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Abstract In this paper, the energy transaction system was optimized by applying a resource allocation
algorithm and deep reinforcement learning in the distributed power system. The power demand and
supply environment were predicted by deep reinforcement learning. We propose a system that pursues
common interests in power trading and increases the efficiency of long-term power transactions in the
paradigm shift from conventional centralized to distributed power systems in the power trading system.
For a realistic energy simulation model and environment, we construct the energy market by learning
weather and monthly patterns adding Gaussian noise. In simulation results, we confirm that the
proposed power trading systems are cooperative with each other, seek common interests, and increase

profits in the prolonged energy transaction.
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Fig. 1. Weather statistics through Korea weather
characteristic analysis.
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Fig. 2. Weather transition probability.
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Fig. 3. Difference of power generation between
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Table 1. Monthly change of demand.

Month change demand volume[%]
January + 6.9
February + 12.1
March + 6.9
April 0 (standard month)
May - 1.7
June +5.2
July + 4.8
August + 2.5
September + 0.7
October - 45
November - 4.1
December +1
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Fig. 4. The environment-agent interaction in
reinforcement learning.
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Algorithm Deep Q-Networks (DQN)
Initialize primary network g, target network Qg
Initialize replay memory M with random experiences to capacity €
for episode, E do
initialize Environment parameters
while episode is not done do
for each environment step, S do
Observe state 5,
With probability < ¢ select random action a,
else select a; = argmax Q*($(S,), a; )
Execute a, and observe next state 5, and reward r;
SetSyyq =S, @y 1y and gy = B(Spiq)
Store (Sp4q. @y, 1. Sp)in M
Randomly sample j from M with minibatch size § of
Experiences (5,1, aj, 1, 5;)
g (for terminal)

o+ yln;ixn-Q(rﬁiH.u';l‘i}
Perform a gradient descent step
end For
perform learning update target @ network for weights &
end while
end For
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Fig. 5. Deep Q-Networks algorithm scheme.
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