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Building semi-physical modeling: On selection of the model complexity

Zden&k Vana, Samuel Privara, Eva Zacekova and Jif{ Cigler

Abstract— Buildings account for significant amount of final
energy consumption and therefore there is an intensive research
aimed at its optimization. Predictive control has become a very
popular approach in many industries buildings included. The
main bottleneck of this method is a need for a good model.

There are many different identification frameworks, plenty
of methods and approaches, some of them more or less suitable
for the building modeling. A common situation is that there are
number of models at hand (often of different complexities),
and there is a need for selection of the “best” model for
predictive control. A logical choice is to start testing the
statistical significance of an additional complexity (in a sense of
the structure and number of disturbance inputs) of the model.
This paper proposes a systematic way of building-up the model,
starting from a simple structure. Then, more complex models
are considered in an iterative manner. In each iteration, the
statistical significance of the additional information due to the
more complex model is checked. The procedure stops when
selecting more complex models brings no quality improvements.
In this paper, a semi-physical modeling using CTSM' and model
selection based on statistical tests are presented. Finally, the
properties of the proposed algorithm are investigated.

I. INTRODUCTION

The Model Predictive Control (MPC) used in Building
Automation Systems or control of Heating Ventilation Air
Conditioning (HVAC) has been widely studied (see e.g. [2],
[3]) and also applied to real systems as well [4], [5], [6], [7].
The control part is almost a standard solution, however, the
way how to get a building model suitable for control is still
under investigation [8], [9], [10].

This work follows the previous papers by [1], [10], [11],
[12], where an idea of a model selection according to statis-
tical tests based on the information content was introduced.

A semi-physical modeling (in the paper solved by CTSM)
making use of Maximum Likelihood (ML) estimation is
utilized in this paper. For models obtained by maximization
of likelihood, there are several statistical tests [13], [14]
at hand, which evaluate the statistical relevancy of adding
more parameters to the model, i.e. the model selection is
performed in an iterative manner when in each iteration
a more complex model is selected and the increase in
the model quality statistically evaluated. This approach is
extended, when broadening the model complexity means
both adding the disturbance inputs and system states. In
the presented paper, an approach of systematic building-up
the model through growing model complexity is introduced.
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In the first stage, a minimum set of disturbance inputs
maximizing the model quality is selected (full-complex inner
structure is considered) and then, for a fixed set of inputs, a
minimum set of states using the same logic as in the previous
stage is selected. The model resulting from this procedure
is less complex and of comparable quality with the “full”
(model with full set of disturbance inputs and all the system
states considered) model. As a result, the selected model
is (when used for control) computationally less demanding,
which is of crucial significance. Moreover, lower number
of states and disturbance inputs means less sensors, and,
in cases when the disturbances are provided as a service
(weather forecasts for building climate control) this leads to
significant financial savings.

Building simulation software Trnsys is used for creating a
detailed building model. This model is afterwards considered
as a simulator of a real building as it contains a full physical
description of the building. In contrary to the real building,
the measurements of almost arbitrary quantities are available,
imposing thus no additional technical and economical costs.

The paper is organized as follows. The building under
investigation, a brief survey of the heat transfers as well as
formulation of a semi-physical modeling of a building are
described in Section II. Short note on parameter estimation
methods is outlined in Section III. Section IV is devoted
to the description of the model selection, validation and
statistical tests. Performance of the aforementioned methods
and approaches is discussed and summarized in Section V.
Finally, the last section concludes the paper.

II. TEST BUILDING

Medium weight building with a concrete wall separating
two zones (both having same area of 5 x 5 X 3m and south
oriented wall with a window of 3.75m?) is an objective of
the investigation of this paper and is schematically sketched
in Fig. 1. Transient properties between zones are considered
in the following investigation. The HVAC system is of an
active layer type and consists of a set of metal pipes placed
in the ceiling? distributing supply water which then performs
thermal exchange with concrete core. Each zone has a unique
heating circuit with constant mass flow rate of the supply
water, thus its temperature is the only manipulated variable
in particular heating circuit.

2 Although it might seem awkward for someone from USA to see ceiling
in the heating, it was very popular way of heating in 60s in Europe, see
e.g. [15]
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Fig. 1. A scheme of modeled building

A. Trnsys as a simulation tool

Trnsys is an energy simulation software primarily used
in the fields of renewable energy and building simulation.
For control engineers, a Trnsys model can be used as a
data generator for construction of a building model or for
validation of control algorithms. The Trnsys model as such
cannot be used directly in the optimization, i.e. in predictive
control, because the model is in implicit form and thus
general nonlinear solvers would have to be utilized, which
is computationally intractable. Various components were
employed in the modeling of the building 1) Type56 for
the building construction, 2) Typel5 for simulation of the
weather profile corresponding to Prague, Czech Republic,
3) For purposes of model identification, the link between
Trnsys and Matlab was established based on Trnsys Typel55.
The communication link was used to generate identification
data in order to excite the system properly. Pseudo random
binary sequence was used as the excitation input signal.
Time-step of the simulation was set to Ts = !/4+h. This
time-step guarantees proper convergence of Trnsys internal
algorithms.

B. Heat transfer in a building
Several ways of heat transfer are recalled here.

o Conduction, which can be expressed as T =~
Tl 217S ~ (), represents a heat transfer through
sohd body. 77 and 715 are the temperatures (both in
K) of a source and a measured entity, respectively,
Cs[J/ K] is heat capacity, U[W/m?K] is a heat transfer
coefficient and S[m?] stands for area; Q) is a heat flux
in . One can then write conduction time constant as
kcd = Lo [S]

Us
« Convection, characterized as 15 =~ le T2, 4 %jr%,

corresponds to a heat transfer through the air, k., is a

convection time constant and is derived analogically. It

can be approximated by 75 ~ T;_TZ as 4 % +% is

considered constant for bu11d1ng heatlng process [16].
« Radiation, specified by Ty ~ M
through the air, k,, is a constant

is a heat transfer

C. Formulation of a model

Heat transfers from the heating pipes to ceiling surface
as well as the transfer through the walls can be represented
by conduction. Heat transfers between walls surfaces and
zone air corresponds to both convection and radiation. For

the sake of simplicity, functions D for conduction and R for
convection and radiation are defined as

Tyg—T
DT, D)= ) ~—. (1)
T,eD v
. 4
rRpy=Y T I o1 @

T.€R ki kj
where D, R are sets of all appropriate sources of heat, T’
is the temperature and k;, k; are unknown time constants,
indices ¢, j means that all used constants are different (even
for every use of D and R). The building’s physics can be
described by a set of non-linear equations utilizing the heat
transfer relations as described in Section II-B and by Eqns.
(1)-(2). The following non-linear equations are considered
as fully describing the Trnsys model.

Te, = D(Tey A Tows To}) + R(Tey (T2 ),
Twaity = D Twaity s {Twaitz }) + R(Twaity s {Te1 1)
Tsl = D(Tsla{ 091}) + R( 519 {Tzl}),
Tw1 = D(Twl ) { owy }) + R(Twn {Tzl})»
Ty = DTy {Tomy }) + R(Tny , {T2,}),
1.y = R(Tey, {Te, s Twatty s Ty s Ty s Ty s To, Tory )+
s bs
e

T02 - D(Tcza {T%UQ 9 TO}) + R(TC2, {TZ2 })7

Twall2 = D(Twallga {Twalll }) + R(Twallz7 {TZQ})7
TSQ = D(Tsz’ {T032 }) + R(Téz’ {Tzz})7
T., = D(Te2a {Toe2}) + R(Teza {Tz'z})v
T, = D(Tnzv { onz} + R(Tnzv {T22})
TZQ R( Zza{ Cc2 1)(1”27T‘:27T6’23T7727T Tsky})
Qs Qbs
+ k; + Ky’
T081 = D( 0819 {T‘?l }) + R( 819 {Tm Tsky})"’
Qs Qbs
+ ; + ke’
Towl = D(Towl 5 {Tw1 }) + R(Twla {Tt)a Tsky})"’
Qw wa
+ ; + Ty
T07L1 = D(Tonly {Tn1 }) + R(Tnl 5 {Tm Téky})"’
Qn an
+ i, + T
Tos, = D( 082> {T82}) + R( 525 {To, Tsky})+
Qs Qbs
+ ; + Ky
Toe, = D( oez> {TEQ}) + R( €2 {T07Tsky})+
Q(’ Qbe
+ ; + T

Tonz = D(Tonw {Tnz}) + R(Tnzv {To’ Tsky})+
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The respective symbols are defined in Table I and Table II.
All radiation terms of Eq. (2) can be linearized around
operating point Py, which is naturally chosen as stable state
with maximum entropy Py = [T, T, where T,. = T for all

JR(T, R) T,-T
o =7 Z T , where

T, . Th —_—
€R en z oT,
T,.€R T.€R

k; is a constant of proportionality influencing k; in linear
term of Eq. (2). Then the linear approximation of Eq. (3)
can be written in the same form, but R(7, R), which is
reformulated as

T.-T

%

R(T,R) =Y

T-€R

“4)

Note that constants K; in Eq. (4) and k; in Eq. (2) have
different meanings and - = - + Ei

TABLE I
NOTATION OF THE SYSTEM INPUTS AND MEASURED DISTURBANCES

Notation ID  Description

Tswq 1 Supply water temperature, zone 1
Tsws 2 Supply water temperature, zone 2
To 3 Ambient temperature

Qs 4 Total solar radiation on south side
Qu 5  Total solar radiation on west side
Qn 6 Total solar radiation on north side
Qe 7 Total solar radiation on east side
Qbs 8 Direct solar radiation on south side
wa 9 Direct solar radiation on west side
an 10 Direct solar radiation on north side
Qbe 11 Direct solar radiation on east side
Ty 12 Sky temperature

III. ESTIMATION OF THE MODEL PARAMETERS

A number of modeling approaches suitable for buildings
has been developed over the years, from a wide variety of

TABLE I
NOTATION OF THE SYSTEM STATES USED IN DESCRIBED MODELS

Notation ID  Description

Te,y 1 Ceiling core temperature, zone 1

Twally 2 Core temperature of common wall, zone 1

Ts, 3 Core temperature on south side, inside, zone 1

Ty 4 Core temperature on west side, inside, zone 1

Thy 5 Core temperature on north side, inside, zone 1

T 6 Zone temperature, zone 1

Te, 7 Ceiling core temperature, zone 2

Twalls 8 Core temperature of common wall, zone 2

Tsy 9 Core temperature on south side, inside, zone 2

Te, 10 Core temperature on east side, inside, zone 2

T, 11 Core temperature on north side, inside, zone 2

T, 12 Zone temperature, zone 2

Tos, 13 Core temperature on south side, outside, zone 1

Towy 14 Core temperature on west side, outside, zone 1
on1 15  Core temperature on north side, outside, zone 1

Toso 16 Core temperature on south side, outside, zone 2

Toes 17 Core temperature on east side, outside, zone 2
Core temperature on north side, outside, zone 2

results, some instances can be listed as follows i) probabilis-
tic semi-physical modeling [12], [10], ii) grey box modeling
using the resistance capacitance (RC) in an analogue to
electric circuit [11], [17], [18], [19], iii) subspace identifi-
cation methods (4SID) [5], iv) MPC relevant identification
(MRI) [8]. In the following, semi-physical modeling used for
parameter estimation in this paper, is discussed in detail.

A. Semi-physical modeling

Having a physical description of the system Eq. (3), it
is possible to estimate the model parameters directly from
Eq. (3) making use of e.g Maximum Likelihood (ML)
estimate formulated as follows

O = argmeax{ln(L(&YlN))}, 5)
N eXp(—lszR;}c_ k)
Loy = ] Lt p(yl0).

oy (V2m)m . /det (Ryye—1)

Following the standard notation, L is likelihood function,
YlN stands for N measurements, ¥, is a vector of the initial
conditions, m is a dimension of the problem (number of
outputs), 6 is vector of unknown parameters, p(y,|0) is
conditional probability of initial conditions on parameters,
gy are residuals and Ry ,_1 is residual covariance matrix. It
must be noted here that the problem can be solved only in
iterative manner, when ¢ and Ry, are computed given
estimate § of 0. However, to compute é, the knowledge
of the noise properties must be assumed. The estimation
of both parameters and covariance matrix is performed
using EM algorithm [20], [21]. The alternative procedure
estimating covariance by Kalman filter in a recursive manner
is implemented in CTSM [1].

IV. MODEL SELECTION AND VALIDATION
A. Criteria for model selection and evaluation of its quality

In case that models with different number of disturbance
inputs or states are at hand, the natural question arises, how
to select the better model. There are three statistical tests
available for solving this issue, namely Wald test (WT),
Lagrange multipliers test (LMT) and likelihood ratio test
(LRT). When using LMT, the question is what parameters
(if any) should be added to improve the performance of less
complex model, whilst in case of WT, the task is an exact
contrary, i.e. having the more complex model, the objective
is to test if there are any parameters of those currently used
which could be fixed to zero without worsening the model
performance significantly. The basic idea of the LRT, which
is used in this paper, is to compare the amount of information
contained in a given model and its submodel (restricted
model). If the performance of the model is not significantly
(in a statistical sense) better, then it is possible to use less
complex submodel. The statistical relevancy of model quality
increase is based on a computation of A\ defined as

max L(fo, Vi)

A(Y{Y) = 2

N (6)
N Y
max L(6,Y7Y)
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where 6y € ©g are the parameters of the submodel, r is
a number of parameters of the model, ¢ is a number of
parameters of submodel, i.e. dim(©y) = ¢, dim(©) = r.
Then, under hypothesis Ho 0y € Oy, the test statistics can
be expressed as —2In(\(Y;")) which asymptotically follows
X2(r — ¢). If the correspondlng p-value is lower than the
selected significance level «, then Hj is rejected, i.e. the
increase in the model quality is still significant.

B. Model performance and validation

To evaluate model in a quantitative sense, the following
measures are defined as follows.

o My — 4]
Pz =10 (1- 2B 6
., var(y; — )
= ) ®

where y; denotes the j'* output of the model and &(x)
denote the mean of x. The former measure is called fit factor
(100% represents zero error, i.e. even noise is fully described
by the model), while the latter measure is a coefficient of
determination. Note that Eq. (7) and Eq. (8) are unreliable
in case of purely statistically based methods such as 4SID
applied to estimation of the dynamic models intended for
control as they usually have the far higher fit, but for the
cost of spoiled system structure.

The qualitative validation is based on testing the model
residuals as they need to satisfy the assumption of whiteness
[22]. Several possibilities are at hand. i) Autocorrelation
function for visual inspection. ii) Statistical tests, when the
null hypothesis Hy assumes that the residuals are generated
by the zero order AR process (residuals comprise white
sequences) against the hypothesis that the AR process is
of higher order. For details of the test, refer to [23], [24].
iii) Cumulative periodogram, for quantity xyx,k = 1,...,n
defined as [25]

. -1
Folw) = S—— j=l..omm=""2 )
Z I3 (wj)
i=1
2
with I = % Z Tre —iwk] evaluated at w of the form

wj = 2mj/n, that is w € [0,0.5] of Nyquist frequency. The
cumulative periodogram compares ideal white noise against
the actual residuals, which is statistically tested using two-
sample KS test [26], [27], where an L., vector norm is used.
iv) The last criterion for quality measure was developed for
the purposes of this paper as

Yo 3 136
T= E min ¢ || Fp(w;) — | Fun(w;) £ 1
: X +

where Fy,(w;) and F,(w;) are values of perlodogram
of white noise and tested residuals at w;, respectively;

1.36/, /X 1 1 is KS statistics corresponding to 5% significance
level, N is a number of considered samples. In fact, Eq. (10)
corresponds to sum of two-norms of distances between actual
E, (w,;) periodogram and permitted range Fyn£1:36/, /817
for white noise. Note that Eq. (10) is proportional to the
area between two tested functions. Yet another possibility is
to use the cross-validation techniques, see e.g. [28].

V. RESULTS

True non-linear model Eq. (3) is linearized first and the
model of the following form is obtained

dey = (A(O)z + B(O)ur)dt + o(0)dwr,
ye = C(O)ze+D(O)ur + ey,

(11
12)

where w; is an n-dimensional Wiener process and e; is
a white noise process, e; ~ N(0,5(6)). t € R is time,
x; € X C R™ is a state vector, u; € U C R™ is an input
vector, Yy € Y C R! is an output vector, § € © C RP
is a vector of parameters, A(e), B(e), c(e), C(e) D(e)
and S(e) are nonlinear functions of parameters. Then, the
systematic way of building-up the low-complex model is
initiated. The model selection procedure is performed in two
stages in an iterative manner. In the first stage, the minimum
set of inputs maximizing the model quality is selected as
follows. All the control inputs are taken as a fixed set and
then as many models as disturbance inputs are created, each
of them containing the fixed set of control inputs and one of
the disturbances. The model with highest increase of quality
is selected and its A is evaluated and compared to the model
from the previous iteration using LRT (see Section IV-A). If
the increase in model quality is statistically significant, the
input of the model under consideration is added, thus the
fixed set increases by one. Thereafter, the whole procedure
is repeated and continues until the increases in the model
quality are statistically significant. Then, the second stage
of selecting the system states follows. It proceeds in the
very same manner as for the case of system inputs. The
quantitative results recorded in Table III and Table IV show
that both the first and the second stages had two iterations
and thereafter the procedure stopped as the increase in the
model quality in compare to the model was statistically
insignificant. The inputs and states of the corresponding
submodel are denoted U and X, respectively and are defined
by indices from Table I and Table II. Models depicted by
red color had the biggest value of the likelihood. The model
selected as the best contains only 4 inputs (out of 12, namely
both supply water temperatures, ambient temperature and
total solar radiation on south surface) and only 6 states (out
of 18). The results of the statistical testing as well as the
values of the corresponding likelihood functions are provided
in Table V. The performance of the model described by
fit factor and coefficient of determination is evaluated in
Table VI. These two values were computed for 192 step-
ahead predictions (2 days). T from the same table was
defined by Eq. (10) and KS represents L., norm of the
difference between the ideal white noise and periodograms
of the actual residuals. The quantitative as well as qualitative
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TABLE III
TWO-STAGE PROCEDURE OF MODEL COMPLEXITY SELECTION

Inputs analysis

Iteration 1 Iteration 2
model L r || model L r
U 1,23 11 157.8 66 Ul1,234 11964.1 70
Ul24 11 600.6 60 U 1,245 11 668.5 61
U 1,2,5 11 182.0 57 U 1,2,4,6 11 669.7 62
U 1,2,6 11 159.2 58 U 1,247 11 607.3 61
U 1,2,7 11 170.7 57 U 1,248 11 6052 64
U 1,28 11 536.1 60 U 1,249 117469 61
U 1,29 11 166.3 57 U 1,24,10 117469 62
U 1,2,10 11 166.3 58 U 1,24,11 117653 61
U 1,2,11 11 168.0 57 U 1,24,12 11 631.3 68
U 1,2,12 11 1756 64 - - -

States analysis

Iteration 1 Iteration 2
model L r || model L r

X 1,6,7,12 118422 20 || X 1,2,6,7,8,12 119483 26
X 2,6,8,12 110948 18 || X 1,3,6,7,9,12 11 832.0 30
X 3,6,9,12 11 0814 22 || X 1,4,6,7,10,12 11 8319 28
X 4,6,10,12 66926 20 || X 1,56,7,11,12 118319 28
X 5,6,11,12 66920 20 || X 1,6,7,12,13,16 11 867.2 30
X 6,12,13,16 66985 22 || X 1,6,7,12,14,17 11 867.3 29
X 6,12,14,17 66985 20 || X 1,6,7,12,15,18 11 8673 29
X 6,12,15,18 66985 20 || - - -

results of the model selected as a satisfactory representative
of the full model has recorded indeed very good results and
is almost indistinguishable from the full model as far as
value of likelihood function, properties of the residuals and
prediction properties. The results of the analysis of residuals
are depicted in Fig. 2. The red line in Figs. 2(a) and 2(c)
represents the cumulative periodograms for white noise and
dotted red lines correspond to +£5% significance level from
the white noise line. As was said, in each iteration an input
(state) is added, which corresponds to one periodogram of
corresponding model residuals. It can be seen, that addition
of the inputs (states) causes the approach of the periodogram
curves towards the tolerance range for white noise. The
selected model (depicted in blue) is well within the tolerance
range, i.e. its residuals are a white noise sequences, which
are further tested as described in Section V. Figs. 2(b)
and 2(d) depicts the autocorrelation functions of residuals
coming from the successive adding disturbance inputs and
system states. The red horizontal lines correspond to 5%
tolerance range. It can be seen, that the values for different
frequency bins decrease with the more complex models and
for the model selected as a final candidate (depicted in blue)
replacing the full model are within the tolerance range for
the white noise sequence.

VI. CONCLUSION

The paper presented a two stage procedure for the model
complexity selection. The method advances in an iterative
manner adding disturbance inputs and systems states. The
presented model was a multi-zone building with temperatures
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TABLE VI
QUANTITATIVE RESULTS OF TWO-STAGE MODEL COMPLEXITY
SELECTION PROCEDURE

Model | Criterion

| T[I KS [-] Fit [%] R [-]
U1,2 80.80 1.00E-09 64.44 0.87
U124 5.69 6.86E-02 72.66 0.93
U 1,234 1.25 2.07E-01 78.97 0.96
X 6,12 281.89  2.00E-139 79.25 0.96
X 1,6,7,12 1.11 1.85E-01 87.05 0.98
X 1,2,6,7,8,12 0.00 4.17E-01 89.33 0.99
Full 0.00 9.00E-01 89.37 0.99

TABLE IV

MODEL COMPLEXITY SELECTION: INITIAL AND FULL MODELS

Other models

| model L r

The simplest input structure | U 1,2 11 166.7 56

The simplest state structure X 6,12 6 692.0 12

The most complex model Full 11 964.7 90
TABLE V

LIKELIHOOD RATIO TEST FOR IMPROVEMENTS OF MODEL QUALITY DUE

TO ADDITION OF INPUTS/STATES

model | L r | p-value
U 12 11 166.7 56 0.0000
U124 11 600.6 60 0.0000
U 1,234 11964.1 70 1.0000
X 6,12 6692.0 12 0.0000
X 1,6,7,12 118422 20 0.0000
X 1,2,6,7,8,12 | 119483 26 0.9993

in respective zones being affected by those from the other
zones. The procedure stops when there is no statistically sig-
nificant quality improvement. The ultimately selected model
containing only 4 inputs and 6 states has similar properties as
the model with the full set of inputs and states. The resulting
model is much simpler, thus computationally tractable for
calculation of the optimal control problem for large systems.
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