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Abstract: We propose a method that simultaneously identifies a sparse transfer matrix and disturbance
for a multi-zone building’s dynamics from input-output measurements. An `1-regularized least-squares
optimization problem is solved to obtain a sparse solution, so that only dominant interactions among
zones are retained in the model. The disturbance is assumed to be piecewise-constant: the assumption
aids identification and is motivated by the nature of occupancy that determines the disturbance.
Application of our method on data from a simulation model shows promising results.
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1. INTRODUCTION

Heating, ventilation, and air conditioning (HVAC) systems in
buildings have a significant impact on energy consumption.
Buildings consume 27% of the total energy delivery in the
United States in 2017 United States Energy Information Ad-
ministration (2018), and HVAC systems account for about half
of the energy consumed in commercial buildings Energy Infor-
mation Administration (2012). The HVAC system of a build-
ing is also responsible for the quality of the indoor climate,
which directly affects health and comfort of occupants Tom
(2008); Fisk (2000). There has been a significant amount of
interest in recent years to improve energy efficiency of build-
ings through advanced control methods. Occupant comfort and
health serves as important constraints to the control objec-
tive: comfort plays a crucial role in determining productiv-
ity Seppänen et al. (2005); Sensharma et al. (1998);

More recently there is renewed interest in providing occupants
of office buildings personalized comfort. Individuals differ
in their perceptions of thermal comfort ASHRAE (2009);
Schellen et al. (2012). Ideally the thermal and air quality
measure of each occupant’s space should be controlled to
meet that particular individual’s preference. Products such as
comfyTM(www.comfy.app) are examples of such efforts. In
these applications, energy use may serve as a constraint rather
than being the objective.

Advanced control of HVAC systems need a low-order model
relating the inputs to outputs. For a modern commercial build-
ing equipped with variable air volume (VAV) systems, control
inputs may include rate of airflow and rate of cooling/heating.
Relevant outputs include temperature at a minimum, but can
also include humidity, concentration of pollutants etc. In this
paper we consider temperature as the output, and denote by
“zone” a space whose temperature has an impact on at least
one occupant’s comfort and health.
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Fig. 1. An example of a building layout with multiple inputs
and outputs.

The complexity of the physical processes that determine the
input-output behavior makes control-oriented modeling a chal-
lenging task. The modeling problem gets exacerbated when
one considers an open-plan office, or a building in which there
are considerable thermal interactions among the zones, such
as the one shown in Figure 1. Due to inter-zone thermal inter-
action, each actuator (VAV box) may impact several outputs
(temperatures at several zones).

This paper is about identifying control-oriented models of
multi-zone buildings from measurements of inputs and out-
puts. It is envisioned that the identified models will be used for
predictive control to provide higher energy efficiency and/or
personalized comfort, though the control design problem is
outside the scope of this paper. A data-driven approach is
chosen over a physics-based approach for modeling because
of the complexity of the underlying physics.



A key bottleneck in data-driven identification of thermal mod-
els of buildings is the presence of large exogenous distur-
bances (various unknown heat gains). The thermal energy ex-
pended by the HVAC system is mostly spent to reject these
disturbances; hence these disturbances cannot be assumed to
be small. Even without inter-zone interactions, presence of
unknown disturbances has been a bottleneck in identifying
dynamic models of single-zone building models. Only recently
this issue has been addressed in a principled manner; see Pen-
man (1990); Wang and Xu (2006); Kim et al. (2016); Zeng
et al. (2017); Coffman and Barooah (2018). These papers are
limited to single zones.

The problem we seek to address is that of simultaneously iden-
tifying (1) a multiple-input multiple-output (MIMO) transfer
matrix - the plant - and (2) the exogenous disturbances, from
measurements of inputs and outputs. The transfer matrix can
be visualized as a bipartite graph, with edges from the input
nodes to output nodes; see Figure 2. We seek to identify a
sparse graph with a small number of edges. It is hoped that
a sparse model will retain information of only the dominant
interactions, and thereby help control computations.

Because of the unknown disturbances, the problem is not
well-posed: there are infinitely many possible pairs of plant
models and disturbance signals that will produce the same
output signals. To make the problem well-posed, we assume
that the exogenous disturbances are piecewise - constant, so
that their derivatives are sparse signals, i.e., mostly zero. The
piecewise-constant assumption is motivated by the fact that the
exogenous disturbances consist of heat gains from occupants’
bodies and equipments such as computers and printers. Since
these heat gains are highly correlated to occupancy, and occu-
pancy varies in an approximately piecewise-constant manner,
so should these heat gains Coffman and Barooah (2018). The
sparsity constraint limits the number of possible disturbance
signals that fit the data. In addition, since the graph relating
inputs to outputs is also sought to be sparse, sparsity provides
an unifying theme.

The identification problem is posed as an `1-regularized least
squares problem; the `1 penalty promotes a sparse solution.
Recent years there has been an explosion in both theory and
applications of sparse signal recovery by using an `1 penalty;
see James et al. (2014); Hayden et al. (2016); Yue et al. (2017)
and references therein.

While there are a number of papers on the problem of modeling
multi-zone building dynamics (see Atam and Helsen (2016);
Goyal et al. (2011); Doddi et al. (2018) and references therein),
to the best of our knowledge the only reference that simultane-
ously identifies a plant model and disturbance for a multi-zone
building is the recent reference by Kim et al. Kim et al. (2017).
Their method, which requires solving a non-convex problem,
estimates the plant parameters and an output disturbance (a
disturbance that is added to the plant output) that encapsulates
the effect of an unknown input disturbance. The method results
in a complete interaction model connecting each input-output
pair. In contrast, the method proposed here involves convex
optimization and results in a sparse interaction model.

A body of work that is closely related to this paper is the
growing literatures on network structure identification. Some
of these papers are concerned with the blind identification
problem in which input measurements are not available, only
output measurements are; see Materassi et al. (2013) and

references therein. A paper that is closer in spirit to the current
work is Yue et al. (2017) in which a sparse network structure
is identified based on input-output measurements. However,
Yue et al. (2017) only dealt with the problem of determining
the binary structure of the graph (presence or absence of an
edge), whereas our work addresses the additional problem of
identifying the transfer function associated with each edge. A
major difference between the current work and all previous
works on network structure identification is that none of those
papers contended with the simultaneous identification of plant
and disturbance problem we are dealing with.

The rest of the paper is organized as follows. Section 2 formu-
lates the problem precisely, Section 3 describes the proposed
algorithm, and Section 4 describes evaluation results when the
algorithm is applied to simulation data. The paper concludes
with some comments in Section 5.

2. PROBLEM FORMULATION

The output node set, denoted by Vy , is the locations with
temperature sensors whose measurements are outputs of the
model we wish to identify. The number of output nodes is
denote by ny (= |Vy|, | · | denotes cardinality). The input node
set Vu contains the set of controllable inputs (VAV boxes),
and the set of exogenous inputs (outside air temperature and
solar irradiance). Figure 4 shows a schematic of an open-
plan building; it has 6 input nodes (4 VAV boxes, outside
air temperature and solar irradiance) and 10 output nodes (10
zones in total: 8 cubicles and 2 conference rooms).

Time is measured by a discrete counter k = 0, 1, 2, . . . . At
time k, let yi[k] ∈ R be the measured air temperature at
node i, uj [k] be the three known inputs : (1) the rate of
heat gain due to the air supply, qhvac(kW), (2) the outside air
temperature Toa (◦C), (3) the solar irradiance ηsol(kW/m2),
and wi[k] be the unknown disturbance (total heat gain due to
occupants, plug loads etc.), at output node i. We denote y[k] =
[y1[k], y2[k], . . . ,yny

[k]]T , u[k] = [u1[k], u2[k], . . . , unu
[k]]T ,

and w[k] = [w1[k], w2[k], . . . , wny
[k]]T .

Our starting point is a MIMO (multiple-input-multiple output)
transfer matrix in Z-transform domain:

Y (z−1) = Gu(z
−1)U(z) +Gw(z

−1)W (z−1)

=
1

D(z−1)

(

Nu(z
−1)U(z−1) +Nw(z

−1)W (z−1)
)

=
1

D(z−1)

(

Nu(z
−1)U(z−1) + W̄ (z−1)

)

,

(1)

with Y, W̄ ∈ C
ny , Gu, Nu ∈ C

Ny×Nu , D ∈ C, Gw, Nw ∈
C

Ny×Ny , where the second equality is obtained by making
D(z−1) the least common multiple of the denominators of
Gu(z

−1) and Gw(z
−1), and the third equality is obtained by

defining W̄ (z−1) := Nw(z
−1)W (z−1). Here we assume Nw

is diagonal, meaning output yi is only affected by disturbance
wi. Denote ρ as the order of D(z−1), then,









higher energy. The strength of input-output interactions we
see from Figure 9 are consistent with what we expect from
the building layout shown Figure 4. For instance, VAV box
1 supplies air to zones 1,2,5,6, so u1 should have a strong
impact on y1, y2, y5, y6, while its effect on the other outputs
are expected to be weak. Similar trends are also observed for
the other inputs from VAV boxes. The pairs i, j in which EGij

is non-zero, E
Ĝij

are also non-zero.

These results indicate the proposed algorithm is able to identify
dominant network interactions quite accurately. The estimated
transfer functions from exogenous inputs u5 (Ta) and u6 (ηsol)
are less accurate than from the controllable inputs, in terms of
the gain EGij

. We believe it is because of lack of adequate
excitation in the data for the exogenous inputs; see Figure 6.
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Fig. 9. Evaluation: comparison of the heat map between the
EGij

and E
Ĝij

: markers shown in darker color represent

higher energy, and empty slots correspond to SISO trans-
fer functions that are 0.

Disturbance There is no ground truth w̄bldg[k] that can be

compared to the estimated ˆ̄wbldg since Assumptions 1 and 2
are not satisfied in the virtual building. We therefore compare
the estimated transformed disturbance, ˆ̄wbldg , with the “total

building disturbance” defined as wbldg[k] :=
∑i=ny

i=1
wi[k].

Figure 10 shows a comparison between wbldg and ˆ̄wbldg ,
which shows that the signals are highly correlated. In fact, the
covariance between these two time series is 0.821. This is quite
high since ˆ̄wbldg is an estimate of a linear transformation of the
disturbance, not of the disturbance itself.

5. CONCLUSION

We proposed an algorithm to simultaneously identify a MIMO
transfer matrix of a multi-zone building, and a transformed ver-
sion of the building-wide exogenous disturbance, by solving a
convex optimization problem. An `1-regularized least-squares
problem is posed to promote a solution that leads to a sparse
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Fig. 10. Evaluation: comparison between total building distur-
bance and estimated transformed disturbance.

network structure and a transformed disturbance signal. Appli-
cation of the method to simulation generated data shows that
it is able to recover a sparse transfer matrix and a piecewise-
constant transformed disturbance that accurately predict zone
temperatures. The identified transformed disturbance is highly
correlated to the true disturbance, providing confidence in the
ability of the method to obtain a meaningful disturbance esti-
mate.

There are several avenues for future work. The first is applica-
tion of the method to data from real buildings. The challenge
here is evaluation, since there is no ground truth to compare
to. Another area is the identification of the disturbance. The
proposed method only identifies a transformed disturbance,
which is related to the disturbance by a non-invertible linear
transformation.
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