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Abstract 
In this paper, we propose a sparse model predictive 

control (MPC) methodology that offers the potential to 
realize additional energy savings and improved durability 
in air conditioning systems by reducing their frequency of 
use while maintaining control over their performance. 
The purpose of this study is to verify the effectiveness of 
sparse MPC by evaluating the control and energy-saving 
performance in general office spaces with thermally 
activated building systems (TABS); this is done by using 
unsteady computational fluid dynamics (CFD) coupled 
with MATLAB and Simulink. The results show that the 
proposed method reduced the average temperature control 
error on the TABS ceiling surface to be within a range of 
0.3°C, reduced the five-day TABS operating time by 
around 14 h, and reduced the pumping energy by 39%. 

Key Innovations 
 New energy-saving control method for TABS 
 Applicability of the proposed method to various 

building facilities 
 Verification of proposed method by using 

unsteady CFD coupled with MATLAB and 
Simulink 

Practical Implications 
The present method can be implemented in new 

installations but also in existing offices equipped with 
TABS with less computational load as conventional MPC. 
By introducing this method, there is a possibility that the 
energy saving performance can be significantly improved 
while maintaining comfort. 

 

Introduction 
Radiant heating and cooling systems have been widely 

adopted in Japan as a means for constructing a thermal 
environment that achieves both comfort and energy 
savings in office spaces, and the application of this 
technology is expanding (Rhee and Kim, 2015). 
Furthermore, thermally activated building systems 
(TABS), in which the building structure is used to store 
and emit energy, are becoming increasingly popular. To 
date, TABS have been introduced mainly in Europe (Ma 
et al., 2015; Romani et al., 2016), and in recent years 
attempts have been made to introduce them in Japan as 
well.  

By taking advantage of their large heat capacity, TABS 
are expected to have various advantages in addition to 
energy savings and comfort (Olsthoorn et al., 2017; 
Karmann et al., 2017), including peak-load shifting 
(Olsthoorn et al., 2017; Sun et al., 2013), reduced heat-
source capacity (Sun et al., 2013; Rijksen et al., 2010), 
and reduced cost (Hu et al., 2019; Romani et al., 2018) . 
However, given that the thermal response is slow 
precisely because of the large heat capacity, control for 
creating a comfortable indoor thermal environment is 
challenging.  For this reason, model predictive control 
(MPC) - in which the current manipulated variable is 
determined while the behavior of the controlled variable 
is predicted - has attracted attention as a new control 
method to replace classical control for TABS operations 
(Afram and Janabi-Sharif, 2014; Viot et al, 2018; Joe and 
Karava, 2019; Woo and Junghans, 2020; Drgona et al, 
2020; Freund and Schmitz, 2021).  

Furthermore, by combining MPC and sparse modeling 
(Nagahara, 2020), which we call sparse MPC, it is 
possible to realize further energy savings while 
maintaining control performance as well as to improve the 
durability of air-conditioning equipment by minimizing 
its start-and-stop frequency. However, the application of 
this method to engineering problems has yet to be 
reported. Sparse modeling, also known as compressed 
sensing or sparse representations, is a method to use the 
property of sparsity of a signal, by which we can 
reconstruct the signal from much fewer samples than 
conventional methods (Elad 2010). In recent years, a new 
control design method known as sparse optimal control 
(or maximum hands-off control) has been proposed in 
which the concept of sparse modeling is applied to 
optimal control (Nagahara, Quevedo and Nesic, 2013, 
2014, 2016). By sparse control, we can stop actuators 
such as air conditioners and pumps for a long time when 
the control value is 0. In TABS, this corresponds to 
reduced energy consumption because heat sources and air 
conditioners are not operated. Furthermore, by the sparse 
MPC, it is possible to reduce the air-conditioning 
operating time while maintaining comfort by promoting 
sparsity of the control vector that is used as the air-
conditioning input for each control interval. 

Therefore, in this study, to improve the actual unsteady 
operating performance of TABS, the continuous output 
value of TABS is minimized by using sparse optimal 
control combining MPC and sparse modeling. In other 
words, we propose a method to improve the unsteady 
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energy-saving performance of TABS and the durability of 
air-conditioning equipment by minimizing the operating 
time of equipment and the number of start/stop switching. 
Furthermore, we conduct a case study of the proposed 
method using the coupled analysis of unsteady 
computational fluid dynamics (CFD) along with 
MATLAB and Simulink, and we show improved energy 
savings and control performance of the indoor 
environment. Below, the outline of sparse modeling, 
sparse MPC, coupled analysis of CFD and MATLAB and 
Simulink, and the verification results of the proposed 
method are shown. 

 

Sparse modeling 
In this section, we introduce a regularization problem 

with ℓ1 norm, which is important in sparse modeling 
(Nagahara, 2020). 

(1) The ℓ1 optimization 

In sparse modeling, the following optimization 
problem is important: 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
௫∈ℝ೙

 ‖𝑥‖଴     𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜    𝐴𝑥 ൌ 𝑏,   ሺ1ሻ  

where A ∈ Rm×n and b ∈ Rm are assumed to be given, 
and ‖x‖0 is the ℓ0 norm of vector x ∈ Rn defined by 

‖𝑥‖଴ ≜ |𝑠𝑢𝑝𝑝ሺ𝑥ሻ|,        ሺ2ሻ  

𝑠𝑢𝑝𝑝ሺ𝑥ሻ ൌ ሼ𝑖 ∈ ሼ1,2,⋯ ,𝑛ሽ: 𝑥௜ ് 0ሽ. 
Namely, the ℓ0 norm is the number of non-zero elements 
in vector x = [x1, x2, . . . , xn]⊤ ∈ Rn. The problem in (1) is 
however difficult to solve, since it is a combinatorial 
optimization problem and actually it is NP hard 
(Natarajan, 1995). To efficiently solve the problem, we 
adopt the ℓ1 norm, defined by 

‖𝑥‖ଵ ൌ෍|𝑥௜|
௡

௜ୀଵ

 ,         ሺ3ሻ 

as a convex relaxation of the ℓ0 norm in (2). That is, we 
consider the following ℓ1 optimization: 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
௫∈ℝ೙

 ‖𝑥‖ଵ     𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜    𝐴𝑥 ൌ 𝑏.   ሺ4ሻ  

This is a convex optimization (or a linear programming) 
problem, and the solution is easily obtained. Also, we can 
consider the ℓ2 optimization: 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
௫∈ℝ೙

 ‖𝑥‖2
2     𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜    𝐴𝑥 ൌ 𝑏,   ሺ5ሻ  

with the ℓ2 norm 

‖𝑥‖ଶ ≜ ට𝑥ଵ
ଶ ൅ 𝑥ଶ

ଶ ൅ ⋯൅ 𝑥௡ଶ  .                   ሺ6ሻ 

Figure 1 illustrates the difference between the ℓ1 
optimization in (4) and the ℓ2 optimization in (5) (Elad, 
2010). Since the contour of the ℓ1 norm has sharp edges 
on the axes, the optimal solution becomes sparse, while 
the ℓ2 optimal solution is not sparse. This is an intuitive 
explanation of the use of the ℓ1 norm in sparse modeling. 

(2) The ℓ1 regularization 

If the data is noisy, we can consider the following ℓ0 
regularization instead of the ℓ0 optimization in (1): 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
௫∈ℝ೙

‖𝐴𝑥 െ 𝑏‖ଶ
ଶ ൅ 𝜆‖𝑥‖଴ ,                ሺ7ሻ 

where λ > 0 is a fixed parameter called the regularization 
parameter. This is known as the ℓ0 regularization, which 
is also difficult to solve. We instead introduce the ℓ1 
regularization 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
௫∈ℝ೙

‖𝐴𝑥 െ 𝑏‖ଶ
ଶ ൅ 𝜆‖𝑥‖ଵ ,                ሺ8ሻ 

as a convex relaxation of (7). The optimization (8) is also 
called LASSO (Least Absolute Shrinkage and Selection 
Operator), for which there exist fast algorithms for the 
solution, as FISTA (Fast Iterative Shrinkage-
Thresholding Algorithm) (Beck and Teboulle, 2009) for 
example. In this paper, we consider model predictive 
control with sparse modeling, and such a fast algorithm is 
desirable for real-time computation. 

 

Sparse MPC 
(1) MPC 

Figure 2 shows the MPC block diagram. In MPC, the 
controlled variable y(t) is measured at the current time t, 
and the reference trajectory that gradually approaches the 
set value is calculated starting from y(t). Next, the 
predicted value yP(t+j) of the future control amount is 
obtained, and the manipulated variable u(t),u(t+1),⋯ ,u(t+ 
HC-1) in the control horizon [t,t+HC-1] is determined so 
that the predicted value is as close as possible to the 
reference trajectory in the predicted horizon [t+1,t+HP]. 

From the obtained manipulated variables, only u(t) 
corresponding to the current time is actually added to the 
process, and the value is retained until the next sampling 
time t+1. When the control variable y(t+1) is measured at 

 
Figure 1: Illustration of the difference between 

 ℓ1 norm and ℓ2 norm 

 

 
Figure 2: Block diagram of model predictive control 
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time t+1, that time is regarded as the new local current 
time t, and the predicted and control horizons are shifted 
by one step into the future. Furthermore, the reference 
trajectory is set, the future predicted value is calculated, 
and the manipulated variable is determined so that the 
predicted value and the reference trajectory are as close as 
possible. The optimization problem is solved by repeating 
this procedure. 

However, because it is necessary to predict the behavior 
of the future controlled variable at each sample time, a 
predictive model that expresses the dynamic causal 
relationship between the manipulated and controlled 
variables is required. In this study, the transfer function is 
identified from the step response with the TABS 
operation amount (water-supply flow rate) as the input 
and the ceiling surface temperature as the output, 
converted into a state-space representation, and then used 
as a dynamical model for MPC.  

(2) Formulation of cost function 

We first consider the MPC optimization problem 
defined as a quadratic programming (QP) problem as 
shown in Eq. (9) using inequality constraints 
(Machiejowski, 2000). The square error shown in the first 
term of Eq. (9) is expressed using a positive definite 
matrix H, and the error between the ceiling surface 
temperature and the target value is minimized by solving 
this optimization problem. Detailed constraints are 
summarized in the analysis condition of MPC (Table 2) 
shown later. 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
௫∈ℝ೙

1
2
𝑥⊤𝐻𝑥 ൅ 𝑓⊤𝑥       ሺ9ሻ 

                 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝐴𝑥 ൒ 𝑏 
x: optimization variable, H: positive definite matrix, A: 
matrix of linear constraint coefficients, b and f: vectors 

Eq. (9) is the optimization of the square error, and Eq. 
(10) shows an equation that has been regularized using the 
ℓ1 norm as shown in Eq. (8). In this analysis, when MPC 
determines the operation amount (water-supply flow rate) 
while predicting the future control amount (the ceiling 
surface temperature) at each control interval, the 
manipulated variables in the control horizon are 
optimized to be sparse. Therefore, we consider the 
following optimization problem: 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
௫∈ℝ೙

൬
1
2
𝑥⊤𝐻𝑥 ൅ 𝑓⊤𝑥൰ ൅ 𝜆‖𝑥‖ଵ     ሺ10ሻ 

                 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝐴𝑥 ൒ 𝑏 
For Eq. (10), the internal point method is used to 

numerically compute the optimal solution. Eq. (10) can be 
solved at high speed like Eq. (9) (Machiejowski, 2000), 
and real-time control is realized. In addition, since FISTA 
or ADMM (Nagahara, 2020), which are approximate 
solutions, can be used for Eq. (10), further speedup is 
possible.  

The same formulation as Eq. (10) has been reported in 
previous studies of constrained ℓ1 ‐ norm model 
predictive control (Genceli and Nikolaou, 1993), robust 
model predictive control (Lofberg, 2003) and sparse 

predictive control (Axehill, 2015; John, 2018),and its 
effectiveness has been verified. However, no studies have 
shown its effectiveness by applying this sparse MPC to 
HVAC systems, especially TABS. 

 
Figure 3: CFD analysis model 

 

Table 1: Analysis condition of CFD 

Domain 7,200mm(x)×7,200mm(y)×3,870mm(z) 

Mesh 

Root block: 89(x)×91(y)×57(z)=421,643 

Parent block: 218(x) ×162(y) ×20(z)=706,320 

Piping block: 245(x) ×143(y) ×3(z)=10,5105 

Total: 1,273,068 

Time interval  ∆t ൌ5s 

Inlet boundary 
conditions  

 (DOHU) 

Temperature: 22°C (Peak load) or 28°C (Off 
peak load), Flow rate: 480m3/h,  

kin,air = 3/2(Uin,air×0.05)2, εin,air = Cμ3/4・kin,air
3/2/lin,air 

Outlet boundary 
conditions  
(DOHU) 

Velocity: fixed value and zero-gradient 
condition 

Inlet boundary 
conditions of 
pipes 

Temperature: 16°C, Water flow rate: 0-4L/min  

kin,water = 3/2(Uin,water×0.05)2, εin,water = Cμ3/4・

kin,water
3/2/lin,water 

Outlet boundary 
condition of 
pipes 

Zero-gradient condition 

Turbulence 
model 

Standard k-ε model 

Scheme for 
advection term 

First order upwind 

Wall boundary 
conditions 

Velocity: Logarithmic law 

Temperature: Logarithmic law 

Heat generation 

(Fig.7) 

Human (16 persons): 9.3W/m2, PC (16 units): 
9.9W/m2, Lighting (16 lights): 13.4W/m2 

Uin,air: Intlet air wind speed [m/s], ℓin,air: Length scale of inlet at under 
floor air conditioning system [m], kin,air: Inlet air turbulence energy 
of inlet at under floor air conditioning system [m2/s2], εin,air: 
Dissipation rate of kin,air [m2/s3], Uin,water: Intlet water flow speed 
[m/s], ℓin,water: Length scale of the pipe [m], kin,water: Inlet water 
turbulence energy of the pipe [m2/s2], εin,water: Dissipation rate of 
kin,water [m2/s3], Cμ: Model constant (=0.09) [-] 
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Coupled analysis of CFD and MATLAB and  
Simulink 

In this analysis using unsteady CFD that predicts the 
temperature and flow fields of the entire space including 
TABS in detail together with MATLAB and Simulink 
(Ogawa and Shiraishi, 2020), optimal control is 
performed for a general office space with TABS, so that 
the TABS ceiling surface temperature is the target value 
for the sparse MPC. Specifically, the TABS water flow 
rate is optimized by the combined method of MPC and 
sparse modeling so that the TABS ceiling surface 
temperature reaches the target value given as an input 
condition for the CFD analysis. The effectiveness of the 
proposed method is verified by evaluating the control and 
energy-saving performances. 

Figure 3 shows the CFD analysis model and the details 
of the TABS slab part. This analysis considers one span 
(7,200 mm) corresponding to the interior space of a 
general office. In addition, because the indoor space is 
thermally affected by the floors above and below it, the 
latter are represented by cyclic boundary conditions. In 
the unsteady CFD analysis, only the unsteady temperature 
field is calculated using the flow fields (water and air) 
calculated in advance for each TABS water flow rate. This 
technique linearizes the heat transport equation and 
reduces the computational load considerably. 
Consequently, not only the thermal environment of the 
indoor space but also the circulation of cold and hot water 
in the TABS piping and the temperature distribution in the 
slab can be analyzed simultaneously and unsteadily. 

Tables 1 and 2 present the CFD and MPC analysis 
conditions, respectively. The control time interval is 
1,800 s, and the analysis periods are 1 week for the pre-
analysis, 1 week for the main analysis, and 24 h for the 
predictive horizon in consideration of the TABS heat 
capacity. The TABS water-supply flow rate is set as 0–4 
L/min (six values of 0, 0.5, 1.0, 2.0, 3.0, and 4.0 L/min) 
and optimized by MPC. The target value of the ceiling 
surface temperature is set as 22°C to satisfy indoor 
thermal comfort based on the steady-state CFD analysis 
performed in advance. In this analysis, humidity is 
excluded; it is assumed that the humidity is held constant 
at 50% by means of a desiccant outdoor air handling unit, 
which operates for 24h with temperature control from 
9:00 to 18:00 when a heat load occurs (supply air 
temperature: 22°C) and no temperature control at other 
times (supply air temperature: 28°C). 

  As a case study, we analyzed two cases: normal MPC 
(Case 1) and the sparse MPC (Case 2). 

 

Results and Discussions 
(1) Control performance and energy saving 

Figure 4 shows the time-series that changes in the 
TABS ceiling surface temperature and water flow rate in 
Cases 1 and 2, and Figure 5 shows the control error of the 

Table 2: Analysis condition of MPC 

Prediction model State space model 

Optimization 
method 

Internal point method 

Time steps 1,800s 

Analysis time 604,800s (= 7days) 

Prediction horizon 48steps 

Control horizon 24steps 

Heat generation Same as CFD analysis 

Constraints 

Manipulated variable 0 ൑ 𝑢ሺ𝑘ሻ ൑ 4 

Manipulated variable 
movement 

0 ൑ ∆𝑢ሺ𝑘ሻ ൑ 4 

Control variable 21 ൑ 𝑦ሺ𝑘ሻ ൑ 23 

Regularization 
parameters 

𝜆 ൌ 1 

 

 
Figure 4: Ceiling temperature and water flow rate  

controlled by normal MPC(Case1) and Sparse(Case2) 

 
Figure 5: Control errors of ceiling temperature in 

each day controlled by the sparse MPC 

 
Figure 6: Cumulative water flow rate of TABS and 
ratio of water flow rate between Case1 and Case2 
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ceiling surface temperature while the load is generated 
(9:00 to 18:00). 

Because of the predictive feature of MPC, the TABS 
water supply is started before the load occurs, the error of 
the ceiling surface temperature from the target value is 
reduced throughout the analysis period. The average 
control error each day is 0.3°C or less. Furthermore, in 
Case 1, the time for which water is supplied at 0.5 L/min 
is increasing, but in Case 2 the time for which it is zero is 
increasing. In Case2, the time between starting and 
stopping the water supply is longer than that in Case 1, 
and the number of water supply start/stop times decreases 
throughout each day. 

In Case 1, the TABS operating time is 63 h, whereas in 
Case 2 it is 49 h, which is a difference of 14 h. Therefore, 
the sparseness of the water flow rate (energy saving by 
expanding the zero range) is confirmed when the sparse 
MPC is used.  

Figure 6 shows the cumulative water flow rate for each 
day and the ratio of Case 2 to Case 1. On Day 0, the 
cumulative water flow rate of Case 2 is slightly higher, 
but on other days, that of Case 1 is higher. Over the entire 
analysis period, the water flow rate of Case 2 is around 
39% less than that of Case 1. Therefore, we can expect 
that less transport power will be required for the TABS 
water supply and less energy will be required to cool the 
cold water. 

(2) Indoor thermal environment 

In both cases, the room temperature was generally 
controlled to the target value throughout the five days (Fig. 
4), and the predicted mean vote (PMV) was also generally 
within the comfortable range. Figure 8 (a) and (b) show 
the horizontal PMV distribution and vertical temperature 
distribution, respectively, at 1.1 m above the floor on 
Day1 (15:00) in Case 2. The PMV calculation conditions 
are as follows. CFD analysis results were used for air 
temperature, wind speed, and MRT. Metabolic rate, 
clothing amount, and humidity were 1.2met, 0.5clo, and 
50%, respectively. 

As shown in the horizontal PMV distribution, a 
comfortable area is formed both at the sensor installation 
position as well as in the entire office space, and the 
variation in the thermal environment in the horizontal 
direction is small. In addition, from the vertical 
temperature distribution, the temperature difference in the 
vertical direction in the room is generally within 3°C 
(ISO7730, 2005), and it is confirmed that TABS cools the 
inside of the slab. 

From the results of this study, it was confirmed that the 
sparse MPC realizes sparsity of the manipulated variable 
(TABS water flow rate) while controlling the controlled 
variable (ceiling surface temperature) at the target value.  
In addition, the indoor thermal environment became 
comfortable by controlling TABS with the ceiling surface 
temperature as the target value. 

 

Conclusion 
In this study, we proposed the sparse MPC to improve 

the actual unsteady operation performance of TABS. 
Furthermore, the effectiveness of the proposed method 
was verified using an unsteady CFD coupled with 
MATLAB and Simulink to analyze a general office space 
in which TABS was installed. 

The results show that the sparsity of the operation 
amount (water-supply flow rate) was realized while 
maintaining the comfort of the living area by controlling 
the control amount (ceiling surface temperature) at the 

 
Figure 7: Room temperature, MRT and internal heat 

load of Case1 and Case2 

 
(a) PMV distribution (z=1.3m)     -1.0  1.0 

 
(b) Air temperature distribution (y=5.56m) 

16.0°C 30.0°C,   0.0m/s →0.1m/s 

Figure 8: Horizontal distribution of PMV (a) and 
sectional distribution of air temperature (b) 

 at 15:00 of 5day in the case2 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
1739

 
 

https://doi.org/10.26868/25222708.2021.30551



target value. While controlling the ceiling surface 
temperature within an average error of 0.3°C, the total 
operating time of TABS for 5 days was reduced by around 
14 h, and the integrated water flow rate (pumping energy) 
was reduced by 39%. Furthermore, the air conditioner can 
be expected to be more durable because the number of 
water supply start/stop switching is reduced. 

The time required for conventional MPC and Sparse 
MPC were about the same. It is also possible to further 
reduce the computational load by adopting the high-speed 
algorithms of FISTA and ADMM. 

Issues for future research include setting the parameters 
of the proposed method as well as applying and verifying 
the proposed method in an actual building. 
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