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What is a Baseline Model?

Why we need it?

1. A methodology to verify
Baseline Modeling savings from energy
Base Year conservation programs.
\ It helps to compute the
Installation Period J consumption of the

ﬁ building at any period,
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How to develop and use a baseline model?

1. A good record of base year conditions

Energy and demand profile (utility bills or spot measurement)
User or occupancy density

Equipment inventory and operation methods and periods

2. Select the critical indicators of changing of energy consumption.
« Weather data

 Occupancy rate or density

e Operation hours, etc.

3. Select the proper baseline methodologies

4. Continuous recording and adjustments in the post-installation period
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Existing Models

Models Examples Strength Weakness
Statistical | Lnear, Multiple-linear, Easy to establish Fair accuracy
Regression Change-point, degree-day | Most commonly
models etc. used
DOE-2, EnergyPlus, High accuracy, Time consuming,
Computer | BEST etc. detailed Large building
simulation description iInformation
Neural Network, Fourier | High accuracy Large pool of
Other Series, Support Vector hourly data
models Machines (SVMs), etc.
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How to asset a good Baseline Model?
Model Performance/Prediction Assessment Criteria (1)

1. Mean Absolute Error (MAE) (Rough Estimation)

E. . iwq —E
MAE(%) _ predlctE_ed measured xlOO

measured

2. Coefficient of Variance (CV) (Using both in model development

and prediction) _ 172

RMSE > (g - €f
——"=.100 ~ e |5
CV-RMSE= [ RMSE = [MSE["* =
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How to asset a good Baseline Model?
Model Performance/Prediction Assessment Criteria (2)

3. Variance of forecast error (VAR) (Using in Prediction)

1, (-xf | g |28

) e,
VAR(E —E) =S?|1+ =+
n n_p

" Z(Xi - X)2

i=1

4. 90% uncertainty bands (Using in Prediction)

n = number of observations

. _ _~1/2 m = number of month
m .
—\2 P = number of parameters in
Z (Xo o X) the model
a MSE m
Pl=t|l1-—,n—-p|-s— | M+—+-—= >
m n —\2 o Pl adopted, 9 out o
2 L If 90% Pl adopted, 9 out of 10
(Xi o X) times the predicted value E will
L L i=1 ) be between (E+PI) and (E-PI)
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How to asset a good Baseline Model?

90% Upper Prediction
VAR - Interval

CV is an indicator that
how predicted value
varies from measured
value

90% upper
confidence Interval

90% Low Prediction Interval

Final Predicted Value
E=E++VAR

X

|
I |
|
|
|
|
I |
. |
i [
90% upper > |
confidence Interval )

- >
n

Model development model prediction
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Simple-Linear Regression

» Use the outdoor dry-bulb temperature (T) to baseline whole
building energy consumption (E) based on monthly utility bills.

E :,Bo"‘ﬂlTo

Strengthen: simple; world-wide adopted and used

Accuracy: Low absolute error within 5% with large error bars at 90%
confidence level (explain)

Application: Simple comparison and estimation, preliminary analysis
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Multiple Linear Regression

«Correlationships between the climate data, which are monthly mean
outdoor dry-bulb temperature (T), relative humidity (RH) and global
solar radiation (GSR), and whole building energy consumption are
derived.

E=4,+pAT,+/,RH + 8,GSR

Strengthen: Holistic; removing weather effects

Accuracy: An improved prediction accuracy around 2% is achieved.
Application: Whole building diagnostic and more accurate prediction,
detailed analysis including sub-systems.
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E

Whole building holistic baseline method
-- A combination of simple regression and multiple regression method

Model Establishing

Preliminary MultipleLinear Model
Backward Elimination Process (SP5S)
R”I,C"-.-"H R”i,C"-.-"'z RHE,C"-.-"E
t test at 0% confidence level
= One One
Wariahl Wariahl

e

e

Model Verification

input: Weather data of projected year

11

Output: Projected year’s energy use

11

Accuracy assessment: CV,PIl, VAR, MAE

Multicollinearity test

Durhin -Watson test

!

1l

—
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Landlord Energy Consumption

A buildings’ landlord energy consumption refers to the energy utilized by
The common facilities, systems, services and space provided by the landlord

a) Air-conditioner central plant system which supply air-conditioning inside
the building;

b) Vertical transportation service i.e. escalator and lift;

c) Ventilation system such as exhaust fan and ventilator;

d) Artificial lighting system in the common area i.e. corridor or public common
service area i.e. toilet and lift;
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Primary Analysis

1. Utility bills are mostly in the form of landlord energy consumption

2. Linear regression models are not adopted. (R2<0.5)

( Non-linear models were investigated including Neural Networks
and Support Vector Machines based on four years utility bill data
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Neural Networks

1. Structure of the proposed Neural Networks

*Three layers, fully-connected
feed-foreword,
Backpropagation (BP) NN

*Neurons in layers: 4, n, 1;n is
defined by the best
performance

*Transfer functions: tan-
sigmoid, tan-sigmoid and linear

F'(x)=f(x)A- f(x))




1. Structure of the proposed 10" g
Neural Networks '

/ training
 The stop criteria is 0.00001
(MSE,-MSE,<10-°), Epochs are
set to 500

 Up to 3 year’s bills for training
The best five results are 10°E
selected from 30 runs. sl

Mean Square Errar

/ performance goal

2. Main findings v 22 1 4 50 &

B9 Epochs

NN approach gives fairly good
annual predictions with
MAE<2%, on the other hand
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Support Vector Machines

* A new neural network algorithm developed by Vapnik
* Widely applied in the financial time series forecasting

Principle of SVM for regression:

*Given a set of data points (x1,y1),(x2,y2)...(xn,yn) are randomly and
independently generated from an unknown function. SVM approximates
the unknown function using the following form

f(x)=@-d(x)+b
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@
Support Vector Machines [ |
X
Principle of SVM for regression: D o (X) W —
Outputs
Input Space
f(X)=w-9d(X)+Db i

Feature Space

*@(x) represents the high-dimensional feature spaces which is nonlinearly
mapped from the input space X using kernel function K(x).

 SVM will construct a linear function in the high dimensional space @ to
solve the non-linear problem in the low-dimensional space X

Energy Sustaimability Unit

esl . R NUS

of Singapore



Support Vector Machines
Kernel function:
K (%, %) = (@(x;)- @(x)) = D' (X)D(x;)
Types of Kernel function:
Linear: K(x;,x;)= X; TX;

Polynomial of power p: K(x;x;)= (1+ xi Txj)P

Gaussian (radial-hasis function (selected network):

o
K(xi,xj)= e‘ 902

(o}

Two-layer perception: K(x;,x;)= tanh(Byx;"x; + §3,)
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Support Vector Machines

The coefficients w and b are estimated by minimizing the regularized
risk function

oo+ CH L (v, ()

Where €-insensitive loss function

= f(x)|—¢,
Lg(yi’f(xi)):{oyl (x)|-¢

Yi — f(Xi)‘Zg

Because Ha)HZis defined by kernel function and constant, the best pair of
(C and ¢ ) should be found
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Support Vector Machines
Step Wise Search for the (C and ¢) One time search (Normally Used)
X performance X
E ‘ surfacein 3D & ‘
(90 ..... /_\
&2l Eo | -- °
gl B U
CO

c, C,C, C

Main Findings
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Support Vector Machines

Characters of SVMs

1. SVMs estimates the regression using a set of linear functions that are

defined in a high-dimensional feature space, while the inputs have
nonlinear performance.

2. SVMs carries out the regression estimation by risk minimization, based on
statistical learning theory, where the risk is measured using Vapnik’s
Epsilon-insensitive loss function

3. Training SVMs is equivalent to solving a linearly constrained quadratic
programing problem so that the solution of SVMs is always unique and
globally optimal, while the results of NN are not unique.
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Results of Baselining Whole Building Energy Consumption

1. Results of simple linear regression (SR)

VAR(Model)

_— Annual Energy Use o 2 90%PI

Building (kWh/m%month) MAE (%) Ccv (kWi:‘/trrr‘\) /mo (%)
Measured Modeled

A 20.26 20.59 1.64 3.80 1.35 10.06

B 32.87 32.09 2.42 2.78 2.60 2.9

C 28.59 24.22 15.33 3.49 29.79 48.15

D 25.55 25.76 0.8 3.76 2.05 2.59

E 18.81 18.34 2.5 3.32 2.83 3.04

For example: the final predicted result of building A are expressed
as 20.59+1.35, within 20.59%10.06 prediction inerval
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Results of Baselining Whole Building Energy Consumption

2. Result of Multiple linear regression (MLR)

Baseline Prediction MAE(%) CV(%) VAR PI

Year Year
SR MLR SR | MLR SR MLR SR MLR SR MLR
G 23.52 2411 | 2414 | 251 | 263 | 7.11 518 | 3.96 | 2.05 | 4.15| 3.30

H 30.31 28.63 | 30.35 6.53 0.14 )(8.26 ) (( 3.97 8.9 2.05 !5.72! 3.72
6.13

I 22.86 23.66 | 23.66 | 7.44 | 3/49 | 12. 37 | 13. 71 . /“).90
\/ \/ \/ \/
Improvements 97% 52% 77% 35%
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Results of Baselining Landlord Energy Consumption

1. Results of Neural Network (NN)

Building Actual Value

2)  Predicted
Ref. No. (kWh/month/m®) value CV (%) MAE (%)
K 10.55 10.39 9.67 -1.5
L 11.05 11.12 15.5 0.64
M 9.54 10.23 15.12 7.33
N 12.59 11.82 14.17 -6.2
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Results of Baselining Landlord Energy Consumption

2. Results of Support Vector Machines (SVMs)(1)

Building Actual Value

2y Predicted
Ref. No.  (kWh/month/m?) vallue CV (%) MAE (%)
N\ N\
K 10.55 10.26 2.69 -2.72
L 11.05 11.43 2.39 3.44
M 9.54 9.61 1.28 0.68
N 12.59 12.35 0.99 -1.89
\_/ \_/
<3% <4%
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Results of Baselining Landlord Energy Consumption

2. Results of Support Vector Machines (SVMs)(2)
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Results of Baselining Landlord Energy Consumption

2. Results of Support Vector Machines (SVMs)(2)
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1. A holistic baseline methodology for office buildings in Singapore
has been established

2. The weather data as the only normalization parameters can
generalize a fairly well prediction results.

3. ltis important to keep recording the future energy consumption
and weather data after the installation of ECM. (Continuous
Commission)

4. For enhanced accuracy, future research will focus on hourly data
analysis and model development
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