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Abstract 

Thermally Activated Building System (TABS) has 

attracted attention, as a means of creating an indoor 

thermal environment that satisfy both energy-saving and 

thermal comfort in the office. However, since the thermal 

response of the ceiling surface temperature is slow due to 

the ceiling’s large thermal mass in TABS, optimal control 

that considers the load prediction results is desirable. In 

this paper, we propose a control method that incorporates 

load prediction by Neural Network with MPC. As a result, 

in the analysis using the proposed method, the control 

performance is improved by supplying water from the 

night before the load is generated, and the integrated water 

supply flow rate can be reduced. 

Key Innovations 

• Load prediction and verification of control methods 

are performed by coupled analysis of CFD and 

MATLAB/Simulink. 

• MPC control with load prediction is proposed. 

Practical Implications 

By using the proposed control method, it is possible to 

operate an air conditioning system with a slow thermal 

response, such as TABS, in an energy-saving manner 

while ensuring a comfortable environment. 

Introduction 

In recent years, social demands for higher energy-

efficiency standards and zero-energy buildings have been 

increasing because general commercial buildings have 

high energy costs, especially for air conditioning. 

Furthermore, it is just as important to consider the 

productivity of the people working in these buildings 

(Naoe et al., 2003). Therefore, there is an urgent need for 

air-conditioning systems and control methods that are 

both energy efficient and provide thermal comfort. 

For example, Wim and Gert (2009) evaluated the comfort 

of three schools equipped with TABS and eleven schools 

equipped with various heating systems through 

measurements and questionnaire surveys, respectively, 

and reported that TABS improves comfort. D.O. Rijksen 

et al. (2010) confirmed that pre-cooling of TABS can 

reduce the heat source capacity by up to 50% compared 

to the installation of radiant panels. Furthermore, 

Maomao et al. (2019) showed that running TABS at night 

can reduce total weekly energy consumption by 16% and 

electricity bills by up to 19%. Various other studies have 

been carried out on TABS (Caroline et al., 2017. Ken et 

al., 2019. Fuxin and Yuebin, 2016. Woong and Jae-Han, 

2019). 

In Europe and the United States, the concept of thermally 

activated building systems (TABS) (Kyu-Nam et al., 2015. 

Peizheng et al., 2015. Joaquim et al., 2016) has been 

attracting attention as a means of creating indoor thermal 

environments in offices that offer both energy savings and 

thermal comfort, and attempts are also being made to 

introduce TABS in Japan. As well as saving energy and 

providing comfort, TABS is expected to offer advantages 

such as peak shift, smaller heat sources, and cost 

reductions due to utilization of high heat capacity. 

However, that large heat capacity means that the thermal 

response is slow, so it is important to control the system 

to create a comfortable indoor thermal environment. For 

this reason, attention has turned to model predictive 

control (MPC)—in which the current manipulated 

variable is determined while also predicting the behavior 

of the controlled variable—as a new control method to 

replace classical control for the operation of TABS. 

H.Viot et al. (2018) confirmed through numerical 

simulations using a thermal network model for a real 

building with TABS that MPC can reduce energy 

consumption by 30-40% compared to two control 

 

Figure 1: Overview of the coupled analysis (the coupled CFD). 
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methods using heating curves. Jaewan et al. (2018) also 

show that for an office building with uneven load 

distribution, implementing MPC for each section of 

TABS can improve comfort and reduce electricity 

consumption by 27% compared to feedback-based control. 

Meanwhile, there have been many studies of load 

prediction. Nigitz and Gölles (2019) performed load 

prediction by regression analysis and stated that the 

developed predictive method was generally applicable 

because sufficient predictive accuracy was obtained. 

Furthermore, many studies of energy prediction based on 

artificial intelligence have been reported in recent years 

(Wang et al., 2017); for example, Wang et al. (2020) used 

shallow machine learning and deep learning to predict 

heat loads. 

In a previous study (Ogawa and Shiraishi, 2020), we 

proposed an optimal control method using MPC that 

considers the thermal response of TABS. So far, we have 

verified the effectiveness of this control method by 

performing coupled analysis with computational fluid 

dynamics (CFD) and MATLAB/Simulink, an approach 

that we refer to as coupled CFD (Figure 1). However, 

although it is effective in actual operation to control 

TABS by predicting and measuring the heat loads 

generated indoors, these load predictions are yet to be 

examined in detail. 

Therefore, in this study, we propose an optimal control 

method that incorporates the prediction of internal heat 

load into MPC. First, we create a predictive model for 

internal heat load based on a neural network (NN) and 

polynomial regression using actual office data, and we 

verify its predictive accuracy. Then, using the predicted 

data, we verify the effectiveness of the proposed method 

by applying coupled CFD (Figure 1) to a general office 

space with TABS. 

Methods of load prediction 

Polynomial regression 

With polynomial regression, it is possible to express a 

model that is more complicated than that given by linear 

regression by setting the order to at least 2. Herein, 

considering model complexity and ease of calculation, we 

adopt polynomial regression with a nonlinear regression 

model. The polynomial regression model can be 

expressed by equation (1). Furthermore, so as not to 

overfit the training data, we choose a 7th-order model. 

𝑦 =  ∑ 𝑝𝑖𝑥𝑛+1−𝑖

𝑛+1

𝑖=1

(1) 

Neural Network 

An NN is both a mathematical model that expresses 

human brain function and a statistical model for 

regression and classification. By using an NN, highly 

accurate prediction is possible even for nonlinear objects. 
In this paper, we use the NARX (nonlinear autoregressive 

exogenous) NN (MathWorks, 2021) shown in Figure 2, 

which is a recursive NN that receives feedback from the 

output layer. In addition, to create the NN model, we use 

the Levenberg–Marquardt algorithm, which is a standard 

optimization method. 

 

Figure 2: Image of the NARX NN. 

Of the input data and training data (output), we use 70% 

to train the NN, 15% for verification to avoid overfitting, 

and the remaining 15% as unknown data not related to 

learning to confirm the accuracy of the NN. The NN has 

3 layers (input layer, hidden layer, output layer) and 20 

hidden-layer nodes. 

Verification of accuracy of load prediction 

As the training and verification data for the polynomial 

regression model and the NN, we use building energy 

management system (BEMS) data from an actual office 

building in Kitakyushu, Japan. The training data and input 

data are outlined in Table 1. We use two systems for the 

training data: lighting equipment power and office 

automation (OA) equipment power. 

Table 1: Outlines of the teacher data and input data. 

Building type Office 

Location Kitakyushu city, Japan 

Data period April 2012 - November 2013 

Teacher data 
Lighting equipment power 

OA equipment power 

Input data of NN 

model 

Time (1), Day of the week (6), 

Temperature (1), Insolation (1), 

Precipitation (1), Wind speed (1), 

Occupancy (1) 

Number of input 

data of NN model 
12 elements × 12,432 hours 

In the polynomial regression, we create two separate 

predictive models, one for weekdays and the other for 

holidays. We assume the summer season for the load 

prediction and verify it using the data for one week in 

August 2012, data that are not used as training data. 

Overview of the optimal control method 

Model predictive control 

Figure 3 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]. 
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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 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. 

 

Figure 3: Block diagram of MPC 

Formulation of optimization problems 

In this study, we use inequality constraints and define the 

optimization problem of MPC as a quadratic 

programming (QP) problem as shown in equation (2). The 

squared error indicated by the first term in equation (2) is 

expressed using a vector 𝑥. By solving this vector 𝑥, the 

error between the ceiling temperature and the target value 

is minimized. In other words, equation (2) is formulated 

as an optimization problem for the operational quantities. 

Detailed constraints are summarized in the analysis 

condition of MPC (Table 3) shown later. 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
𝑥∈ℝ𝑛

1

2
𝑥⊤𝐻𝑥 + 𝑓⊤𝑥 (2) 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝐴𝑥 ≥ 𝑏 

where 𝑥  is optimization variable, 𝐻  is positive definite 

matrix, 𝐴 is matrix of linear constraint coefficients, and 𝑏 

and 𝑓 is vector. 

Methods of analysis 

Analysis outline 

In this study, we verify the effectiveness of the proposed 

method by applying coupled CFD to a general office 

space with TABS (Figure 1). In this study, computational 

fluid dynamics (CFD) simulation software "STREAM 

V13" of Software CRADLE Co., Ltd. was used. In 

addition, we use MPC as the optimal control method and 

perform control by incorporating MPC with the load 

prediction (NN model) described in the previous section. 

In this study, the water flow rate in TABS is controlled by 

MPC, that is, the manipulated variable is the water flow 

rate in TABS and the controlled variable is the ceiling 

surface temperature. 

Indoor thermal comfort is evaluated by the predicted 

mean vote (PMV) (Fanger, 1970.), and the energy 

consumption is evaluated by the integrated water flow 

rate. As the PMV calculation conditions, the metabolic 

rate during office work is set to 1.2 met and the clothing 

insulation is set to 0.5 clo. Humidity is assumed to be held 

constant at 50% by introducing a desiccant outdoor air 

handling unit (DOHU). 

Analysis model 

In this paper, a CFD analysis model was created by 

referring to previous studies (Tsuruta et al., 2020). The 

CFD analysis model is shown in Figure 4, the radiating 

part of which has piping on a 200-mm-thick slab and is 

held in place with mortar and insulation. The composition 

of the TABS slab, the thickness of the slab, the diameter 

and pitch of the pipes and the area of the TABS 

installation (approx. 50%, installation area: 4.4m x 5.6m) 

are based on the literature (Olesen, 2012., ISO 11855-4, 

2012.). In addition, to improve the analysis accuracy, a 

multi-block (which is a mesh generation method) is 

inserted only around the embedded pipe. The prediction 

accuracy of CFD for TABS has also been tested by Ogawa 

and Shiraishi (2018). In Europe, buried pipes are widely 

used, but in Japan, where there are many earthquakes, the 

installation of pipes on the top of the slab is attempted 

from the viewpoint of reducing the risk of water leakage 

(Ogawa and Shiraishi, 2019), and the pipes are installed 

on the top of the slab in this analysis model. 

 

Figure 4: CFD analysis model. 
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The predictive model used in MPC is created using a step 

response obtained from the CFD analysis of the office 

space. A time delay, which is a fluctuation that often 

occurs in the step response to a step input, is observed 

when acquiring the step response of TABS. Therefore, a 

predictive model that accounts for this time delay is 

created to reproduce these actual phenomena with 

Simulink. The ceiling surface temperature and room 

temperature are affected thermally by TABS and an air 

handling unit, respectively, so the latter two are 

reproduced similarly in the Simulink analysis model. 

Analysis conditions 

The analysis conditions of the coupled CFD are given in 

Tables 2 and 3. For the analysis periods, the approach 

period is set to three days and the analysis period is set to 

a week. Indoor thermal comfort is indicated by the PMV. 

The target value of the ceiling surface temperature is set 

to 24.0°C, and the water flow rate in TABS is controlled 

by MPC. The specifications of the PC used for the 

analysis are shown in Table 4. The analysis time for the 

coupled analysis (a week analysis period) using PC in 

Table 4 was approximately 40 hours. 

Analysis cases 

Figure 5 shows images of the two analysis cases that are 

considered. In case 1 (basic model), TABS is controlled 

using MPC, which assumes that the load at the current 

time from the BEMS continues to be constant over the 

prediction horizon. In case 2 (NN model), the load data 

predicted by the NN model are used for the prediction 

horizon of MPC. 

Computational load reduction methods for CFD 

analysis 

After confirming that the office space is a quiescent 

airflow field by steady state CFD analysis, the flow field 

(water and air) for each water flow rate of TABS is 

obtained in advance by steady state analysis, and the flow 

field corresponding to the water flow rate optimized by 

MPC is set to linearize the temperature transport equation 

to reduce the computational load (Kido and Shiraishi, 

2014., Tomoda and Shiraishi. 2016.). By reducing the 

computational load, it is possible to analyze not only the 

thermal environment of the indoor space but also the 

circulation of hot and cold water in the piping of TABS 

and the temperature distribution in the slab in an unsteady 

and detailed manner. 

Table 2: The analysis conditions for CFD. 

Domain 7.20m(x) × 7.20m(y) × 3.87m(z) 

Mesh 

Root block:106(x)×90(y)×59(z) =562,860, Parent block:197(x)×137(y)×15(z) =404,835 

Piping block 1:148(x)×268(y)×3(z) =118,992, Piping block 2:144(x)×231(y)×3(z) =99,792 

Total:1,186,479 

Inlet boundary conditions of under 

floor air conditioning system 

Temperature: 22°C, Flow rate: 480m³/h, 

𝑘𝑖𝑛,𝑎𝑖𝑟 = 3/2(𝑈𝑖𝑛,𝑎𝑖𝑟 × 0.05)²,𝜀𝑖𝑛,𝑎𝑖𝑟 = 𝐶𝜇
3 4⁄ ∙ 𝑘𝑖𝑛,𝑎𝑖𝑟

3 2⁄ 𝑙𝑖𝑛,𝑎𝑖𝑟⁄  

Outlet boundary conditions of under 

floor air conditioning system 
Velocity: fixed value and zero-gradient condition 

Inlet boundary conditions of pipes 
Temperature: 16°C, Water flow rate: 0/0.5/1/2/3/4L/min 

𝑘𝑖𝑛,𝑤𝑎𝑡𝑒𝑟 = 3/2(𝑈𝑖𝑛,𝑤𝑎𝑡𝑒𝑟 × 0.05)²,𝜀𝑖𝑛,𝑤𝑎𝑡𝑒𝑟 = 𝐶𝜇
3 4⁄ ∙ 𝑘𝑖𝑛,𝑤𝑎𝑡𝑒𝑟

3 2⁄ 𝑙𝑖𝑛,𝑤𝑎𝑡𝑒𝑟⁄  

Outlet boundary condition of pipes Zero-gradient condition 

Turbulence model Standard 𝑘-𝜀 model (Launder and Spalding, 1974.) 

Scheme for advection term First order upwind 

Wall boundary conditions Velocity: Logarithmic law, Temperature: Insulation 

Heat generation Human (16 persons):69W/person, PC (16 units):32W/unit, Lighting (16 lights):60W/unit 

𝑈𝑖𝑛,𝑎𝑖𝑟: Inlet 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: Inlet 

water flow speed[m/s], 𝑙𝑖𝑛,𝑤𝑎𝑡𝑒𝑟: Inner diameter of the pipe[m], 𝑘𝑖𝑛,𝑤𝑎𝑡𝑒𝑟: Inlet water turbulence energy of the pipe [m²/s²], 

𝜀𝑖𝑛,𝑤𝑎𝑡𝑒𝑟: Dissipation rate of 𝑘𝑖𝑛,𝑤𝑎𝑡𝑒𝑟 [m²/s²], 𝐶𝜇: Model constant (=0.09) [-] 

 Table 3: The analysis conditions of MPC. 

Prediction Model State space model 

Optimization method  Internal point method 

Sample time 3,600s 

Analysis time 604,800s (= 7days) 

Prediction horizon 24 steps 

Control horizon 12 steps 

Heat generation 

(Disturbance) 
Same as CFD analysis 

Water supply 

temperature in TABS 
16℃ 

Constraints 

Manipulated 

variable 
0 ≤ 𝑢(𝑘) ≤ 4 

Manipulated 

variable 

movement 

0 ≤ ∆𝑢(𝑘) ≤ 4 

Control variable 23 ≤ y(𝑘) ≤ 25 

Table 4: Specifications of PC 

CPU Intel® Core TM i7-7700 

Frequency 3.60GHz 

RAM 8.00GB 

 

Figure 5: Images of the two analysis cases. 
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Coupled analysis method 

Control flow of the coupled CFD is shown in Figure 6. 

The flow of the coupled analysis is described below. First, 

the CFD receives data for the water flow rate in TABS 

(hereinafter referred to as the manipulated variable) from 

MATLAB/Simulink. Next, if the read manipulated 

variable is the same as one step before, the CFD sets the 

read operation amount as a boundary condition and 

performs three-dimensional thermal fluid analysis. Then, 

CFD calculates the sensor temperature on the ceiling 

surface, outputs it to an intermediate file, and waits. 

MATLAB/Simulink then reads the sensor temperature on 

the ceiling surface and sets this as the initial value of the 

sensor temperature 𝑦(𝑡) at the current time 𝑡. From there, 

MATLAB/Simulink predicts the sensor temperature and 

optimizes the water flow rate in TABS so that the error 

between the set temperature and the ceiling surface 

temperature is minimized. Finally, MATLAB/Simulink 

outputs the current water flow rate that was calculated by 

optimization. As described above, the coupled analysis 

was performed by optimizing the manipulating variable 

and repeating these data transfers at the calculation time 

interval ∆𝑡 of CFD. 

 

Figure 6: Control flow of the coupled CFD. 

 

(a) Lighting equipment power 

 

(b) OA equipment power 

Figure 7: The time-series results of load prediction. 
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Results and discussion 

Load prediction results 

The time-series results of load prediction are shown in 

Figure 7 for the lighting equipment power (Figure 7(a)) 

and the OA equipment power (Figure 7(b)). The root-

mean-square error (RMSE) in predicting the lighting 

equipment power is 2.13 W/m² in the polynomial 

regression model and 1.22 W/m² in the NN model. 

Similarly, the RMSE in predicting the OA equipment 

power is 0.51 W/m² in the polynomial regression model 

and 0.32 W/m² in the NN model. 

The polynomial regression model fails to predict the 

abrupt changes that take place in the lighting equipment 

power during the day, especially that when most of the 

lights turn off around noon, and the gradual fluctuation of 

the OA equipment power at night. By contrast, the NN 

model does predict sufficiently the sudden changes that 

take place in the lighting equipment power during the day 

and the gradual fluctuations in the OA equipment power 

at night. In other words, the NN model can sufficiently 

predict nonlinear phenomena that the polynomial 

regression model cannot predict. From this result, the 

predictive accuracy of the NN model is better than that of 

the polynomial regression model.  

The distributions of the measured and predicted values for 

each equipment power are shown in Figure 8 for the 

lighting equipment power (Figure 8(a)) and the OA 

equipment power (Figure 8(b)). The coefficient of 

determination (R²) in the polynomial regression model is 

0.83 for the lighting equipment power and 0.88 for the OA 

equipment power, whereas in the NN model it is 0.95 for 

both. Therefore, the NN model has higher predictive 

accuracy than the polynomial regression model.  

Results of the coupled CFD 

The time-series changes in the ceiling surface temperature 

and water flow rate in cases 1 and 2 are shown in Figure 9. 

In case 1, load prediction is not performed, so TABS is 

not operated on Sunday, and the water supply starts when 

the load occurs on Monday. By contrast, in case 2, the 

control performance is improved by starting the water 

supply the night before the load occurs. 

The absolute error from the target value (24°C) of the 

ceiling surface temperature is shown in Figure 10. On 

Monday, the absolute error in case 1 is smaller than that 

in case 2. This is presumably due to the relationship 

between the initial temperature and the target temperature. 

In this analysis, the internal gain only considers the heat 

generated by the human body, lighting, and office 

automation equipment, and the gain of the perimeter part 

is not modelled. Therefore, from the holidays to Monday, 

when the internal gain was small, case 1 was closer to the 

target temperature by not pumping water in advance, and 

the absolute error was smaller. However, after Tuesday, 

 

Figure 9: The time-series changes in the ceiling surface 

temperature and water flow rate in case 1 and case2. 

 

Figure 10: The absolute error from the target value of the 

ceiling surface temperature. 

 

Figure 11: The integrated water flow rate. 

 ater  l   rate

ceiling s r ace te  erat re

 
at

er
  
l 

 
 r
at

e 
  

  
in

 

 
e 

 
er

at
 
re

  
 

 

   ase    asic    el  

   ase         el 

  

 6

  

  

  

 

 

6

 

 

 et   int      

 at r a   n a   n a   es a  e nes a  h rs a  ri a 

 
e 

 
er

at
 
re

  
 

 

  n a   es a  e nes a  h rs a  ri a 

 ase  ase 

   er   artile

l  er   artile
 ini   

 a i   

 e ian

 

   

   

   

   

  6

   

     

       

          

    

 ase    asic    el 

 ase         el 

 

   

   

   

   

   

   

    

 

  

6 

  

  

   
    

     

 
th

e
ra

ti
 
  

  
th

e 
in

te
g
ra

te
 
  

at
er

  
l 

 
 r

at
e
  

 

 n
te

gr
at

e 
  

at
er

  
l 

 
 r
at

e 
  

 
 
a 

 

 ase  ase   n   e  e  h  ri at   n

 

(a) Lighting equipment power  (b) OA equipment power 

Figure 8: The distributions of the measured and predicted values for each equipment power. 
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the absolute error in case 2 is smaller than that in case 1, 

with a maximum reduction of about 0.45°C on 

Wednesday. 

The integrated water flow rate is shown in Figure 11. The 

right-hand side of the figure shows the ratio of the 

integrated water flow rate in case 2 to that in case 1. The 

results show that in case 2, the cumulative water flow rate 

for one week is reduced by about 52%, thereby suggesting 

that the proposed method can save energy. 

The vertical distributions of the air temperature and flow 

velocity vectors in case 2 at maximum load (Thursday 

16:00) are shown in Figure 12, and the horizontal 

distribution of the PMV in case 2 (for 0.5 span) is shown 

in Figure 13. As shown in these two figures, a uniform 

and comfortable thermal environment is formed around 

the workers as a whole.  

As confirmed above, optimal control by incorporating 

load prediction into MPC improves the control 

performance and reduces the integrated water flow rate. 

Conclusion 

In the present study, we proposed (i) an NN-based method 

for load prediction and (ii) an optimal control method 

incorporating load prediction into MPC, and we verified 

their effectiveness by means of coupled CFD. In the load 

prediction, the RMSE of the NN model was smaller than 

that of the polynomial regression model for both the 

lighting equipment power and the OA equipment power. 

In addition, in the coupled CFD, the control performance 

in case 2 was better than that in case 1, and the integrated 

water flow rate in case 2 was reduced by more than 50% 

compared with that in case 1. In future research, we intend 

to build a load prediction model of human-body heat 

generation and improve the control performance by using 

data assimilation. 
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