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1. BACKGROUND AND MOTIVATION 3. BUILDING THERMAL MODEL DEVELOPMENT - OVERVIEW 6. RESULTS

* Even though the capacity of Solar and Wind based
renewable energy generation is increasing, we still need
additional infrastructure of fast-ramping gas-powered
generators, utility-scale battery storage and base-load
being managed by conventional generators to optimally
utilize their potential. | | | | PNNL Buildings Input Data
Soon for a completely decarbonized grid, we will require
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large installations of utility-scale battery storage which ‘
require huge capital investment.
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Here we develop a methodology for developing high-

fidelity, computationally inexpensive and controllable

building models which will aid in developing these control

strategies and performing large-scale simulations

Processed Input
Data

[

Ln
I
un

Zone Air Temperature (°C)

=
H’wj"r

P
Lt
L
I
wl

e | e 2 Bd 1B bEe—em—s—s

a’“ﬁ ﬁ"lﬂﬁ ﬁ"l"ﬂ o 0 ﬁ"'ﬂq ‘-Zﬂﬁa g @ a’“ﬁ ﬁ"lﬂﬁ ﬁ"l"ﬂ o 0 ﬁ"'ﬂ"q ‘-Zﬂﬁa g @

’fJ 15 /f'l -1% rf.’t -5{} -51 o -'f:l /]5'.' /f'l -1% rf.’t -5{} -51 o
Time Time gt gt gt gl gt P 1P g I g 1 1 i 7 137 (@

Time Time
(b) 2 Zone

Building

— Black-Box
Model

Zone Air Temperature (°C)

Time Time

(c) 3 Zone (d) 5 Zone

Fig. 5: Actual vs predicted Py ac for different aggregated zone models.

TABLE II: Average absolute error for 7. prediction TABLE III: Average absolute error for Py 4 prediction

Lone Average Absolute Error (%) Lone Average Absolute Error (%)
Type | Independent | Dependent | Dependent 2 Iype | Independent | Dependent | Dependent 2
i i | 7. 3.28 NA NA 17 1.05 NA NA
Major fuels consumption by end use, 2018
share of total | 4. BUILDING THERMAL MODEL DEVELOPMENT - SCHEMATIC = s 20 2 = L L tnd
office equipment, 1% computing, 4% 57 161 0.63 755 5Z 0.30 2.40 5.60

water heating, 5%

_ refrigeration, 5% l
space heating, 32% Previous Timestep 7 CONCLUSION AND FUTU RE WORK
Zone Temperature
king, 7% . . . . . age
cooking —— I (k) T (k) In this preliminary work, we have developed a principled way of utilizing the structure
Temperature n of a simple RC-Network-based building thermal model to develop ANN-based building
6,787 trillion Btu -4
total energy cooling, 9% DN! (k) —— v g thermal models.
consumption ' Szfaf DHI(k) | Eq.(9) 3 —- - We not only develop an ANN model but also the power consumption model in a form
rracgiance »> . . . . . . . .
Regression Qous (k) that can be integrated into co-simulation framework along with a power distribution
Model .
o s (k) simulator.
other. 16% g, 10° S 1 Eq. (12) Qo2 (k)| e We compute the intermediate heating-cooling gains within the building using linear
P (k) Eq. (13) Model > T.(k+1) regression and completely observable data from EnergyPlus.
ventilation, 11% ~ Lighting s(k) | Eq.(18) |0k Quc (k) e Our building model’s input mimics that of EnergyPlus making it easier to work with in
eia Eq. (15) > P .
Data source: U.S. Energy Information Administration, Commercial Buildings Energy Consumption Survey ;‘(k) —» Q(k) an intuitive Way'
note: Blu = Brifish thermal units o L " iy L E4-116) Qe (k) For future work, we will be comparing the performance of RNN, LSTM, GRU and
quipmen q. —» > i ]
it Neural ODE against the simple MLP used here.
2 GREY-BOX BUILDING THERMAL MODEL mik) i I We will be developing a co-simulation platform using these building models with
Control Ts(k) | Ea-(6) OpenDSS for large-scale networked building simulations
wvac (k)
! | Eq.(5) i o FA-128)
Rwin Eq.(19)
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