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Abstract—Given that building loads consume roughly 40%
of the energy produced in developed countries, smart buildings
with local renewable resources offer a viable alternative towards
achieving a greener future. Building temperature control strategies
typically employ detailed physical models which require a signif-
icant amount of time, information and finesse. Even then, due
to unknown building parameters and related inaccuracies, future
power demands by the building loads are difficult to estimate. This
creates unique challenges in the domain of microgrid economic
power dispatch for satisfying building power demands through
efficient control and scheduling of renewable and non-renewable
local resources in conjunction with supply from the main grid.
In this work, we estimate the real-time uncertainties in building
loads using Gaussian Process (GP) learning and establish the
effectiveness of run time model correction in the context of
microgrid economic dispatch.

Index Terms—Gaussian Process Learning, Deep Reinforcement
Learning, Predictive Control, Economic Dispatch, Building ther-
mal model.

I. INTRODUCTION

Given the significant energy requirement (about 40%) of
building loads in developed countries, microgrids have evolved
as an alternative low carbon footprint power generation alter-
native. In large smart buildings, the heating, ventilation, and air
conditioning (HVAC) systems consume around 70% of the total
power. Hence, it is important to develop microgrid economic
dispatch techniques which take accurate demand prediction of
building HVAC loads into account. The accuracy of HVAC
load prediction increases with the accuracy of building thermal
models, which again vary due to incorrect measurements of
thermal parameters (conductivity of the building material, con-
vection of air etc.). Also, developing accurate thermal model
from scratch is a time consuming and costly process [4]. As
an alternative, machine learning based methods have emerged
for capturing occupancy and weather sensitive building thermal
behaviour [4]. However, the accuracy of the machine learning
model depends on the quality of data available to train the
model before being actually deployed.

In this work, we consider a hybrid approach, where we use
supervised machine learning technique for modeling the error
in the initial thermal model w.r.t. prediction of HVAC power
consumption We model the error between the observed and
predicted building HVAC power consumption using a Gaussian
Process (GP) learning scheme. Our choice of GP as the error
correction model is motivated by the fact that GPs can capture
complex behavior with fewer parameters and high flexibility.
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This is an important feature from a new building perspective
for which sufficient quality data is not available. In an online
setting, where the building HVAC operates and generates actual
power demands, our technique accumulates the error data in
order to update the GP model on-the-fly for increasing the
accuracy of the model.

Since the learning of the GP incurs significant computation
and potentially communication cost when deploying in large
building networks, we need to judiciously select the training
update instances. For this we employ a Deep Reinforcement
Learning (DRL)-based supervisor that adaptively triggers GP
learning and model update phases for consistently providing
accurate power demand prediction of the building, with the
view of minimizing the cumulative utilization of computing
resources for the training of GP model. The dynamically error
corrected model provides power demand estimates which are
used by a Model Predictive Control (MPC) strategy that com-
putes economic dispatch inputs for the building microgrid. The
MPC can either compute a day-ahead power dispatch schedule
in open loop; or solve an hourly rolling optimization problem,
considering real-time uncertainties such as weather patterns,
distributed energy resources (DER) status and load demand
prediction. Using this methodology, it is expected that over time
the error between the predicted and observed power demands
decrease. Imprecise building thermal models based on Gaussian
Processes (GP) have been considered for demand response
(DR) applications in [4]. Unlike some existing works [10],
we design an MPC-based economic dispatch scheme with
DERs, which is building load sensitive. In retrospect, our work
proposes the following novel contributions.

e We propose the first approach for thermal load aware intel-
ligent microgrid power dispatch.

For modeling building thermal loads, we employ a novel
learning architecture that performs GP based incremental
refinement of approximate building thermal models.

We design a DRL-based supervisory controller which de-
cides GP training update timings with the view of minimiz-
ing the cumulative bandwidth of computing resources for
the training of GP model.

II. SYSTEM MODELING
Load Demand and Building Thermal Dynamics: The overall
load demand of a building is estimated as the summation of
the HVAC power demand and suitable terms representing other
electrical loads such as lighting. The major part of the power
demand for HVAC is from its Variable Speed Driven (VSD)



supply fan and chiller. We estimate the power demand of the
fan at sampling instant k& using the quadratic fan power model,
given by Py(k) = kys(ri(k))?, where ky is a parameter that
captures both the fan efficiency and the duct pressure losses
while 7 (k) is the supply air mass flow rate of the fan [6]. The

chiller power demand is estimated by P.(k) = C—pm(k)(Ts -
n

T.), where 7 is a coefficient of performance for chiller, cp is
the specific heat capacity of air, and 7, 1, are the temperature
of air in and out of the chiller respectively [6]. The overall
power demand of the HVAC system, Py (k), is estimated as:
Pir(k) = Py(k)+ Pe(k) = kg (in(k))* + Zm(k) (T~ T2) (1)
The resistance-capacitance based modeling of building thermal
dynamics is adapted from [8], generated automatically by [6].
Modeling the Error in Demand Prediction: We augment
the building model with additive dynamical terms describing
the error in state prediction to improve the accuracy of building
model, like [2], as follows.
$B(k+1):AB$B(k‘)+BBuB(k)+EBdB(k) 2)

+ g(mB(k)a uB(k)7 dB(k))

where dp(k) is the disturbance vector comprising external
weather related parameters like wind speed, direction, solar
radiation etc. Ag, Bp, Ep represent the state. Here, g rep-
resents the error in state prediction. For modelling the function
g, we consider Gaussian Process [4] technique. In Gaussian
Process Regression, the output ¢ w.r.t. an input r is represented
as g = f(r), where f: R" — R.

The GP corresponding to ¢ can be fully specified by the
mean function p(r), covariance function s(r,r’) and vari-
ance o2. Given a possible (state, input, disturbance)-triple
we compute the state prediction error Azp(k) i.e. the dif-
ference between the observed (z;(k + 1)) and the predicted
(xp(k + 1)) as, Azxp(k) = g(zp(k),up(k),dp(k)). With
i(k) = [25(k),uk(k),d5(k)]T, we use a training data set
Dp = [[Z(k)v e 77'(k + N)}T’ [AIB(k)v e 7AxB(k + N)]T]
to train a GP model for Az (k). The control law of the HVAC
system determines the control input (air mass flow rate m(k))
at time k considering the augmented building thermal model
of Eq. (2). For the control input r(k), the approximate power
demand Py (k) of the HVAC in period [k, k + 1] is predicted
using Eq. (1). In order to refine the load demand prediction
model for Py, we model a GP, APy ~ N(APy,04p,)
capturing the error in Pp. Thus, the overall load demand
with GP adjustment is Pg"t“l = Py + APp. This GP is
trained using a dataset of predicted power demand and error
in prediction of power demands.!

Microgrid System Model: We consider a microgrid archi-
tecture comprising diesel generators (DGs) as nonrenewable
energy source, photovoltaic (PV) systems as renewable sources
and battery bank as the storage system. In the microgrid, the
power generation of the PV source at some k-th instant can be
modeled as Psoiqr(k) = A x sr* h(k) * PR, where A is the
total solar panel area, sr is the solar panel yield (%), h(k) is
the solar radiation, and PR is the performance ratio [10]. For

!Note that the GP on building state contributes to the overall error correction
in power consumption estimation using the GP of APg.
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the storage system, i.e., the battery, the charging/discharging
dynamics is governed by Fy(k) = —dssFss(k) — Pss (k)

No E:rzaa: b
where Esq(k), Pss(k) are the current state of chargel(§6C) of
the battery and the power supply from the battery respectively.
Also s is the self-discharge rate of storage, 7, (x) represents
discharging/charging efficiency based on the switching signal

o(k) = 0/1. EmM% s the maximum storage capacity. The

storage system power dynamics is modeled using the first-order
lag dynamic equation Psg(k) = — %Pss(k)—&—[]s%ik), following

[9], where T, is the average delay incurred between power
command and delivery. Here, Uss(k) = {Ucn(k), Ugis(k)} is
the command to the battery by the supervisory controller. We
have Uss(k) = Ugis(k) when o(k) = 0, i.e. discharging and

Uss(k) = Uen(k) otherwise. The power generation dynamics
of the diesel generator can be given as Py(k) = f%Pd(k) +
Ua(k)

et where 7, is the average delay incurred between power
command and delivery and Uy(k) is the power commanded to
the diesel generator by the supervisory controller [9]. Using
these equations, the discrete time power generation dynamics
of the microgrid can be written as:

I]w(k?—‘r 1) :AMZ‘]\[(]{Z)—FBMUJ\{(]{I)+E]ud]\/[(k:) 3)
where Ay, By, Car and E) are state, input, output and dis-
turbance matrices respectively. The state x;(k), control input
ups (k), output yps (k) and disturbance dps(k) vectors are de-
fined as 23 (k) = [Eys(k) Pss(k) Pa(k) Paorar (k)T ups(k) =
[Uss (k) Ud(k)}T7 yn (k) = [Pss (k) Pa(k) Psular(k)}Tv
drs (k) = (D, (k) Dp., (k) D, (k) h(R)]T,
where D, (k), Dp, (k), Dp,(k) represent the model distur-
bances in respective state variables.

III. ONLINE ADAPTIVE-LEARNING FRAMEWORK

We provide an overview of our refinement-in-the-loop
methodology in Fig. 1. We simulate the actual grid deployment
scenario as follows. For representing actual buildings (with un-
known thermal dynamics), we consider calibrated Energyplus
[3] based building thermal models.
Microgrid Economic Dispatch: In this work we perform
microgrid control using a Model Predictive Control (MPC)
scheme which generates as control signals the setpoints for
local controllers to regulate working of the DG, PV and battery
subsystems. The operational limits of these DERs can be
represented by bounds on state variables as:
Cy : Amin < x(k) < XM where vectors X™" and
X™ contain the minimum and maximum allowed values
of the microgrid state variables. The power command to the
diesel generator Uy (k) is bounded by the minimum PJ*" and
maximum PJ"** power capacity of the diesel generator given as
Cy - Pg’”" < Uq(k) < Pj***. In every k-th sampling interval,
we are provided with predicted building load and GP approx-
imation of error in demand prediction, so that the augmented
demand is, P;o"! (k) = Py (k) + APy ~ N(APy,03p,).
Since the power demand prediction exhibits uncertainty due
to inaccurate GP model, we require some confidence value €
such that for k-th sampling period we can maintain a guarantee
that P(Pyin (k) < PEO'(K) < Praz(k)) > 1 — e. Following
the Lemma 16 in [4], we can conservatively approximate such
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Fig. 1: Architecture of our Adaptive Learning CAD Framework

chance constraints as:

Yy Z OAPy» Pmin(k) - Pmaa:(k) S 2@_1(5*/2)7 (4)
Pmln(k) - A7F)H S (1)71(6)’% A7P)H - Pmaz(k) S ¢71(€)7
where € must lie inside the interval (0, 3]. ®~! is the inverse
cumulative distribution function of standard Gaussian distribu-
tion, v is an auxiliary variable, and €* = ¢/1.25. In order to

satisfy the predicted power demand, we add the constraint,
Cs ¢ Ppax(k) < Pog(k) + Pa(k) + Psolar (k) + Py(k). The
objective of the MPC-based control scheme for the dynamical
system in Eq. (3) is to satisfy the estimated power demand
of the building network using the microgrid and the utility
grid, while minimizing the overall electricity cost along with
microgrid operation and maintenance cost. The overall cost
J(k,k + X) for some interval [k,k + A] can be written as:
J(k, k4+X) = 2212 [CT (n)ym (n)+Cy(n)P,(n)] where vector
Cyn (k) represents the generation/operational cost per unit from
battery, diesel generator and PV source. Also, C,(k) is the
grid power cost/unit. P, (k) is the power drawn from utility
grid within interval [k, k+ 1]. The overall MPC formulation for
the microgrid thus becomes: 1M1y, (k... up (e+2) (K, K+ A)
subject to Eq. (3), Eq. (4), C1,C5, and Cs.

DRL based Adaptive GP Learning: The GP models for
both building thermal model error and power demand error (i.e.
Axp, APy) require online training while the predictive power
dispatch loop continues operating. This can be performed in
cloud/local resources (refer Fig. 1) whenever the prediction
errors cross acceptable limits. However, this decision needs
to be judicious since local errors at certain time-steps should
not unnecessarily trigger the costly training phase. For learning
suitable model update timings from experience while maintain-
ing a balance between communication/computational cost and
prediction accuracy, we employ a DRL based supervisor.

We formulate this sequential decision process as a Markov
Decision process (MDP) and apply deep Q-learning [7]. The
action of triggering the learning process is determined by the
current system state S, = (i(k), Pu(k), k) with notations
defined earlier. We consider the Boolean action space as
A = {aen, = 0,1} denoting whether the currently employed

GP shall switch to training or not. For an action in the k-th
time step, the reward is defined as,

(k) = Waee - acc(k) — Weost - train_cost(k), where acc(k) is
the observed accuracy of the GP model and train_cost(k) is
the cost of a training run with currently accumulated data. Here,
acc denotes the Mean Absolute Percentage Error (MAPE) for
the prediction accuracy of the GP regression method for some

K
. 1 APy (k—r+j
k samples, i.e., - > |W\ Here, wgee and we,g; are
j=1

the scaling factors associated with the accuracy and training
cost of the GP model.
IV. EXPERIMENTAL SETUP AND RESULT

We implement the control and learning framework described
in Section-III and use two calibrated building model bench-
marks available in EnergyPlus [3], an academic building and an
office building [5] for validation purpose. In our experiments,
we consider these models as blackboxes with unknown thermal
dynamics and we generate approximate building thermal mod-
els of the benchmark buildings using the tool provided in [6].
These models are augmented with the GP based error models
with microgrid component parameters considered as given in
Table 1. We consider the squared exponential as a covariance

H Parameter name Value ‘ Parameter name Value H
Oss 0.04%/hr n 0.9
(TsssTd) (0.1,0.3) sec [pmin pmaer] [400, 800] KWh
[P, Pras] (2200, 2001 KW | [Py, Ppas] [0, 150] KW

TABLE I: Microgrid Parameter Values

function [1] for our GP models. We perform an initial model
validation and feature selection phase using eight weeks of
synthetic data generated from EnergyPlus. We design a deep Q
network for our DRL system with fully connected (FC) layers,
similar to [7]. Mean square error is applied as the loss function
to measure the Q-network output and the target Q-value [7].
We use the Adam optimizer [11] for updating the parameters
in Q-network [7].

Simulation with online system deployment: For establishing
the usefulness of using GP, we compare its performance with a
Neural Network (NN) based model for our system. We deploy

Design, Automation and Test in Europe Conference



our MATLAB and EnergyPlus based co-simulation framework
with the weather data scenario of Kolkata given in [3] for a
specific year (1986, designated as yearl) for 100 days starting
from January 1, using both GP and NN models separately.
For the first week, we do not train the error models, and the
approximate thermal model is used to predict building power
requirement. The GP models are trained on January 8-th using
the generated dataset leading to reduction in prediction error
as shown in Fig. 2. We consider ¢ 0.05, A = 8, and
sampling window size of 15 minutes in the microgrid MPC for
all experiments in this paper. We calculate the Mean Absolute
Percentage Error (MAPE) in power prediction over a rolling
window of 4 hours using a fixed-threshold method. In this
method, the MAPE value is checked in every sampling window;
and whenever the value crosses a threshold (here, 145 W), the
error models get updated.

Using NN(year1)

Using GP(year1)

Using NN(year2)

§=0.472 Using GP(year2)

J“J‘ul“ v an bl A0 J.A. PRETTITE. U I TOTIVT IO VS TPy | aild

0 - 1000 2000 3000 4000 5000 6000 7000 8000
Power Prediction Update Instances (Sampling size = 15 minutes)

Fig. 2: MAPE in our Adaptive Framework (Fixed-Threshold
method). ‘$’ : average % load demand prediction error.
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Fig. 3: Comparison of operational cost for building load.

The model update points are marked using red stars in Fig. 2.
For the NN model, we employ a NN with four hidden layers.
The choice of NN training algorithm is Bayesian Regularization
(useful in small data scenario). We deploy the model iteratively
trained in yearl for use in year2 (1990, year2) given in [3]
during the same period of the year (100 days include 9600
samples, from January 1st). We observe that both errors and
number of update points reduce significantly for both models
in year2. For the last 40 days in yearl and whole period of
year2, GP reports much smaller MAPE than NN. We provide
the operational cost (in INR) for both approaches along with the

case of perfect prediction in Fig. 3. for every one-hour period,
averaged for the last 30 days.

DRL based model update: We employ the DRL framework
for deciding the GP model update timings and compare the
performance with the fixed-threshold based method.

a . \
(a) Using Fixed-Threshold Method

Lk LA||““).L1 1

2000
(b)Using DRL Method

o
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000
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Fig. 4: Model updates comparison

In Fig. 4(a), we reproduce the previous graph of GP based
refinement with fixed threshold of Fig. 2 and compare it with
the error graph generated considering DRL directed GP model
updates as depicted in Fig. 4(b). Both cases represent simulation
of 100 days with yearl data. Though the accuracy (measured
in MAPE) in both the methods are almost comparable, the av-
erage CPU utilization reduces by 23.96% and average memory
usage reduces by 25.95% in the later case due to successful
elimination of unnecessary model updates by the DRL.

V. CONCLUSION

We demonstrate the effectiveness of our additive GP models
in the context of MPC-based microgrid control of building
networks. Possible future work includes performing validation
of the framework over large-sized buildings and weather data
of multiple geographical locations.
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