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ABSTRACT 

The thermal comfort of individuals is considered an important factor that affects the health, well-being, and 
productivity of the occupants. However, only a small proportion of people are satisfied with the thermal 
environment of their current workplace. Therefore, this paper proposes a novel framework to simulate and 
optimize thermal comfort by controlling room conditions and matching them with occupants. The method 
is developed based on personalized thermal comfort prediction models and the Large Neighborhood Search 
(LNS) algorithm. To illustrate and validate the algorithm, a case study is provided. The results compare the 
thermal comfort of the occupants before and after the optimization and show a significant improvement in 
the thermal comfort. The proposed simulation method is proven to be feasible and efficient in providing an 
optimal match of occupants and rooms with specific settings, and therefore, can be of great value for the 
decision-making of the building management. 

1 INTRODUCTION 

According to an epidemiological survey, people in the USA and Canada on average spent more than 90% 
of their time indoors (Leech et al. 2000). Thermal comfort of individuals is considered an important factor 
affecting the overall indoor experience of the occupants, as it is associated with their health (Lan et al. 2011; 
Ormandy and Ezratty 2012), well-being (Lan et al. 2011), and productivity (Akimoto et al. 2010; Lan et al. 
2011). However, a recent study has shown that only 38% of the occupants are satisfied with the thermal 
environments of their workplace while 43% of them are thermally dissatisfied (Karmann et al. 2018). 

The conventional methods for maintaining thermal comfort rely on adaptive models (e.g., PMV) (Gan 
et al. 2019; Gan et al. 2021; Yao et al. 2009) or design standards (ASHRAE 2017; Deng, Menassa, and 
Kamat. 2021), which try to adopt a one-size-fits-all approach for different occupants (Sood et al. 2020). 
Nevertheless, different people may have distinct preferences of the thermal environments, leading to 
variations of the thermal perception of the occupants in the same indoor environment (Cheung et al. 2019; 
Földváry Ličina et al. 2018). In order to satisfy occupants based on their own thermal preferences, several 
previous studies have investigated the personal environmental control (PEC) systems to achieve 
improvement of personal thermal and visual comfort. The PEC systems need to apply extra small-size 
devices to control the micro-environment for the individuals (Godithi et al. 2019). Nevertheless, PEC 
systems are not flexible and responsive enough as they have low spatial resolutions, and they will lead to 
extra maintenance and energy consumption due to the additional equipment (Veselý et al. 2017). Moreover, 
the concept of Activity Based Workplace (ABW) is becoming more and more common in modern 
buildings, which aims to provide flexible workplaces for the occupants depending on their preferences or 
tasks (Appel‐Meulenbroek et al. 2011). However, the number and capacity of the rooms are limited, thus 
it may not be possible to satisfy all occupants if we consider the ABW individually. For example, a room 
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with a specific indoor environmental setting may be suitable for many occupants, while it cannot 
accommodate all of them due to the limited capacity. In this case, the occupants with similar thermal 
preference need to be separated into different rooms with suitable environmental settings. To achieve this, 
an optimization algorithm that can match and group different occupants to a suitable room with an 
appropriate indoor environment is needed. Therefore, the objective of this paper is to propose a novel 
framework to simulate and optimize thermal comfort by controlling room conditions and matching them 
with occupants. Moreover, the proposed framework is demonstrated and validated comprehensively by a 
case study. 

Recently, personalized models regarding the evaluation of individuals’ status are attracting attention 
(Deng, Wang, and Menassa. 2021; Kandasamy et al. 2018; Ma et al. 2019). Similarly, personalized thermal 
comfort models are required in this study to perform the optimization. To obtain personalized thermal 
comfort models, a series of environmental data and feedback from each individual are required (Li et al. 
2017). Based on the environmental parameters and the occupants’ personal feedback, machine learning 
(ML)-based personalized thermal comfort models can be built for them. For each of the models, the inputs 
should be the environmental parameters and the outputs are the perception of the thermal environment. The 
personalized models allow the estimation of each occupant’s thermal preferences instead of providing an 
overall evaluation of the thermal environment. The indoor environment parameters such as temperature, 
humidity, and air velocity are proven to be the major factors that affect the thermal comfort of an occupant 
(Ma et al. 2019). In addition, the personal parameters including age, gender, height, weight, clothing level 
are also proven to be relevant to personal thermal comfort. Therefore, this study uses the typical parameters 
of the indoor environment and human factors as the inputs of the personalized thermal comfort prediction 
models. Assume that there are 𝑛𝑛 rooms with different controllable indoor environments, and there are 𝑚𝑚 
people (𝑚𝑚 > 𝑛𝑛) we would like to assign to the rooms so as to maximize the overall indoor thermal comfort 
of them. We need to formulate and solve the occupants-room matching and room condition control task as 
a joint optimization problem. This is a non-trivial optimization problem as both the objective function and 
the decision variables contain continuous and discrete parts, and the model contains non-parametric 
machine-learned components. 

2 METHODOLOGY 

2.1 Optimization problem description 

In this section, we formulate an optimization problem for thermal comfort. We first add binary variables 
𝑥𝑥𝑖𝑖𝑖𝑖 to indicate the occupant-room assignment: if occupant 𝑖𝑖 (1 ≤ 𝑖𝑖 ≤ 𝑚𝑚) is in room 𝑗𝑗 (1 ≤ 𝑗𝑗 ≤ 𝑛𝑛), 𝑥𝑥𝑖𝑖𝑖𝑖 =
1; otherwise, 𝑥𝑥𝑖𝑖𝑖𝑖 = 0. The index of thermal comfort is a discrete number following a standard 7-scale metric 
(i.e., −3, −2, −1, 0, 1, 2, 3)(ASHRAE 2017). For a specific occupant, it is a non-linear function of multiple 
indoor environmental parameters, including room temperature (RT), relative humidity (RH), and air 
velocity (AV). Suppose occupant 𝑖𝑖 (1 ≤ 𝑖𝑖 ≤ 𝑚𝑚) is in room 𝑗𝑗 (1 ≤ 𝑗𝑗 ≤ 𝑛𝑛), we assume its thermal comfort, 
𝑇𝑇𝑇𝑇𝑖𝑖, can be computed as follows: 

𝑇𝑇𝑇𝑇𝑖𝑖 = �𝑔𝑔𝑖𝑖�𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖�𝑥𝑥𝑖𝑖𝑖𝑖

𝑛𝑛

𝑖𝑖=1

                                                                         (1)  

𝑔𝑔𝑖𝑖(⋅) is the thermal comfort function of occupant 𝑖𝑖 that returns {−3,−2,−1,0,1,2,3}, while 𝑇𝑇𝑖𝑖, 𝐻𝐻𝑖𝑖, and 𝑉𝑉𝑖𝑖 
are the room temperature, relative humidity, and air velocity of room j, respectively. 
A separate 𝑔𝑔𝑖𝑖(⋅) is used to capture the personality of each occupant. Rather than an analytic function, 𝑔𝑔𝑖𝑖(⋅) 
is learned from data. From the perspective of the optimization process, a differentiable model 𝑔𝑔𝑖𝑖(⋅) is 
preferred, such as Support Vector Machines (SVM) and Artificial Neural Networks (ANN). In this study, 
we assume all of the input indoor environmental parameters (𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖) are continuous and controllable 
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within a fixed range. We want to optimize the overall thermal comfort of the occupants. Therefore, we 
penalize the sum deviation of the thermal comfort from zero, 𝐹𝐹𝐶𝐶, in Eq. (3). Note that 𝑐𝑐𝑖𝑖 is a weight on 
occupant 𝑖𝑖. 

𝑓𝑓𝑖𝑖�𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖� = �𝑔𝑔𝑖𝑖�𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖� − 0�                                                           (2) 

𝐹𝐹𝐶𝐶 = �𝑐𝑐𝑖𝑖�𝑓𝑓𝑖𝑖�𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖�𝑥𝑥𝑖𝑖𝑖𝑖

𝑛𝑛

𝑖𝑖=1

𝑚𝑚

𝑖𝑖=1

                                                                (3) 

In objective function (4), the decision variables are 𝑇𝑇𝑖𝑖 , 𝐻𝐻𝑖𝑖 , 𝑉𝑉𝑖𝑖, and 𝑥𝑥𝑖𝑖𝑖𝑖 (1 ≤ 𝑖𝑖 ≤ 𝑚𝑚, 1 ≤ 𝑗𝑗 ≤ 𝑛𝑛). The 
constraint (5.1) limits the minimum and the maximum number of occupants in a room. The constraint (5.2) 
indicates that a person can only be in one room. (5.3), (5.4), (5.5), and (5.6) set up the variable ranges. 𝑀𝑀𝑖𝑖 
refers to the maximum capacity of the room 𝑗𝑗 . 𝑇𝑇𝑖𝑖𝑚𝑚𝑖𝑖𝑛𝑛 and 𝑇𝑇𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 defines the allowable range of the room 
temperature, 𝐻𝐻𝑖𝑖𝑚𝑚𝑖𝑖𝑛𝑛 and 𝐻𝐻𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 defines the allowable range of the relative humidity, 𝑉𝑉𝑖𝑖𝑚𝑚𝑖𝑖𝑛𝑛 and 𝑉𝑉𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 defines 
the allowable range of the air velocity. 

min
𝑚𝑚𝑖𝑖𝑖𝑖,𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖

��𝑐𝑐𝑖𝑖𝑓𝑓𝑖𝑖�𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖�𝑥𝑥𝑖𝑖𝑖𝑖

𝑚𝑚

𝑖𝑖=1

𝑛𝑛

𝑖𝑖=1

                                                          (4) 

subject to 

0 ≤�𝑥𝑥𝑖𝑖𝑖𝑖

𝑚𝑚

𝑖𝑖=1

≤ 𝑀𝑀𝑖𝑖                                                                                     (5.1) 

�𝑥𝑥𝑖𝑖𝑖𝑖

𝑛𝑛

𝑖𝑖=1

= 1                                                                                               (5.2) 

𝑥𝑥𝑖𝑖𝑖𝑖 ∈ {0, 1}                                                                                              (5.3) 
𝑇𝑇𝑖𝑖𝑚𝑚𝑖𝑖𝑛𝑛 ≤ 𝑇𝑇𝑖𝑖 ≤ 𝑇𝑇𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚                                                                                 (5.4) 
𝐻𝐻𝑖𝑖𝑚𝑚𝑖𝑖𝑛𝑛 ≤ 𝐻𝐻𝑖𝑖 ≤ 𝐻𝐻𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚                                                                             (5.5)  
𝑉𝑉𝑖𝑖𝑚𝑚𝑖𝑖𝑛𝑛 ≤ 𝑉𝑉𝑖𝑖 ≤ 𝑉𝑉𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚                                                                               (5.6) 

 The schematic diagram of the optimization problem is shown in Figure 1. The circles with different 
colors represent different individuals with distinct characteristics and the cuboids represent different rooms 
with specific environmental settings. The results should be able to maximize the overall thermal comfort 
of people. Therefore, the indoor environment parameters 𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖  and the room assignments 𝑥𝑥𝑖𝑖𝑖𝑖 are 
simultaneously perturbed and optimized. 

 

Figure 1: The schematic diagram for the original optimization problem. 

T1 H1 V1 T2 H2 V2 Tn-1 Hn-1Vn-1

x11 x21 xmn

Room 1 Room 2 Room 3 Room n-1 Room n

T3 H3 V3 Tn Hn Vn

Human

Room
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2.2 Optimization algorithm 

The Large Neighborhood Search (LNS) algorithm has proven to be very efficient in solving scheduling 
problems (Pisinger and Ropke 2010), it explores complex neighborhoods using heuristics. Here, based on 
the idea of LNS, the optimization process is divided into two separate steps in each iteration, and the 
pseudocode is shown in Algorithm 1. 
Based on the personalized thermal models and the room conditions, the first step tries to match the 
occupants with the room that optimize their thermal comfort. Because the room parameters (i.e., 𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖) 
are fixed temporarily, the objective function in Eq. (4) reduces to Eq. (6). It is an integer linear programming 
(ILP) problem, as the only variables are 𝑥𝑥𝑖𝑖𝑖𝑖 and the objective function and the constraints are all linear. For 
this specific ILP, we can replace the constraints (5.3) with 0 ≤ 𝑥𝑥𝑖𝑖𝑖𝑖 ≤ 1, solve the reduced linear program 
(LP) using Simplex-based algorithms, and the solutions to 𝑥𝑥𝑖𝑖𝑖𝑖  are guaranteed to be integers. Because 
Simplex-based algorithms have polynomial computational costs, this step will be conducted efficiently.  
A brief proof that the solutions, 𝑥𝑥𝑖𝑖𝑖𝑖, to the reduced LP will be integers: 
Because this problem falls in the category of bipartite matching if it is converted to the form min 𝒄𝒄𝑇𝑇𝒙𝒙 with 
𝑨𝑨𝒙𝒙 ≤ 𝒃𝒃 and 𝒙𝒙 ≥ 𝟎𝟎, the incidence matrix 𝑨𝑨 will be totally unimodular (Keller and Tompkins 1956), and 
therefore, all the extreme points of the feasible region (a polytope) defined by the linear constraints will be 
integers. Since the Simplex-based algorithm searches through extreme points, the solutions will be integers.  

 𝑚𝑚𝑖𝑖𝑛𝑛
𝑚𝑚𝑖𝑖𝑖𝑖

��𝑐𝑐𝑖𝑖𝑓𝑓𝑖𝑖(𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖

𝑚𝑚

𝑖𝑖=1

𝑛𝑛

𝑖𝑖=1

                                                                (6) 

subject to 

0 ≤�𝑥𝑥𝑖𝑖𝑖𝑖

𝑚𝑚

𝑖𝑖=1

≤ 𝑀𝑀𝑖𝑖,                                                                                  (7.1) 

�𝑥𝑥𝑖𝑖𝑖𝑖

𝑛𝑛

𝑖𝑖=1

= 1,                                                                                            (7.2) 

𝑥𝑥𝑖𝑖𝑖𝑖 ∈ {0, 1}                                                                                            (7.3) 

The second step of the algorithm optimizes the indoor environment parameters 𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖 , with the 
currently fixed room assignments. After matching the occupants with the rooms in step 1, the room 
conditions (i.e., 𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖) are perturbed so as to further reduce the objective function in Eq. (6). Since the 
room assignments, 𝑥𝑥𝑖𝑖𝑖𝑖, are fixed in this step, the optimization problems of different rooms are decoupled, 
the large nonlinear optimization problem in Eq. (6) is further split into 𝑛𝑛 small non-linear programming 
problems (NLP) with only three variables 𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖. 
For each room, the thermal comfort of the occupants in that room is optimized according to Eq. (8). The 
constraints limit the ranges of 𝑇𝑇𝑖𝑖, 𝐻𝐻𝑖𝑖, and 𝑉𝑉𝑖𝑖. The 𝑛𝑛 problems could thus be solved with a gradient-based 
algorithm. Here we choose a trust-region algorithm. 

𝑚𝑚𝑖𝑖𝑛𝑛
𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖

�𝑐𝑐𝑖𝑖𝑓𝑓𝑖𝑖�𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖�𝑥𝑥𝑖𝑖𝑖𝑖

𝑚𝑚

𝑖𝑖=1

                                                                   (8) 

subject to 

𝑇𝑇𝑖𝑖𝑚𝑚𝑖𝑖𝑛𝑛 ≤ 𝑇𝑇𝑖𝑖 ≤ 𝑇𝑇𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚                                                                                (9.1) 
𝐻𝐻𝑖𝑖𝑚𝑚𝑖𝑖𝑛𝑛 ≤ 𝐻𝐻𝑖𝑖 ≤ 𝐻𝐻𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚                                                                              (9.2) 
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𝑉𝑉𝑖𝑖𝑚𝑚𝑖𝑖𝑛𝑛 ≤ 𝑉𝑉𝑖𝑖 ≤ 𝑉𝑉𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚                                                                               (9.3) 

 
Algorithm 1: Large Neighborhood Search for Thermal Comfort 
Input: initial room parameters 𝑇𝑇𝑖𝑖0,𝐻𝐻𝑖𝑖0,𝑉𝑉𝑖𝑖0        ∀𝑗𝑗 = 1,⋯ ,𝑛𝑛 

initial room assignment 𝑥𝑥𝑖𝑖𝑖𝑖0                  ∀𝑖𝑖 = 1,⋯ ,𝑚𝑚,    ∀ 𝑗𝑗 = 1,⋯ ,𝑛𝑛 
Output: optimal room parameters 𝑇𝑇𝑖𝑖∗,𝐻𝐻𝑖𝑖∗,𝑉𝑉𝑖𝑖∗     ∀𝑗𝑗 = 1,⋯ ,𝑛𝑛 

optimal room assignment 𝑥𝑥𝑖𝑖𝑖𝑖∗               ∀𝑖𝑖 = 1,⋯ ,𝑚𝑚,    ∀𝑗𝑗 = 1,⋯ ,𝑛𝑛 
𝐹𝐹∗ = +∞ 
for 𝑙𝑙 = 1,⋯ , 𝑙𝑙max do 
    // Step1: optimize 𝑥𝑥𝑖𝑖𝑖𝑖, while 𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖 are fixed 
    // Simplex-based algorithm 
    Solve the linear program: 𝑚𝑚𝑖𝑖𝑛𝑛

𝑚𝑚𝑖𝑖𝑖𝑖
𝑙𝑙
∑ ∑ 𝑐𝑐𝑖𝑖𝑓𝑓𝑖𝑖�𝑇𝑇𝑖𝑖𝑙𝑙−1,𝐻𝐻𝑖𝑖𝑙𝑙−1,𝑉𝑉𝑖𝑖𝑙𝑙−1�𝑥𝑥𝑖𝑖𝑖𝑖𝑙𝑙𝑚𝑚

𝑖𝑖=1
𝑛𝑛
𝑖𝑖=1  

    Update 𝑥𝑥𝑖𝑖𝑖𝑖𝑙𝑙  
    // Step2: optimize 𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖, while 𝑥𝑥𝑖𝑖𝑖𝑖 are fixed. Rooms are decoupled 
    for 𝑗𝑗 = 1,⋯ ,𝑛𝑛 do 
        // Trust-region algorithm 
        Solve the nonlinear program: 𝑚𝑚𝑖𝑖𝑛𝑛

𝑇𝑇𝑖𝑖
𝑙𝑙,𝐻𝐻𝑖𝑖

𝑙𝑙,𝑉𝑉𝑖𝑖
𝑙𝑙
∑ 𝑐𝑐𝑖𝑖𝑓𝑓𝑖𝑖�𝑇𝑇𝑖𝑖𝑙𝑙,𝐻𝐻𝑖𝑖𝑙𝑙,𝑉𝑉𝑖𝑖𝑙𝑙�𝑥𝑥𝑖𝑖𝑖𝑖𝑙𝑙𝑚𝑚
𝑖𝑖=1  

        Update 𝑇𝑇𝑖𝑖𝑙𝑙 ,𝐻𝐻𝑖𝑖𝑙𝑙 ,𝑉𝑉𝑖𝑖𝑙𝑙 
    end for 
    𝐹𝐹𝑙𝑙 = ∑ ∑ 𝑐𝑐𝑖𝑖𝑓𝑓𝑖𝑖�𝑇𝑇𝑖𝑖𝑙𝑙 ,𝐻𝐻𝑖𝑖𝑙𝑙 ,𝑉𝑉𝑖𝑖𝑙𝑙�𝑥𝑥𝑖𝑖𝑖𝑖𝑙𝑙𝑚𝑚

𝑖𝑖=1
𝑛𝑛
𝑖𝑖=1  

    if 𝐹𝐹𝑙𝑙 < 𝐹𝐹∗ then 
        𝐹𝐹∗ = 𝐹𝐹𝑙𝑙 ,𝑇𝑇𝑖𝑖∗ = 𝑇𝑇𝑖𝑖𝑙𝑙 ,𝐻𝐻𝑖𝑖∗ = 𝐻𝐻𝑖𝑖𝑙𝑙 ,𝑉𝑉𝑖𝑖∗ = 𝑉𝑉𝑖𝑖𝑙𝑙 ,𝑥𝑥𝑖𝑖𝑖𝑖∗ = 𝑥𝑥𝑖𝑖𝑖𝑖𝑙𝑙        ∀𝑖𝑖 = 1,⋯ ,𝑚𝑚,    ∀𝑗𝑗 = 1,⋯ ,𝑛𝑛 
    end if 
    if Termination condition reached then 
        return 𝑇𝑇𝑖𝑖∗,𝐻𝐻𝑖𝑖∗,𝑉𝑉𝑖𝑖∗,𝑥𝑥𝑖𝑖𝑖𝑖∗  
    end if 
end for 

 
The two steps, considered together, is an LNS algorithm, as both step 1 and step 2 search through large 

neighborhoods within the feasible region. The LNS algorithm decomposes the large nonlinear program into 
two simpler sub-problems that are easier to solve. In each iteration, it tries to find better room assignments 
and room parameters by solving either the LP or the NLP problem. The algorithm keeps iterating until 
converges. Finally, the algorithm outputs an optimized matching between occupants and rooms, as well as 
the environmental conditions. Considering the complexity of the optimization (a learned nonlinear function 
in the objective with integer constraints), we empirically evaluate the optimality and computational time. 

3 CASE STUDY 

3.1 Personalized thermal comfort models and loss function 

In order to validate the performance of the proposed optimization algorithm, a case study is demonstrated 
in this section. To obtain 𝑔𝑔𝑖𝑖(⋅) as the prediction model for different occupants with distinct profiles, 
ASHRAE Global Thermal Comfort Database II (Földváry Ličina et al. 2018) is used to establish 
representative personalized models. As thermal sensation is a subjective thermal metric that has been most 



Deng, Fu, and Menassa 
 

 

widely used (Wang et al. 2020), it is applied in this study to represent the thermal comfort of the occupants. 
It evaluates the feeling of the occupants within a 7-scale metric, which uses discrete numbers from −3 to 3 
to indicate that people feel cold, cool, slightly cool, neutral, slightly warm, warm, and hot, respectively. 
Besides thermal sensation, we selectively filter the database based on the required input data. The filtered 
data includes the human profiles (i.e., gender, age, height, weight, clothing level, and metabolic rate) and 
the environmental parameters (i.e., RT, RH, and AV). The details of the data samples are summarized in 
Table 1. Based on the example dataset, the computation of the 𝑓𝑓𝑖𝑖(𝑇𝑇𝑖𝑖,𝐻𝐻𝑖𝑖,𝑉𝑉𝑖𝑖) of the optimization problem is 
shown in Figure 2. Two most typical differentiable algorithms: support vector machine (SVM), and 
artificial neural network (ANN) are applied to build the prediction models. Note that this actual 𝑓𝑓𝑖𝑖(⋅) is 
slightly different from the one defined in Eq. (2). The one in Eq. (2) is conceptual and indicates that we 
penalize the situation when the thermal comfort is not zero. However, since the 𝑓𝑓𝑖𝑖(⋅) in Eq. (2) is discrete, 
which introduces challenges to the optimization process, we replace it with the definition in Figure 2. As 
the goal is to achieve the distribution as close to 0 as possible, the sign of the weight corresponds to 0 is set 
to be negative while others are set to be positive. For example, the “+” and “−” in Figure 2 indicate that a 
predicted result of “0” will reduce the function loss while others will increase the function loss. In addition, 
each predicted thermal sensation value was assigned a weight indicated by 𝑆𝑆𝑖𝑖  with 𝑖𝑖  represented the 
corresponding value. In this case, the final function loss will be the weighted sum of the probabilities of 
each possible predicted output ( −3 to 3). Therefore, the function becomes continuous and also penalizes 
the non-zero thermal comfort while rewards zero thermal comfort.  

We test the accuracies of SVM and ANN for the prediction of thermal sensation using the selected data 
samples. The overall accuracy is indicated by the fraction of the predictions our model gets right. The results 
show that the accuracy of SVM could reach around 0.706, which significantly outperforms ANN (around 
0.540). Therefore, the SVM is selected to be 𝑔𝑔𝑖𝑖(⋅) for the optimization process.  

Table 1: Details of the example database. 

Count 5339 
Age range 16 ~ 70 
Gender Male/Female 
Height (cm) 122 ~ 206 
Weight (kg) 35 ~ 116 
Clothing Level (Clo) 0.04 ~ 1.49 
Air Temperature (°C) 13.9 ~ 37.9 
Relative Humidity (%) 10.4 ~ 95.3 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: Computation of function loss. 
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3.2 Initialization of the algorithm 

There are several approaches to set the initial conditions of the indoor environments. To ensure the best 
performance of the algorithm, three typical initial settings are examined: (1) Assign evenly distributed 
random values within the desired range to the indoor environmental parameters of different rooms; (2) 
assign Gaussian distributed random values centered at the mean of the desired range to the environmental 
parameters of different rooms; (3) assign the same mean values of the desired range to the environmental 
parameters of different rooms. The ranges of the environmental parameters in this study are also obtained 
from the ASHRAE database. In addition, as an illustrative example, it is assumed that there are 12 rooms 
and 120 people (randomly selected from the example database) for the optimization process. In addition, 
as each room in a real building will have a maximum capacity of occupants, the maximum number of 
occupants in one room is set to 15. Note that the setting for the illustrative example is flexible and here we 
just use these example settings to demonstrate the simulation. A preliminary evaluation is conducted to 
compare the final results of these three initialization approaches. The results indicate that the first 
initialization method can lead to the best performance based on the number of people at a thermal comfort 
index of zero. 

3.3 Results 

3.3.1 Distributions of thermal comfort 

The comparison of the initial thermal comfort distribution of the occupants before and after the optimization 
is shown in Figure 3. As indicated in the plot, the original thermal comfort indices are distributed over the 
range from −3 to 3. Among the 120 occupants, only 54 of the occupants consider the indoor environments 
as comfortable. A significant amount of people (41) feels slightly cool, 4 of them feel cool, and 2 feel cold. 
In contrast, 18 of them feel slightly warm, and 1 of them feels warm. However, the thermal comfort is 
significantly improved after the optimization. Results show that all of the 120 occupants will consider the 
indoor environments as comfortable (with the thermal comfort index of 0). None of the people will consider 
the indoor environments as slightly cool, cool, cold, slightly warm, warm, or hot. Therefore, the algorithm 
shapes the distribution of the thermal comfort of the occupants to optimal. 

 
Figure 3: Comparison between the initial and optimized thermal comfort distribution. 
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3.3.2 Matches between occupants and rooms 

Figure 4 shows the distribution of occupants in different rooms before and after the optimization. The 
double borders are used to represent the rooms and the circles refer to the occupants. Blue colors are used 
to represent cool environments (or negative thermal comfort indices) while orange/brown colors are used 
to represent the warm environments (or positive thermal comfort indices). In addition, deeper colors 
represent cooler/warmer environments (or the cooler/warmer feelings of the occupants). Following a similar 
logic, the white color is used to indicate that the occupants will feel neutral about the indoor environments. 
Moreover, in order to track individual occupants, each person is marked with a unique number tag between 
1 to 120. The right part of the figure shows the changes of the loss function (value objective function) and 
distribution of thermal comfort distribution during the optimization process (consistent with Figure 3). Note 
that it is a 2-step optimization process, it can be seen that there are two points for each iteration. As seen 
from the upper left part of Figure 4, with an initial random assignment of the occupants and indoor 
environments, a lot of occupants are rendered blue or orange, indicating that they feel cool or warm. After 
the optimization (left bottom part), the results of the human-room match, and room temperature change 
significantly. All of the occupants are in white color after the optimization, and none of them is in orange 
or blue. As for rooms 3, 5, 9, and 11, the number of occupants reaches the maximum room capacity (15). 
The results and the visualization of the human-room match further prove the feasibility of the optimization 
algorithm. 

3.3.3 Optimization of the indoor environmental conditions 

Table 2 shows the indoor environmental conditions (i.e., RT, RH, and AV) before and after the 
optimization. Figure 5 (a) shows the change of RT during the optimization process. As for the initialization, 
each room is randomly assigned an initial temperature. The temperature is then updated as the algorithm 
goes forward. The temperature in each room converges by itself gradually. For most of the rooms, the 
convergence of the temperature avoids crossing the temperature range of other rooms during the 
optimization process. In addition, a general tendency can be observed that the temperature of the rooms 
converges closer to each other. For example, the original maximum and minimum temperatures are 37.0 
°C and 13.7 °C, respectively. After the optimization, the temperature ranges from 18.4 °C to 33.9 °C. The 
results are considered reasonable as the temperature converges to a more commonly acceptable range. 

Figure 5 (b) shows the convergence of RH during the optimization process. Similar to RT, random 
initial RHs are assigned to the rooms and the changes are relatively stable, for most of the rooms, the 
changes are retained within 6%. Figure 5 (c) shows the convergence of AV during the optimization process. 
The AVs in the different rooms, in general, become lower. The best values of AV ranged from 0 to 2 m/s 
as shown in the results.  

Overall, the RTs, RHs, and AVs of the rooms converge within 10 iterations and the overall thermal 
comfort is improved during this process. 

Table 2. Room environments before and after optimization 

Room 
Before Optimization After Optimization 

RT (°C) RH (%) AV (m/s) RT (°C) RH (%) AV (m/s) 
1 31.0 39.7 2.9 24.7 41.3 0.4 
2 13.7 50.8 3.7 24.3 54.8 1.5 
3 37.0 24.0 2.1 30.2 27.2 1.3 
4 20.0 36.6 3.4 25.3 36.9 0.5 
5 30.2 90.8 1.0 24.3 74.6 1.0 
6 21.6 48.7 2.1 25.2 53.0 2.0 
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7 32.7 13.9 2.9 33.9 12.3 1.4 
8 19.7 13.0 0.3 18.4 26.0 0.0 
9 35.5 56.7 2.1 29.6 60.0 0.8 
10 22.3 50.8 0.3 21.8 56.0 1.2 
11 28.1 72.9 2.0 27.6 67.4 0.0 
12 15.0 36.2 2.0 26.5 46.0 0.7 

 
 

  

 
Figure 4: Matches between occupants and rooms before (upper) and after the optimization (bottom). 
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Figure 5: Changes in (a) air temperature, (b) relative humidity, and (c) air velocity during the 
optimization process. 

4 CONCLUSION 

This study proposes an NLS-based optimization algorithm to simulate the thermal comfort of the occupants. 
The problem is formulated as a joint optimization problem to achieve the optimal allocation of the occupants 
into different rooms and the corresponding room environmental parameters. In order to satisfy the indoor 
thermal comfort of all individuals, rather than the adaptive models, personalized thermal comfort prediction 
models are used to estimate the thermal comfort of different occupants. Based on the personalized models, 
an overall objective function is formulated, and the optimization problem is defined. Then, in the proposed 
algorithm, this problem is divided into two sub-problems and solved in two steps. The first step is to 
optimize the matches between the occupants and rooms, which is achieved by solving a linear program. 
The second step is to adjust the indoor environments of each room. The goal is also to improve the thermal 
comfort of the occupants in the rooms. This part of the problem is formulated as a nonlinear program. 
To validate and demonstrate the proposed algorithm, a case study is given. The personalized thermal 
comfort prediction models for the occupants are trained from an example dataset using the SVM algorithm. 
The results of indoor environment changes and thermal comfort of the occupants before and after the 
optimization are obtained and discussed, and a significant improvement of the thermal comfort of the 
occupants is shown. Therefore, the algorithm can be used as an assistant tool for building environment 
management and can facilitate decision-making to improve the overall indoor thermal comfort. 
Furthermore, the thermal comfort, which is optimized in this study, is only an example, the proposed 
algorithm is generalizable and can also be applied to the optimization of other types of indoor comforts, 
such as visual comfort and acoustic comfort, as long as the personalized models are provided. 
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