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Abstract: Because of extensive variations in occupancy patterns around office space environments
and their use of electrical equipment, accurate occupants’ behaviour detection is valuable for reducing
the building energy demand and carbon emissions. Using the collected occupancy information,
building energy management system can automatically adjust the operation of heating, ventilation
and air-conditioning (HVAC) systems to meet the actual demands in different conditioned spaces
in real-time. Existing and commonly used ‘fixed” schedules for HVAC systems are not sufficient
and cannot adjust based on the dynamic changes in building environments. This study proposes a
vision-based occupancy and equipment usage detection method based on deep learning for demand-
driven control systems. A model based on region-based convolutional neural network (R-CNN) was
developed, trained and deployed to a camera for real-time detection of occupancy activities and
equipment usage. Experiments tests within a case study office room suggested an overall accuracy of
97.32% and 80.80%. In order to predict the energy savings that can be attained using the proposed
approach, the case study building was simulated. The simulation results revealed that the heat gains
could be over or under predicted when using static or fixed profiles. Based on the set conditions,
the equipment and occupancy gains were 65.75% and 32.74% lower when using the deep learning
approach. Overall, the study showed the capabilities of the proposed approach in detecting and
recognising multiple occupants’ activities and equipment usage and providing an alternative to
estimate the internal heat emissions.

Keywords: built environment; computer vision; deep learning; equipment; heat gains; HVAC
system; occupancy

1. Introduction and Literature Review

A significant proportion of global energy demand and emissions is due to the built
environment sector [1]. Taking into account the total life cycle of the building, the energy
demand of buildings is up to 35% of the total final energy consumption, and this is growing
fast [2,3]. Hence it is crucial to minimise the building energy usage in order to meet the
global carbon emission reduction target. A significant proportion (40%) of the operational
energy use is due to the use of HVAC [4]. This is even higher in areas with very hot or
cold climates [5]. Minimising the consumption and enhancing the efficiency of HVAC will
go a long way towards the development of a low carbon economy and future. However,
the comfort and well-being of the occupants should also be considered when developing
solutions [6]. Solutions such as demand-driven controls can achieve substantial energy
savings by reducing or eliminating avoidable energy usage and provide a comfortable
indoor environment for occupants [7,8].

Occupancy behaviour, activities and patterns are significant factors affecting the
utilisation of HVAC [9]. For example, rooms in buildings are not fully utilised or occupied
during the day, and in some cases, some rooms are routinely unoccupied. While the
HVAC systems use conventional control system and operate by using a fixed set point
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schedules which assume max occupancy during the entire working week. The use of fixed
set points in combination with varying occupancy activities and patterns could lead to
rooms frequently being over- or under-conditioned, which may lead to significant energy
wastage [10,11]. The studies [12,13] collected occupancy data from various buildings and
have shown that those average daily occupancy rates were rarely over 60%, particularly in
single-person offices. While equipment or appliances in offices can be kept in operations
during the entire working day, irrespective of the patterns of occupancy [14]. This also
contributes to the disparity between the predicted and actual energy usage or the energy
performance gap.

Hence, the use of solutions, such as demand-driven controls or occupancy-based con-
trols is necessary. Such solutions can adapt to occupancy patterns in real-time and optimise
HVAC operations while providing comfortable conditions [15]. These systems reduce
energy consumption by optimising the scheduling of the HVAC as well as other building
systems by using the occupancy information [16,17]. Energy savings can be achieved by the
demand-driven solutions by adjusting the setpoints to reduce the temperature difference
between the outdoor and air-conditioned indoor space and reducing the operation time of
the systems [18-20].

In order to effectively develop and implement demand-driven control strategies for
HVAC, accurate and real-time information on real-time occupancy patterns is necessary [21].
The occupancy information can be collected in real-time using sensors and monitoring
technologies [22], including passive infrared sensor (PIR) or motion detectors [23], envi-
ronmental sensors [24], wearable sensors [25] and Bluetooth or Wi-Fi sensors [26]. The
capabilities of such strategies have been shown in previous works [21-26], which focused
on detecting the number and positioning of the occupants in a space. However, research
on detecting the occupancy activities and predicting heat gains which can affect the in-
door environment conditions are limited [27,28]. The activities of occupants can affect
the internal heat gains (sensible and latent heat) in spaces directly [27] and indirectly [28].
For example, a person walking around the space will have a different heat emission or
heat gain as compared to a person sitting. In addition, the usage of equipment in offices
such as desktops and printers can also have an impact on the internal heat gains. The
information on the heat emitted by the occupants performing different activities and usage
of equipment can be utilised to better assess the actual requirements of spaces in terms of
heating, cooling and ventilation [29]. A potential solution is to use artificial intelligence
(Al)-based techniques such as deep learning and computer vision to accurately detect,
recognise and predict these information in real-time [30].

Deep learning is a machine learning technique which has been utilised to implement
tasks such as classifying objects, recognising speech, detection of pedestrians with high
accuracy [31]. Additionally, many studies have shown that the convolutional neural
network (CNN) can perform well in computer vision tasks [32]; hence CNN was selected
as the algorithm to enable real-time detection and recognition in this study. It is widely
used as it can directly feed the original image into the model instead of performing the
complex pre-processing of the image [33].

Deep learning and computer vision methods have recently been adopted in the
built environment to enhance building system operations. Zou et al. [34] proposed a
deep learning-based human activity recognition scheme to automatically identify common
activities in offices which assessed a 97.6% activity recognition accuracy. Markovic et al. [35]
used a deep feed-forward neural network to model the opening of windows in offices
which showed an evaluation accuracy between 86% and 89%. These studies indicate that
deep learning and computer vision methods have large potential to accurately evaluate
the energy behaviour in the buildings and further optimise the operations of building
management systems.

To form effective detection models, a suitable deep learning framework platform is
required. Many deep learning framework libraries and platforms such as TensorFlow,
PyTorch and Keras are highly popular and are recommended according to Google Trends
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(as of February 2020) [36]. Along with the comparison of deep learning frameworks by
Fonnegra et al. [37], it suggests that TensorFlow is one of the most employed tools used for
deep learning because of its capabilities, compatibility, speed and the support it provides.
TensorFlow [38] allows the testing of configurations of deep learning algorithms and
demonstration of their robustness. According to previous works, many choose TensorFlow
as the desired platform for the development of solutions for building-related applications.
This includes [35] where TensorFlow has been used as a platform to train the desired deep
learning model. Vazquez-Canteli et al. [39] fused TensorFlow technique with building
energy simulation (BES) to develop an intelligent energy management system for smart
cities and Jo and Yoon [40] indicated that TensorFlow was used to establish a smart home
energy efficiency model. Additionally, the provision of pre-existing open-source deep
learning-based models by TensorFlow, such as the CNN TensorFlow object detection
API [41] enabled researchers to use this framework as the base configuration for detection-
based applications. This includes the applications by [33,42,43], which effectively fine-
tuned the model to improve accuracy and to adapt for the research desired detection
purposes. Therefore, the TensorFlow platform with the CNN object detection API was
employed for the development of a suitable model for this study.

1.1. Literature Gap and Novelty

Previous works [34,44] have shown the capabilities of computer vision and deep
learning methods to detect and classify human presence and movement. Many of the
studies focused on improving the performance of such approaches such as detection
accuracy, robustness, speed etc. However, studies focusing on using the provided data to
seek solutions for minimising the unnecessary building energy usage have been limited. In
addition, no work has employed computer vision and deep learning methods to predict
the heat emitted (sensible and latent) by both occupants and equipment in a building space,
which can affect the temperature and moisture levels and subsequently the operation of
the HVAC. Furthermore, studies that conducted field testing of computer vision occupancy
detection approaches in office spaces have been limited.

1.2. Aims and Objectives

To address the literature gaps, this study aims to detect and recognise the real-time
usage of multiple equipments and occupancy patterns in a room or space using a computer
vision and deep learning approach. A Faster R-CNN is developed and trained for classi-
fication and deployed to a camera for detecting the occupancy activities and equipment
usage. This method identifies the multiple occupants and equipment within an indoor
space and the activities performed by each of them. The model performance is evaluated
in terms of the different evaluation metrics. Field testing in an actual office space at the
University of Nottingham is carried out to validate the proposed approach and assess its
capabilities. In order to evaluate the impact on the cooling and heating energy demand,
the case study building was modelled and simulated in a building energy simulation
(BES) tool and the data generated using the proposed approach were used as input. A
comparison between the heat emission profiles of the proposed approach (also called here
deep learning influenced profile or DLIP) and fixed or static profiles is conducted.

2. Method

The following section presents an outline of the research method and provides the
proposed framework for the development of a method for detecting and recognising
equipment usage and occupancy activities in an office space. It is envisioned that this
approach will provide a better insight of the building operations and information which
could be incorporated with the building energy management system to enhance building
energy efficiency.



Energies 2021, 14, 156 4 of 28

2.1. Overview of the Research Framework and Approach

Figure 1 presents the proposed research method and framework. Initially, an office
space was chosen to carry out the initial testing of the deep learning framework. The
office space was also modelled for the evaluation of its potential impact on the energy
usage of the building. The approach can be split into two parts: 1. implementation of the
proposed deep learning framework and 2. framework performance analysis. In the first
part (highlighted in green), an appropriate model was selected, and this was modified
and used to develop the models for the occupancy and equipment usage detection. The
deep learning detection models were deployed to an Al-enabled camera and tested within
the chosen office space. In this study, the two models were tested separately to perform
a detailed evaluation of the performance of each method. It is envisioned that in future
works, both methods will be combined and deployed to a single device to carry out both
occupancy and equipment detection. The detection output will be used to generate heat
gain profiles for occupancy and equipment, also called here deep learning influenced
profiles (DLIP). This information could then be used by the controller or control system to
automatically adjust the HVAC operations. In order to assess its feasibility and analyse
its potential impact on building energy use, Part 2.1 presents the analysis of detection
performance and recognition accuracies and Part 2.2 presents the use of scenarios and BES
software.

H Selected Case Study Office Space:
— HH Room B12 Sustainable Research Building (SRB),

University of Nottingham, UK

—
Camera [= 2 -
1. Implement @ o ! amera {l
Proposec! — N N |,
Deep Learning Deep BEMS HVAC
Learning Learning Based
Framework Model Model Live Feed Data Output Results DLIP Profile System
Develop t Appli From Detection & Recognition Formation Control
2.1 Detection & Recognition - T e
2. Framework Analysis | JUL -

-»| Performance &
Analysis

ildi Buildi l_I Building Energy I
2.2 BUIIdIng Ener9¥ =p| Scenarios - ‘Eu.:";yg @ - :;oa:ls: I| I.
Performance Analysis Simulation eating %—

Coolin,
S1 sz 9

Figure 1. Research framework and method overview.

2.2. Deep Learning Method

The workflow procedure for the occupancy and equipment detection-based solution
is indicated in Figure 2. Part 1 consists of the data collection and model training procedure.
The training datasets were in the form of images. These were collected and processed
through manual labelling of the images. Next, the CNN-based deep learning model was
selected as the most suitable type. The CNN TensorFlow Object Detection API was used
as a base framework to enable the application in the form of a transfer learning approach.
The use of such a transfer learning method to establish the deep learning model allows
the development of accurate detection models with a reduced network training time and
requiring fewer amounts of input data. Part 2 of the workflow consists of the deployment
of the trained model into an Al-enabled camera to allow the detection and recognition of
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occupants and equipment usage in real-time. More details about the workflow, as shown
in Figure 2 are discussed in the following subsections.

Part 1: Train - lterate until the best model is established

LOAD DATA

+Images saved in
form of training and
testing data sets

PREPROCESS
DATA SELECT DEEP DEEP LEARNING
+Label images with LEARNING MODEL MODEL

ROI + Configure model & * Train model

«Generate training settings

«Export inference graph
TFRecords

LEARNING
MODEL
INFERENCE
* Trained CNN
deployed to
camera

Figure 2. The workflow of
Detection API.

PREDICTION

-
CAMERA

FEATURE .
*Real-time
«Live detection and EXTRACTION & detection and
recognition CLASSIFICATION recognition of
= Show accuracy of *Bounding box, scores nggéegnfesponse
detection and labels

prediction

the method for the development and application of the model using the TensorFlow Object

2.2.1. Data Preparation: Datasets and Pre-Processing

The initial stage of the development of the deep learning model was collecting relevant
input data. Images were selected to create large datasets for training and testing. Images
were collected from various sources because of the lack of relevant dataset in previous and
current studies, as detailed in Tables 1 and 2. The number of images within the datasets
followed the rule of thumb and suggestion given by Ng [45] of 80% of the images being
assigned for training and 20% for testing. The images were collected from the Google
search engine and taken within real office spaces (different from the space used in the
test) by using cameras. Both training and testing dataset images were labelled manually
by using the software Labellmg [46]. Labellmg is able to label object bounding boxes in
images and creates XML files that describe the objects in the images that assist the detector
to recognise the objects. For some cases, when one or more of the required responses
were present, it would mean multiple numbers of labels would be assigned to each image.
For instance and image showing two people who were walking, it would suggest the
assignment of two labels. After labelling, the associated XML files to each of the images in
the dataset were converted to form TFRecord files to provide a summary of the data which
would be utilised for model training.

Table 1. The training and testing images for the equipment detection model.

No. of Images

Office Equipment
Training Images

400

Testing Images

80

Total Images

480

PC Monitor
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Table 2. The training and testing images for the occupancy activity detection model.

No. of Images

Occupant Activity
Training Images Testing Images Total Images
None 100 20 120
Napping 100 20 120
Sitting 100 20 120
Standing 100 20 120
Walking 100 20 120
Total 500 100

2.2.2. Detection Model: CNN-Based Model Selection and Configuration

To train the convolutional neural network model, the general process requires defining
the network architecture layers and training options. Based on the transfer learning ap-
proach through the application of the CNN TensorFlow Object detection API, a pre-trained
training model was selected and used to train the required detection and recognition-based
models. Many models consisting of different variations of similar algorithms have been es-
tablished. This includes the RCNN [32], deep networks with SPP-Net [47], Fast RCNN [48]
and Faster RCNN [49]. SPP-Net, Fast RCNN, Faster RCNN are the algorithms based on a
different variation of the RCNN. Modifications towards the general RCNN architecture
would enable the enhancement of the network performance. RCNN can identify a large
number of bounding-box object region of interest (Rol) and then uses a CNN to extract
features from each region individually for classification [32]. On this basis, SPP-Net pro-
poses an SPP layer to remove the restrictions on the network fixed size and perform feature
extraction [47]. Hence, unlike RCNN, which needs to run a convolution layer repeatedly to
extract features, SPP-Net only requires implementing convolution operation once which
results in a reduction of implementation time. Fast RCNN is similar to RCNN while instead
of inputting Rol to the CNN, Fast RCNN applies the input image to the CNN layer to create
a convolutional feature map and then uses an Rol pooling layer to reshape the region of
proposals identified from the feature map into a fixed size and feed it into a fully connected
layer [48]. Comparing with RCNN, Fast RCNN runs faster as the convolution operation is
performed only once for each image rather than feeding a number of region proposals to
the CNN every time.

Both RCNN and Fast RCNN employ selective search to look for the region proposals
that consume a long time and further influence the performance of the network. A region
proposal network (RPN) module is used by the Faster RCNN as the attention mechanism,
which lets the network instead of the selective search learn the region proposals [42].
Ren et al. [49] came up with the algorithm and designed the architecture of Faster RCNN
which also feeds the input image into the convolution layers to generate a convolutional
feature map which is similar to Fast RCNN. Then the region proposals are predicted by
using an RPN layer and reshaped by an Rol pooling layer. The image within the proposed
region is then detected by the pooling layer. Overall, SPP-Net, Fast RCNN, Faster RCNN
all enhance the performance of the network. However, according to the comparison of
the test-time speed of different CNN-based object detection algorithms [50], Faster RCNN
is much quicker than other algorithms which is important for live object detection. In
addition, as the Inception module could improve the utilisation of the computing resources
inside the network, it was used together with Faster RCNN to achieve a higher accuracy
of the detection task [42]. Therefore, in this study, Faster RCNN with InceptionV2 was
selected as the main model configuration used to train the two detection models. Tests
using different training model types would be implemented in future cases to provide an
analysis and validation of the most suitable training model applied for the detection model.
Figure 3 summarises the architecture and the pipeline configuration of the model used for
both equipment and occupancy activity detection.
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Figure 3. The convolutional neural network (CNN) architecture and configuration used for training the models for detection

and recognition.

2.3. Deep Learning Model Application

This section presents the methods required for the implementation of the model.
It includes the details of the setup of the experiment and selected building; along with
the procedure of live detection and recognition to form the deep learning influenced
profile (DLIP).

2.3.1. Experiment Setup and Case Study Building

The Sustainable Research Building (University of Nottingham, Nottingham, UK) was
chosen as the case study building. Given in Figure 4, it consists of a three-storey structure
which provides a facility in order to research sustainable and renewable energy systems. It
achieves a BREEAM rating of excellent.

Test Room

Figure 4. An image of the Sustainable Research Building, with the highlighted office space (Room
B12) used as experimental test room for this present study.

The selected open plan office on the first floor of the building was used to perform the
initial live detection using the established deep learning models. The same building was
also used for the initial performance analysis where the office space was modelled using
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the IESVE tool, a BES software [51] to evaluate the potential of this method and the impact
towards building energy loads. The selected office space consists of a floor area of 54 m?.
The test room has internal dimensions of 9 m x 6 m and 2.5 m height. The experimental
setup is presented in Figure 5. A camera with 1080p resolution and a wide field of view
was installed close to the ceiling in the office space and connected to a computer to perform

equipment detection using the trained detection model.
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Figure 5. Selected office space (Room B12) floor plan with the experimental setup for the test room.

Within the detectable range, there are eight monitors (heat rate of approx. 50 W) and
each monitor is connected with a desktop computer (heat rate of approx. 200 W). Further-
more, according to [52], occupancy profiles were set with a sensible heat gain (70 W /person)
and latent heat gain (45 W/person). The infiltration rate was assumed to be 0.1ach. Further-
more, the building was equipped with natural ventilation (manually operated), along with
a window air-conditioning system to provide an internal set point temperature maintained
at 21 °C. Scenarios with various occupancy and equipment load profiles are inputted into
the BES software to simulate the energy demand for the office space. The scenarios and
energy simulation model are discussed in the following subsections.

2.3.2. Live Detection and Deep Learning Influenced Profile (DLIP) Formation

Using the developed deep learning model, a typical day was selected to perform the
live experimental detection and recognition to assess the capabilities of the method. A
range of activities was performed by the occupants and several PC monitors were switched
on and used by the occupants. During the real-time detection, the output data for each of
the detected occupants and pc monitors were used to form the occupancy and equipment
deep learning profiles (DLIP) based on the number of detection and recognitions made.
Figure 6 presents an example of the generated DLIP from the live detection within the
selected office space. The figure also shows example snapshots or frames that include the
detected condition (occupancy activity and equipment status) and the percentage of the
prediction accuracy. It should be noted that for this experimental tests, the two trained deep
learning models were deployed to two separate cameras. As mentioned before, in future
works the models will be deployed into a single camera which will allow for simultaneous
real-time detections of both equipment and occupants. The count profile could be used to
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form equipment and occupancy heat emissions profiles for building control systems. The
profile consists of values corresponding to each of the detected occupancy activity, which
can be coupled with the heat emission data for different activities within the office spaces.
Similarly, heat emission values for office-based electrical equipment were considered.
Further details corresponding to the selected values are given in Section 2.4.2.
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Figure 6. Process of forming the DLIP for (1) equipment, and (2) occupancy activity detection and recognition.

2.4. Conditions for Framework Performance and Analysis

In the second part of the method (as detailed in Figure 2), the model performance is
assessed based on the experimental detection and the analysis and also building energy

performance analysis. The following section provides the conditions used to perform
such analysis.

2.4.1. Detection Performance Evaluation

To summarise the detection results of the proposed algorithm, the test images assigned
in Tables 1 and 2 are used to evaluate the detection performance to provide results in the
form of a confusion matrix, and values for the terms of true positive (TP: representing the
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achievement of a correct detection), true negative (TN: representing correct detection when
computers are off or a different occupancy activity), false positive (FP: representing the
number of instances that the prediction was not true, or another instance being wrongly
identified as this response) and false negative (FN: representing the number of instances as
predicted to be something else, but it actually was not). Based on the created confusion
matrix, precision and recall are frequently used to evaluate the accuracy of the algorithm
for object detection which are defined by the Equations (2) and (3) respectively. Precision is
the measure of exactness or quality, while recall is a measure of completeness or quantity.
However, it is not sufficient to evaluate the detection performance when precision and
recall were separately used. With the consideration of a balance between precision and
recall, a measure called F; Score is formed by combining these two measures and expressed
as Equation (4).

(TP +TIN)
Accuracy = ———~ 1
Y= P+N) )
.. TP
Precision = m ()
TP
Recall = TP+ N 3)
Precisi Recall
F; Score — 2 x recision X Reca @)

Precision + Recall

2.4.2. Heat Gain Calculation

To assist the operations of building HVAC system controls, the generated profiles
are converted to DLIP which is based on heat emissions. In addition, using the following
heat gain calculation and conditions, the profiles can be inputted within the BES model to
analyse the impact of the deep learning solution on the energy demand.

Equipment

The total heat gains from equipment is the sum of the heat emission of different types
of office equipment, which is the product of the number of the specific type of equipment
in use and the value of heat gain of this equipment. It can be expressed as Equation (5).
The number of equipment in use is the output of the proposed method. For this model, the
typical values of the heat released from different types of office equipment which can be
obtained from CIBSE Guide [52] or ASHARE Handbook are utilised to calculate the total
equipment heat gains in this study.

Equipment heat gains = ) 'nx Q, )

where n is the number of the specific type of appliance in use, and Q, is the heat gain of
the specific type of appliance.

Occupancy

Similarly, this study uses the occupancy heat emission rates, given by [52] (Table 3) to
predict the total occupancy heat gains.

Table 3. Occupancy heat emission rates [52].

Occupancy Activity Rate of Heat Emission
Total (W) Sensible (W) Latent (W)
None 0 0 0
Napping 105 70 35
Sitting 115 75 45
Standing 130 75 55

Walking 145 75 70
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2.4.3. Building Energy Simulation and Test Scenarios

This section presents the description of the method and conditions for the analysis of
the proposed deep learning vision-based framework based on the use of a BES tool along
with the suggested test scenarios.

Building Energy Simulation Model

A BES tool was used to model the office space with the conditions given above.
The validation of the IESVE tool and equations employed are detailed in our previous
studies [53,54].

The case study building was modelled using IESVE software with some building
and exterior features simplified. The building was divided into different thermal zones
which allow setting up of different operation profiles for each zone. The wall U-value
was 0.17 W/m? K, roof was 0.15 W/m? K, ground was 0.15 W/m? K and glazing was
1.92 W/m? K, which were obtained from the available building drawings. The weather
data for Nottingham was employed for the simulations. Details about the associated
profiles assigned for the building, occupancy and equipment were given differently for
each of the selected test scenarios. The geometry of the case study building is created and
presented in Figure 7.

Figure 7. Front and back view of created model of the case study building.

Conventionally, when modelling building internal heat gains or setting the HVAC
operations, fixed or static profiles are typically used, as indicated in Figure 8. In this study,
the equipment is set to be 8 PC monitors within the detection scene. Hence, the typical
equipment profile given in Figure 8a indicates the operation of eight PC monitors during
office hours which would provide a maximum heat gain of 2 kW. Typical Occupancy
1 represents the average heat gain emitted by four occupants from the assignment of a
constant sitting activity. This gave a constant total heat gain of 0.46 kW (115 W for each
occupant). Typical Occupancy Profile 2 represents the maximum levels of gains emitted
by the occupant by assigning a constant activity of walking. This gave a constant total
heat gain of 0.58 kW (145 W for each occupant). The use of this profile would enable the
modelling of the situation when max conditions during office hours were assumed.
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Figure 8. Typical daily static profiles. (a) Equipment profile. (b) Occupancy profile with Typical Office 1 for constant sitting
(average conditions) and Typical Office 2 for constant walking (maximum conditions).

Test Scenarios

Experimental test scenarios were set up to investigate the impact of the application of
the deep learning vision-based detection method on the building energy demand. Table 4
summaries the test scenarios set up for the corresponding building energy simulation cases.
Each scenario was performed for one typical office day with the building assumed to be
operated during the hours of 09:00-17:00; corresponding to the deep learning detection
period. Each of the scenarios was simulated twice, to achieve results for a peak summer and
winter day period. Effectively, each scenario consists of different variations in equipment
and occupancy profiles to enable the evaluation of the impact of the use of control strategies,
informed by real-time multiple detections on building energy demand.
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Table 4. Summary of the test scenario cases with the assigned building, equipment and occupancy building energy

simulation modelling profiles and conditions.

Scenario 1: Constant

Scenario 2: Equipment Scenario 3: Occupancy

Typical Only Only Scenario 4: Both

Image Representation

Scenario Description

Equipment Profile

Number of PC Monitor
turned on (Equipment)
Occupancy Profile
Number of occupants’
present in room

Occupancy Internal Gains

Heating Profile
Cooling Profile
Ventilation Profile

No Camera 1 Camera 1 Camera

Detection Equipment Detection Only Occupancy Detection Only

2 Cameras
& O
. . . . Both equipment and
The deep learning method  Deep learning equipment  Deep learning occupancy .
. ) . . occupancy detection
is not applied detection model used detection model used
model used
Typical Static Profile Equipment Deep Learning Constant Typical Equipment Deep Learning
(Figure 8a) Influence Profile (Figure 8a) Influence Profile
Varies according to the Varies accprdlng to the
8 . 8 actual equipment usage
actual equipment usage
and occupancy
Constant Typical Constant Typical Occupancy Deep Learning ~ Occupancy Deep Learning
Occupancy 2 (Figure 8b) Occupancy 2 (Figure 8b) Influence Profile Influence Profile
3 3 Varies according to the Varies according to the

actual occupancy
Maximum sensible gain: 75 W /person
Maximum latent gain: 70 W/ person
(To meet the maximum total of 145 W /person for the activity of walking)
Constant Heating (Room set point temperature, 22 °C during office hours)
Constant Cooling (Room set point temperature, 22 °C during office hours)
Constant Typical (Maximum ventilation conditions during office hours)

actual occupancy

Scenario 1 follows the conventional method using static or fixed control setpoints.
Scenario 2 and 3 presents the use of a single deep learning model, either the equipment
or the occupancy. Additionally, Scenario 4 presents the application of both deep learning
methods, as indicated in Figure 1.

For the simulation cases, a maximum occupancy sensible and latent occupancy gains
of 75 and 70 W were assigned. This enables the representation of all activities performed
within the office space, with walking being the maximum at 100%, followed by standing at
79% sitting at 64%, and no activities would present 0%.

To ensure adequate thermal comfort conditions within the building, a constant HVAC
set point temperature was assigned to the building space. The set temperature values
were based on ASHRAE 90.1 [55] and ASHRAE 55 [56]. For occupied hours, it advised a
temperature of 22-27 °C for cooling and 1722 °C for heating. A room setpoint temperature
of 22 °C was set during the typical occupied office hours of 09:00-17:00, and no heating was
assigned to the building during the unoccupied hours. Furthermore, maximum ventilation
rates were assumed during the occupied hours.

3. Results and Discussion

This section presents the model training results and the analysis of the experimental
results. It consists of the evaluation of the application of the real-time detection approaches
implemented in the selected office based on the detection performances; along with further
analysis using the building energy performance results and scenario-based assessments.

3.1. Deep Learning Model Training and Evaluation

Both the equipment and occupancy activity detection models used the Faster RCNN
with InceptionV2 model for training, and the following training results in Table 5 were
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achieved. The convergence of the loss function implies that the model has been adequately
trained. The initial results presented here can be used as benchmark data for comparing
the performance of future frameworks which would use more training and test data and
different models [57].

Table 5. Deep learning model training results.

Training Conditions and Results Equipment Model Occupancy Model
Model Used Faster RCNN with InceptionV2
Total Steps 24,064 102,194
Training Duration 2h 24 min 6 h 45 min
Average Loss 0.1 0.06
Minimum Loss 0.02 0.000038
Equipment Model Occupancy Model
4
3
2 w 3
5 K
Total loss versus the number of = 5 2
training steps E e .
0 0
0 4k 8k 12k 16k 20k 24k 0 20k 40k 60k 8Ok 100k
Number of Training Steps Number of Training Steps

Based on the images assigned to the test dataset (Tables 1 and 2), results in the form
of a confusion matrix were established. Since one response (pc monitor -on) was selected
for the equipment detection model, results for the 80 test images, all consisted of the
present status of the pc monitors. Results suggested 64 of the images were correctly
classified, with 10 images were not detected, but on the image, pc monitors were shown
to be ON. Additionally, 6 predictions for the case of pc-monitors were not ON but was
falsely predicted. This is presented in the confusion matrix given in Figure 9a,b presents
the confusion matrix results for the occupancy activity model with the classification for
all five responses. For both models, it shows that majority of the images to be correctly
classified, giving further confidence on the two models to be suitable for both equipment
and occupancy activity classification.

Furthermore, Tables 6 and 7 present the model performance based on evaluation in
terms of the different evaluation metrics. It suggested the equipment model achieved
an accuracy of 80% with an F; score of 0.8889. Furthermore, for the occupancy activity
model performance, it indicated the classification for ‘none’ (when the occupant is absent)
achieved the highest performance, and ‘standing’ achieved the lowest. This is perhaps
due to the limitations in recognising occupancy body form and shape, as it may have been
confused in identifying the sitting and walking activities. Nonetheless, average accuracy
of 97.09% was achieved and an F; Score of 0.9270.
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Figure 9. Confusion matrix results validating the performance of the (a) equipment and (b) occupancy activity model in

terms of classification.

Table 6. Equipment detection model performance based on the application of images from the testing
dataset.

Class Accuracy Precision Recall F;1 Score

PC Monitor—on 80.00% 0.9143 0.8600 0.8889

Table 7. Occupancy activity detection model performance based on the application of images from

the testing dataset.

Class Activity Accuracy Precision Recall F; Score
1 Napping 96.88% 0.9474 0.9000 0.9231
2 None 98.94% 0.9524 1.000 0.9758
3 Sitting 95.88% 0.8636 0.9500 0.9048
4 Standing 95.88% 0.9444 0.8500 0.8947
5 Walking 97.89% 0.9500 0.9500 0.9367

Average for all activities 97.09% 0.9316 0.9300 0.9270

Since this model performance evaluation is based on using still test images assigned in
the given testing dataset, therefore, the following experimental detection and recognition
results can provide more valuable analysis so the detection evaluation is based on a more
realistic conditions, including the background conditions, environment setting and realistic
occupants behaviour and actions towards their movement and equipment usage.

3.2. Detection Performance and Profiles

The following section presents the results achieved from the initial experimental
detection using the proposed vision-based deep learning method. Figure 10 presents an
example of the equipment and occupancy detection performed within the selected case
study office space. Based on the set up indicated in Figure 5 and with the process given in
Figure 6, it shows the ability to detect and recognise the equipment and occupants in the
space. For both cases, output detection bounding boxes were present during the detection,
and the accuracy for each detection was also presented above. It should be noted that in
practice, these images will not be saved within the system but real-time data at intervals
would be logged in the form of count profiles which can then be used to estimate and
generate the heat emission DLIPs.
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A 2
Fnone: 76%

i

(b)

Figure 10. Example of the detection result. (a) Equipment detection—PC monitors, (b) occupancy activity from the
performance of the deep learning detection method within the case study office space.

3.2.1. Detection Performance

The detection performances are evaluated based on the application of the proposed
approach in the selected case study building office space. The developed approach was
implemented in the selected open plan office while the occupants were doing their daily
work as usual. If the computers are in use, then the model will respond as “pc monitor on’.
The overall equipment detection performance is shown in Figure 11. It shows that 80.80%
correct detection could be achieved by this approach during the initial experimental test.
While the errors including incorrect detection and no detection were 15.24% and 3.94% of
the detection period, overall, the proposed model can perform the equipment detection
task with good accuracy within the case study office building. Further improvements
should be carried out by using different algorithms and more testing data.

No Detection
3.96%

Correct Detection
80.80%

Figure 11. Equipment detection performance results during the initial experimental test.

During the experimental test of the occupancy activity detection approach, occupants
were asked to carry out their typical office tasks, where a range of activities were performed
by the occupants. This included walking, standing, sitting and none for when no occupants
are present. Figure 12a presents the overall detection performance results. It provided
correct detections 97.32% of the time, incorrect detections 1.98% of the time and no detec-
tions 0.70% of the time. Overall, this indicates that the selected model provides accurate
detections of various activities within the desired office space. Figure 12b presents results
in terms of the selected detection response categories of occupancy activities. Individual
detection accuracies for each activity includes walking with 95.83%, standing 87.02%, sit-
ting 97.22% and none achieved an accuracy of 88.13%. This shows the capabilities of the
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deep learning model to recognise the differences between the corresponding human poses
for each specific activity.

Overall Occupancy Detection Performance

Incorrect No Detections
Detections — 070%
1.98%
Correct
Detections
97.32%
@)
Occupancy Activity Detection Accuracy
100
90
& 8
= 70
8
£ 60
Q
< 50
£ ©
g 30
<
A 20
10
0
None Sitting Standing Walking

Activity
(b)

Figure 12. Occupancy activity detection performance results during the selected experimental test.
(a) Percentage of time achieving correct, incorrect and no detections. (b) Performance results based on
detection accuracy achieved for each response outcome of the detected activities; walking, standing,
sitting and none.

Following the approach given in Figure 1, the performance of the real-time experimen-
tal detection and recognition of both equipment and occupants within the selected office
space provided time-stamped data of the selected output responses of the occupancy activ-
ity and/or pc-monitor being turned on, along with the corresponding detection accuracy.
The generated data were used to form the following count-based deep learning influenced
profiles (DLIP) given in Figure 13, where the formation process is shown in Figure 6.
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Figure 13. Detected (a) equipment, and (b) occupancy number profiles generated from the application of the deep learning
method in the case study office.

The formed occupancy and equipment-count-based DLIP provides informative data
showing the number of detected occupants performing each of the activities and the
number of equipment in use across the whole detection period. This contributes towards a
better understanding of the occupants and the equipment usage within the office space
in comparison to conventional sensors used within buildings. Furthermore, to enable the
data to assist building system controls and building energy performance simulations, both
the profiles for equipment and occupancy were converted to heat emissions-based DLIP.
This is further discussed in Section 3.2.2. This will allow the evaluation of the impact of the
application of such deep learning detection approach.
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3.2.2. Comparison between the Static and DLIP Profile

Using the data presented in Figure 13, along with the typical values of heat gain
of computers and occupants performing different activities (Table 3), the following heat-
emissions-based DLIP were formed. The typical equipment profile and equipment heat-
emissions-based DLIP are plotted in Figure 14a. Figure 14b presents the occupancy heat-
emissions-based DLIP plotted against the two Typical Occupancy profiles. The initial
results showed that the proposed approach could enable the detection of the usage of
equipment and various activities and identification of the times when the equipment usage
or occupancy activities increased and decreased, which influence the internal heat gains.
Based on the detection period, up to 65.75% difference between the typical equipment
heat emission profile and the actual equipment heat emission profile was observed. While
up to 37.51% and 50.44% difference was observed between the Typical Office Profiles 1
and 2 and actual occupancy heat emission profile. Hence, there was a high discrepancy
between the true equipment usage and occupancy activities performed within the building
spaces, and the use of static profiles. Therefore, this shows the potential of the vision-based
deep learning approach for both equipment and activity recognition for providing a better
understanding of the conditions within an indoor space for more effective system controls
and operations.

3.3. Building Energy Performance Analysis

The following section provides an analysis of the potential impact of the proposed
deep learning detection approach on building energy performance. The analysis was based
on the comparison of the different Scenarios 1-4 (as described in Table 4).

3.3.1. Internal Heat Gains

Both office equipment usage and occupancy activities can influence the internal heat
gains. This results in the variation of the indoor air temperature and humidity and hence
can influence the indoor thermal environment and the requirement for heating, cooling
and ventilation. Figure 15 presents the comparison of the equipment and occupancy
gains achieved for a typical day under the four different scenarios. Scenario 1 results
suggest the benchmark values based on the assignment of typically scheduled or static
profiles. The Scenario 1 equipment gains, corresponded directly with the total heat gains
for the typical or static profile (Figure 8a), giving a total equipment heat gain of 96.0 kW.
Additionally, the occupancy gains were directly related to the occupancy gains indicated
by the Typical Occupancy 2 Profile, giving a total occupancy gain of 20.88 kW. These values
were greater than the gains predicted using the deep learning approach. As observed,
when both equipment and occupancy deep learning methods were used (Scenario 4), the
total equipment heat gain was 32.88 kW, and total occupancy heat gain was 14.05 kW,
65.76% and 32.74% lower as compared to Scenario 1. Hence, this shows that the typical or
static profiles can overestimate or underestimate the heat gains. Therefore, this shows the
benefits of using the deep learning approach for demand-driven HVAC control systems.
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Figure 14. Heat-emission-based deep learning profile, (a) equipment and (b) occupancy. DLIP plotted against typical
profiles from (Figure 8) for comparison.

Figure 16 presents the sum of the equipment heat gains, occupancy sensible and latent
heat gains predicted for the different scenarios. Because of the working environment being
an office space with a greater number of office equipment emitting larger amounts of heat
gains and with a low number of occupants present in the room and mostly sitting for a
majority of the time, it was observed that the equipment heat gains are more significant
than occupancy heat gains.
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Figure 15. Predicted (a) equipment, and (b) occupancy (sensible and latent) gains in the case study building office space
based on Scenarios 1-4.

A total internal heat gain value of 116.88 kW was predicted for Scenario 1. Scenario
2, which employed equipment detection, showed a significant reduction (63.13%) as com-
pared to Scenario 1. While Scenario 3, which had occupancy activity detection, indicated
a total internal heat gain of 110.05 W. This shows that based on the conditions simulated
and selected case study, the detection of occupancy movement did not have a significant
impact as compared to the application of equipment detection. However, its usage could
be more advantageous in an indoor environment with lots of occupancy movement and
heavy occupancies such as shopping malls or indoor gyms.
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Figure 16. Total internal heat gains achieved based on Scenarios 1-4.

3.3.2. Heating and Cooling Demand

The following analysis of the building energy consumption was based on the case
study building model and the conditions set (Scenarios 1-4). Additionally, it should be
acknowledged that this case study building serves as an exemplar in sustainability and
its environmental credentials with a BREEAM rating of excellent. It consists of building
materials with U-values that provides a highly insulated energy-efficient building design.
The building is located in the UK which has a temperate maritime climate. Hence the total
heating demand was based on a typical day in the winter season, and the cooling demand
was based on a typical day in the summer season.

Figure 17a shows the total heating demand for a typical office day during the heating
season with Scenarios 1, 2, 3 and 4 providing a total heating load of 29.70 kWh, 40.20 kWh,
30.20 kWh and 40.60 kWh. As discussed earlier, the internal heat gains predicted for
Scenario 4 (with the application of the deep learning detection approach) was significantly
lower than Scenario 1 (typical or static schedule). Hence the heating requirements would be
higher during winter to enable the provision of adequate indoor conditions and occupant
satisfaction. Figure 17b presents the total cooling demand for a typical day during the
cooling season. Scenario 1, using typical or static profiles, predicted the required cooling
load to be 54.77% higher than Scenario 4. Results for Scenarios 2 and 3 highlighted the
importance of both types of detection methods.

A detailed analysis of the heating and cooling energy consumption can be observed
in Figure 18a,b which presents predicted hourly heating and cooling loads comparing
Scenarios 1-4. It can be observed that the heating and cooling loads are directly impacted
by the variations of equipment and occupancy heat gains throughout the day. With higher
heat gains predicted for Scenario 1, which used fixed scheduled profiles, it resulted in
having the highest heating and lowest cooling loads.
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Figure 17. (a) Heating and (b) cooling building energy loads for a day in the selected office space based on Scenarios 1-4.

Based on the simulation results, the application of the proposed deep learning ap-
proach led to lower predicted internal heat gains (up to 59.86%) in comparison with
Scenario 1 which used static scheduled profiles for both occupancy and equipment usage
within a building space. This influenced the overall building loads, with up to 36.7%
increase in heating during the heating season and 54.8% decrease in cooling during the
cooling season. It should be noted that these energy predictions are solely based on the
scenarios and the conditions applied within the selected case study building. However,
this highlighted the significance of real-time monitoring of occupancy activities performed
and the usage of equipment.
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Figure 18. (a) Heating and (b) cooling building energy loads distribution for a day in the selected office space comparing

Scenarios 1-4.
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4. Conclusions and Future Works

This study proposes a vision-based occupancy and equipment usage detection ap-
proach for demand-driven control systems to minimise the unnecessary energy usage and
enhance thermal comfort. The method can detect and recognise multiple occupants” and
their activities and equipment usage within building spaces in real-time. A Faster R-CNN
was developed, trained and deployed to a camera for real-time detection of occupancy
activities and equipment usage. The proposed models were validated through the use of
a set of testing data, and the results suggested the equipment detection model achieved
an accuracy of 80% with an F; Score of 0.8889 and the occupancy model achieved an
accuracy of 97.09% with an F; Score of 0.9270. It indicated that the model is suitable for
live occupancy and equipment detection.

Experiments were conducted within an office room to assess the capabilities and
accuracy of the proposed approach. It showed that overall occupant’s activities and
equipment detection accuracies of 97.32% and 80.80% were achieved respectively, which
are in accordance with the test accuracies. It presents the capabilities of the model to detect
the equipment usage and recognise the differences between the corresponding human
poses for each specific activity. Four test scenarios in terms of the use of profiles were set
up to investigate the impacts of the application of the deep learning vision-based detection
method towards building energy performances. Using BES, the building was modelled
and simulated using a static or fixed profile and DLIP profile to predict the influence on
energy consumption. The results showed that the internal heat gains achieved by typical
profiles were much greater than the gains achieved using the deep learning approach. It
also suggested that when both equipment and occupancy deep learning methods were
used (Scenario 4), a 65.75% and 32.74% decrease of equipment and occupancy gains could
be achieved respectively in comparison to Scenario 1 results.

This highlights the benefits of using the deep learning approach to provide deep
learning-based profiles to HVAC control systems to enable the achievement of meeting
real-time requirements for reducing the unnecessary building loads.

Overall, the proposed approach presents the capabilities of detection and recognition
of multiple occupants’ activities and equipment usage and provides an efficient alternative
to accurately detect and estimate the internal heat gains. To further optimise the detection
performance, some improvements are required to be applied to the approach to decrease
the error rate as the error rate could result in an inaccurate prediction of the energy demand
and further causes an uncomfortable indoor environment for occupants. In addition, a
strategy, which transfers the data clustered from deep learning model to occupancy and
equipment profiles and feeds them into BEMS to automatically adjust HVAC setpoints, is
required to be developed.
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Abbreviations

Al Artificial Intelligence

ASHRAE  American Society of Heating, Refrigerating and Air-Conditioning Engineers
BES Building Energy Simulation

BREEAM  Building Research Establishment Environmental Assessment Method
CIBSE Chartered Institution of Building Services Engineers

CNN Convolutional Neural Network

DLIP Deep learning influenced profile

FN False Negative

FP False Positive

HVAC Heating, Ventilation and Air-Conditioning

PIR Passive Infrared

RCNN Region-based Convolutional Neural Network

Rol Region of Interest

TN True Negative

TP True Positive
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