithm. We
start by comparing the performance of using one-step return
and using multi-step return during the training process under
the first initial status setup. As shown in Fig. 4, the aver-
age daily costs of validation days calculated by ensemble
multi-step deep Q-learning stabilize at a lower level than that
of ensemble one-step deep Q-learning for all three testing
systems, and the standard deviations of average daily costs
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FIGURE 3. Comparison of three algorithms.

across different runs received by using multi-step return are
much smaller than that of using one-step return for IEEE
118-bus, 300-bus, and the South Carolina 500-bus systems.

After the training process ends, we summarize the average
total cost of two test weeks under the first initial status setup
using different combinations in Tab. 6. Note that here we use
the final parameters of the neural networks for both ensemble
one-step and multi-step deep Q-learning, and we calculate
the average total cost of M runs for one-step and multi-step
deep-Q learning. It can be seen that the total costs of test
weeks are the smallest when using a multi-step return and
an ensemble framework.

TABLE 6. Total cost of test weeks using different RL techniques.

Traditional (k$)  Ensemble (k$)

118-bus One-step return 34,373 34,197
Multi-step return 34,152 33,985
One-step return 41,087 40,703
300-bus \pulii-step return 40.719 40,488
One-step return 43,002 42,634
S00-bus \rulti-step return 42,713 42,481
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D. EMERGENCY UNIT COMMITMENT

In this subsection, we compare the performance of three algo-
rithms under emergency scenarios for extended short-term
unit commitment (STUC) of the South Carolina 500-bus sys-
tem. When an unexpected outage occurs on a generation unit
or a transmission line, the ISOs need to perform STUC imme-
diately to obtain a near-optimal unit commitment solutions
in a very short period of time. For example, the California
ISO executes the STUC with a planning horizon of 18 hours
and 15-minute operation interval to commit and decommit
generation units incrementally.

In this experiment, we set the time limit of MIQP to
10 minutes and the MIP gap at 0.1%. Note that for our
proposed algorithm and PPO-guided tree search, we set the
power output of the disconnected generation unit to zero. The
extended STUC is run for 7 consecutive 18-hour horizons.
The average cost and computation time for the first test week
when losing one unit or one transmission line are reported in
Tab. 7 and Tab. 8.

As shown in the tables, our proposed algorithm yields
smaller average operational costs and computation time than
that of the PPO-guided tree search and MIQP. By leveraging
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TABLE 7. Average cost of emergency unit commitment when losing one
unit.

. PPO tree Ensemble MIQP
Loss of Unit search ($)  N-step Q ($) (%)

Unit 3 9,169,177 8,996,524 9,113,236
Unit 13 9,173,736 8,996,524 8,996,944
Unit 35 9,173,092 8,996,528 9,045,213
Unit 46 9,169,302 8,996,524 9,019,471
Unit 80 9,166,684 8,996,524 9,032,852

Avg. Time 286.65s 33.13s 656.88s

TABLE 8. Average cost of emergency unit commitment when losing one
line.

Loss of Line PPO tree Ensemble MIQP
search ()  N-step Q ($) (%)
Line 3 9,157,136 8,996,653 9,042,034
Line 42 9,164,030 8,996,119 9,045,970
Line 97 9,161,694 8,996,655 9,029,225
Line 151 9,171,445 8,996,526 9,058,109
Line 218 9,165,311 8,996,130 9,043,274
Avg. Time 284.58s 33.18s 655.73s

a streamlined optimization method to identify candidate solu-
tions and combining it with the RL algorithm, our proposed
method can respond quickly to emergency events and provide
a better unit commitment solution, which will enhance the
system security and lower the operational cost at the same
time.

V. CONCLUSION

This paper proposes an optimization method-assisted ensem-
ble deep reinforcement learning algorithm to accelerate the
solution of unit commitment problems. We establish a candi-
date action set by solving simplified optimization problems.
Multi-step return is used to speed up the learning process and
improve the sample efficiency of the reinforcement learning
agent. The proposed ensemble framework can mitigate the
adverse effects that the gradient-based training could lead to a
bad local optimal solution. Numerical studies show that given
a time limit of solution, our algorithm can achieve a better
performance than the benchmark PPO-guided tree search
algorithm. Specifically, our proposed RL-based algorithm
achieves an average reduction in computation time of approx-
imately 5 times and 30 times in contrast to the PPO-guided
tree search algorithm and MIQP algorithm, respectively.
Besides, utilizing the results generated by our proposed
algorithm as a warm start enables the MIQP technique to
attain additional reductions in operational costs. Further-
more, our proposed optimization method-assisted ensemble
deep reinforcement learning algorithm has a great ability
to perform emergency unit commitment under unforeseen
operating conditions. In the future, we plan to further improve
the scalability of the proposed algorithm and tackle the
security-constrained unit commitment problems on larger
power systems.
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