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Abstract 

Accurately representing buildings’ occupancy schedules 

has been crucial in understanding the energy flexibility 

of buildings as well as improving the allocation of 

building services and resources. However, the limited 

availability of data to model occupancy schedules for 

specific buildings has been challenging the development 

of an accurate prediction model. This study evaluates a 

parameter-based transfer learning scheme developed for 

time series prediction of occupancy schedules with 

limited data. The study focuses on an institutional 

building in Quebec, Canada as a case study. The results 

showed that transferring the knowledge of the pre-

trained time series model has resulted not only in a 

reduction in the computational power allocated to the 

fitting of the model but also reduced the model’s training 

requirements while maintaining a mean absolute error of 

3 occupants.  

Introduction 

Building occupancy information and schedules have 

been acknowledged as a critical factor for realistically 

planning the ongoing transition to a zero-emission grid 

and the electrification of the different sectors. On a 

building scale, previous studies that focused on the 

automation of building systems control and operation 

emphasized the effect of considering occupancy 

schedules and levels of variation to achieve more 

efficient energy consumption (Drgoňa et al. 2020; 

Mirakhorli and Dong 2016; Yang et al. 2022). Sharma et 

al. (2022) showed that using occupancy information in 

model predictive control of an office building can 

achieve a significant reduction in building energy 

consumption without sacrificing occupant comfort. On 

an urban scale, research efforts focused on 

accommodating the urgent need for flexible load 

controls to ensure grid reliability through different 

demand-side management strategies. They found that 

occupancy-based buildings-to-grid integration strategies 

are more sustainable and can provide up to 60% of 

potential energy cost savings (Dong et al. 2018). The 

occupancy models in this case are mainly used to 

quantify the energy flexibility of each building with 

respect to the occupancy levels and schedules and 

accordingly, identify the periods in which the building 

can contribute and participate in the different demand 

and supply management programs. In addition to these 

roles, realistic and accurate occupancy schedules as well 

as occupant behavior patterns have been widely 

recognized as one of the main sources of the 

discrepancies between building energy simulation 

results and the actual energy use in buildings on both 

building and urban scales (Doma and Ouf 2023; Hong, 

Langevin, and Sun 2018; Dabirian, Panchabikesan, and 

Eicker 2022). Accordingly, analyzing occupancy 

patterns for the different building sectors and developing 

a reliable prediction model for future planning has been 

an interest of many research efforts. They mainly 

investigated the use of different technologies to collect 

representative occupancy information and the different 

modelling approaches for accurately representing the 

stochastic nature of occupancy.  

In terms of data collection, many researchers relied on 

occupancy information sensing technologies that can 

explicitly report occupancy status or count. The most 

commonly used method is the passive infrared (PIR) 

sensors where occupants’ movements are detected and 

the room occupancy status is identified accordingly 

(Shen, Newsham, and Gunay 2017). Estimating the 

number of occupants for the whole building using CO2 

readings has also attracted the interest of researchers 

(Arora et al. 2015; Dong and Andrews 2009; Tekler and 

Chong 2022). However, the readings from these sensors 

are usually coupled with other measurements for the 

indoor condition for more accurate occupancy 

estimation. Recently a few studies have relied on 

camera-based occupancy counters to detect and estimate 

the whole building occupant count (Zhao, Tu, and Chang 

2019; Guan and Huang 2015). Regardless of the data 

collection method, occupancy patterns are not only 

expected to vary from one building to the other but also 

the pattern of one building is subjected to change over 



   

 

time due to transformations in space utilization patterns, 

technological advances, and the expected increase in 

telecommuting (Alishahi 2022; Hobson et al. 2020; Ouf, 

O’Brien, and Gunay 2019). Accordingly, even 

considering these counters’ reliability to provide 

accurate occupancy estimation, limited data will be 

available with them being newly introduced to existing 

buildings. Considering data from the available 

infrastructure in buildings such as the Wi-Fi connection 

count can also face the same challenge of data 

inadequacy if the data was not collected before the 

beginning of the analysis (Shen, Newsham, and Gunay 

2017). Moreover, obtaining such data from these sources 

at scale can face multiple logistical issues as well as 

privacy concerns.  

Two main approaches have been investigated to address 

these challenges. The first is related to the data sources 

themselves while the other is related to the modelling 

techniques. In terms of the data sources, the mobile 

positioning dataset showed promising results when used 

to generate building occupancy profiles (Wu et al. 2020; 

Happle, Fonseca, and Schlueter 2020; Doma et al. 2022). 

These datasets are GPS-based allowing for tracking the 

movement of devices (i.e., smartphones) and then 

converting them into building occupancy patterns. 

However, these patterns are limited to specific points of 

interest (POIs). On the other hand, the transfer learning 

(TL) technique has been used to address the limited data 

size by reusing the pre-trained occupancy models (Park 

et al. 2022). This technique is based on the idea that 

knowledge gained while solving one problem can be 

applied to a different but related problem (Weiss, 

Khoshgoftaar, and Wang 2016). Accordingly, a 

developed machine learning model for a specific task can 

be reused as a starting point to provide learned 

knowledge and experience to a model on a second task. 

The TL technique has proven its efficiency in training 

prediction models using small datasets but only for 

neural network (NN) models. These models are more 

complicated to deploy and integrate with existing control 

algorithms in buildings. Recently, however, a modified 

transfer learning scheme was introduced for transferring 

pre-trained model knowledge for regression time series 

models (Warushavithana et al. 2021). The scheme was 

validated using simulation data from different domains, 

more specifically to predict indoor air quality over time, 

COVID-19 spread, and outdoor weather. However, to 

the authors’ knowledge, the scheme has not yet been 

validated for predicting human behaviour such as the 

occupancy pattern with ground truth data.   

To this end, this paper investigates the applicability of 

combining the two mentioned approaches for addressing 

data insufficiency by using transfer learning approaches 

to transfer the structure and the tuned parameters of a 

pre-trained time-series occupancy estimation model. The 

study focuses on institutional buildings, specifically 

public libraries in Quebec, Canada as a case study. The 

objectives of the study are as follows: i) leverage rich 

mobile positioning data to develop a time series 

forecasting model to predict day-ahead occupancy 

schedule, ii) analyze the effect of using building 

characteristics such as building opening hours as well as 

the outdoor environmental conditions as variables on 

improving model performance, and iii) analyze the effect 

of reusing the pre-trained model structure and 

parameters to initialize the fitting of the model to a target 

building with limited training data.  

The next sections will start with covering the literature 

related to this study and giving a brief background, then 

the methodology followed to apply the objectives is 

discussed in detail followed by the results, and finally the 

conclusion.  

Background 

Transfer learning (TL) can be categorized based on the 

strategy adopted to share the knowledge into four main 

categories (Pinto et al. 2022). First, the instance-based 

TL with the main goal of incorporating data points from 

a source model into a target model to improve the 

prediction. The second category is the feature 

representation-based TL which aims to map instances 

between the source and the target models. On the other 

hand, the third category of the TL techniques follows the 

assumption that the data has similar relations in both the 

source and the target models, and accordingly, the 

knowledge related to the relationships between the two 

datasets is transferred. Finally, the parameter-based TL 

shares the parameters or the distributions of the hyper-

parameters of the source model to accelerate the learning 

process of the target model with limited data.   

Applying transfer learning techniques to the occupancy 

prediction model can be considered one of the relatively 

new areas for research interests. Accordingly, a limited 

number of models and algorithms were investigated. 

Khalil et al. (2021) developed a stacked long-short-term 

memory (LSTM) model to predict the occupancy status 

of an office building then relied on transfer learning 

techniques for neural networks to transfer the model into 

another two offices at the same building. Stjelja et al. 

(2022) used a similar approach but was applied to 

meeting rooms in hospitals instead of offices. Dridi, 

Amayri, and Bouguila (2022) on the other hand, 

investigated feature representation-based transfer 

learning algorithms to map the features of two datasets 

with the goal of estimating the occupancy status (no 

occupants, one occupant, or two occupants) of two 

offices. While the developed models from the mentioned 

studies focused on predicting the occupancy status 



   

 

instead of accurate occupancy number estimation, they 

also focused on testing the applicability of TL in 

predicting occupancy on a room or a zoon scale instead 

of investigating the applicability of transferring pre-

trained occupancy model from one building to another.  

Methodology 

Figure 1 shows the overall methodology followed in this 

study. In the next subsections, the pre-trained model is 

explained in detail considering the data used to train the 

model, the source building where the data is collected, 

and the model development and performance evaluation 

steps. These subsections also include an explanation of 

the available data for the target building and the steps 

followed to transfer the information of the pre-trained 

model from the source to the target. 

 

Figure 1: The overall research methodology. 

The target and source buildings 

The study focuses on developing an occupancy model 

for a public library located in Quebec, Canada 

(ASHRAE climate zone 6). This library will be referred 

to as the target building, or library 1 in this study. The 

target building consists of two main floors with a total 

net floor area of 2100 m2. The two floors are mainly 

open-plan reading areas and bookshelves with a few 

offices on the side of the second floor. The building has 

one entrance/exit connected to the reception area as well 

as the stairs heading to the second floor.  

The source building refers to the building with a large 

data size used to train and extract the occupancy model 

parameters. The chosen source building, which will be 

referred to as Library 2, is also located in the same 

Canadian province (i.e., Quebec) and the same climate 

zone. Library 2 is only one floor with an area of 1350 m2. 

The library interior is an open plan of reading areas and 

bookshelves similar to the target building.  

Data description 

The target building has a camera-based occupancy 

counter installed at the building’s only entrance. The 

sensor reports the number of people going in and out of 

the library each minute, then these values were used to 

calculate the occupancy inside the library. The data from 

the sensor was collected starting from April 15th, 2023, 

till October 24th,2023 (6 months of hourly data). Since 

the data size will not allow for examining the annual 

seasonality of the occupancy, data from a source library 

was chosen to train the pre-trained occupancy model.  

The data from the source building (i.e., library 2) is the 

weekly patterns by SafeGraph.Inc (SG) dataset 

(SafeGraph Inc. 2023). The weekly pattern dataset is rich 

mobile positioning data collected from mobile devices 

opted into tracking their location. The main features and 

attributes in the data are presented in Table 1. As seen in 

the table, the data includes the foot traffic and visit 

schedules aggregated by point of interest (POI) to protect 

users’ privacy. This data includes the hourly visit records 

for each POI from December 2018 to October 2022. 

However, data records from March 2020 to June 2021 

were excluded from the analysis as they were during the 

COVID-19 pandemic which might cause the data to be 

biased.   

The main steps for the preprocessing of the visitors’ data 

to generate hourly occupancy schedules are explained in 

detail in (Doma et al. 2022). Figure 2 compares the 

average weekly patterns of both libraries normalized 

based on the peak occupancy for each building, while 

Table 2 compares the descriptive analysis of the 

occupancy of both buildings. 

Table 1: SG features related to this study. 

Attribute Description 

Placekey Unique ID for each POI. 

Coordinate  The latitude and longitude 

coordination of each POI. 

wkt_area_sq_meters The total area of the POI in square 

meters. 

Visits by each hour The number of visits to the POI for 

each of the 168 hours of the week.  

POI opening hours The opening duration for each day 

of the week for the POI. 

Table 2: Descriptive analysis of the two libraries. 

Descriptive 

Analysis 

Target 

building: 

Library 1 

Source 

building: 

Library 2 

Floor Area (m2) 2100 1350 

Data size 6 months 3 years 

Data resolution Hourly Hourly 

Average 

Occupancy 
28 20 



   

 

Maximum hourly 

occupancy 
233 213 

 

Figure 2: Comparing the normalized typical week of 

the target and the source buildings. 

Time series forecasting models. 

The occupancy prediction model should be able to 

capture the occupancy patterns of the building with 

respect to temporal, environmental, or spatial factors as 

well as model the seasonality of the patterns if needed. 

Moreover, as with any human activity, occupancy is 

stochastic, and accordingly, its randomness should be 

considered in the modelling process. Considering these 

requirements, time series forecasting techniques were 

chosen to model the occupancy in this study. In these 

forecasting techniques, the data is analyzed with respect 

to its chronological order, temporal factors, and the 

underlying correlations between the present and the 

historical data. Most of the widely used time series 

forecasting methods, such as the Autoregressive 

integrated moving average (ARIMA) family, assume the 

correlations between the target series and the regressors 

are linear, and require several preprocessing steps to 

configure the model components (Jin et al. 2021; Qiao, 

Yunusa-Kaltungo, and Edwards 2020). For the nonlinear 

correlations, models based on neural networks were 

commonly used, however, these models’ interpretability 

of the correlation between the predictors and the targeted 

series is relatively low and is more complicated to deploy 

and integrate with the existing building operation and 

control systems.  

Recently, Facebook introduced its time series 

forecasting model the Facebook Prophet (FBP) (Taylor 

and Letham 2018). The model was designed to capture 

linear and nonlinear patterns with relatively fewer 

preprocessing steps. Moreover, the model proved its 

ability to capture various patterns with minimal inputs of 

time series data which simplifies its integration into the 

control algorithm within the building automation 

systems (BAS). The model has been used for predicting 

hourly heating energy consumption (Jang, Han, and 

Leigh 2022), hourly indoor temperature (Fang et al. 

2021), domestic hot water use schedule (Ivanko, 

Sørensen, and Nord 2020), as well as binary occupancy 

states based on readings from indoor environmental 

conditions sensors (Parise et al. 2021; Dorokhova, Ballif, 

and Wyrsch 2020). However, to the authors’ knowledge, 

the prophet model has not been tested yet with predicting 

the occupancy count with different predictors and 

structures. Nevertheless, the ability of the FBP model to 

capture patterns and seasonality was proven as well as 

the model’s simple integration with different control 

algorithms (Dorokhova, Ballif, and Wyrsch 2020).  

The Facebook Prophet model. 

The FBP model developed in this study is the 

generalized additive regression (AR) with two main 

layers: the components layer and the weight vector layer 

as seen in Figure 3. The former layer represents the 

growth (i.e., trend and pattern), the regular seasonality 

(yearly, weekly, and daily), and any conditional 

seasonality (e.g., holidays), while in the latter layer, the 

impact of these components is scaled with weight factors 

as well as an extra factor for the uncertainty in the pattern 

modelled. The growth of the data can be modelled as 

linear, logistic with specified capacity (i.e., maximum, 

and minimum growth), or flat based on observation from 

the data. Moreover, it is also represented in the model 

using changepoint detection analysis with the number of 

change points, their location, and their scale (i.e., the 

weight of their effect). While the first two factors should 

be extracted fully from the data, the scale of the change 

point is a parameter that should be tuned based on the 

characteristics of the modelled series (i.e., the 

occupancy). In the FBP algorithm, this scale is 

represented by a number to modulate the degree of the 

pattern flexibility to change according to the identified 

points. The large number represents more stochasticity 

in the modelled patterns where the effect of historical 

data is not always forced on the future prediction and 

different scenarios are explored.  



   

 

 

Figure 3: The FBP model structure and components. 

The seasonality in the modelled pattern is examined with 

four different types: annual, weekly, daily, and 

temporary (conditional) seasonality. The first three types 

are modeled using the Fourier series and accordingly, 

they are represented with two main parameters: the scale 

and the Fourier order. The former parameter, similar to 

the changepoint scale, represents the degree of flexibility 

in applying the seasonality correlation extracted from the 

data, while the latter parameter describes how quickly 

the pattern changes due to seasonality. The model also 

allows examining the effect of temporary conditions 

(e.g., holidays) on the modelled pattern. To add any 

temporary condition, the starting and ending dates of the 

conditions are required. Considering these three 

components and their scaling factors, the FBP model can 

be presented as shown in equation (1).   

𝑌𝑡 =  𝑔𝑡 +  𝑆𝑡  +  ℎ𝑡 + 𝑟𝑡 +  𝜀𝑡 (1) 

Where Yt is the prediction of the model, in this study it 

is the occupancy number estimated at time t, gt is the 

growth and trend component, St is the seasonality 

component, ht is an optional component to represent the 

holidays, and rt is another optional components in case 

of other time series variables or event should be 

considered (e.g., changing in the outdoor conditions). 

While the model learns the correlation between these 

components and the occupancy prediction, it also 

identifies the noise and the outliers (εt).  

Development of the pre-trained model 

In time series forecasting techniques and for the FBP 

model specifically, it is recommended to use one full 

year of data to better capture the growth and seasonality 

of the modelled pattern. However, since the camera-

based counter was newly installed at Library 1, this 

requirement is not satisfied. Accordingly, a pre-trained 

FBP model was developed using the data from Library 2 

to overcome this challenge. By fitting the FBP mode to 

the SG data from Library 2, it was found that the linear 

trend is the best representation of the occupancy growth 

at the library. Moreover, the configuration of the pre-

trained model weight vectors and parameters is based on 

a grid search and the K-fold cross-validation (CV) 

method for time series data, as shown in Figure 4. At the 

end of the process, the hyperparameters of the models 

were selected. It should be mentioned that the choice of 

the ranges in the grid parameters used in this study was 

based on allowing the model to examine weak to strong 

changepoint and seasonality scales as well as different 

Fourier orders to represent fast and slow change in the 

patterns (Taylor and Letham 2018). Moreover, the scale 

and the Fourier order parameters were tested for each 

type of seasonality (yearly, weekly, and daily) 

separately. 

 

Figure 4: The cross-validation method to tune model 

parameters and evaluate its performance. 

The performance of the developed model was evaluated 

using the mean absolute error (MAE) shown in Equation 

2. 

𝑀𝐴𝐸 =  
1

𝑛
 ∑|𝑌𝑡  −  𝐴𝑡|

𝑛

𝑡=1

 (2) 

Where Yt is the forecasted value as previously 

mentioned, At is the actual occupancy at time t, and n is 

the total number of points within the testing set. 

Three different models are explored with the FBP 

algorithm. The three models are summarized and 

described in Table 3. The first model relies only on 

temporal variables extracted from the time series to 

predict the occupancy. In the second model, however, 

the impact of adding the opening hours of the libraries is 

examined by adding the opening hour regressor. The 

regressor is represented with a categorical variable to 

represent the status of the building at each timestep 

(closed, opened for employees only, open for visitors). 

Finally, the third model adds the outdoor environmental 

conditions as extra regressors to predict the occupancy 

count at each time step. The outdoor conditions were 



   

 

extracted from historical data based on the coordinates 

of the libraries and considered the outdoor temperature, 

wind speed, and relative humidity. These extra 

regressors (i.e., the opening hours and the outdoor 

conditions) are added using the component rt.  

Table 3: Description of the three pre-trained FBP 

models developed for library 2. 

Model Inputs 

Model (1) Time from the time series. 

Model (2) Time and the operational status are based on 

opening hours. 

Model (3) Time, operational status, and outdoor 

conditions. 

Transferring the pre-trained model to the target 

building 

In the parameters-based TL, the information collected 

from the source model is sent to another model that has 

the same task (predicting occupancy in this paper) in the 

form of shared model weights or for initialization of the 

fine-tuning process. A recent study developed a 

parameter-based transfer learning scheme to reuse the 

pre-trained Facebook prophet model with the goal of 

reducing the model requirements when trained on a new 

dataset (Warushavithana et al. 2021). This scheme is 

summarized and illustrated in Figure 5. The concept is 

based on training a FBP model exhaustively on a rich 

dataset, where the hyperparameters of the model are 

tuned using a grid search, and then the tuned parameters 

as well as using the weight vector layer can be used as 

initial starting points for optimizing the model on the 

new dataset. This process should help reduce the 

computational expenses of fitting and tuning the model 

on new data as well as reduce the data size requirements 

of the model to learn from the new data.  

 

Figure 5: Transfer learning scheme for the FBP model. 

Accordingly, the knowledge of the FBP model pre-

trained with library 2 data, represented in the model 

components coefficients explained in the previous 

section, and the weight layer structure and values will be 

used as an initial value to fit the model to data from 

library 1. The fitting of the FBP model is based on the 

second optimization function of the Broyden, Fletcher, 

Goldfarb, and Shanno (BFGS) Algorithm (Taylor and 

Letham 2018). Using the knowledge of the pre-trained 

model as an initial value in the BFGS algorithm will 

determine both the direction and the step size to move in 

order to change the input parameters to minimize the 

objective function of the optimization, in this case, the 

error between the model prediction and actual values. To 

compare the impact of the process on the performance of 

the model, an independent model was developed to be 

used as a base model where the sensor data were used to 

train the model from scratch. Table 4 summarizes the 

models developed for library 1. 

Table 4: Description of the FBP models developed for 

library 1. 

Model 
Parameters& 

structure 
Inputs 

Independent 

Model 

Trained from scratch 

with library 1 data. 

Time, operational 

status, and outdoor 

conditions 

Model (1) 
Transferred from 

Library 2 

Time from the time 

series. 

Model (2) 
Transferred from 

Library 2 

Time and the 

operational status 

are based on 

opening hours. 

Model (3) 
Transferred from 

Library 2 

Time, operational 

status, and outdoor 

conditions. 

Results and Discussion  

As mentioned in the previous section, three models were 

developed using SG data from library 2. The first relied 

only on the temporal variables extracted from the 

timestamps of the time series, while the opening hours of 

the buildings as well as the outdoor conditions were 

added as extra regressors for the second and third models 

respectively. Figure 6 compares the performance of the 

three models when they were trained with different data 

sizes. As seen in the figure, the performance and 

accuracy of the models improved significantly when 

they were trained on two years of occupancy patterns in 

comparison to only one year. This highlights the 

importance and the impact of the data size on the 

accuracy of the model prediction.  

In terms of comparing the performance of the three 

models, the figure shows that model 3, trained with 

outdoor conditions, performed slightly better than 

models 1 and 2 with a MAE of 7 occupants. The weight 

vector layer in the model ranked the outdoor conditions 

with the highest weight and effect on the occupancy 

pattern of the building followed by the changepoint 

detecting the daily peaks, while the weekly and annual 

seasonality were equally weighted and ranked as the 

least influential factors. While the impact of outdoor 



   

 

conditions is not fully shown with the model trained with 

12 months of dataset, it can be observed when the 

training dataset expanded to include 24 months of data. 

As seen in the figure, with 12 months of training dataset, 

model 1 performed slightly better, on average, than 

model 3. On the contrary, this trend is reversed with an 

expanded training dataset of 24 months, where model 3 

performed significantly better, on average, than model 1. 

According to these findings, it can be argued that the 

inclusion of outdoor conditions as predictors can boost 

the model performance, but this improvement becomes 

apparent only when the model is trained with an 

extensive, rich dataset collected over a prolonged period. 

 

Figure 6: Comparing the performance of the three 

models developed for library 2. 

Figure 7 shows the results of the models developed for 

Library 1 and compares the results of the base models 

with the three transferred models. As seen from the 

figure, the independent model trained from scratch 

reported a higher MAE of 5±2 occupants compared to 

the transferred models. Moreover, the performance of 

the model did not improve by much when more data 

records were added. This shows that the model was not 

able to capture the correlation between these regressors 

and the occupancy patterns using a small dataset. On the 

other hand, the transferred models showed faster 

learning ability than the one trained from scratch which 

can be seen by improving the models’ performance with 

each month added to the training dataset. With four 

months of data fitted into the transferred models, 

significant improvements in the performance and the 

accuracy of the models’ estimation were seen in 

comparison with the model trained from scratch. The 

MAE of the transferred models improved by almost 50% 

with the lowest error of 2 occupants using the opening 

hours of the library as a regressor. It is also important to 

mention that the outdoor conditions did not have much 

impact on the performance of the models developed for 

Library 1 compared to the impact they showed in the 

developed models for Library 2. This expected 

observation indicated that showing the variety and the 

changing of the outdoor conditions with more data 

records will help capture the correlation between them 

and occupancy patterns.   

 

Figure 7: Comparing the performance of the models 

developed for library 1. 

Conclusion 

This paper evaluated the applicability of reusing and 

transferring the knowledge of a pre-trained time series 

model that predicts a day-ahead hourly occupancy 

schedule for an institutional building to overcome the 

challenges of data availability when training occupancy 

models from scratch. In addition, this paper also 

investigated the impact of using building operation hours 

as well as outdoor conditions on improving the accuracy 

of occupancy prediction models. The Facebook prophet 

model was used to predict the hourly occupancy of a 

library building in Quebec using three years of data for 

training. The results showed that training the model 

using the outdoor conditions as extra predictors next to 

the temporal variables improved the accuracy of the 

model and reduced the mean absolute error of the model 

down to 7 occupants (3%) compared to 12 occupants 

(5%). The knowledge of the model, which is represented 

in the model coefficient, weight vectors, and 

hyperparameters was then transferred and used to initiate 

the fitting of the model to a new dataset from a different 

building. The data from the target building was collected 

from a camera-based occupancy counter for six months.  

The results showed that by transferring the knowledge of 

a pre-trained model the model requirements related to the 

training data size can be reduced while improving the 

accuracy of the model. Future works will focus on 

expanding and improving the transfer learning for the 

time series scheme to develop a generalized occupancy 

prediction model for different building sectors with the 

goal of providing the necessary occupancy inputs for 



   

 

urban building energy simulation. Furthermore, 

investigating the role and applications of the developed 

occupancy models within building-to-grid integration 

programs will be another interest of future research. As 

buildings' role in the grid is now transferring to 

prosumers who are affecting the supply and demand 

side, developing occupancy prediction models for the 

different buildings can play a significant role in 

transactive energy markets and managing the demand-

side programs. Therefore, future work will investigate 

the deployment of the developed occupancy models into 

the current and future electric power systems and grid 

infrastructures. 
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