Arabian Journal for Science and Engineering (2025) 50:7375-7388
https://doi.org/10.1007/513369-024-09296-9

RESEARCH ARTICLE-COMPUTER ENGINEERING AND COMPUTER SCIENCE l‘)

Check for
updates

A Novel Approach for Forecasting and Scheduling Building Load
through Real-Time Occupant Count Data

Igra Rafiq' - Anzar Mahmood'3 . Ubaid Ahmed’ - Imran Aziz"2(® - Ahsan Raza Khan3 . Sohail Razzaq*

Received: 1 January 2024 / Accepted: 7 July 2024 / Published online: 6 August 2024
© The Author(s) 2024

Abstract

The smart buildings’ load forecasting is necessary for efficient energy management, and it is easily possible because of
the data availability based on widespread use of Internet of Things (IoT) devices and automation systems. The information
of buildings’ occupancy is directly associated with energy consumption. Therefore, we present a hybrid model consisting
of a Long Short-Term Memory (LSTM) network, Extreme Gradient Boosting (XgBoost), Random Forest (RF) and Linear
Regression (LR) for commercial and academic buildings’ load forecasting. The correlation between occupants’ count and
total load of the building is calculated using Pearson Correlation Coefficient (PCC). The comparative analysis of the proposed
approach with LSTM, XgBoost, RF and Gated Recurrent Unit (GRU) is also performed. Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), Mean Square Error (MSE) and Normalized Root Mean Square Error (NRMSE) are used as
performance indicators for evaluating performance. Findings indicate that the proposed hybrid approach outperforms other
models. The RMSE and MAE of 2.99 and 2.18, respectively, are recorded by the proposed model for commercial building
dataset while for academic building the RMSE and MAE are 4.48 and 2.85, respectively. Occupancy and load consumption
have a positive correlation as evident from PCC analysis. Therefore, we have scheduled the forecasted load based on occupancy
patterns for two different cases. Cost is reduced by 17.42% and 33.40% in case 1 and case 2, respectively. Moreover, the
performance of the proposed hybrid approach is compared with different techniques presented in literature for buildings load
forecasting.
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1 Introduction

The rapidly growing population and socioeconomic uplift
have enhanced the pace of ever-increasing energy demand.
Effective energy management is becoming more challeng-
ing in the context of depleting fossil fuels, climate change
and sustainability [1, 2]. According to reports, 40% of the
total global energy consumption is because of the building
sector which is increasing because of the rising standard
of living [3]. About 41% of the primary energy used in
the US is by the building sector [4, 5]. The 30% of the
total energy consumption is wasted in commercial build-
ings as stated in a report by the US Energy Information
Administration (EIA) [6]. The building energy consump-
tion is influenced by factors such as climate, building cover
and services, occupants’ information, indoor and outdoor
temperature, etc. [7]. Heating, Ventilation and Air Condi-
tioning (HVAC) systems, lighting and plug loads are major
energy consumption components that are greatly influenced
by occupants’ presence and behavior. Therefore, effective
building energy management requires knowledge and con-
sideration of premises usage by occupants. The occupants’
information will help in analyzing patterns of energy con-
sumption to have optimal energy management and cost
reduction. It allows for scheduling the maintenance at the
proper time and automates the load scheduling. Modern
smart buildings can employ occupants’ information for reli-
able load prediction with the help of machine learning
algorithms. To achieve sustainability in a Building Man-
agement System (BMS), the goal is to minimize energy
consumption while maintaining the occupants’ comfort at
a satisfactory level [8]. The optimum management of build-
ing energy systems is achieved by implementing accurate
load forecasting models [9]. In literature, the buildings’ load
forecasting models are categorized into physical, data-driven
and hybrid.

1.1 Related Work

Different models have been proposed in the literature for
buildings’ load forecasting and can be divided into three

Springer

types: physical, data-driven and hybrid models [9]. The
physical models use mathematical equations for forecasting.
EnergyPlus and TRNSYS are software packages widely used
in physical models. Building construction details, HVAC
design system and climate information are provided to
these softwares for predicting load [10]. For three campus
buildings located in Tianjin, an occupancy-based mathemat-
ical model is proposed for energy consumption forecasting
[11]. Results indicate that the error between measured and
predicted energy consumption does not exceed 5%. The
data-driven models are further classified into statistical and
Artificial Intelligence (Al) categories [12, 13]. Autoregres-
sive Moving Average (ARMA) with non-Gaussian process is
proposed for short-term load forecasting [ 14]. The hybridiza-
tion of the ARMA model with non-Gaussian process results
in an average predicted error of 0.53% and 1.64% for week-
ahead and day-ahead load forecasting of weekend days,
respectively. Moreover, results also indicate the superiority
of the ARMA model over ANN. Comparative analysis of
Autoregressive Integrated Moving Average (ARIMA) and
its variants with ANN model for short-term load forecast-
ing of an institutional building located at Seoul is performed
in [15]. The RMSE and Mean Absolute Percentage Error
(MAPE) are used as performance indicators to evaluate mod-
els’ performances. Findings demonstrate that the ANN model
with exogenous features outperforms ARIMA and its vari-
ants. The best recorded RMSE and MAPE by the ANN model
are 114.93 and 1.87%, respectively. A comparative analysis
of Bayesian regularization (BR) and Levenberg-Marquardt
(LM) Neural Networks (NNs) for hour-ahead and day-ahead
load forecasting of a district building located at Montreal is
performedin [16]. For hour-ahead load forecasting both mod-
els’ performances are similar whereas for day-ahead load
forecast, BR produces better results than LM.

LSTM network is proposed in [17] for day-ahead plug-
in load forecasting. The dataset consists of three different
buildings located in Abu Dhabi, Frankfurt and Canada. The
RMSE, NRMSE, MSE, NMSE and Mean Relative Error
(MRE) are used to evaluate the performance of the LSTM
network. Moreover, a comparison of the LSTM model with
different techniques used in other works for forecasting
building plug-in load is also performed. In [18], a study
is presented on the importance of load forecasting that is
directly related to energy utilization. The Al techniques pro-
vide an incredible potential for near to real-time prediction
and recognition of energy patterns with accuracy and reli-
ability. Moreover, RF, Support Vector Regression (SVR),
XgBoost, Multilayer Perception (MLP), temporal Convo-
lutional Network (Conv-1D) and LSTM are suggested and
applied for electricity consumption forecasting for small
homes. The findings indicate that LSTM proved a less dis-
persed method by providing the best prediction performance.
For predicting plug load from occupant’s count data LSTM,
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LR and ANN models are studied in [19]. The office build-
ing of Berkeley, California is used in the proposed study.
Results indicate that LSTM network outperforms LR and
ANN models. Comparative analysis of LSTM, GRU and
Recurrent Neural Network (RNN) for short-term load fore-
casting is performed in [20]. The RMSE, MAE, MSE and
coefficient of determination (R?) are used as performance
indicators. Findings indicate that GRU produces better fore-
casting results than LSTM and RNN. The MAE and R? of
0.03266 and 90.228% are recorded by GRU, respectively. A
Deep Learning Network (DLN) is proposed to predict energy
consumption for an institutional building located at Gachon
University Seongnam, Gyeonggi-do, Republic of Korea [21].
PCC is used to calculate the correlation between occupants’
count information and the total energy consumption of the
building. The RMSE and MAE of 5.6 and 4.5, respectively,
are recorded by DLN for energy consumption forecasting.
For an office building located in Tianjin, China, the ANN
model is proposed for load forecasting [22]. Findings illus-
trate that when ANN is trained with thermal zone division,
improved forecasting results are obtained. The RMSE and
MAE of 0.84 and 0.34, respectively, are recorded by ANN
trained with thermal zone division data. A comprehensive
review is presented on intelligent Deep Learning (DL) tech-
niques and methodologies that have been used by researchers
for building energy consumption forecasting to meet the
challenges and requirements of energy in the future [23].
Furthermore, this literature review is analyzed based on load
types, datasets, prediction performance and accuracy of mod-
els with evaluation metrics. Another systematic review has
been conducted in [24] on state-of-the-art techniques, Al,
statistical methods and time series techniques for load fore-
casting in smart grids. The findings show that Al-based load
forecasting methods report the best prediction performance
when compared with other methods using RMS and MAPE.
The prediction of loads specifically thermal (cooling and
heating) loads, plays an important role in not only reducing
the cost of energy use but also minimizing environmental
risks related to climate changes with an improvement in
energy efficiency. In [25], a review is presented in which
ML techniques are highlighted as the most efficient methods
to address energy system problems. These data-driven mod-
els have shown good performance in residential buildings’
load prediction.

In hybrid models, different techniques are combined to
work in conjunction. A hybrid model of ARIMA with a
K-mean clustering algorithm is proposed for predicting the
hour-ahead load of the East Campus of Chubu University
[26]. The RMSE, MAE and MAPE are used to evaluate the
performance of the model. The average RMSE, MAE and
MAPE of 81.7, 61.3 and 5.1%, respectively, are recorded
by the proposed model. A hybrid model of K-mean cluster-
ing with Trend and Seasonal component (TS) is proposed

for residential and industrial sectors load forecasting [27].
The residential and industrial sectors load data is divided
into 4 and 3 clusters, respectively. The comparative analy-
sis of TS approach with ARIMA, Seasonal Naive (SN) and
Random Walk with Drift (RWD) is also performed. Results
demonstrate the superiority of TS over other models. For a
commercial building located in Beijing, China, an ensem-
ble model is proposed for energy consumption estimation
[28]. The results of the ensemble model are compared with
Feed Forward Neural Network (FFNN) and Extreme Learn-
ing Machine (ELM). The RMSE of 3.49, 3.95 and 3.85 are
recorded by ensemble, FFNN and ELM models, respectively.

1.2 Motivation and Contributions

The above discussion concludes that accurate forecasting
of building load is essential for BMS. Deep Learning Net-
works (DLNs) based models, especially LSTM, can forecast
building load with better accuracy. However, due to their
complex structure, they are susceptible to overfitting. On the
other side, boosting algorithms have generalizability issues
though they reduce overfitting. Different hybrid models are
also studied and have good predictive performance. However,
limited work has been performed with boosting algorithms
for forecasting building load. Therefore, in this proposed
study, a hybrid approach is presented that integrates boosting
algorithms (XgBoost, and RF) and DLN (LSTM) with a para-
metric model, LR, for academic and commercial buildings
load forecasting through real-time occupants’ count data. The
correlation between occupants’ count and total load of the
building is calculated by PCC. The proposed technique is
compared with individual models of XgBoost, RF, LSTM
and GRU through RMSE, MAE, MSE and NRMSE. The
main contributions of this work are listed as follows:

1. A hybrid model consisting of XgBoost, RF, LSTM and
LR is proposed for hour-ahead load forecasting of com-
mercial and academic buildings. The level 1 learner of
the model consists of XgBoost, RF and LSTM while the
level 2 learner is LR which gives the final forecast by
optimizing the weights of level 1 models.

2. The comparative analysis of the proposed approach with
XgBoost, RF, LSTM and Gated Recurrent Unit (GRU).

3. The performance of the proposed approach is compared
with different techniques presented in the literature for
building load forecasting.

4. The correlation between occupancy and load consump-
tion is determined through PCC analysis and the fore-
casted load is scheduled based on occupancy patterns for
two different cases.
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1.3 Paper’s Layout

The rest of the paper is organized as follows: the methodol-
ogy is presented in Sects. 2, 3 discusses the simulation setup.
Section4 elaborates results and discussion and Sect.5 sum-
marizes conclusions.

2 Methodology

The complete methodology of the proposed study is depicted
in Fig. 1 and consists of the following steps:

1. In the first step, the dataset of academic and commercial
buildings is collected. The data normalization is per-
formed using the "MinMax" scaler.

2. In this step, PCC is used to find the correlation between
occupants’ count and building load.

3. The proposed hybrid approach and models used for com-
parative analysis are trained for load forecasting.

4. In the final step, model performances are evaluated
through RMSE, MSE, MAE and NRMSE for hour-ahead
load forecasting.

These steps are further described in the following sections.

@ Springer

2.1 Extreme Gradient Boosting (XgBoost)

The Gradient Boosting Decision Tree (GBDT) algorithm has
many variants. XgBoost is one of the variants of GBDT
and has applications in regression and classification prob-
lems. GBDT algorithms vary from each other depending
upon the mechanism they follow to improve weak learners.
XgBoost model utilizes a multi-thread approach with a level-
wise decision tree structure to enhance model performance
and improve the model’s execution speed [29]. Second-order
Taylor equation, described as Eq. (1), is used for the XgBoost
loss function [30, 31].

L)~ > (L. ¥y + 8 fi () + A/Dhi f2G0)) (1)

i=1

IL(y;, y D)

/ J—

g = )= oy )
9?L(y;, y 1)

R " _ ’

hi= f'(x) = Ty 3)

The first and second-order gradient statistics on the loss
function are represented by g; and A;, respectively. The pre-
diction at (i — 1) instance is represented by Yi-1)-
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2.2 Random Forest (RF) hy = tan h(Wix, + Uy (D) hi-1)) (12)
re= oWy x; + Uy hy—1) (13)

For classification and regression problems, Briemen intro-
duces an ensemble learning algorithm called RF. RF opera-
tion is based on bootstrap aggregation and multiple decision
trees [32]. The training dataset is split into K different points
by RF algorithm and these K points govern the development
of decision trees. The final result is the average value of each
tree’s output [33, 34].

2.3 Long Short-Term Memory (LSTM) network

The RNN network suffers from two issues: long-term stor-
age of information and vanishing gradient problem [35]. To
overcome these issues, different variants of RNN have been
developed. LSTM is one of the variants of RNN consisting
of input, output and forget gates. These gates carry useful
information over a long period. The activation functions of
the LSTM model together with gating structure overcome
the vanishing gradient problem [36, 37]. Equations. (4 to 9)
describe the operation of the network [38, 39].

Forget gate = f (v) = o[Asx (t) + Byh(t — 1) +uy]

“)
Input gate =i () = o [Ajx () + Bih (t — 1) + u;]
5)
cell = ¢, (v) = plAcx (v) + Beh (t — 1) + uc] (6)
Output gate = 0 (1) = 0 [Apx (T) + Boh (t — 1) + u,]
(7)
c@=f@OOca-D+i@ (e () ®)
h(t) =0 ()ele@)] ©)

(Ar, Ai, Ay, Ac, By, Bi, By, Be) and (u 7, u;, u,, u.) are the
weights and biases, respectively. o and ¢ symbols represent
sigmoid and tanh activation functions in equations. (5) is a
symbol of element-wise multiplication.

2.4 Gated Recurrent Unit (GRU)

Kyunghyun Cho developed another variant of RNN called
GRU in 2015 [40]. The gating architecture of GRU con-
sists of update and reset gates. Storage of information over
a long period and vanishing gradient problems of RNN are
overcome by update and reset gates. The main difference
between GRU and LSTM models is that prior does not have
memory cells [41-43]. The operation of GRU is summarized
by Eqgs. (10-13) [44].

he ==z )h—1 +2z hy (10)
72t =0 (W xp + Uz (hi—1)) (11)

Output and candidate output are represented by , and A},
respectively. z; and r, denote update and reset gates, respec-
tively. The metrics of GRU are represented by W,, W,, Wy,
U, and U,. (©) is used for element-wise multiplication.

2.5 Linear Regression (LR)

A supervised learning algorithm, LR, forecasts based on the
linear association between dependent and independent vari-
ables. The advantages of LR over other ML algorithms are
simplicity and better execution speed. Eq. (14) describes LR
[45].

y = Bo + Bixi+...... + Bpxp + & (14)

Input and forecast output are represented by x and y, respec-
tively. Bo, B, and € represents intercept, coefficient and error,
respectively.

3 Simulation-Setup
3.1 Dataset Description and Prepossessing

In the proposed study, the commercial building dataset is
from an office building located in Berkeley, California [46].
The data for third and fourth floors of the building is collected
through various sensors. The data related to only third floor is
used in the proposed work. The building’s total load consists
of miscellaneous, lighting and HVAC loads. Camera-based
sensors are used to count occupants’ count data. The load
data is recorded at the interval of 15 min while the resolution
of occupants’ count data is 1 min. In the data prepossessing
step, the occupants’ count and load data resolution is changed
to 1 hour.

The 6-story academic building located at the School of
Design and Environment 4 (SDE4), National University of
Singapore (NUS), is also used in the proposed study [47].
This building’s part under consideration has two lecture the-
aters, two offices and one library room. The total load of the
building consists of ceiling fans, lighting, plug-ins, chilled
water, fan coil unit and air handling unit fans. This dataset is
recorded at 5 min resolution. The occupants’ count data are
collected from surveillance cameras.

Data normalization is scaling of the dataset values to a
common scale without altering their range values. In the
proposed study, the "MinMax" scaler is used for data nor-
malization which converts the highest value in the dataset to
1, the lowest to 0 and all other values are adjusted in between
0 and 1 [48].
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Optimal data splitting plays a crucial role in the model’s
training and performance evaluation. In [49], authors illus-
trate the importance of optimal train test ratio and different
ratios i.e., 0.1/0.9, 0.2/0.8, 0.3/0.7, 0.4/0.6, 0.5/0.5, 0.6/0.4,
0.7/0.3, 0.8/0.2, and 0.9/0.1, are studied. These ratios are
used to validate the performances of different ML models
such as Extreme Learning Machine (ELM), ANN and Boost-
ing Trees (BT) based algorithms for predicting target value.
Moreover, itis investigated that the predictive performance of
the model is highly influenced using optimal training/testing
ratios and 0.7/0.3 is found to be the best optimal ratio for
data splitting. Therefore, in the proposed study, 70% of the
dataset is used for model’s training and the remaining 30%
is used for testing purposes.

3.2 Pearson Correlation Coefficient (PCC)

The PCC is used to measure the correlation between occu-
pants’ count and total load of the buildings. The PCC can be
defined by the Eq. (15) [50].

p(m,n) = E(mn)/o,0,

_ E(mn) — E(m)E(n) (15)

JEm? = B2 JE? — E2(n)

where m and n are two variables and E (mn) represents the
correlation between m and n. While o, and o,, are standard
deviations of m and n, respectively. The range of PCC is from
—1 to 1. The value of PCC between O and 1 indicates that
both variables are positively correlated while PCC between
0 and —1 shows a negative correlation. The 0 indicates that
there is no correlation between variables [51].

3.3 Proposed Approach

In this study, we present a novel hybrid approach con-
sisting of LSTM, XgBoost, RF and LR. Level 1 of the
proposed model consists of nonparametric models: LSTM,
XgBoost and RF. These models interpret the input data indi-
vidually. In the next step, the outputs of these models are
applied to level 2 learner which consists of LR. The LR
is a parametric technique that gives the final forecast val-
ues by learning the weights of the level 1 models. The
effectiveness of the proposed hybrid model lies in the com-
bination of parametric and nonparametric techniques which
enables the model to learn the temporal dependencies accu-
rately. The following pseudo-code describes the formulation
of the proposed approach. The proposed model is devel-
oped by utilizing four libraries of Python: Tensorflow,
scikit —learn.ensemble, scikit —learn.linearmodel and
Xgboost. From Tensor flow we developed the LSTM net-
work while xgboost and scikit — learn.ensemble libraries
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are used to import XgBoostRegressor  and

Random Forest Regressor, respectively. To append the

LSTM network with the level 1 model, we use kerasregressor
from T ensor flow. The LR model is imported from scikit —

learn.linearmodel. To stack the level 1 and level 2 mod-

els, we utilize the StackingRegressor from scikit —

learn.ensemble. The simulation work is performed in

Python version 3.10.9. In Fig.2, the proposed model is

depicted.

3.4 Hyper-Parameter Tuning

The predictive accuracy and computational complexities of
the model are also dependent upon its parameter tuning. In
this proposed study, the “Randomized Search” algorithm is
used for hyper-meter optimization. The hyper-parameters
of XgBoost, RF and LSTM models are optimized for the
Berkeley building dataset and those optimized values of
hyper-parameters are also used for Singapore academic
building. For the XgBoost model; tree method, no. of the
estimator, learning rate, maximum depth, subsample and
colsample bytree hyper-parameters are optimized. The num-
ber of layers, learning rate and units in the hidden layer
are optimized for the LSTM network. Moreover, the hyper-
parameters optimized values used for the LSTM network
are also applied to GRU. No. of estimator, maximum depth,
maximum features, maximum samples, bootstrap, minimum
sample leaf and minimum sample split hyper-parameters are
optimized for RF. In Table 1, the hyper-parameters with opti-
mized values and search space are presented.

# Step 01Level 1 Models: LSTM, XgBoost, RF
Train Level 1 Models with training data to get
intermediary forecasts
for each model in [LSTM, XgBoost, RF]:
model.fit (training_data)
# Step 02Generate intermediary
forecasts using Level 1 Models
intermediary_forecasts = []
for each model in [LSTM, XgBoost, RF]:
intermediary_forecasts.append (model.predict(training_data))
# Step 03Level 2 Model: Linear Regression
Train Level 2 Model with intermediary
forecasts of Level 1 Models
level2_model fit (intermediary_forecasts, training_data)
# Step 04Use Level 1 Models to get
intermediary forecasts for new data
new_intermediary_forecasts = []
for each model in [LSTM, XgBoost, RF]:
new_intermediary_forecasts.append (model.predict(new_data))
# Step 05Predict using Level 2 Model
final_prediction = level2_model.predict
(new_intermediary_forecasts)
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Fig.2 Proposed approach flowchart
Table 1 Hyper-parameters with optimized value and search space
Model Hyper-parameter Search space Value
Tree method {“gpu hist”, “approx”} “approx”
No. of estimator {100, 200, 300} 300
XgBoost Learning rate {0.01,0.03, 0.1, 0.5} 0.5
Maximum depth {6,9, 12} 12
Subsample {0.7,0.8,0.9, 1} 0.7
Colsample bytree {0.6,0.8, 1} 0.6
No. of estimator {20, 60, 100, 120} 20
Maximum depth {2, 8} 2
Maximum features {0.2,0.6, 1} 0.6
RF Maximum samples {0.5,0.75} 0.75
Bootstrap {“True”, “False”} “True”
Minimum sample leaf {1,2} 2
Minimum sample split {2,5} 5
No. of hidden layers {2,3,4,5} 5
No. of units in hidden layers {32, 64, 96, 128} {96, 96, 64, 32, 32}
LSTM Learning rate {0.0001, 0.005, 0.05, 0.01} 0.0001
Epochs {50, 100, 150} 100
Optimizers {“ADAM”, “SGD”, “RMSprop”} “ADAM”
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3.5 Performance Indicators

For the performance evaluation of forecasting models, differ-
entindicators are introduced in the literature. In this proposed
study, RMSE (kW), NRMSE (%), MAE (kW) and MSE
(kW?) are used as error evaluation techniques. These error
evaluation techniques are defined by Egs. (16—-19) [52].

N
1
— . _ 2
RMSE = v ;(X, YD) (16)
RMSE
NRMSE = . % 100 (17)
max(Y7) — min(Y;)
1 N
MAE = NZ|X, - (18)
I=1
1 N
_ . 2
MSE = 5 Z(x, YD (19)

~
I

1

where N denotes the total number of values and X; and Y;
represent measured and predicted values, respectively.

4 Results and Discussion

The results of the proposed hybrid approach and models used
for comparative analysis for hour-ahead load forecasting of
academic and commercial buildings are reported in this sec-
tion. The simulations are performed using “Python” language
on a machine having Intel(R) Core (TM) i5-7200U CPU
@ 2.50GHz 2.71 GHz processor. The PCC is used to mea-
sure the correlation between the building’s load and occupant
count. The PCC output between occupants’ count and build-
ing load is depicted in Fig.3. The results demonstrate that
occupants’ count and load are positively correlated with each
other.

In Table 2, the results of all models are presented.

Findings illustrate that the proposed hybrid approach out-
performs XgBoost, RF, LSTM and GRU models for both
academic and commercial buildings’ dataset. The RMSE of
2.99, 3.58, 17.35, 18.82 and 40.30 are recorded by pro-
posed approach, XgBoost, GRU, LSTM and RF models,
respectively, for Berkeley commercial building dataset. In
case of Singapore academic building, the RMSE of pro-
posed approach, XgBoost, GRU, LSTM and RF models are
4.48,9.52,7.78, 8.55 and 5.78, respectively. In Figs. 4, 5, the
RMSE and NRMSE of each model are depicted in form of
bar plot.

In Fig.6, the difference between measured and pre-
dicted loads is illustrated for both buildings. The hybridiza-
tion of boosting algorithms with AI networks results in
a better understanding of the data pattern. The proposed
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Fig.3 PCC between occupants’ count and building loads. a Commer-
cial building. b Academic building

approach closely follows measured curves which highlights
the model’s effectiveness.

To highlight the importance of building occupants’ count
information in load forecasting, we trained the proposed
approach with only historical load data. In Table 3, the perfor-
mance of proposed approach trained with occupants’ count
and load data is compared with the model trained with only
load data. The results in Table 3, demonstrate that when a
model is trained with occupants’ count and load data, a bet-
ter load forecasting output is produced. In Fig.7, the RMSE
and MAE of the proposed model trained with and without
occupants’ count data are illustrated.

4.1 Occupancy-Based Scheduling for Load
Management

Occupancy and load consumption have a positive correla-
tion as a result of PCC analysis. So occupancy is a crucial
factor for load forecasting and control. Occupancy-based
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Table2 Performance

evaluation of models

40

RMSE (kW)
N w
o o

-
o

20

Building Model RMSE MSE MAE NRMSE
(kW) (kW)? (kW) (%)
RF 40.3 1644.5 35.47 22.02
LSTM 18.84 355.16 14.02 10.3
Commercial GRU 17.35 300.95 12.89 9.62
XgBoost 3.58 12.86 2.13 1.53
Proposed approach 299 8.97 218 1.23
RF 5.78 33.37 2.61 9.52
LSTM 8.55 73.19 3.09 11.53
Academic GRU 7.78 60.6 3.15 9.31
XgBoost 9.62 92.58 3.94 9.46
Proposed approach 448 20.04 2.85 6.21

The results of the proposed model were written in bold
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Fig.6 Measured vs predicted load curves. a Commercial building. b Academic building

Table3 Occupants’ count importance for building load forecasting

Building Model RMSE MAE
(kW) (kW)
Commercial With occupant count 2.99 2.18
Without occupant count 5.45 4.92
Academic With occupant count 4.48 2.85
Without occupant count 4.97 2.67

scheduling of building load is an intelligent approach to opti-
mize energy utilization by managing HVAC operation, and
switching lightning, controlling plug loads. Real-time occu-

Effect of occupants' count on load

— wif:h occupant count
5 =3 without occupant count

MAE RMSE

(a)

pancy information is useful for optimal load management,
cost reduction and energy saving.

In our research work, we have scheduled the forecasted
load based on occupancy patterns. For this purpose, aggre-
gated load and total occupancy of building of School of
Design and Environment 4 (SDE4), National University of
Singapore (NUS) are taken for load scheduling task. Data of
forecasted load, actual load and occupancy for 1 day is used
for occupancy-based load scheduling. Cost per kWh is also
taken according to Singapore electricity rate i.e., 0.29 dollar
[53]. We have made two types of cases. In case 1, occupancy
is considered as low, medium and high and load is scheduled
based on these three conditions. In case 2, load is scheduled

Effect of occupants' count on load

5 (=3 with occupant count
3 without occupant count

MAE RMSE

(b)

Fig.7 Proposed approach performance with and without occupants’ count data
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Fig.8 Impact of occupancy-driven forecasted load scheduling on cost and energy savings with a 3-level division of occupancy

on 10 different occupancy levels and load is scheduled on
number of occupants.

Figure 8 presents occupancy-based load scheduling for
case 1. In Fig. 8, it is shown that occupancy-based scheduled
forecasted load is less than the actual as well as non-schedule
forecasted load with energy saving for each hour. The cost
of actual, non-schedule forecasted and scheduled forecasted
load is also compared and it is calculated minimum for sched-
uled forecasted load.

A graphical representation of load scheduling in case 2 is
giveninFig. 9. Load scheduling based on different occupancy
levels is performed. The scheduled forecasted load gives
energy savings and cost reduction than the non-schedule fore-
casted and actual load. Moreover, it is shown that scheduled
forecasted load is less in case 2 as compared to case 1.

Load scheduling is done based on occupancy levels to
show the importance of occupancy for building load con-
sumption. Cost is reduced by 17.42% and 33.40% in case
1 and case 2, respectively. It is shown in Figs. 1 and 2, that
energy saving for some off hours is not optimized by using
case 1 and case 2 load scheduling. In future work, we aim to

schedule the load, which also contains the off hours, using
different optimization algorithms.

4.2 State-of-the-Art Comparison

In this section, the performance of the proposed approach is
compared with different models presented in the literature for
building load forecasting. In [17, 54], the day-ahead plug-in
load of academic building of Ottawa, Canada is forecasted
using different techniques. We trained the proposed model
on this dataset and the comparative analysis of proposed
approach with techniques reported in [17, 54] for day-ahead
plug-in load forecasting is presented in Table 4. Findings
indicate that the proposed approach has better forecasting
performance than other techniques presented in the litera-
ture for building plug-in load forecasting. This highlights the
effectiveness of the proposed approach.

4.3 Discussion

The results drawn by the comparative analysis show that the
proposed hybrid approach provides better load forecasting
performance. The superiority of the proposed approach lies

@ Springer
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Fig.9 Evaluation of a 10-level occupancy division on cost and energy savings through occupancy-driven projected load scheduling

Table 4 Literature comparison

References Journal publisher Building Model RMSE NRMSE
of the proposed approach
(W) (%)
[54] Energy and buildings Ottawa, Canada Energy plus 140 15.6
[17] Energy and buildings Ottawa, Canada LSTM 54 6
Ottawa, Canada Proposed approach 3.82 0.13

The results of the proposed model were written in bold

in its integrated methodologies used at different levels. In
level 1, the proposed hybrid model includes LSTM, XgBoost
and RF. These models interpret training data and provide
intermediary load forecasts which are further processed by
LR at level 2. The LR utilizes the intermediary forecast and
training data to adjust the weights and biases by capturing
the linear relation between them. Each learner interprets the
data according to its architecture. The deep learning net-
work uses the layered structure to learn the hidden pattern
while the boosting algorithm utilizes the tree-based structure
for information learning and the combination of the learn-
ers overcomes the shortcomings of the individual learners.
This holistic approach consisting of parametric and non-

@ Springer

parametric methodologies learns the hidden data pattern
accurately and provides the future projection of load with
better accuracy. In future work, we aim to extend our study by
implementing the techno-economic aspects, including pay-
back period analysis, uncertainty analysis, exergy analysis,
and thermoeconomic-exergoeconomic as reported in [55, 56]
to assess the economic feasibility and applicability of our
methodology.

5 Conclusions

For efficient energy management of smart buildings, load
forecasting is necessary. The occupants’ count information
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has a high influence on buildings’ energy consumption. In
this study, we have proposed a hybrid model consisting of
XgBoost, RF, LSTM and LR for load prediction of two
different buildings. The holistic approach uses parametric
techniques, XgBoost, RF and LSTM, at the first level and
nonparametric method LR at the second level. The follow-
ing points are concluded from the proposed work:

e In the first step, the relation between occupants’ count
and building load is calculated using PCC.

e Occupancy and load consumption have a positive corre-
lation as evident from PCC analysis.

e The proposed approach is compared with individual mod-
els of XgBoost, RF and LSTM and GRU network using
RMSE, MSE, NRMSE and MAE.

e The findings indicate that when the proposed approach is
trained with occupants’ count and historical load data,
the RMSE of the proposed approach is improved by
45.13% and 9.9% for commercial and academic build-
ings, respectively, as compared to when trained with only
historical load data.

e The proposed approach is also compared with differ-
ent techniques presented in the literature for buildings’
load forecasting. The results conclude that the proposed
approach forecasts building load more accurately than
the models used for comparative analysis and other tech-
niques presented in the literature.

e We have scheduled the forecasted load based on occu-
pancy patterns for two different cases. Reduction of
17.42% and 33.40% in the cost is recorded for case 1
and case 2, respectively.
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