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A Multi-chiller Operation Model Based on Deep Reinforcement

Learning Considering Minimum Up-time Constraint
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Abstract

In summer, as chillers are considered the main energy consumer of building, the efficient chiller operation is considered
important. However, it is difficult to operate chillers to meet the cooling demand of the building as the demand fluctuates
with various factors like the internal, external environment and behavior of the occupants and as chiller’s constraint
cause the current operation constrains operation in future. To address these problems, this study proposes a multi-chiller
operation model based on deep reinforcement learning considering the minimum up-time of the chiller. The proposed
model learns the value of the chiller operations according to the state composed of metrological and cooling system
information and determines operation that minimizes the difference between the supply load and the cooling demand
among feasible operations. The practical applicability was improved by applying the training algorithm considering the
minimum up-time constraint and Experiments results using the actual data from a Korean university confirmed that
the proposed model complies with the chiller constraints and outperforms the existing chiller operation logic of the
university in terms of differences from the building cooling demand.
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(Figure 1) Structure of the central cooling
system considered in this paper
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(Figure 2) Framework of proposed multi—chiller operation model
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(Table 1) Feature of state considered at time ¢

No. Description Categories Size
1 Outdoor temperature Observed value 1
2 Outdoor humidity Observed value 1
3 Time Observed value 1
4 Return temperature of chilled water Obtained from Simulation 1
5 Supply temperature of chilled water Obtained from Simulation 1
6 |Actual total cooling load of buildings for last one hour Observed value 4
7 Chillers operation status for last one hour DOQN action history 24
8 Chiller ON time duration DQN action history 6
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the proposed model
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Algorithm 1. Training Algorithm of Proposed Multi-chiller Operator

1. Initialize replay buffer D with size b

2. Initialize network Q with random weights ¢

3. Initialize target network ¢ with random weights ¢~

4. for episode = 1, E do

5. Initialize state

6 fort =1, .., T do

7. Observe state s; and chiller operation status C;

8 Based on C, generate and apply action mask

9. Choose operation set o, according to e-greedy strategy

10. Execute operation set a,

11. Get next chiller operation status Cyj, next state su; and reward r
12. Store experiences (S, a, , Iy, S¢1) in D

13. if enough experiences in D then

14. Sample random minibatch of M transitions (sj, «; , Ij, Sj+1) randomly in D
15. Calculate ;=17 + v maxyQ(sj+1,a367)

16. Calculate L =5 2}5%" Qs a5 6) —y))?

17. Update ¢ weights using rRMsProp by minimizing the loss L

18. end for

19. end if

20. Seer < Su Cig < G

21. end for

22. Copy 6 to 6 every v steps
23. end for
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(Table 2) Input variables of the prediction
models for cooling system simulation

Variables Description
T Supply temperature of chiller water
Ty Return temperature of chilled water
Ty Outdoor temperature
T, Outdoor Humidity
g Demand for cooling load in buildings
g Supplying cooling load in chillers
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Ysupply = —0.8016x; — 0.09162x; + 0.0916x;
+0.0299x, — 0.0036x5 3)

—0.0547x, + 0.0196

Yreturn = —0.0385%; + 0.9469x, + 0.1128x5

+ 0.0461x, — 0.0993x; )
+ 0.0089x¢ — 0.0213
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(Table 3) Specification of chillers
considered in this paper

No.

Description Number

Cooling
capacity (RT)

Large turbo chiller| 1, 2

475

Small turbo chiller 3,4

180

Absolute chiller 5, 6

360

(Table 4) Example of chiller operation

combinations

State of chiller Cooling
ne. 1 2 | 3| 4|5 6 Ca(I:;I)ty
1 | OFF | OFF | OFF | OFF | OFF | OFF 0
2 | ON | OFF | OFF | OFF | OFF | OFF | 4275
3 | OFF | ON | OFF | OFF | OFF | OFF | 427.5
4 | OFF | OFF | ON | OFF | OFF | OFF | 162.0
5 | OFF | OFF | OFF | ON | OFF | OFF | 162.0
61 | ON | ON | ON | OFF | OFF | OFF | 1719.0
62 | ON | ON | ON | ON | OFF | ON | 1539.0
63 | ON | ON | ON | ON | ON | OFF | 1539.0
64 | ON | ON | ON | ON | ON | ON | 1899.0
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(Figure 5) Prediction results obtained by the
return temperature prediction model
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(Table 5) Hyper—p

arameters for training

Hyper-parameters Values
Batch size 128
Learning rate 0.001
Optimizer RMSprop
Epsilon decay weight 0.999
Episode 5000
Replay buffer size 10,000
Target network update 50
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