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Background
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The power consumption of TCLs can be coordinated to help the
electric power grid balance supply and demand of electricity
. Large populations of TCLs 4200
g 4000 - L 120
«  Often re5|dent|al air conditioners (ACs) § 3600 - [
« Can provide frequency regulation § 34001 Jy i "
- Common to assume an aggregator receives = T
a desired power signal and controls an 3000 : . 60

aggregation of loads to match that signal
« Rely on control and estimation algorithms
« Estimates of the aggregate AC demand can

be used as a feedback signal for control and
estimation algorithms

Regulation (MW)



Background A=

In this work, we apply Kalman filter and online learning -
algorithms to estimate the aggregate AC demand.

« Contribution 1: We show that Dynamic Fixed Share (DFS) can be
constructed to produce identical estimates to those produced by a multiple
model Kalman filter (MMKF)

« Contribution 2: We incorporate three heuristics used within MMKFs into
DFS

* Contribution 3: We compare the performance of DFS and a MMKF within a
demand response simulation
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Kalman Filter Background Na

A Kalman filter relies on a linear model of the system and
normally-distributed random variables to estimate a state.

System model: X1 = Ap T + Wy

Y = Cy T + vp

Model-based update: 7.1 = A Ts

~ ~ —1
Measurement-based update: 7, = 7. + Pk(}g CkPk(jg + Ry (Y — Crxr)

Convex optimization formulation [Mattingley 2010]:

min -v;lkalw,; + (z — fﬁk:)T ﬁkl (x — k)

T,V

S.1. Y = Crx + Vg,

[Simon 2006]



Dynamic Mirror Descent (DMD) Background A=
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Similar to a Kalman filter, DMD uses a system model and a
convex optimization formulation to update the predictions

System model: Assumed below

Model-based update: 1 =P(x})

Measurement-based update: Depends on the user construction of the convex optimization
function below

Convex optimization formulation: T = argmin '778 (vgkz(fk))tr r+ D (THE(:A)
rEX

[Hall 2015]



DMD and KF Equivalent Updates

1. Choose the Bregman divergence: D (z||7x) = % (r — iﬂ-_]l ﬁk_l (v — Tk)
2. Set step-size parameter: ?75 = 1

3. Solve the convex optimization formulation: 77, = 7). + ﬁk (_ka(ffk))

4. Select the loss function to match the desired update:

= 1 =N T , Sys ~
U (Ty) = 5 (CxZr —yr)” (P (CrTr — yi)

=Vl (Ty) = C}f(ﬁf)‘l (Y — Cr)

[Ledva 2018]



MMKF Background N2

An MMKF combines estimates from separate underlying
Kalman filters using a Gaussian likelihood function.

L . . ‘ ~ |
Likelihood function: (4, Im?) = {(QW)W Pgﬂ exp (—jdl(ﬁ:))

d.(U%) = G —u) " (") 1T — i)

h(yg|m®) wk

1
Wg41 = —
Zje_ﬁ,-‘v[mdl h (UR |'T:-'?“? ) 'H.‘i

Weighting function:

Overall prediction: Th+1 = E ; W11 Llaq
iE.ﬂ"V[md]

[Welch 2001]



DFS Background N A=

DFS combines estimates for separate underlying DMD
algorithms, which each incorporate different models.

; A wt exp (—n" (5 (T
Weighting Function: w4 N +(1=N\) — kO ( / ( k))

ST w] exp (—-'r,r"” (e ?i))
j=1

: ~ _ ) ~i
Overall estimate: Lr4+1 = E W41 Lraq
iEJ’Mmd]

[Hall 2015]




MMKF and DFS Equivalent Updates

We can make the weighting functions equivalent petween the
MMKF and DFS by scaling parameters within the functions.

, n f’“:i
| i wj, eXp k))
« Set parameters in DFS: Wy,

+ 1 mdl

Z wi, exp O(;C

h(yk|m®) wk

Wg+1 = —
i ZjEJMmdl h(tﬂi |'T:-'?-j) 'U_.-’i,

+ Both weight updates now have the form:

» Scale output covariance:  h(y|m")




Heuristics

We show that several heuristic adjustments that are used within
MMKFs can be incorporated into DFS by modifying the weight update.

A minimum weight: i A 1— )\ wy, exp (=" £ (7}))
Wr+ “l.,',mdl I: ) Nmdl _
> wy exp (—?;r" ls. (Ei))

(wy)” exp (—n"6(Z}))

Exponential decay: H-‘f;._H = \mdi + ':1 — A)

/ iy madl
] ' i\ i)
Zl l:?_l?‘;;:l T exp (_?Frf'k{i‘k}fu
"]l:
k -
\ [T exp(—n"t (7))
' ré
Sliding Window: wic+1 :_“l.,f-'mdl +(1— }h} -U; k—N

> 1 e (-t (3)

j=1 t=k—N¢ /




Case Studies

We simulate a demand response scenario to evaluate the ablllty bf
different algorithm implementations to estimate the aggregate demand.
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« Each algorithm uses three underlying models to form its overall prediction

» Identical individual predictions across the multiple model algorithm implementations



Case Studies
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We simulate a population of 1,000 ACs over six hours using”
4 second time-steps and a sinusoidal outdoor temperature.
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Case Studies

Performing the scaling of the MMKF weight update
produces the same estimates for both the MMKF and DFS
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Case Studies

Including a minimum weight into DFS and a MMKF
significantly improves the estimation accuracy
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Case Studies
|

chigan Power &

A minimum weight in MMKF allows the algorithm to shift WeigH"fgyW
to the most accurate model near the end of the simulation.
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Case Studies

Incorporating a sliding window and exponential decay ailow
the weights to remain dynamic as time progresses.
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Conclusions

There are close similarities between online learning
methods and Kalman filter approaches

« Manipulating the weighting equations in the MMKF results in an
identical weight update as in DFS

 DFS can be modified to incorporate heuristics that are commonly
used within a MMKF

* Including a minimum weight threshold improves the performance of
DFS and a MMKF

* Including exponential decay or a sliding window in the DFS weight
update allows more consistent, responsive behavior in the weights.

 The DFS and MMKF algorithms effectively estimate the aggregate
AC demand within the demand response simulation.
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