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ABSTRACT

Recently, deep reinforcement learning (DRL) based intelligent con-
trol of Heating, Ventilation, and Air Conditioning (HVAC) has
gained a lot of attention due to DRL’s ability to optimally control
HVAC for minimizing operational cost while maintaining resident’s
comfort. The success of such DRL-based techniques largely depends
on the articulation of the problem in terms of states, actions, and re-
ward function. Inclusion of the electricity pricing information in the
problem formulation can play an important role in saving the cost
of HVAC operation. However, less attention has been given in the
literature on formulating well-crafted state features based on elec-
tricity pricing. In this work, we propose an approach for training
the DRL model with a specific focus on feature engineering based
on electricity pricing. During training, we generate random but
sufficiently realistic electricity price signals so that the pre-trained
DRL model is robust and adaptive to the dynamic and variable
electricity prices. The validation results are encouraging and show
the potential of #12%-15% savings in the one day cost of HVAC
operation, proving the usefulness of including electricity pricing
related features as state features.
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1 INTRODUCTION

Buildings are the major consumers of energy in the United States,
with over 40% of the total energy consumption [21]. The Interna-
tional Energy Agency (IEA) estimated a 30% growth in the building’s
energy demand by the year 2035 [9]. Thus, it is important to effi-
ciently manage the energy usage in the buildings, both residential
as well as commercial. According to a report by the Energy Infor-
mation Administration (EIA) over 51% household’s total annual
energy consumption in the year 2015 was attributed to HVAC [7]. It
is evident from these facts that intelligent HVAC control has the po-
tential of significantly reducing the building’s energy demand and
cost as well as minimizing the environmental impact by reducing
peak power usage.

Various approaches for intelligent HVAC control have been de-
veloped over the last few years to achieve better energy efficiency
and to reduce the cost of HVAC operation while maintaining the
resident’s comfort. These approaches are broadly classified into
three categories: 1) rule-based 2) model-based and 3) model-free ap-
proach. The rule-based approach is widely used today and includes
a simple on/off strategy with a set of rules encoded by experts [21],
proportional-integral-derivative (PID) [1, 22] and fuzzy logic-based
approaches [2, 8, 10, 11]. These rule-based approaches need a de-
tailed understanding of the building dynamics, which is difficult to
capture in the form of static rules. The fuzzy logic based approaches
have their challenges for multi-objective optimization, such as min-
imizing energy cost while maintaining the resident’s comfort. Due
to these reasons, the rule-based approaches may not provide the
optimal solution and are useful for a specific house [3, 20].

As opposed to the rule-based approaches, the model-based ap-
proaches such as Model Predictive Control (MPC) use system mod-
els to predict building’s thermal behaviour and energy performance
over a finite horizon [1, 15, 19, 25]. The performance of such MPC-
based approaches largely depends on the accuracy of building en-
ergy model and its calibration accuracy as well as accuracy on
predicting the external disturbances such as weather. Moreover,
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executing building energy models along with the optimization al-
gorithm is computationally demanding task.

Due to these limitations of MPC and other approaches to con-
trolling HVAC, model-free reinforcement learning (RL) based ap-
proaches such as Q-learning are getting a lot of attention from the
research community [4, 5, 14]. The model-free approaches do not
need an accurate model of the system as the RL agent interacts with
the environment through state, action and reward. The Q-learning
uses a lookup table approach, called Q-table, to store the value of
any state-action pair. However, the continuous and time varying
nature of the variables such as outdoor temperature, indoor tem-
perature, and HVAC setpoints could lead a large state-action space
which limits the Q-learning’s applicability.

Recently, Mnih et al. used a deep neural network for approximat-
ing Q-table and achieved a human-level intelligence while playing
Atari game [16]. Following this research, many recent works used
deep q-network (DQN) for HVAC control and showed DQN’s ability
to work with the continuous state-action space [3, 17, 23, 24, 27].
Since DQN approximates the Q-table, it is designed such that it
takes state features as an input and predicts Q-values for various
discrete actions.

The performance of the DQN-based approach for HVAC control
depends on the articulation of the problem in terms of state, action
and rewards. Among these, the state represents a set of features
that describes the state of the environment (e.g. building) at a given
time. For instance, indoor temperature, outdoor temperature, so-
lar condition, indoor humidity, occupancy, etc. could be used as
features to represent the state of the environment. In this respect,
the state defines the observability of the RL agent. Figure 1 depicts
that the DQN networks use states (both previous and next states)
as inputs and estimates the values of being in those states. Further,
these value estimates from both the networks are used to train the
DON model. Therefore it is important to carefully craft the features
of the state so that the RL agent could efficiently learn to estimate
the optimal Q-value of a state. For brevity, we are not providing an
in-depth discussion of the training process of DQN. More technical
details of DQN training can be found in [12, 13, 16, 24].

The cost of operating HVAC depends on the electricity pricing
and the energy used for HVAC operations, e.g. cooling/heating.
This fact leads us to hypothesize that the features about electricity
pricing such as time to next price change, type of price change
(increasing or decreasing), etc. could play an important role by
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Figure 1: Structure of DQN. It consists of two networks, 1)
evaluation network and 2) target network), and experience
replay memory that stores the tuples < S, as, 14, Sr+1 >.
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aiding RL agent to learn the optimal policy that minimizes the
cost of HVAC operation while respecting the resident’s comfort.
An example of such a policy is to pre-cool the house to avoid the
peak period of electricity pricing. Most of the recent works on
DQN-based HVAC control used the feature such as time of the
day, outdoor temperature, indoor temperature, electricity price,
etc. to describe the state of the environment [26]. We noticed that
less attention has been given for crafting the electricity pricing
related features (mentioned earlier) for formulating the state. We
believe that such features would help RL agent in better learning
the actions, e.g. when and how long to pre-cool the house. The
objective of the work presented in this paper is to validate the
usability of the electricity pricing related features in training DQN
for intelligent HVAC control for minimizing the cost of operation
while maintaining the resident’s comfort.

In this paper, we propose to improve the observability of the RL
agent by using electricity pricing related features along with other
indoor and outdoor temperature related features for describing the
state of the environment. Section 2 discusses the proposed approach
in detail. This approach assumes the availability of the electricity
pricing forecast from utilities for the next few hours. Specifically,
along with the indoor and outdoor temperatures, we use current
electricity price and few price lookahead features (PLA) describing
the time-to-next-price-change, its duration, and the magnitude of
the change as well as the average outdoor temperature during this
lookahead period. In our earlier work, we showed the potential of
the price lookahead [12], however, in this paper, we are particularly
focusing on the feature engineering part of it. A similar approach
used the time-to-occupancy as one of the state features [4].

While training the RL agent, we used randomly generated syn-
thetic price signals that are inspired by various time-of-use price
signals from different utilities. We used a separate validation price
signal and compared two pre-trained RL models, one with the price
lookahead features (PLA) and other without PLA, with the fixed
setpoint baseline for few selected days which were not present dur-
ing training. The preliminary results are encouraging and showed
price saving in the range of ~13%-15% for one-day operation of
HVAC. The validation results are presented in section 3 followed
by the conclusion and future work in section 4.

2 PROPOSED APPROACH

This section introduces electricity pricing related features and for-
mulates the problem of HVAC optimization using RL and later
discusses the training and validation approach.

2.1 Problem Formulation

The objective of the RL agent is to learn the optimal policy 7* that
minimizes the cost of HVAC operation while satisfying the resi-
dent’s comfort. We assume that the indoor temperature (Tti") at any
time ¢ depends only on the previous indoor temperature (Tti "), pre-
vious outdoor temperature (Tt"_”lt ), and the previous action taken, i.e.
ar—1. We define state as Sy = {t, T}"I,TZ"Z, tf“t,pt,PLAt} where
t is the time of the day, T/"! and T/"? represent the indoor tem-
peratures of zone 1 and zone 2 of the building, T?* is the outdoor
temperature, and p; and PLA; represent current electricity price
and a set of price lookahead features, respectively. Since RL agent
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interacts with the environment at every At, interval, the Tin Tout

and p; are averaged over the time interval of [t — At,, t].

We explain the price lookahead features PLA; with the help of
the Figure 2. At any time ¢, At; represents the time to the next
price change, after which current price value P; changes to the new
price value P;. Further, Aty is the time duration during which the
electricity price is P. The duration Aty is useful to inform RL agent
about the time-to-next-price-change. So, if there is a peak price
period in the near future then RL can act accordingly and pre-cool
the house to minimize the work during peak period. We provide a
2°F of flexibility band below the cooling setpoint (for the summer
period) so that, if needed, RL can pre-cool the house within this
flexibility band. This flexibility band is defined as [LT, UT] where
UT is the cooling setpoint and LT = UT — 2. We also feel that At; is
helpful for RL in determining how much to pre-cool. For instance,
if the next peak price period has a longer duration then the RL
agent can pre-cool the house for a longer period (depending on Atz)
before the peak price to minimize the work during the peak period.

s 1 !
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Price — P —
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Figure 2: Sample price signal and price look ahead features.

Additionally, we calculate an index called the normalized differ-
ential price index (NDPI;). It is a ratio of (P; — P2) to (P; + P2) and
has a range of [-1, +1]. Its magnitude represents how big is the price
difference and the sign represents the direction of the change, i.e.
if the price will be increasing or decreasing. The value of NDPI;
along with the values of P; and P, would collectively help the RL
agent to guess how the electricity price will vary in the near future.
Moreover, the values of At; and At; would help in knowing when
this change is going to happen. The outdoor temperature during
this lookahead period (i.e. At; and At;) along with the current the
indoor temperature could influence the RL’s decision of pre-cooling.
We include this information as average outdoor temperature dur-
ing At; and Aty and represented by Tout_avgl gnd Tout_avg2 pe.
spectively. Finally, the price lookahead features are represented
as PLA; = {Py, Aty, TO%41-av91 p, Ay, TOut_avg2 NDPJ,}. Here,
one important thing to note that At; and Aty could take large val-
ues, e.g. a couple of hours. Instead of knowing the exact values of
the time-to-next-price-change and the duration of the new price,
knowing if the price is going to change within a fixed lookahead
window, say one hour, could be beneficial. To realize this fact, we
use a threshold of one hour for the lookahead window. This also
reduces the state space the RL has to search and can avoid any
unnecessary pre-cooling over a long period.

Since there are two zones in the building, the action space has
four actions, A = {ay, a1, az, a3}, where each action can take two
values, on/off. These actions are further converted to the setpoint
using the formalism shown in the Table 1. We use a negative reward
strategy for reward (refer Eq. 1). The first term represents the cost of
operating HVAC over the last control duration (At.) with weight of
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Table 1: Actions and their equivalent setpoints. T;, is
indoor temperature and AT represents a small value (0.6°F).

Actions | Zone-1 | Zone-2 | Set point-1 | Set point-2
ap 0 0 T;" + AT T;" + AT
a 0 1 T," + AT T," - AT
as 1 0 ;" - AT ;" + AT
as 1 1 ;" = AT ;" = AT

4 and the second term represents the penalty for comfort violation
with the weight value of 10.

r;=—4x%cost’d —10% [(T[avg

t—Ate t-Ate,t] UT)+(LT - T[avg ])] @

t-Ate, t

2.2 Training and Validation

The long learning period and likely poor comfort control during
learning make online learning of DRL an unrealistic choice for
intelligent HVAC control. In this work, we trained the DRL model
in an offline mode using a building simulation environment. For
this work, we developed a gray box building model using the data
recorded in an unoccupied research house located in Knoxville, TN,
USA. More information on the building simulation environment
used in this work can be found in [6, 12, 13]. We used the DQN
structure proposed by Mnih et al. [16] that consists of two neural
networks with a memory called experience replay buffer. For the RL
agent, the goal is to obtain the optimal policy 7* that maximizes the
long term reward. The DQN training is an iterative procedure that
uses a Q-value update equation (Eq. 2) to update DQN’s weights.
1 represents a learning rate. The detailed description of the DQN
training procedure and training parameters can be found in our
prior work [13].

Qr+1(St, ar) = Qt(st, ar) + n(res1 +y Iﬂnti)l( O1(s141, are1) — Qe(se, ar))  (2)

During training, we generated synthetic price signals by ran-
domly selecting the start time, the duration, and the magnitude
of the price peak during a given day. This is inspired by various
time-of-use price signals from different utilities. We trained the
RL model for multiple episodes (50 episodes for this work) and for
each episode we updated the price signal so that the RL agent can
see sufficient variations in the price signal and outdoor and indoor
temperatures. We used a separate synthetic validation price signal
for which the domain expert provided us the expected behavior by
the RL (refer Figure 3). The electricity price of this validation price
signal varies between [$0.05, $0.25] and has four peak price periods
in a day, one in the morning and three in the afternoon time, with
different amplitudes and duration. We trained two RL models one
with PLA and other without PLA features and compared both them
with the fixed setpoint baseline using the validation price signal.

$0.25 $0.25 $0.25

£ 0.2
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Figure 3: Validation price signal used for this study
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3 RESULTS
3.1 Dataset Used

For training RL models, we used weather data from Typical Me-
teorological Year (TMY) data for Knoxville, Tennessee [18]. The
price data was synthetically generated using a common time-of-use
(TOU) electricity rate plans. The price peak and off-peak durations
and the start of the peak were randomly chosen for each day in
the dataset. We trained the RL model for 50 episodes for the month
of July from TMY data. We validated the pre-trained RL model
for the month of August using the price signal shown in Figure 3.
We further selected three representative days from the month of
August with the average outdoor temperatures of 24.6°C, 26.6°C,
and 25.6°C respectively for detailed analysis.

3.2 Validation Results

We trained two RL models, one with price lookahead (PLA) features
and another without PLA features, and compared them with the
fixed setpoint baseline. The fixed cooling setpoint of 74°F (23.33°C)
was used for this validation study. First, we validated the perfor-
mance of pre-trained RL models for the month of August. We also
selected three days from the beginning, mid and end period of the
August month to validate the per-day cost. Table 2 shows the cost
and energy consumption for the baseline with 74°F as a cooling
setpoint and for the RL with and without PLA features. We can ob-
serve that the pre-trained RL model without PLA features showed
a 6% cost reduction for the entire month of August, did not show
a cost reduction for Day-1, showed 5% cost reduction for Day-2,
and 7% cost reduction for Day-3 over the baseline cost. Whereas,
the pre-trained RL model which used PLA features showed the
cost reduction in the range of 12%-15% over the baseline cost. This
cost comparison clearly demonstrates the importance of the price
lookahead features for minimizing the cost of HVAC operation.

Table 2: % cost reduction () using pre-trained RL model
with and without PLA features over baseline.

Baseline w/o PLA with PLA
Cost ($) 27.27 25.68 (6%]) | 24.02 (12%])
August (TMY) Energy (\Wh) | 391.96 390.96 20931
Dav-1 Cost (3) 0.83 0.83 (0%]) | 0.717 (13%1)
y Energy (KWh) 11.84 12.03 12.77
Dav-a Cost (3) 118 112 (5%]) | 1.01 (14%])
4 Energy (KWh) 16.88 16.68 1775
Dav-3 Cost (3) 0.88 082 (7%]) | 0.75 (15%])
Yy Energy (kWh) | 12.22 12.47 1273

For illustration, we present the temperature variation plots for
Day-3 for HVAC control using baseline and pre-trained RL models
with and without PLA features (refer Figure 4). We can observe
that the pre-trained RL model with PLA features tried to cool down
the house before the second and third peak price periods when the
outdoor temperature is also at its peak. These are represented by
the pre-cooling events in the Figure 4 (c). As expected, the RL model
did not perform any pre-cooling before morning and evening peaks.
The potential reason could be the lower outdoor temperature during
these two time periods. Such pre-cooling events are not present
in Figure 4 (b) where RL model did not use PLA features. The pre-
cooling events shown in the Figure 4 (c) and the price reduction
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Figure 4: Validation plots for Day-3. The green band repre-
sents the 2° flexibility band below 74°F (i.e. 22.22°C-23.33°C).

shown in the Table 2 verify the significance of PLA features in
reducing the cost of RL-based HVAC operation. Moreover, both RL-
agents (with and w/o PLA features) learned to satisfy the resident’s
comfort. Also, we have not observed significant variations in energy
usage for all three cases.

4 CONCLUSION AND FUTURE WORK

In this paper, we presented our work on understanding the signifi-
cance of using price lookahead (PLA) features while formulating the
state for intelligent HVAC control using RL. We demonstrated that
the RL model that was trained with PLA features achieved better
cost reduction (~ 12%-15% over baseline with the fixed setpoint)
than the RL model trained without PLA features while satisfying
the resident’s comfort. These results are encouraging, however, we
feel that this approach needs further investigation on understand-
ing the relevance of each PLA features considered in this work. We
also found that zone-1 has more temperature variations than zone-2.
Also, the RL agent tried to pre-cool for a longer duration before the
third peak price period (refer Figure 4 (c)). This observation leads
us to think that, although the RL agent with PLA features reduced
the cost, the solution could be sub-optimal. In the future, we will
work on interpreting RL’s actions to achieve better optimization.
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