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1. Introduction

A  substantial  corpus  of  research  has  shown  that  occupancy-related  factors,  such  as

presence/absence  and  movement  of  occupants,  significantly  influence  energy  use  and  the

indoor environmental quality in buildings [1]–[4]. Targeting reliable occupancy information is,

therefore,  a  key  to  achieving  efficient  HVAC  system  operations  and  building  management

systems, as they are designed to maintain occupants’ comfort [5].

Occupancy prediction has been recognized as one of the most inspiring topics for energy saving

in  buildings  [6].  Different  approaches  have  been  used  for  occupancy  prediction,  such  as

statistical models [7] or a combination of statistical and physical models [8]. Another common

approach  that  is  state-of-the-art  in  this  context  is  deep  learning  [9].  However,  typical  deep

neural  networks,  which  are  deterministic  models,  do  not  provide  any  information  on  the

uncertainty  of  predictions  and  predict  a  value  confidently.  Although  studies  that  have  used

deterministic deep learning sometimes show an acceptable accuracy [10], [11], it can be seen

that the exact number of occupants is not predicted most of the time. Therefore, in such highly

stochastic applications, deep learning models can be further enhanced by providing information

about how the model is certain about its prediction. The objective of this paper is, therefore, to

investigate the use of probabilistic deep learning in the context of occupancy prediction,  which

is overlooked so far. 
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2. Methodology 

The probabilistic modeling approach in this paper is based on Monte-Carlo Dropout presented

by Gal and Ghahramani [12]. In the typical neural networks, the Dropout is used only in the

training phase to inactivate some nodes and prevent overfitting. This approach, however, can

also be used during the testing phase to account for the uncertainty of predictions. To develop

the Monte-Carlo probabilistic model, the following considerations are taken:

I. Using Probabilistic loss function: Negative Log-Likelihood is used, which is calculated as

below:

− log φθ(x) =

log 

̂

σθ2(x)
2

− (y −
̂
μθ(x))2

2
̂

σθ2(x)

(1)

In which, y is the true value, ̂
μθ(x) is the mean of predicted values, and ̂

σθ2(x) is the variance of

predictions. 

II.  Activation  of  Monte-Carlo  Dropout  during  test  phase:  In  the  testing  phase,  multiple

passes of input data are performed to obtain the predictions for input data x. In each pass, a

different  dropout  mask  is  implemented,  causing  variations  in  outputs.  The  final  mean  and

variance are therefore calculated as below:

(2)

(3)

where N is the number of different passes, μn(x) is the prediction of each pass, and ̂
σθ2(x) is the

variance of each pass.
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The dataset of this research is provided by the study of Hobson et al. [11] on the occupancy

prediction of an academic office building in Ottawa, Canada, including measurements of CO2

concentration, detected motions, plug and lighting power use, total power use, and the number

of  connected WiFi  devices  on 4  floors.  The ground truth  occupancy data  in  this  building is

provided by installing a camera on the entrance and exit points. This study will focus on floors 3

and  4  of  the  case  study  building.  Figure  1  shows  the  floor  plans  and  location  of  different

installed sensors on each floor.

Figure 1: Location of different sensors in floors 3 and 4 ( plansadopted from [1])

Two probabilistic models are developed in this study, one based on the Feed-Forward Neural

Network  model  and  the  other  based  on  the  Long-Short  Term  Memory  (LSTM)  Neural

Network,  which  is  developed  and  then  compared  to  a  deterministic  LSTM Neural  Network

model.  Figure 2 shows the schematics of the developed models.
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Figure 2: Schematics of models

3. Results and Findings

The accuracy of occupancy predictions by different models is reported in Table 1. It can be seen

that the probabilistic LSTM model shows higher accuracy than the other models on both floors.

Only on floor 3, the probabilistic Feed-Forward model shows a higher mean squared error than

the  deterministic  LSTM  model.  This  is  because  the  probabilistic  models  try  to  minimize

negative  log  likelihood as  the  loss  function,  while  the  deterministic  models  try  to  minimize

mean squared error. Between the probabilistic models, the model based on LSTM cells shows

better accuracy. This is because the LSTM model, due to the gating mechanism, has a better

performance in learning long term dependency between the data. 

Figure  3  also  shows  the  predictions  by  probabilistic  Feed-Forward,  probabilistic  LSTM,

deterministic  LSTM  as  well  as  ground  truth  data.  The  visual  comparison  shows  that  the

predicted mean by probabilistic models is very close to the predicted value by the deterministic

model,  and  both  of  them  rarely  matches  the  ground  truth  data.  However,  in  the  case  of

probabilistic models, the uncertainty of predictions well covers the ground truth data, which can

be very useful information for decision making. 

Table 1: Accuracy of different models
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Model  Mean Squared Error  Mean Absolute Error Negative Log-Likelihood

Floor 3

Probabilistic LSTM 18 2.53 4.84

Probabilistic Feed-Forward 18.95 2.67 2.43

Deterministic LSTM 18.03 2.86 -

Floor 4

Probabilistic LSTM 8.2 1.9 3.4

Probabilistic Feed-Forward 9.72 2 3.29

Deterministic LSTM 10.24 2.17 -
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Figure 3: Predictions by different models versus ground truth data

4. Discussions and Conclusions

The following conclusion can be drawn based on the results:

● The  predictions  by  deterministic  models  usually  underestimate  the  occupancy  and

therefore is not reliable for decision making. However, the variance of the probabilistic

models  well  covers  the  real  occupancy  number  and  therefore  is  very  useful  for  the

decision-making level.

● The probabilistic models not only provide uncertainty as additional information but also

show higher accuracy in the case of mean squared error and mean absolute error. 

In  general,  it  can  be  concluded  that  for  highly  stochastic  phenomena  like  the  occupancy  of

buildings, the MC Dropout probabilistic models, which estimate the uncertainty of prediction,

are more reliable than deterministic models that predict a certain value.

References

ADDIN Mendeley Bibliography CSL_BIBLIOGRAPHY [1] T.  Zaraket,  B.  Yannou,  Y.
Leroy, S. Minel, and E. Chapotot, “An occupant-based energy consumption model for
user-focused design of  residential  buildings,” J.  Mech.  Des.  Trans.  ASME,  2015,  doi:
10.1115/1.4030202.

[2] Z.  Yang  and  B.  Becerik-Gerber,  “How  does  building  occupancy  influence  energy
efficiency  of  HVAC  systems?,”  in  Energy  Procedia,  2016,  doi:
10.1016/j.egypro.2016.06.111.

[3] T. Zaraket et al., “User Needs and Preferences in Design Engineering,” J. Mech. Des.,
2015, doi: 10.1115/1.4030202ï.

[4] J.  Yang,  M.  Santamouris,  and S.  E.  Lee,  “Review of  occupancy sensing systems and
occupancy  modeling  methodologies  for  the  application  in  institutional  buildings,”



Amirreza Heidari, Verena Marie Barthelmes and Dolaana Khovalyg

7

Energy Build., 2016, doi: 10.1016/j.enbuild.2015.12.019.
[5] S.  Salimi  and  A.  Hammad,  “Critical  review and  research  roadmap  of  office  building

energy management based on occupancy monitoring,” Energy and Buildings. 2019, doi:
10.1016/j.enbuild.2018.10.007.

[6] W. Wang, T. Hong, N. Li, R. Q. Wang, and J. Chen, “Linking energy-cyber-physical
systems  with  occupancy  prediction  and  interpretation  through  WiFi  probe-based
ensemble classification,” Appl. Energy, 2019, doi: 10.1016/j.apenergy.2018.11.079.

[7] L. M. Candanedo and V. Feldheim, “Accurate occupancy detection of an office room
from  light,  temperature,  humidity  and  CO2  measurements  using  statistical  learning
models,” Energy Build., 2016, doi: 10.1016/j.enbuild.2015.11.071.

[8] M. S. Zuraimi, A. Pantazaras, K. A. Chaturvedi, J. J. Yang, K. W. Tham, and S. E. Lee,
“Predicting  occupancy  counts  using  physical  and  statistical  Co2-based  modeling
methodologies,” Build. Environ., 2017, doi: 10.1016/j.buildenv.2017.07.027.

[9] S.-M. Pedrycz, Witold, Chen, Deep Learning: Algorithms and Applications. Sprimger,
2020.

[10] W. Wang, J. Chen, and T. Hong, “Occupancy prediction through machine learning and
data fusion of environmental sensing and WiFi sensing in buildings,” Autom. Constr.,
2018, doi: 10.1016/j.autcon.2018.07.007.

[11] B.  W.  Hobson,  D.  Lowcay,  H.  B.  Gunay,  A.  Ashouri,  and  G.  R.  Newsham,
“Opportunistic occupancy-count estimation using sensor fusion: A case study,” Build.
Environ., 2019, doi: 10.1016/j.buildenv.2019.05.032.

[12] Y. Gal and Z. Ghahramani, “Dropout as a Bayesian approximation: Representing model
uncertainty in deep learning,” in 33rd International Conference on Machine Learning,
ICML 2016, 2016.


