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Abstract 

Some studies have applied machine learning (ML) methods to the field of occupant behavior, but the characteristics of 

different ML algorithms and their applicability are still unclear in predicting air conditioning (AC) behavior in open-plan 

office. Five ML algorithms, namely extreme gradient enhancement (XGBoost), logistic regression (LR), random forest 

(RF), support vector classification (SVC) and k-nearest neighbor (KNN), were applied to predict AC operating behavior 

in two open-plan office in Nanjing, China. The results showed that time of day, outdoor dry-bulb temperature, outdoor 

relative humidity and indoor CO2 concentration were the top four most important parameters in predicting AC behavior 

in open-plan offices. XGBoost and RF models had better accuracy and stability than other three models. The findings 

could shed light on the application of ML methods on the AC operating behavior modeling and other occupant behavior 

researches. 

Key innovations 

• In order to figure out the characteristics of different 

machine learning algorithms and their applicability in 

the field of behavior simulation, five machine 

learning algorithms, namely XGBoost, LR, RF, SVC 

and KNN, were applied to research the AC operating 

behavior. 

• Two open-plan offices which located in different 

buildings were taken as study cases, which expanded 

the research object from a single building to multiple 

buildings. This can also provide a perspective on the 

universality of the five algorithms. 

• Different evaluation indexes were discussed in this 

study. Sensitivity analysis of input parameters were 

conducted to evaluate the robustness of different 

algorithms. AC open rates were compared to assess 

the accuracy. Confusion matrixes was used to 

estimate the time-by-time AC on-off curves. 

• The prediction models proposed in this study can help 

researchers understand the driving factors for AC 

operating behavior in open-plan offices and provides 

reference for the application of machine learning 

methods on AC operating behavior modeling and 

other types of occupant behavior studies. 

Practical implications 

Time of day, outdoor dry-bulb temperature, outdoor 

relative humidity and indoor CO2 concentration were the 

top four most important parameters in predicting AC 

behavior in open-plan offices. Compared with LR, KNN 

and SVC, XGBoost and RF models had better 

performance in predicting AC operating behavior in open-

plan offices. 

 

Introduction 

Many researchers have realized that air conditioning (AC) 

operating behavior influence building energy 

consumption greatly and proposed algorithms and models 

to reveal this phenomenon. Machine learning (ML) 

methods developed quickly these years and showed high 

performance of prediction. Therefore, many studies have 

applied different ML methods to predict occupant 

behavior in recent years (Salvatore et al., 2020). Yan et al. 

(2020) determined the typical temperature setting mode of 

AC by k-means clustering and explores the relationship 

between temperature setting behavior and other 
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operational characteristics of AC by accessing the 

occupant behavior of AC temperature setting in the 

residential building. Peng et al. (2018) proposed a demand 

driven AC control strategy based on k-nearest neighbor 

(KNN) by explore occupant behavior in single offices, 

open-plan offices and meeting rooms to control the 

operation of ACs to satisfy thermal comfort and save 

energy. Experiments proved that energy saving rate 

increased from 7% to 52% by using this model, compared 

with the general plan of the cooling system. Combined 

with measurement data, statistical analysis and logistic 

regression, a behavior prediction model of AC was 

proposed by Yao (2018). The model gives the probability 

of occupants turn on ACs under different indoor 

temperature, the setting temperature range, and the 

conditions when occupants turn off ACs. Three ML 

algorithms, including logistic regression (LR), random 

forest (RF), and support vector machines (SVM) were 

applied by Mun et al. (2019) to established models to 

predict AC behavior in residential building, and the results 

of cross-validation were evaluated by three indexes: F-

measure, Cohen's Kappa, and the on-off frequency of AC. 

The results show that the RF has superior prediction 

performance. Tanimoto and Hagishima (2012) considered 

the influence of indoor thermal quality, the time of day, 

whether work days or holidays, and the density of current 

occupants, and established a multilayered artificial neural 

network (MANN) based model to predict the cooling 

schedule of AC from off to on. 

Therefore, previous studies have explored different ML 

methods in predicting AC behavior. This study aims to put 

five different ML algorithms together and take a close 

look at their characteristics and applicability in predicting 

AC operating behaviors. 

In this study, five ML algorithms, namely KNN, support 

vector classification (SVC), LR, RF (Breiman, 2001) and 

extreme gradient enhancement (XGBoost) (Chen and 

Guestrin, 2016), were applied to predict the AC operating 

behavior in open-plan offices. The data source, including 

indoor environment data, weather data and AC operating 

behavior, was collected from two open-plan offices in 

Nanjing, China. Finally, performance and effectiveness of 

the five ML models were compared using index of open 

rate (OR) and F1 score. The output of this study could 

shed light on the application of ML methods on the AC 

operating behavior modeling and other occupant behavior 

researches. 

The remainder of this article is organized as follows. 

Section Methodology introduces the technical approach 

of this study, including data source, influencing 

parameters analysis, five applied ML algorithms and 

performance evaluation indicators. Section Results 

analyzes and compares the prediction performance of the 

models established by different ML algorithms. Finally, 

the conclusions are drawn in Section Conclusion. 

 

Methodology 

Technical approach  

The technical approach of this research was shown in 

Figure 1. Firstly, two open-plan offices A and B were 

selected for data collection. The data source included 

indoor environment data, weather data and AC operating 

behavior data. Secondly, the importance ranking of 

parameters was analyzed to determine key input 

parameters. Then, five ML algorithms were used to 

established models to predict the AC on-off behavior. 

Finally, simulated results of models based on the five ML 

algorithms were compared to figure out the characteristics 

and suitability of these algorithms in predicting AC 

operating behavior in open-plan offices.  

 

Figure 1: Technical approach. 
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Table 1: Overview of two open-plan offices. 

 Open-plan office A Open-plan office B 

Location 
the west of 1th floor of a three-story office 

building in a residential area 

the east 6th floor of the three-story office building 

of a commercial block 

area 110m2 172m2 

Office interior 

  

Windows form 

  

AC form 
Three cabinet air conditioners were distributed 

in the corners of the office.  
Central air conditioning system with fresh air. 

Number of people 14 11 

Composition of staffs 

Graduate students, professionals of architectural 

design, water supply and drainage, HVAC and 

electrical 

Architecture professionals 

Date source 

Field measurements were conducted in two open-plan 

offices in Nanjing, China. The two offices were located in 

different buildings, and they were different from location, 

areas, office types, occupant conditions and ventilation 

patterns. Detailed information was listed in Table 1.  

Measured data, include indoor environmental data, 

outdoor meteorological data and occupant behavior data, 

and description of corresponding sensor was shown in 

Table 2. The recording interval for all test instruments was 

set to 5min. Test duration in Office A was from Aug to Sep 

2016, while in Office B was from Jan to Mar 2018. 

Therefore, in Office A, people used AC for cooling, while 

in Office B, the AC was used for heating. 

 

 

Table 2: Overview of measured data. 

Type of measured 

data 
Measured data (unit) Sensor Measuring range 

Measurement 

accuracy 

Indoor 

environment data 

Concentrations of CO2 

(ppm) 

EZY-1 carbon 

dioxide recorder 
0~5000ppm 

±75ppm or 10% of 

measured data 

Dry-bulb temperature (℃) WSZY-1 dry-bulb 

temperature and 

relative humidity 

recorder 

Temperature: -40~100℃ 

Relative humidity: 0~100% 

Temperature: 0.5℃ 

Relative humidity: 

3% 

Relative humidity (%) 

Outdoor 

environment data 

Dry-bulb temperature (℃) 

Relative humidity (%) 
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Occupant 

behavior data 

AC on/off state (on:1, off: 

0) 

Occupancy (someone in 

room: 1, nobody: 0) 

CKJM-1 magnetic 

switch recorder 

The maximum magnetic field 

induction distance is 30mm 
/ 

Window on/off state (on:1, 

off: 0) 

HOBO 

Occupancy/light 

Logger UX90-006 

The measuring range is within 

the radius of 12m, horizontal 

range 102°(±51°), vertical 

range: 92°(±46°) 

/ 

Note: AC on/off state was determined by measured temperature of supply air and the state transition was determined by temperature 

change of supply air. 

 

Data standardization 

Z-score standardization was applied in this study. The 

data standardized is normal distribution with a mean of 

0 and a variance of 1. The equation was showed in Eq. 

(1): 

z =
𝑥 − 𝜇

𝜎
 (1) 

where z is the value after standardization, x is the value 

before standardization, μ and σ are the mean and 

standard deviation of the original data respectively. 

 

ML algorithms 

In this paper, five ML algorithms, namely KNN, LR, SVC, 

RF and XGBoost, were applied to establish prediction 

models for AC operating behavior in open-plan offices. 

KNN is a widely used supervised learning classification 

algorithms. It classifies by measuring the distance 

between different samples. A sample belongs to the 

category of most of the k nearest samples in feature space 

and k is the number of the nearest samples to the sample 

need to be classified and it is set by the user. 

The Euclidean distance is usually used in KNN. Assuming 

that the feature space X is a n-dimensional real vector 

space Rn, and xi, xj ∈X⊆ Rn, the equation of the Euclidean 

distance is shown as follow: 

 𝑑(𝑥𝑖 , 𝑥𝑗) = (∑ |𝑥𝑖
(𝑙)

− 𝑥𝑗
(𝑙)

|
2

𝑛
𝑙=1 )

1

2 (2) 

Where d is the distance between sample i and sample j, n 

is the dimension of feature space. 

Logistic regression is also known as generalized linear 

regression model. Its form is basically the same as linear 

regression model but is established by maximum 

likelihood method. The equation of LR is shown in Eq. 

(3). 

 𝑃𝐿𝑅 =
1

1+𝑒
−(∑ 𝛼𝑖𝑥𝑖+𝛽𝑛

𝑖=1 )
 (3) 

Where PLR is the state probability, n is the dimension of 

the feature space, α and β are the regression coefficients, 

x are features selected as input of model. 

SVC is a supervised learning algorithm, which is based on 

the principle of vector inner product. It maps a vector to a 

higher dimensional space and create a hyperplane with 

maximum spacing in that space. Two hyperplanes are 

built parallel to each other on both sides of the 

hyperplanes separating the data, and the separation of the 

hyperplanes maximizes the distance between the two 

parallel hyperplanes. The greater the distance between 

parallel hyperplanes is, the smaller the total error of the 

classifier will be. Based on the properties of SVC 

mentioned above, it is also more suitable as a large margin 

classifier. Linear SVC classifier was used in this study 

The essential difference between KNN and LR or SVC in 

principle is that LR and SVC include gradient descent in 

the learning process, while KNN only calculates the 

distance between the target vector and the surrounding 

vector. 

RF is an ensemble algorithm and the basic unit is decision 

tree. RF grows many classification trees. A new object 

from an input vector is put down to each of the trees in the 

forest and each tree gives a classification, then the forest 

selects the classification that appears the most times 

among all trees. 

XGBoost is also an ensemble algorithm. It grows 

classification trees by continually splitting features. Each 
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time a tree is grown, a new function is generated to fit the 

last predicted residual error. When the trees are grown 

after training, the score of each tree will be added up to 

the predicted value of the predicted sample. Both 

XGBoost and RF are based on decision trees, but the 

difference is that the former is based on the sum of the 

scores of the classified object in all trees, while the latter 

is based on the classification with most occurrences of all 

trees. 

Grid search was used in this study to achieve optimal 

hyperparameters of the five algorithms which were shown 

in Table 3. 

Table 3: hyperparameters adjusted in this study. 

Algorithm Hyperparameters 

KNN N_neighbors, weights 

LR C, solver 

SVC C, gamma 

RF 
n_estimators, max_depth, 

min_samples_leaf, min_samples_split 

XGBoost 

n_estimators, max_depth, 

min_child_weight, max_delta_step, 

subsmaple, gamma 

 

Inputs determination 

Influencing parameters included outdoor dry-bulb 

temperature, outdoor relative humidity, time of day, work 

days/rest days, indoor CO2 concentration, occupancy, and 

window on/off state. XGBoost algorithm was used to 

analyze the importance ranking of parameters. The 

analysis results were shown in Figure 2. 

The importance ranking results showed that TM is the 

most important prediction parameter of the two offices, 

which may due to the two open-plan offices have 

relatively fixed work and rest schedule. The AC was 

turned on when employee arrived at offices and was 

turned off when they leave, so the AC operation behavior 

is closely related to the working time. 

The top 4 most important parameters were the same in 

Office A and B, although the order was different. 

Therefore, outdoor dry-bulb temperature, outdoor 

relatively humidity, time of day and indoor CO2 

concentration were selected as input parameters. 

 

(a) office A 

 

(b) office B 

Note: ODB: outdoor dry-bulb temperature, ORH: outdoor relative humidity, 

CCO2: concentration of indoor CO2, TM: time of day, OP: occupancy, WD: 

window on/off state, WKD: work days/ rest days. 

Figure 2: Input parameters importance analysis. 

The input data were divided into training set and test set 

randomly with different proportions, as shown in Table 4: 

Table 4: Test cases. 

 
test 

cases 

Proportion of 

training set /% 

Proportion of 

test set /% 

Office A 

A-1 70 30 

A-2 50 50 

A-3 30 70 

Office B 

B-1 70 30 

B-2 50 50 

B-3 30 70 

 

Evaluation indexes 

When evaluating a binary classification problem, a 

confusion matrix is usually developed, as shown in Table 

5, with columns representing actual values and rows 

representing predicted values. 

Recall and precision are two important indicators for 

evaluating classification performance. Recall, as shown in 

Eq. (4), is also denoted as sensitivity, and is the fraction 

of relevant instances that have been retrieved over the 
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total amount of relevant instances. Precision, calculated 

using Eq. (5), is also known as a positive predictive value, 

and has been defined as the fraction of relevant instances 

among the retrieved instances. The F1 score, the harmonic 

mean of precision and recall, defined in Eq. (6), is an 

indicator used in statistics to measure dichotomous model. 

According to relevant research (Mun et al., 2019), the 

prediction performance is defined as perfect when F1 

score reaches 0.9. 

OR, calculated using Eq. (7), is ratio of the time period 

when the AC is on over the total calculated period. ΔOR 

is calculated in Eq. (8), which shows the differences 

between measured data and simulated results. When Δ

OR is within 10%, the prediction model is considered as 

applicable (ASHRAE, 2002). 

Table 5: Confusion matrix. 

 
Measured result 

1 0 

Predicted 

result 

1 
True positive 

(TP) 

False positive 

(FP) 

0 
False negative 

(FN) 

True negative 

(TN) 

 𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
 (4) 

 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
 (5) 

 𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
 (6) 

 OR =
TAC_ON

T
 (7) 

 ΔOR =
ORpredict−ORtest

ORtest
× 100% (8) 

Where TAC_ON is the time period when the AC is on, T is 

the total predicted time period, ORpredict is the OR of 

predict result, ORtest is the OR of test set. 

Based on the analysis above, 100 random calculations 

were conducted, and the simulated results were compared 

with the measured data using the indexes of ΔOR and F1 

score. 

 

Results 

Results of office A 

The distribution of ΔOR and F1 score for predicting AC 

operating behavior with test cases A-1~3 were shown in 

Figure 3~ 4. 

 

Figure 3: The ΔOR Sscore of models based on five 

algorithms for predicting AC behavior in office A. 

For test case A-1, as shown in Figure 3, the average ΔOR 

of XGboost and RF were within ±1% (-0.16% and -

0.51%), and that of KNN was -3.24%. The ΔOR of LR 

and SVC were relatively larger, whose average value was 

around±10% (-9.40% and -7.24%). Another finding about 

ΔOR was that besides SVC model, the ΔOR results of the 

other four models were quite concentrated, while that of 

SVC changed mostly from -73.87% to 55.77%. As for 

cases A-2~3, it showed similar trend on ΔOR as case A-1. 

It should be noted that, the measured OR of AC in office 

A was 0.25, so the difference of OR between predicted 

results and test set for LR model was only 0.03. 

For the influence of training sets size, we could detect that 

the results of XGBoost, RF and LR algorithms basically 

unaffected. Meanwhile, with the reduction of the training 

sets size, negative deviation of OR results increased 

slightly for KNN models, while ΔOR of SVC models 

became positively larger. 
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Note: X: XGBoost, R: RF, L: LR, K: KNN, S: SVC 

Figure 4: The F1 score of models based on five 

algorithms for predicting AC behavior in office A. 

Regarding F1 score, the results were shown in Figure 4. 

The results of XGBoost and RF models maintained above 

0.95 for all the cases, while that of LR and KNN models 

were above 0.76 and 0.8. Similar to the output of ΔOR, 

and the F1 score distribution of these four models were 

concentrated. As for SVC model, the average F1 score 

ranged from 0.53 to 0.58 for cases A-1~3, and the 

distribution was relatively discrete. Meanwhile, Figure 4 

revealed that training sets size affected the F1 score of 

SVC models more significantly, while it basically had no 

effect on the other four models. 

Results of office B 

The distribution of ΔOR and F1 score of five models for 

predicting AC behavior with test case B -1~3 in office B 

were shown in Figure 5~6. 

Simulated OR results for office B also revealed similar 

findings as office A in Figure 5. For case B-1, the average 

ΔOR of XGboost, RF and KNN were around ±1% (-

0.16%, -0.51% and 1.12%), and that of SVC were below 

±10% (8.44%). For office B, the biggest deviation of the 

average OR happened in LR model, which was -24.64%. 

It should be noted that the measured OR of AC in office 

B was 0.22, therefore, and the absolutely difference of OR 

between predicted results by LR model and measured data 

was only 0.05. The simulated results of office B also 

revealed that the ΔOR results of SVC model were more 

scattered, which changed mostly from -77.34% to 85.32%.  

In the test cases B-2~3, the average ΔOR of the XGBoost, 

RF, LR and KNN models remained stable, while that of 

the SVC model gradually decreases, which means size of 

training sets had little effect on models based on former 

four algorithms expect the SVC models. 

 

 

Figure 5: The ΔOR of models based on four algorithms 

for predicting AC behavior in office B. 

 

Note: X: XGBoost, R: RF, L: LR, K: KNN, S: SVC 

Figure 6: The F1 score of models based on five 

algorithms for predicting AC behavior in office B. 

Figure 6 showed the F1 score of the five models for office 

B. Similar to office A, XGBoost and RF models had best 
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performance in all cases, which maintained a F1 score 

over 0.93. and the average F1 score of LR, KNN and SVC 

models were around 0.68, 0.76 and 0.47 respectively. The 

F1 score distribution of SVC model was relatively 

discrete, while other models were very stable. With the 

reduction of training set, F1 scores of SVC models were 

getting more discrete, which was different from office A. 

 

Conclusion 

This research compared different ML algorithms in 

predicting AC operating behaviors in two open-plan 

offices. F1 score and ΔOR were taken as evaluation 

indicators to assess the effectiveness of different ML 

methods. The main conclusions were as follows: 

1、By using XGBoost algorithm, Time of day, outdoor 

dry-bulb temperature, outdoor relative humidity and 

indoor CO2 concentration were determined to be the top 

four most important parameters in predicting AC behavior 

in open-plan office. 

2、In both two open-plan offices, XGBoost and RF models 

had better accuracy and stability. ΔOR of the two models 

was less than ±1%, and the F1 scores can reach 0.93. 

KNN and LR had good performance on ΔOR, but they did 

not perform well on F1 score, which revealed that these 

two models may have problems on the predicting of AC 

on-off profiles.  

3、For SVC models, there was a large dispersion of the 

simulated results. Meanwhile, the training sets sizes had a 

greater impact on the results of SVC models. 

 

Nomenclature 

Abbreviations Full name 

ML Machine learning 

AC Air conditioner 

KNN K-nearest neighbor 

SVC Support vector classification 

LR Logistic regression 

RF Random forest 

XGBoost Extreme gradient boosting 

ODB Outdoor dry-bulb temperature 

ORH Outdoor relative humidity 

TM Time of day 

CCO2 Concentration of indoor CO2 

OP Occupancy 

WD Window on/off state 

WKD Work days/ rest days 

OR Open rate 

ΔOR Bias of open rate 

TAC_ON Time period when the AC is on  

T Total predicted time period 
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