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Abstract. This paper proposes a prediction method for indoor temperature and
humidity parameter changes in a radiant cooling system coupled with fresh air
system based on One-Dimensional Convolution coupled Long Short-Term
Memory neural network is proposed, and a model prediction control strategy for
the radiant cooling system coupled with fresh air system is designed based on
this method. The simulation experimental results demonstrate that the model pre-
dictive control strategy exhibits enhanced stability in maintaining indoor thermal
comfort and reduces the risk of condensation in comparison to the rule-based
control strategy. Additionally, the model predictive control strategy was observed
to reduce energy consumption by 16% over the entire cooling period in compar-
ison to the rule-based control strategy.
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1 Introduction

The radiant cooling system represents a novel approach to air conditioning that has
garnered significant interest and adoption due to its ability to provide superior indoor
thermal comfort and energy efficiency!!l. Radiant cooling systems are often used in
conjunction with fresh air systems to prevent condensation!® 31, where the radiant cool-
ing system takes over the indoor sensible heat loads and the fresh air system takes over
the indoor latent heat loads and part of the indoor sensible heat loads. Rule-based con-
trol(RBC) strategies such as on-off control and PID control are difficult to deal with the
thermal inertia of the radiant cooling system in exchanging heat with the indoor envi-
ronment, and some researchers have proposed the use of intermittent cooling control
strategies to achieve a more stable indoor temperature, reduced risk of condensation
and lower energy consumption,

In order to improve the hysteresis of the control and increase the energy efficiency
of the radiant cooling system and the comfort of the indoor environment, a predictive
control strategy that can make corrections to the control signals based on the prediction
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of the future information of the system is needed®’. Among the predictive control strat-
egies, model predictive control(MPC) makes optimal control operations by predicting
the system state through the future state of the indoor environment, combined with con-
straints and optimal algorithms, which can well meet the requirements of radiant cool-
ing system, and at the same time shows great potential for energy saving!®. Zhao et al”!
proposed a MPC dynamic model to address energy supply-demand mismatch in the
radiant cooling system resulting from time lag and lack of precise control, they simu-
lated this model achieving an 8.51% energy saving over PID control by using TRNSY'S
software.

In general, the majority of MPC strategy studies for radiant cooling systems are com-
bined with artificial neural networks with the objective of optimizing the energy con-
sumption and indoor thermal comfort of the radiant cooling system!®). The issue of con-
densation in such systems is either overlooked or addressed through the study of opti-
mal control strategies for energy consumption and condensation prevention. However,
there is a notable absence of integrated control strategies that would encompass both
aspects.

This paper presents a model predictive control strategy for radiant air conditioning
coupled with a fresh air system. The MPC strategy addresses two key issues: delayed
heat exchange between the system and the indoor environment and surface condensa-
tion at the terminal of the system. A neural network called One-Dimensional Convolu-
tion coupled Long Short-Term Memory neural network(1DCNN-LSTM) for predicting
indoor heat and humidity parameters is proposed. The MPC strategy has been demon-
strated to provide more stable and comfortable indoor temperatures than existing rule-
based control strategies. Furthermore, it effectively avoids the risk of condensation and
reduces the energy consumption of the system by 16% with the help of planning algo-
rithms.

2 Model Predictive Control

2.1 Predictive Model

The predictive model used is a IDCNN-LSTM neural network, which couples a 1x1
convolution layer with a Long Short-Term Memory layer. One-Dimensional Convolu-
tion neural network (IDCNN) as a 1x1 convolution layer is commonly used to adjust
the number of channels in the network layer and control the complexity of the model.
Long Short-Term Memory(LSTM) neural network is used to deal with complex prob-
lems involving time-series data by learning the long-term dependencies retained be-
tween time steps.

The following parameters are selected as input variables: room temperatureT;,, ;007>
room dew point temperatureTy,,, wall surface temperatureT,, ,;, ceiling surface temper-
atureT¢jing » and control signal[u, qgiane Uqir]. The model utilizes the indoor environ-
mental state parameters and the system state at the current moment[t,44iane, Ugir] @S
inputs, and the indoor environmental state parameters at the next momentT (t + 1) as
outputs. The prediction time interval is determined as 30 minutes. The trained model is
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validated on a previously segmented test set and the Root Mean Square Error (RMSE),
Mean Absolute Error (MAE) and Coefficient of Determination R? are used to compare
and analyse the prediction results with the actual values.

2.2 MPC Controller

The control objective of the MPC designed in this paper is to ensure stable indoor tem-
perature while satisfying the constraints of preventing condensation on the end surface
of the radiant terminal and minimizing energy consumption. The target indoor temper-
ature objective is set to 26°C. Since the condensation problem is an important influenc-
ing factor that restricts the application of the radiant cooling system, the prevention of
condensation on the terminal surface of the radiant system is set as a hard constraint,
and the operation of reducing the energy consumption is usually the opposite of the
operation of maintaining the stable indoor temperature, i.e., the system starts and stops,
so the constraint of reducing the energy consumption is set as a soft constraint, which
is written into the objective function.The control problem is defined in Eq(1)-Eq(5):

J@) = min TN (Tinaoor (k) — 26)> +[Eragianc (0) + Ea O] (1)
T, (k + 1) = Model[T,, (K), rqaianc (K), iy (K)] @
Eradiant () = J," Praaiant * Uragiane (K)dt (3)

Eqir () = J," Pagr * raaiane (R)dlt @)

Tap(k) < Tyau(k)
po(k) < Tceiling (k)

Uradiant € {0:1}
Ugir € {0:1}

subject to

(&)

where p is the weight to adjust between indoor temperature and energy consump-
tion,Pyg4ian: (£) and Py, (t) are the power of the radiant system and the fresh air sys-
tem, T, contains the parametersTinqoor> Tap, Twairs Tceiting » At is control horizon,
N is control step.

A quadratic programming algorithm is used in the rolling optimal process to com-
pute the current optimal control operation at each step of the control interval, and ulti-
mately to output the optimal control sequence over the entire prediction interval and
the first step control signal[w,4qian: (K), Ugir (K)]-

3 Case Study

3.1 Building Overview

The office studied in this paper is located in Nanjing, China, with room dimensions of
13.3mx8.3mx3.0m. The radiant system is set to switch on at 8:00 daily, and to prevent
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condensation problems during the start-up phase, the fresh air system is set to switch
on at 7:30 daily. The data collector recorded the ambient indoor heat and humidity data
from 1 July to 31 August 2022, which constituted the data-set employed for the training
of the neural network model.

3.2 TRNSYS Model
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Fig. 1. TRNSYS Model

Fig. 1 shows the TRNSYS model built based on the above mentioned buildings. The
indoor environment model is built with the thermal parameters of the actual building as
a reference, which is entered into the TRNSYS via TRNBuilding. The capillary net-
work of the radiant system is embedded in the building envelope in the form of an active
layer and finally imported into the system model via the Type56a module. The radiant
system heat pump and the fresh air system heat pump are represented by the Type655
module, and the water pump is represented by the Type3 module. The outdoor meteor-
ological parameters are read from the typical annual meteorological data of Nanjing,
China by Typel09-TMY2.

Simulation experiments of model predictive control strategy and rule-based control
strategy based on TRNSYS model will be carried out to evaluate the performance of
model predictive control strategy in maintaining stable room temperature, preventing
condensation, and saving energy.
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4 Results and Discussion

4.1 Prediction Performance
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Fig. 2. IDCNN-LSTM prediction performance

Table 1. Validation results

Output RMSE MAE R?

Tindoor 0.0269 0.0213 0.9525
Tap 0.0015 0.0086 0.9879
Twal 0.0368 0.0607 0.9684

Teeiling 0.0467 0.0792 0.9206

The trained neural networks are applied to the test set data to verify their prediction
accuracy, and Fig. 2 shows the prediction performance of the four neural networks on
the test set. Evaluation of the prediction accuracy of the four IDCNN-LSTM neural
networks computed on the test set is recorded in Table 1. From the data, IDCNN-LSTM
is fully applicable to the prediction of indoor thermal and humidity environment pa-
rameters, and it performs best in predicting indoor dew point temperature, and the pre-
diction accuracy is still lacking in predicting ceiling temperature despite several adjust-
ments to the model structure.
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4.2 Indoor Thermal Environment and Condensation Prevention

The existing rule-base control(RBC) strategy is to control the room temperature to 26°C
and the room relative humidity to 60%. The RBC and MPC strategies are employed to
regulate the radiant cooling system on a typical cooling day and week, respectively. As
illustrated in Fig. 3 and Fig. 4, the MPC control strategy exhibits enhanced flexibility,
enabling the stabilization of the indoor temperature at 26°C during the occupancy pe-
riod without significant temperature fluctuations.

Fig. 5 shows the variation curves of wall temperature, ceiling temperature and indoor
dew point temperature during the cooling week. It can be seen that the radiant cooling
system with the rule-based control strategy still has a condensation risk, while the sys-
tem with the model predictive control strategy has no condensation risk.
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Fig. 3. Temperature comparison on a typical cooling day
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Fig. 5. Risk of condensation

4.3 Energy Consumption
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Fig. 6. Energy consumption

As shown in Fig. 6, the period from 8 July to 25 August is divided into seven cooling
weeks to compare the energy consumption of the radiant cooling system. Using the
MPC strategy will save 16% of the energy consumption for the radiant cooling system
than using the RBC strategy for the whole cooling period. This is because MPC can
accurately predict the future state of the system and the environment, avoiding the waste
of energy caused by the system being on for too long, and also avoiding the situation
where the indoor thermal comfort is briefly achieved but not maintained.
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5 Conclusion

The 1IDCNN-LSTM neural network established in this paper improves the feature ex-
traction ability of the prediction model on the input data, and reflects good accuracy in
the prediction tasks of indoor dew point temperature, indoor temperature, and the ceil-
ing temperature prediction is not accurate enough, but does not affect the anti-conden-
sation control effect. The MPC strategy can well achieve the control objectives of main-
taining a stable indoor thermal environment and preventing condensation on the termi-
nal surface of the system, providing a better thermal environment for the office. MPC
benefits from accurate prediction of the future state of the system and the environment,
and can switch the system on or off in a timely manner, reducing unnecessary energy
consumption for the system while meeting its own control objectives. MPC can save
up to 16% of energy consumption for radiant cooling systems compared to rule-based
control strategies.

The MPC strategy devised in this paper is highly effective in meeting the require-
ments of the existing radiant cooling system for the control strategy. In subsequent re-
search, there will be a continued effort to enhance the integration of deep learning tech-
nology and control algorithms, thereby expanding the actual operational data of the
radiant cooling system. This will enable the radiant cooling system to demonstrate en-
hanced flexibility in coping with the complexities inherent in evolving application sce-
narios.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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