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Abstract- Unit Commitment is an integral part 
of the generation scheduling problem in power 
systems. This paper presents a Reinforcement 
Learning (RL) based tool for the solution of 
Unit Commitment Problem (UCP) in modern 
power systems. RL is capable of producing good 
feasible solutions even if a precise model of the 
problem is not known.The proposed RL 
algorithm with improved state aggregation and 
extended priority listing scheme for action 
space, is suitable for deterministic as well as 
stochastic scenario. The performance of the 
solution strategy using RL algorithm is tested 
using standard test systems in the literature. 
Analysis of the results shows that an efficient 
solution strategy for the UCP can be easily 
developed using the concepts of RL.  
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I. INTRODUCTION 

Operating cost of a power system depends on 
the scheduling decisions of the various generating 
units. The unit commitment problem (UCP) [1] is 
defined as the determination of the start-up and shut-
down schedules of the thermal units to meet the 
forecasted load demand and spinning reserve over a 
scheduling period so that the total production cost is 
minimized while satisfying various system and unit 
constraints. Any improvement in the unit 
commitment schedule results in significant reduction 
in the total production cost. Owing to its economic 
importance, the problem has been a matter of concern 
for electric power utilities. The non-linear, high 
dimensional, mixed-integer combinatorial 
optimization problem with both binary/integer (unit 
status variable) and continuous (unit output power) 
variables has been recognised as a hard and 
challenging problem. The number of combinations 
grows exponentially for a large scale system. A large 
number of approaches and solution techniques have 

been proposed for UCP, which is one of the most 
challenging combinatorial optimisation problems in 
power system operation. The traditional techniques 
mainly include Integer Programming [2] Dynamic 
Programming [3], Lagrangian Relaxation [4] etc. A 
variety of Artificial Intelligence based methods [5-
7] and hybrid models [8-10] were also proposed in 
the literature during the last 2 decades for the 
complex problem. 

However, with the advent of restructuring 
in power industries, power systems have undergone 
major changes both in structure and operation. 
Utilities under partially or fully deregulated 
environment have to device new operating 
strategies and tools for their efficient operation and 
management in a stochastic scenario. The new 
models must be capable of facing the modern day 
power system challenges and also to provide 
efficient solutions. RL has been found successful in 
solving multistage decision making problems under 
uncertainties [11, 12].With improved state 
aggregation and better action reduction strategy, the 
proposed algorithm offers better solution quality for 
unit commitment problem compared to an earlier 
work[13].  

 

II.  PROBLEM FORMULATION 

The objective of the UCP is to minimize the sum 
of fuel cost and the start-up cost of all individual 
units for the given period of time subjected to 
various constraints. 

The objective function is given by  

𝑀𝑖𝑛 𝐹𝑇 = ∑ ∑ [𝐹𝑖𝑡 + 𝑆𝐶𝑖𝑡(1 − 𝑈𝑖 ,𝑡−1)]𝑁
𝑖=1

𝑇
𝑡=1 𝑈𝑖𝑡              

𝐹𝑖𝑡 = 𝑎𝑖 + 𝑏𝑖𝑃𝑖𝑡 + 𝑐𝑖𝑃𝑖𝑡
2  

(1) 

𝑆𝐶𝑖𝑡 = {

 𝐻𝑆𝐶𝑖 ,   𝑇𝑑𝑜𝑤𝑛𝑖
≤   𝑇𝑜𝑓𝑓𝑖

≤ 𝐶𝑆ℎ𝑖 + 𝑇𝑑𝑜𝑤𝑛𝑖

𝐻𝑆𝐶𝑖 ,   𝐶𝑆ℎ𝑖 + 𝑇𝑑𝑜𝑤𝑛𝑖
≤     𝑇𝑜𝑓𝑓𝑖

         

(2) 
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where 𝐹𝑇 is the total production cost of the N 
thermal units for the entire scheduling period.  
𝐹𝑖𝑡 , 𝑃𝑖𝑡 , 𝑆𝐶𝑖𝑡  and 𝑈𝑖𝑡  are the fuel cost, power 
output, start-up cost and the commitment status of 
the ith unit for time t.  ai, bi and ci are the thermal 
fuel cost coefficients.  𝑆𝐶𝑖𝑡  can vary from a 
maximum “cold-start” value CSCi  to a much 
smaller “hot-start” value HSCi, if the unit was only 
turned off recently and is still relatively close to 
operating temperature.  

 

Constraints:  

 Power balance constraint     
            

  ∑ 𝑃𝑖𝑡

𝑁

𝑖=1

𝑈𝑖𝑡  = 𝐷𝑡                                    (3) 

                               

where 𝐷𝑡  is the system load demand for time t. 

 Spinning reserve constraints  

∑ 𝑃𝑖
𝑚𝑎𝑥

𝑁

𝑖=1

𝑈𝑖𝑡  = 𝐷𝑡 + 𝑆𝑅𝑡                              (4) 

where SRt  is the maximum reserve for hour t 

 Generation capacity limits 

                  𝑃𝑖
𝑚𝑖𝑛 ≤  𝑃𝑖𝑡  ≤ 𝑃𝑖

𝑚𝑎𝑥                      (5) 

where Pi 
min & Pi 

max are the minimum and 
maximum limits of thermal plant i. 

 Minimum up/down time constraint  

             𝑇𝑜𝑛𝑖
≥ 𝑇𝑢𝑝𝑖

                                     (6) 

                  𝑇 𝑜𝑓𝑓𝑖
≥ 𝑇𝑑𝑜𝑤𝑛𝑖

                                 (7) 

where 𝑇𝑜𝑛𝑖
/𝑇𝑜𝑓𝑓𝑖

 is the ON/OFF time duration of 
the ith generating unit and 𝑇𝑢𝑝𝑖

/ 𝑇𝑑𝑜𝑤𝑛𝑖
 is the 

minimum up/ minimum down time of the ith 
generating unit. 

 

III. METHODOLOGY 
 

 Reinforcement Learning is a machine learning 
approach in which an RL agent learns by 
interacting with its environment and observing the 
results of these interactions [14,15]. The 4-tuple (X, 
A,T,R) Markov decision process (MDP) is the 
mathematical framework for the problem where X 
is a finite state space, A is the set of permissible 
actions called action space, T is the state transition 
function and R is the reward function. In a finite  

MDP model, at each stage, an agent observes a 
system state 𝑥𝑘 ϵ X, executes an action 𝑎𝑘 ϵ A, and 
will be moved to next state𝑥𝑘+1. Let the immediate 
reward (cost) during this transition be 
𝑔(𝑥𝑘 , 𝑎𝑘 , 𝑥𝑘+1). 

 The core problem in the multi stage decision 
making framework is to find a "policy" which 
decides the action to be selected in every state 
visited during the process leading to the best 
performance metric. For an N stage MDP, the 
objective is to find the optimal policy π*, which 
optimises a given performance value index.  There 
are several algorithms to find optimal policy.  Q 
learning is a popular algorithm in which the optimal 
policy is found by estimating the value of state-
action pairs, called Q-values. Q value is defined for 
a state action pair (𝑥, 𝑎) and is the total expected 
cost, if we start from state 𝑥, take an action 𝑎, 
thereafter follow the optimal policy, π*.i.e., 

Q(x, a)   = E [∑ γkg(xk, ak, xk+1)

N−1

k=0

]                (8) 

 
where γ is the discount factor controls the relative 
weightage of immediate and future rewards. 

If the Q values for all state- action pairs are 
known, the optimal policy (or best action)  𝜋∗(𝑥) in 
any state can be found as 

  𝜋∗(𝑥) = 𝑎𝑟𝑔𝑚𝑖𝑛𝑎𝑖
𝑄(𝑥, 𝑎𝑖)                          (9)                                         

 

The true estimate of any 𝑄(𝑥𝑘 , 𝑎𝑘) is obtained 
by an iterative procedure in which the current 
estimate  𝑄𝑛(𝑥𝑘 , 𝑎𝑘) is updated using the equation  
Qn+1(xk, 𝑎𝑘) = Qn(xk, 𝑎𝑘)

+  α[g(xk, 𝑎𝑘 , xk+1)

+  mina∈Ak+1
Qn(xk+1, 𝑎) − Qn(xk, ak)] 
                                   (10)                                         

where α the learning index which indicates how 
much the Q values are modified in each step. The 
updating of Qn(xk, 𝑎𝑘) is continued till the 
estimated Q values converge to the true Q values. 
The best action at each stage k is given by 

     𝑎𝑘
∗ = 𝑎𝑟𝑔𝑚𝑖𝑛𝑎𝑘∈𝐴𝑘

{𝑄(𝑥𝑘 , 𝑎𝑘)}                   (11) 
  

A suitable action selection strategy can be followed 
to ensure that the agent is really learning to take the 
optimal actions.  
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IV.      PROPOSED RL APPROACH FOR UCP 

A.   RL framework to solve UCP 

Let there be N thermal units which are to be 
scheduled for T hours based on the given load 
forecast. The problem is to find out the optimal 
sequence of commitment decisions  
𝑎0, 𝑎1, … … 𝑎𝑇−1 for T stages which results in 
minimum operating cost of the system for the 
schedule period. The state space X, action space A 

and reinforcement function g of the MDP are 
selected as explained below. 

State space: The state 𝑥𝑘 is the status of the N units 
together with the load demand 𝐷𝑘  at stage k (hour 
k). It is represented as a tuple (𝐷𝑘, 𝑑𝑘)  

𝑥𝑘 = (𝐷𝑘 , [𝑑1
𝑘,  𝑑2

𝑘, … 𝑑𝑖
𝑘, … 𝑑𝑁

𝑘 ])                        (12) 

where  𝑑𝑖
𝑘 is the continuous ON/OFF status of the N 

units,   𝑑𝑖
𝑘 ∈  (−𝑇𝑑𝑜𝑤𝑛𝑖

, 𝑇𝑢𝑝𝑖
).  

The entire state space X = X0 ∪ X1 ∪ … Xk .. XT 

where Xk = {(k, [𝑑1
𝑘 ,  𝑑2

𝑘, … … 𝑑𝑖
𝑘 ,…, 𝑑𝑁

𝑘 ])}.     (13) 

 

Action space: The action 𝑎𝑘at any stage k is the 
commitment/ decommitment decision of the N units 
which is represented as a binary string of N 
elements.  

𝑎𝑘 = [𝑢1
𝑘, 𝑢2

𝑘 , … . 𝑢𝑖
𝑘 … … 𝑢𝑁

𝑘]                     (14) 
 

The action space A is the set of all possible  

combinations of commitment decisions. 

 
A =  {𝑎𝑘

1, 𝑎𝑘
2 … … … . 𝑎𝑘

2𝑁
}          (15) 

 

Reinforcement function: The reinforcement 
function g(xk, 𝑎𝑘, xk+1) is defined in such a way that 
the objective of the problem is exhibited in the 
definition.  

g(𝑥𝑘 , 𝑎𝑘  , 𝑥𝑘+1) =  ∑[𝐹𝑖𝑘 + 𝑆𝐶𝑖𝑘(1 − 𝑢𝑖
𝑘−1)]𝑢𝑖

𝑘

𝑁

𝑖=1

 

          (16)                  

The value of g is set as a penalty (a very large 
number), if  xk+1 is not a feasible state (when any of 
the constraints are violated).  

B.   Implementation of the RL framework for UCP 

     1)  State space contraction approach 

The main problem with large size of state 
space is in storing the values for the states. This 
problem is addressed by state aggregation in 
RL_UCP.  In state aggregation, states having 
similar characteristics are clubbed together to form 
an aggregated state. In the proposed state 
aggregation technique, the history of the visited 
states along with their information is stored 
separately. Here, the different states corresponding 
to one action under a fixed policy are treated as a 
single state called “aggregated state" 𝑥𝑘

𝑎. Hence, the 
number of new states in each stage will be reduced 
to the number of actions in the stage. 

    2)  Action Space Reduction Strategy 

The number of actions to be considered in 
the action set can be reduced to a great extent by 
making use of some heuristic ideas, which are often 
problem-specific.   Priority listing (PL) [1] is a very 
good method to reduce the number of actions in 
each stage in the case of UCP. But, the method 
necessitates linear cost characteristics, zero no load 
cost and fixed start-up cost for the different units. 
An extended priority list is suggested in this paper 
which is prepared by appending the strict priority 
list by adding a few more prior actions based on the 
priority list. This is done by trial and error such that 
the desired solution quality is guaranteed. However, 
more number of actions can be added only at the 
expense of computational speed  

C.   Q learning algorithm in RL framework  

The proposed RL framework employs a 
tabular approach where the estimated Q values of 
the state-action pairs are stored in a look up table 
as 𝑄(𝑥𝑘 , 𝑎𝑘). The size of the table is fixed on the 
basis of the size of X and A.  Pursuit algorithm [16] 
is employed for action selection at each stage. Here, 
a preference (specified as probabilities) 𝑝(𝑥𝑘 , 𝑎𝑘) is 
initially assigned to each action and are updated 
along with 𝑄(𝑥𝑘 , 𝑎𝑘) based on the current estimates 
of Q values. 

 

𝑝𝑛+1(𝑥, 𝑎) ← 𝑝𝑛(𝑥, 𝑎) + 𝛽[1 − 𝑝𝑛(𝑥, 𝑎)], 𝑖𝑓 𝑎 = 𝑎∗ 

 

𝑝𝑛+1(𝑥, 𝑎) ← 𝑝𝑛(𝑥, 𝑎) + 𝛽𝑝𝑛(𝑥, 𝑎), 𝑖𝑓 𝑎 ≠ 𝑎∗   (17) 
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TABLE I: UNIT DATA FOR 10 UNIT SYSTEM 

Unit 𝑃𝑖
𝑚𝑖𝑛

 

(MW) 
𝑃𝑖

𝑚𝑎𝑥 
(MW) 

Cost coefficients Start-up cost Tup 

 
(hrs) 

Tdown 

 
(hrs) 

Initial 
status 
(hrs) 

a b c HSC CSC 

1 150 455 1000 16.19 0.00048 4500 9000 8 8 8 

2 150 455 970 17.26 0.00031 5000 10000 8 8 8 

3 20 130 700 16.6 0.00211 550 1100 5 5 -5 

4 20 130 700 16.5 0.002 560 1120 5 5 -5 

5 25 162 450 19.7 0.00398 900 1800 6 6 -6 

6 20 80 370 22.26 0.00712 170 340 3 3 -3 

7 25 85 480 27.74 0.00079 260 520 3 3 -3 

8 10 55 660 25.92 0.00413 30 60 1 1 -1 

9 10 55 665 27.27 0.00222 30 60 1 1 -1 

10 10 55 670 27.79 0.00173 30 60 1 1 -1 

                         

 

The iterative procedure of Q learning is 
repeated till the Q values of the different state-
action pairs are converged. The different steps 
involved in Q learning are listed as follows 

1. Read the system data and the load 
forecast for T hours 

2. Set no. of stages, X, A, initial state 
x0.learning parameters α,γ, 𝛽   

3. Initialise Q(x, a) = 0, 𝑝(𝑥, 𝑎)= 1/n where 
n is the number of actions in A, ∀ x ∈ X, 

∀ a ∈ A.  
4. foreach episode do 

5. foreach step do 

6. Select action 𝑎 based on the probability 
distribution 𝑝(𝑥, 𝑎)  

7. Execute 𝑎, obtain new state xnew, 
reinforcement function (cost) g 

8. Update Q and p  

9. end 
10. end 
11. 𝑥 ← 𝑥𝑛𝑒𝑤 . 

 

D. Estimation of optimal policy  

After formulating a Reinforcement 
Learning model for the UCP and then performing 
Q learning, the final step is to estimate the policy 
from the Q values of the state-action pairs in each 
stage. The optimal action at each stage k 
correspond to the minimum value of  𝑄(𝑥𝑘 , 𝑎𝑘). 
The optimal policy can be found out from the 
sequence of optimal actions as follows. 

𝑎0
∗ → 𝑎1

∗ → 𝑎2
∗ → ⋯ … … … 𝑎𝑇−1

∗    (18) 

 

V.    NUMERICAL TESTS AND RESULTS 

The proposed RL model for solving UCP 
is implemented in MATLAB R2017b and tested 
using a 10 unit IEEE test system [5]. The different 
characteristics of the units are shown in Table I. 
The load profile is specified for 24 hours and is 
displayed in Table II.  

. The simulated RL framework is run on a 
2.9 GHz, AMD A9-9410 RADEON R5 processor 
with 4GB RAM. The learning parameters α, ϒ and 
β are selected as 0.65, 0.45 and 0.5. The cost and 
net execution time are compared with results found 
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in literature and are shown in Table III. The 
optimal schedule obtained for the system is given 
in Table IV. Fig. 1 shows the convergence 
characteristics of the Q learning algorithm 

Analysis of the result reveals that 
proposed RL based framework is very efficient for 
solving the UCP of small and medium scale 
systems. It can be seen that a near optimal solution 
is obtained even with a limited action space and the 
computation time is much less than the other 
existing methods. Hence RL can be employed for 
quick decision making in modern practical 
systems. 

 

 
Fig. 1 Convergence characteristics 

 

 
 

TABLE II: LOAD DATA FOR 24 HOURS FOR 10 UNIT SYSTEM 
 

 
Hour Load (MW) Hour Load (MW) Hour Load (MW) Hour Load (MW) 

1 700 7 1150 13 1400 19 1200 

2 750 8 1200 14 1300 20 1400 

3 850 9 1300 15 1200 21 1300 

4 950 10 1400 16 1050 22 1100 

5 1000 11 1450 17 1000 23 900 

6 1100 12 1500 18 1100 24 800 

 

 

 

TABLE III.  PERFORMANCE COMPARISON OF RL ALGORITHM WITH EXISTING METHODS 
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TABLE IV:   OPTIMAL COMMITMENT SCHEDULE OF THE 10 UNITS 

 

                                      Total cost                                563937.69 

Hour 

Units (MW) 

Cost ($) 1 2 3 4 5 6 7 8 9 10 

1 455 245 0 0 0 0 0 0 0 0 13683.13 

2 455 295 0 0 0 0 0 0 0 0 14554.50 

3 455 370 0 0 25 0 0 0 0 0 17709.45 

4 455 455 0 0 40 0 0 0 0 0 18597.67 

5 455 390 0 130 25 0 0 0 0 0 20580.02 

6 455 360 130 130 25 0 0 0 0 0 23487.04 

7 455 410 130 130 25 0 0 0 0 0 23261.98 

8 455 455 130 130 30 0 0 0 0 0 24150.34 

9 455 455 130 130 85 20 25 0 0 0 28111.06 

10 455 455 130 130 162 33 25 10 0 0 30117.55 

11 455 455 130 130 162 73 25 10 10 0 31976.06 

12 455 455 130 130 162 80 25 43 10 10 33950.16 

13 455 455 130 130 162 33 25 10 0 0 30057.55 

14 455 455 130 130 85 20 25 0 0 0 27251.06 

15 455 455 130 130 30 0 0 0 0 0 24150.34 

16 455 310 130 130 25 0 0 0 0 0 21513.66 

17 455 260 130 130 25 0 0 0 0 0 20641.82 

18 455 360 130 130 25 0 0 0 0 0 22387.04 

19 455 455 130 130 30 0 0 0 0 0 24150.34 

20 455 455 130 130 162 33 25 10 0 0 30547.55 

21 455 455 130 130 85 20 25 0 0 0 27251.06 

22 455 455 0 0 145 20 25 0 0 0 22735.52 

23 455 425 0 0 0 20 0 0 0 0 17645.36 

24 455 345 0 0 0 0 0 0 0 0 15427.42 
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VI.     CONCLUSION 

 Owing to a large number of uncertainties in 
modern power systems, most of the conventional 
methods fail to produce a global optimal solution 
for the generation scheduling problem. The 
difficulty in modelling the problem accurately can 
be overcome with RL. The solution procedure 
using RL algorithm is very much suitable for 
random environment. The proposed algorithm is 
tested on a 10 unit system with various soft and 
hard constraints of the system and the generating 
units. The performance of the solution strategy is 
compared with existing methods. Analysis of the 
results shows that an efficient solution strategy for 
UCP can be developed using the concepts of RL 
and it can be used for fast decision making in 
modern power systems. Even though the 
developed framework is tested only for 
deterministic environment, it is applicable for 
stochastic environment also.  
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