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Abstract

As economic incentive mechanisms for green buildings and green eco-districts
have been basically established, the “Big Data Green Building” energy-saving
system has emerged to address large-scale multi-dimensional spatial occupancy
data. Nevertheless, extensive multi-dimensional building data have not been
fully exploited, and traditional spatial occupancy detection models exhibit in-
sufficient classification accuracy along with high time complexity. Leveraging
the UCI occupancy detection dataset, the addition of timestamps to the orig-
inal dataset enhances the classification accuracy of models. Concurrently, the
MCMR (Maximum Correlation Minimum Redundancy) method is utilized for
feature selection, with Random Forest employed as a classifier to validate clas-
sification effectiveness and acquire the optimal feature subset. Moreover, occu-
pancy detection models are constructed using the selected feature subset, with
the XGBoost model compared against the Random Forest model (RF), demon-
strating higher classification accuracy and lower time complexity.
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Abstract: With the gradual formation of green buildings and green-economic
environmental cities, “big data green building” energy conservation systems have
emerged. However, large amounts of multi-dimensional building data remain
underutilized, while traditional occupancy detection algorithms suffer from in-
sufficient accuracy and high time complexity. This study utilizes the Occupancy
Detection dataset from UCI, adding timestamps to the original dataset to im-
prove model classification accuracy. The MCMR (Maximum Correlation and
Minimum Redundancy) method is employed for feature selection, with random
forest serving as the classifier to verify classification effectiveness and obtain
the optimal feature subset. Using the selected feature subset to construct occu-
pancy detection models, the XGBoost model demonstrates higher classification
accuracy and lower time complexity compared to the random forest (RF) model.

Keywords: big data of green buildings; occupancy detection; MCMR,; XG-
Boost

Introduction

On March 1, 2017, the “13th Five-Year Plan for Housing and Urban-Rural
Development” proposed “developing green buildings and green building materi-
als, and vigorously strengthening building energy efficiency,” explicitly requiring
that “by 2020, the proportion of green buildings in newly constructed urban
buildings should exceed 50%, green building materials application should exceed
40%, and the energy efficiency standard for new buildings should improve by
20% compared to the end of the 12th Five-Year Plan period.” On March 21,
the 13th International Conference on Green Building and Building Energy Effi-
ciency, themed “Improving Green Building Quality, Promoting Energy Saving
and Low-Carbon Development,” was held at the Beijing National Convention
Center. The conference discussions covered national policies, economic situa-
tions, product improvements, and operational management, while technological
innovation, platform construction, and big data analysis became hot topics in
green building and energy efficiency. With China’ s large population and lim-
ited resources, energy, economic, and environmental issues have become urban
hotspots. How to comprehensively utilize energy rationally, improve urban en-
ergy efficiency, optimize resource allocation, and protect the natural environ-
ment has become a focus of societal concern. Meanwhile, with the advent of
the “big data” era, the combination of green building development concepts and
technologies such as data mining and machine learning has achieved certain
progress. Through feature extraction from large-scale multi-dimensional het-
erogeneous building occupancy data to find optimal feature subsets for model
construction, occupancy detection can improve classification accuracy, repre-
senting a new method for optimizing the allocation of building-related energy
resources.

Occupancy detection essentially belongs to the category of pattern recognition,

chinarxiv.org/items/chinaxiv-201805.00401 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00401

ChinaRxiv [$X]

utilizing multi-sensor monitoring of indoor environments to obtain spatial occu-
pancy data. Through feature extraction and classification algorithm selection,
classification models are constructed to predict occupancy status. The pre-
dicted accuracy is then used for intelligent HVAC system control to achieve
energy savings. Research indicates that intelligent HVAC control through oc-
cupancy detection technology can theoretically save approximately 29% to 80%
of energy annually. Introducing temporal features through cameras and sensors
to obtain real-time data as input for extended Kalman filter algorithms can
improve occupancy detection accuracy. Real-time occupancy detection using
RFID technology and motion sensors can reduce natural gas consumption and
the time when spaces are occupied but rooms remain unwarmed, thereby im-
proving spatial comfort. Different feature combinations and algorithm models
also affect occupancy detection accuracy. Extracting existing environmental
resources from commercial buildings, including access permits, wireless records,
schedules, and communication clients, and using linear regression and C4.5 al-
gorithms for occupancy detection can achieve approximately 90% accuracy. De-
cision trees applied to single-sensor data for occupancy detection achieve 97.9%
accuracy, while multi-sensor data feature combinations can reach 98.4%. How-
ever, when sound and CO2 sensor data are added, prediction results become less
ideal, suggesting that decision trees can improve single-sensor detection accu-
racy but may experience precision degradation with excessive sensor data feature
combinations. When combining light, temperature, humidity, and CO2 sensor
data features for occupancy detection, random forest exhibits overfitting when
predicting with all feature combinations, while linear discriminant analysis can
achieve 97% accuracy with only two features, indicating that different feature
combinations affect prediction accuracy. Through the above literature analy-
sis, first, introducing timestamps can improve occupancy detection accuracy;
second, multi-sensor feature combinations lead to classification model accuracy
degradation. The main reasons are high correlation between features or re-
dundant features, with some features containing minimal category information,
resulting in low classification effectiveness and affecting model performance and
time complexity.

Addressing the issues of classification accuracy degradation with multi-sensor
feature combinations and accuracy improvement through timestamp introduc-
tion, this paper proposes an MCMR (Maximum Correlation and Minimum Re-
dundancy) feature selection algorithm. Timestamps are extracted from the
original UCI occupancy detection dataset to refine temporal granularity and
form a new dataset. The MCMR method is applied for feature selection on
this new dataset, with the selected optimal feature subset serving as input for
the XGBoost (extreme gradient boosting) algorithm. XGBoost is an ensemble
learning algorithm under the gradient boosting framework, featuring a flexi-
ble and portable distributed gradient boosting library that maintains relatively
high classification accuracy with lower time complexity when processing large
datasets. Few studies have employed this method for detailed research on spa-
tial occupancy information extraction. This paper combines the advantages of
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MCMR feature selection with XGBoost’s distributed parallel computing, achiev-
ing improved accuracy for automatic spatial occupancy recognition models from
a feature combination perspective while reducing model time complexity.

The main contributions of this paper are as follows: timestamps are added
to the original data, addressing XGBoost and RF algorithms’ inability to pro-
cess temporal variables directly. Experimental results show that models with
timestamps achieve improved classification accuracy compared to those without
timestamps. The most significant improvement is XGBoost’ s classification ac-
curacy on the testing set, which increased by 4.09%, while RF’ s accuracy on
the testing dataset improved by 2.78%. Additionally, RF__1 demonstrates more
reasonable timestamp introduction than literature [19]. The MCMR feature
selection method is used to remove the HumidityRatio feature with low corre-
lation and high redundancy. Using random forest as the classifier for iterative
optimization, the optimal feature subset is obtained. Through feature and clas-
sification algorithm combination, XGBoost achieves the highest classification
accuracy on the training dataset at 99.41%; SVM achieves the highest accu-
racy on test dataset 1 at 97.90%; and BP achieves the highest accuracy on test
dataset 2 at 99.07%. Finally, comparing XGBoost with the random forest (RF)
classification method, the XGBoost model demonstrates higher classification
accuracy and lower algorithm time complexity.

1 Theory and Methods
1.1 MCMR Feature Selection Method

Features with low correlation and high redundancy affect classification model
accuracy, necessitating feature selection for sample datasets. The purpose of
feature selection is to choose a smaller-scale feature subset from the sample
data collection that can provide similar or better performance in data mining
and machine learning tasks compared to the original set. With fewer features,
data becomes more interpretable without changing the amount of category in-
formation contained in the features. Traditional feature selection methods only
consider linear or nonlinear correlation between features without considering full
correlation, and often separate relevance and redundancy judgments, making it
impossible to evaluate the combined effect of the entire feature subset.

Based on linear and nonlinear correlation, this paper calculates the full corre-
lation coefficient between features to measure independence and redundancy.
Simultaneously, based on information theory, mutual information between fea-
tures and categories is calculated to represent the amount of category infor-
mation contained in features, indicating the correlation degree between features
and categories. Combining the advantages of wrapper and filter feature selection
methods, this paper proposes an MCMR, (Maximum Correlation and Minimum
Redundancy) feature selection algorithm.
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Assuming sample sets x and y represent paired continuous variables of length n,
the linear correlation coeflicient r between features is calculated through Pearson
correlation as shown in Equation (1):

_ Ya-d)y-p)
VE@ Py )P

The correlation matrix A is constructed. Using distance correlation, the nonlin-
ear correlation coefficient R between features is calculated to construct corre-
lation matrix B, where dcov(z,y) is the distance covariance of variables x and
y, and dvar(z) and dvar(y) are the distance standard deviations of variables x
and y, respectively, as shown in Equation (2):

deov(z,y)
\/dvar ) - dvar(y)

= dcor(z,y)

Integrating linear and nonlinear correlation, the full correlation between features
is calculated to obtain correlation matrix C. The calculation process for full
correlation is as follows: the full correlation coefficient is computed as shown
in Equation (3), where i and j represent the i-th row and j-th column of the
correlation matrix, resulting in the full correlation matrix C.

Based on information theory, mutual information between features and cate-
gories is calculated. Let P(xz;) denote the probability of feature x taking the
i-th value x;, and P(x,|y;) denote the probability of feature x taking value x;
when category y takes value y;. The information entropy H (z) of x and the
conditional information entropy H(z|y) of x given y are calculated as follows:

=—> p(x)logp(x

H(xly) ==Y p(y;) D p(w|y;) log plaily;)

The mutual information MI(x,y) between variables x and y is calculated as:

MI(z,y) = H(x) — H(zly) = H(y) — H(ylz) = ZZ}? %) log ()p(y)

However, since mutual information has preference issues, this paper uses the mu-
tual information rate to measure the correlation between feature x and category

y:
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sim(z,y) =

The resulting correlation degree sim(x, y) ranges between [0,1], where 0 indicates
no correlation and 1 indicates complete correlation.

The MCMR feature selection algorithm is described as follows:

IHPUt: Training set D = {(x17y1)7 (x27y2)7 ) (Innym)}

a) Discretization and Initialization: Use the ChiMerge method to dis-
cretize continuous features in dataset D, with the result still denoted as
D.

b) Calculate Correlations: According to Equations (1)-(2), calculate the
full correlation coefficient w between any two features in dataset D; accord-
ing to Equations (4)-(7), calculate the correlation coefficient sim between
features and categories.

¢) Set Parameter: Set parameter o € [0, 1], identify features with w > «
correlation, and compare sim values.

d) Feature Removal: Remove features with smaller sim values and verify &
1% through random forest classifier accuracy; otherwise, update o = a+1
and return to step 3.

e) End For
Output: Feature subset

1.2 Gradient Boosting Algorithm Classification Mechanism

XGBoost (extreme gradient boosting) is an ensemble learning algorithm based
on the GBDT (gradient boosting decision tree) framework. GBDT combines
“gradient descent”with decision trees, constructing new classifiers in the direction
of reducing residuals from the previous model through iterative construction of a
series of weak classifiers, whose weighted cumulative output serves as the strong
classifier output. The difference between XGBoost and GBDT lies in XGBoost’s
change from GBDT’ s serial sequence solving approach to CPU multi-threaded
distributed parallel computing, and its use of Taylor quadratic expansion for
residual solving, thereby breaking existing computational speed and accuracy
limitations.

The basic steps for training the GBDT classification algorithm are as follows:
Input: Training set {(x;,y;)}7,

a) Initialize Model: Fj(r) = argmin, Z?zl L(y;, p)

b) For m=1,2,..., M do:
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¢) Calculate Negative Gradient: g,,(z) = [W

d) Update Model: F, (z) = F,, 1(z) 4+ p;,Gm(2)
e) End For

In the above steps, F*(x) seeks the decision function that minimizes expected
loss, L(y, F(x)) is the loss function, g,,(x) is the negative gradient direction
of the current model, and m calculates the negative gradient value of the loss
function in the current model as a residual estimate. Regression tree leaf node
regions are estimated to fit approximate residual values, linear search is used to
estimate leaf node region values to minimize the loss function, and regression
trees are updated to obtain the final output model F,,(z).

XGBoost performs second-order Taylor expansion on the loss function obj(t)
and adds a regularization term Q(f,) outside the objective function to find the
optimal solution, balancing objective function reduction and model complexity
to avoid overfitting. Equation (8) shows the Taylor expansion of the objective
function with the introduction of the regularization term:

0bj ) =" Uy, 5" + fulw:) + Q(f,) + constant
i=1

3

Y M3 Y) + g fi) + ghefR] + ()
=1

First-order derivative g; and second-order derivative h; are solved for each sam-
ple. The objective function is grouped by leaf nodes:

T
obj" ~ 3 [Gw; + %(Hj + Nwi] ++T

j=1
This paper adds timestamps to the spatial occupancy sample dataset, uses the
MCMR feature selection method to remove features with low correlation and
high redundancy, selects the optimal feature subset, and constructs a spatial
occupancy detection model using the optimal feature subset and XGBoost clas-
sification algorithm. The flowchart is shown in Figure 1 [Figure 1: see original
paper], which mainly includes the following steps:

a) Add Timestamps: Re-extract date variables from the original dataset
to increase classification features, enabling real-time spatial occupancy
detection and constructing sample datasets.

b) Feature Selection Using MCMR: Calculate full correlation coefficients
between features and mutual information rates between features and cat-
egories to select features with high correlation and low redundancy.
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¢) Feature Subset Selection and Validation: Use wrapper-style random
forest feature recursive elimination to verify the &% of the MCMR fea-
ture selection method and obtain the optimal feature subset.

d) Classifier Construction and Training: Input the selected feature sub-
set as training samples to construct XGboost classifiers through iterative
building of regression decision trees.

e) Intelligent HVAC System Control: Through classifier model learning,
obtain models with high classification accuracy. Based on the learned logic,
analyze existing indoor environmental variables, predict occupancy status,
and intelligently adjust HVAC systems to achieve energy savings.

3 Experiments and Analysis
3.1 Experimental Data

Spatial occupancy detection influencing factors often present detection difficul-
ties, making it challenging to obtain large-scale ultra-high-dimensional data.
Therefore, only relatively easy-to-monitor data can be obtained. This paper’ s
data is sourced from the Occupancy Detection dataset on UCI. Both the training
set and testing set were measured with doors closed, while the testing2 set was
measured with doors open. The dataset includes variables: Date, Temperature
(T), Humidity (H), Light, CO2 concentration (CO2), Humidity Ratio (HR), and
Occupancy status. The training set contains 8,143 records, the testing set con-
tains 2,665 records, and the testing2 set contains 9,752 records. The training
data format is shown in Table 1 .

3.2 Evaluation Metrics

For the spatial occupancy detection model, this paper uses the commonly used
confusion matrix for decision models as the performance evaluation metric to
measure performance on training and test sample sets. A 2x2 confusion matrix
is used to represent prediction accuracy:

TP+TN
TP+TN+FP+ FN

Accuracy =

where TP, TN, FP, and FN refer to the number of times model predictions fall
into these categories. Therefore, accuracy represents the number of correctly
classified instances divided by the total number of predictions.

3.3 Experiments and Analysis

The experimental environment is as follows: operating system Windows 7, CPU
Intel® Core™ i5-3210M @2.5GHz, experimental memory 4GB, main experimen-
tal platform R version 3.3.3.
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1) Data Preprocessing
(1) Timestamp Introduction

Since gradient boosting models and random forest models cannot directly pro-
cess temporal variables, this paper processes the collected data as follows: use
the lubridate package to re-extract temporal variables. In Equation (10), x
represents the date in the original data.

Literature [19] processes temporal variables as shown in Equations (11) and
(12), where NSM is the total seconds converted from hour, minute, and second
in the Date sample, and weekstatus represents weekday status (0 for weekends,
1 for weekdays).

The advantage of timestamp introduction in this paper compared to literature
[19] lies in refined temporal granularity. Although literature [19] s timestamp
introduction is easier to interpret, it introduces two temporal features, while this
paper uses only one feature without losing temporal information. In literature
[19], the NSM variable has large values without eliminating magnitude, affecting
model training weights and potentially being excluded during feature selection
based on importance ranking. The timestamp introduced in this paper, after
processing, yields training sample data as shown in Table 2 .

(2) MCMR-Based Feature Selection Method

This paper proposes a feature selection method combining feature redundancy
and feature-category correlation. The main calculation process is as follows: use
Pearson coefficient to calculate the linear correlation matrix A for the sample
dataset, use distance correlation coefficient to calculate the nonlinear correlation
coefficient matrix B, and use Equation (3) to obtain the full correlation coef-
ficient matrix C. Correlation coefficients range in [0,1], where (0.8,1] indicates
extremely strong correlation, (0.6,0.8] strong correlation, (0.4,0.6] moderate cor-
relation, (0.2,0.4] weak correlation, and [0,0.2] extremely weak or no correla-
tion. Thus, correlation coefficients measure redundancy between features—the
larger the coefficient, the higher the redundancy. Simultaneously, based on in-
formation theory, the mutual information rate between features is calculated to
measure correlation between features and categories, where higher coefficients
indicate stronger feature-category correlation.

The full correlation matrix C obtained through calculation is shown in Table
3 . From the table, the full correlation coefficient between HumidityRatio and
Humidity is 0.96, indicating extremely strong correlation and very high redun-
dancy. The correlation coefficient between CO2 and Light is 0.596, indicating
moderate correlation, while correlations between other features are relatively
small with low redundancy.

To clearly measure the amount of classification information contained in each fea-
ture, mutual information is calculated. However, numerical continuous feature
variables cannot directly calculate mutual information, so this paper uses the
ChiMerge algorithm for numerical feature discretization. ChiMerge is the most
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commonly used chi-square-based discretization method, a supervised, bottom-
up data discretization technique. It first lists all values within the data range
as individual intervals, then recursively finds the best adjacent mergeable inter-
vals to form larger intervals. It uses chi-square statistics to detect correlation
between adjacent intervals to determine the best mergeable intervals. Time is
discretized into 47 categories, Temperature (T) into 67 categories, Humidity (H)
into 274 categories, Light into 56 categories, CO2 concentration into 239 cate-
gories, and Humidity Ratio (HR) into 718 categories. The discretized training
sample dataset is shown in Table 4 .

Using Equation (3) on the discretized features, the correlation coefficient w
between features and categories is calculated, yielding the results shown in Table
5 . From Table 5, the variable containing the largest category information ratio
is Time, while the smallest is Temperature. Sorting the correlation coefficients
yields: Time > Light > Humidity > HumidityRatio > CO2 > Temperature.

Using random forest as the classifier, the optimal feature subset is found through

iteration. Initialize = 0.4, incrementing by 0.1 each time. The traversal results
are shown in Table 6 . From the table, when the number of variables is 5, the
selected feature subset is optimal: Light, CO2, Humidity, Temperature, Time.
The deletion of the HumidityRatio feature is thus validated as reasonable.

2) Experimental Results and Analysis

Using the optimal feature subset selected in the data preprocessing stage and the
introduced timestamp, classification models are constructed. The experimental
results are shown in Table 7 .

(1) Impact of Timestamp on Classification Accuracy

Comparing feature combinations with and without timestamps, as shown in
Table 7, XGBoost_1, RF_1, and literature [19] all add timestamps without
feature selection. Compared with models without feature selection and without
timestamp introduction, XGBoost_ 1 improves classification accuracy on the
testing dataset by 4.09% compared to XGBoost_ 2, while RF_1 improves by
2.78% compared to RF_ 2. Models with timestamps show overall improved clas-
sification accuracy. Furthermore, RF__1 achieves higher classification accuracy
on each dataset than literature [19]" s temporal processing, demonstrating that
the timestamp introduction method in this paper is more reasonable.

(2) Experimental Results Comparison

Using the optimal feature subset obtained through the above steps, optimal
classification models XGBoost_ 3, RF_3, C50, SVM, BP, etc. are found by
adjusting parameters, as shown in Table 7. XGBoost_ 3 achieves the highest
classification accuracy on the training sample dataset at 99.41%; SVM achieves
the highest accuracy on test sample dataset 1 at 97.90%; and BP achieves the
highest accuracy on test sample dataset 2 at 99.07%.

The XGBoost_3 model achieves 99.41% accuracy on the training set, 97.75%

chinarxiv.org/items/chinaxiv-201805.00401 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00401

ChinaRxiv [$X]

on the testing sample, and 97.52% on the testing2 sample set. The RF_ 3 model
achieves 99.38% on the training set, 97.67% on the testing sample, and 97.36%
on the testing2 sample set. As shown in Figure 2 [Figure 2: see original paper],
the XGBoost_ 3 model’ s classification accuracy on the optimal subset is higher
than RF_3 s, with the largest gap on the testing dataset.

The above evaluation uses classification accuracy to assess model performance.
Time complexity is further evaluated using time complexity functions to quanti-
tatively describe algorithm model running time. For large-scale data processing,
this paper seeks both accurate classification and relatively short data processing
time. Using parameter values obtained through caret optimization as original
algorithm parameters, the classification models are reconstructed using original
algorithm packages. XGBoost and RF model time complexities are compared
using the system.time() function, yielding the time complexity shown in Table
8 . The table shows that the XGBoost model takes less time than traditional
random forest, primarily because the XGBoost algorithm adopts distributed
design, thereby reducing time complexity.

4 Conclusion

This paper’ s main work focuses on spatial occupancy detection research. Based
on the original data, timestamps are added to address XGBoost and RF algo-
rithms’ inability to process temporal variables directly. Experimental results
show that models with timestamps achieve improved classification accuracy com-
pared to those without timestamps. The most significant improvement is XG-
Boost’ s classification accuracy on the testing set, which increased by 4.09%,
while RF’ s accuracy on the testing dataset improved by 2.78%. Additionally,
RF 1 demonstrates more reasonable timestamp introduction than literature
[19]. The MCMR feature selection method is used to remove the HumidityRa-
tio feature with low correlation and high redundancy. Using random forest as
the classifier for iterative optimization, the optimal feature subset is obtained.
Through feature and classification algorithm combination, XGBoost achieves
the highest classification accuracy on the training sample dataset at 99.41%;
SVM achieves the highest accuracy on test sample dataset 1 at 97.90%; and
BP achieves the highest accuracy on test sample dataset 2 at 99.07%. Com-
paring XGBoost and RF classification models, XGBoost demonstrates higher
classification accuracy and lower algorithm time complexity.

Future work will further investigate spatial occupancy detection influencing fac-
tors, seeking alternative soft sensors based on existing hard sensors to obtain
occupancy impact variables and reduce resource waste. Simultaneously, by ob-
serving influencing factor data, the number of occupants will be predicted and
resource utilization standards will be set for rational space allocation, ensuring
adequate resource utilization.
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