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Abstract 

The present study introduces an equipment usage 

detection approach using computer vision and deep 

learning methods for efficient building energy controls. 

The experimental results presented a detection accuracy 

of equipment detection of 83.33%. To investigate the 

impact of the proposed approach on building energy 

performance, the case study building was modelled and 

simulated. The simulation results showed that up to 

35.95% lower internal heat gains was predicted with the 

use of deep learning influenced equipment detection 

profiles in comparison with the use of static or fixed 

schedules. The study highlights the benefits of 

incorporating real-time deep learning detection method 

with demand-driven controls which can minimize 

unnecessary building energy consumption while 

maintaining comfortable indoor environment. 

Key Innovations 

• Accurate equipment usage detection is valuable for 

the reduction of building energy consumption and 

carbon emissions. 

• A CNN-based model was developed and trained to 

perform equipment usage detection and recognition. 

• Proposed framework was assessed based on 

experimental tests and building energy simulation. 

• Live equipment detection contributes to effective 

building energy controls by adjusting HVAC 

operations based on detection data. 

Practical Implications 

This approach investigates the impact of using the deep 

learning detection methods to monitor real-time electrical 

equipment usage and generate equipment heat gains 

profile on the building energy consumption. The proposed 

method can be incorporated with demand-driven controls 

which can minimise unnecessary building energy 

consumption while maintaining comfortable indoor 

environment.  

 

Introduction 

When designing HVAC system control strategies, 

equipment heat emission is a significant factor as it is one 

of the main sources of internal heat gains that affect the 

cooling loads and requires to be accurately measured or 

estimated. For office buildings, more electronic 

equipment is installed within the conditioned spaces, and 

not all equipment is in use during the conditioned period. 

Employing predefined load schedules from relevant 

standards such as ASHRAE Standard and CIBSE Guide 

is a frequently used method to estimate equipment usage 

patterns and heat emission for building energy simulation 

and HVAC operation. However, following the predefined 

profiles to control HVAC systems may not be sufficient 

for a specific building as the different functions and 

features of various construction may result in 

overestimation or underestimation of energy demand. 

Therefore, employing HVAC control strategies which can 

coordinate real-time usage of building services to the 

equipment usage such as demand-driven building controls 

is necessary (Sun et al., 2013). These solutions reduce the 

energy usage and enhance thermal comfort by optimising 

the scheduling of the operation of HVAC by using the 

occupancy information (Valdiserri et al., 2016; 

Tzempelikos et al., 2017). 

The effective development and implementation of such 

control strategies require accurate and real-time data on 

equipment usage in building spaces. With the increasing 

use of office equipment in commercial buildings, internal 

gains could be doubled in the next 20 years which leads 

to an increase of cooling demand in summer (Ghatikar et 

al., 2013). It implies that a better understanding of the 

impact of indoor heat gains from equipment is significant 

to explore the strategy to improve energy efficiency. 

Recently, a number of studies have made lots of efforts on 

investigating occupancy profiles by collecting occupancy 

information via several technologies such as 

environmental and motion sensors, WiFi and radio 

frequency identification (RFID) (Feng et al., 2015; Wang 

et al., 2016). However, only few studies carried out the 

exploration of estimation techniques of equipment usage 

patterns in offices, which contribute to gain insight on the 

impact of accurate prediction of patterns in built 

environment or develop models for building energy 

simulation (BES) or building energy management system 

(BEMS). As occupants using appliances and equipment 

within the space can influence the heat gains, the 

capability to detect and recognise the equipment usage 

would be useful to provide information that can be used 

to identify the actual heating/cooling requirements of a 

space. Employing artificial intelligence (AI) methods can 

help develop accurate detection and recognitions tools. 

An example of an artificial intelligence method which has 

been employed to carry out tasks such as object 

classifications, visual and speech recognition with great 

accuracy is deep learning. The most popular deep learning 

framework platforms includes Python, Keras and 

Tensorflow. The work (Fonnegra et al., 2017) compared 

the different deep learning frameworks for image 

classification applications using convolution and 

recurrent networks. The study highlighted that 
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TensorFlow is one of the most popular machine learning 

platform due to its compatibility, performance and 

flexibility. It allows the testing of different configurations 

of different deep learning algorithms (TensorFlow, 2020). 

Many previous studies that developed AI-based solutions 

for building applications employed Tensorflow. For 

example, Markovic et al. (2018) used Tensorflow for the 

development of the window opening detection model 

based on deep learning. A simulation environment for 

intelligent energy management of smart cities based on 

TensorFlow and CitySum was developed by (Vázquez-

Canteli et al., 2019). In addition, TensorFlow also 

provides pre-trained models (Huang et al., 2016) which 

allows the framework to be used as the base configuration 

for different detection applications such as in the works of 

(Galvez et al., 2018; Phadmos et al., 2018). Hence, the 

present work will be employing TensorFlow with the 

Convolutional Neural Networks (CNN) object detection 

API for developing a coupled detection and recognition 

model for equipment use. 

The present work will develop a coupled approach based 

on computer vision and deep learning to detect and 

classify the usage of the equipment in a building space in 

real-time and concurrently. More specifically based on 

previous works (Wei and Calautit, 2020; Tien et al., 

2020), we propose a technique based on the Faster regions 

with CNN features (R-CNN) to process the obtained to 

detect and recognise the usage of equipment in an office 

space. As compared to the methods in previous studies 

which used conventional sensors, smart meters and 

surveys, this method requires fewer devices to get the 

necessary information within indoor spaces. The method 

can also provide real-time information to the HVAC 

control systems to adjust setpoints to provide a 

comfortable indoor environment and reduce energy 

wastage. Furthermore, previous studies focused on 

improving the performance of the deep learning model to 

accurately detect the presence and type of objects in 

spaces. However, to the best of author’s knowledge, little 

work has attempted to predict the associated heat gains 

from the equipment usage which can be utilized to better 

assess the cooling and heating demands of a space. These 

can be addressed by the proposed approach. In this study, 
the model is trained and deployed to a standard camera, 

and field tests were carried out in an office space. During 

the field test, the capabilities of the proposed method is 

evaluated by trying to detect how the occupants interact 

with the personal computers. Different evaluation metrics 

suggested by previous works were employed. The field 

tests were carried out in an actual working space in a 

building at the University. The acquired real time 

information is used to generate equipment usage profiles 

which can then be used to control HVAC operation and 

as input for building energy simulation (BES) models. In 

this study, the influence of the coupled approach on the 

energy demand is evaluated by simulating the case study 

building in BES with the generated profiles. Two profiles 

were simulated to further test the approach. This includes 

a comparison of the coupled approach with the use of the 

fixed profile and only-equipment detection approach. 

Method 

An overview of the proposed research method is 

summarized in Figure 1. An office building at the 

University was selected to carry out the testing of the 

coupled detection approach and evaluation was carried 

out by assessing the detection performance and 

performing BES modelling.  

Deep Learning Approach 

Deep learning is an artificial intelligence method that can 

be employed to carry out object classifications and visual 

and speech recognition with great accuracy. With deep 

learning, many new applications of computer vision 

methods have been introduced in particular occupancy 

Figure 1: An outline of the research approach 
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detection. In the present work, the CNN will be employed 

due to its good performance in tasks involving images and 

videos (Wei et al., 2020). Original images are directly fed 

into the model, and hence pre-processing of training 

images are not required (Tien et al., 2020). 

At the pre-processing stage, the initial step was to collect 

the input data for training and testing the model. Due to 

the lack of data or model from previous works, images 

were collected from the Google search engine to form a 

dataset. These included images of personal computer 

screens, which are ON and OFF. As summarised in Table 

1, the number of the collected images used for training 

was 80%, and 20% was used for testing. LabelImg was 

used to label the objects in the images for the dataset. 

After the labelling process, the created XML files 

describing the objects in the images were converted to 

from TFRecord files, which were then used for the 

training of the deep learning model. 

Table 1: The number of images for training and testing 

the equipment detection model 

Equipment 
No. of Images 

Training Testing Total 

PC Monitor 400 100 500 

 

In order to select a suitable model for the required tasks, 

different types of widely used CNN models were explored 

including RCNN, Deep Networks with Spatial Pyramid 

Pooling (SPP-Net), Fast RCNN and Faster RCNN 

(Girshick et al., 2014; He et al., 2015; Girshick, 2015; Ren 

et al., 2015). With the use of the RCNN model, a large 

number of bounding box object region of interest (ROI) 

can be identified and used to extract features of the desired 

object for the classification task with the use of a CNN 

(Girshick et al., 2014). On this basis, Fast RCNN, Faster 

RCNN and SPP-Net are formed under the different 

modifications towards the architecture of the RCNN, 

which all enhance the detection and recognition 

performance of the network. For the SPP-Net, an SPP 

layer is employed for the feature extraction and the 

removal of network size limitations (He et al., 2015). For 

the Fast RCNN, the input image instead of ROI was 

applied to the CNN layer in order to create a feature map. 

An RoI pooling layer reshapes the identified ROI from the 

feature map into a fixed size and fed into a fully connected 

layer (Girshick, 2015). Faster RCNN employed a region 

proposal network (RPN) module to look for the region 

proposals instead of the selective search used in RCNN 

and Fast RCNN, which consumes more time (Ren et al., 

2015). Based on the evaluation of the speed of these 

CNN-based models (John, 2019), which is a significant 

factor for live object detection, Faster RCNN performs 

much quicker than other networks. Moreover, the 

Inception module can be incorporated with Faster RCNN 

to enhance the computing resources' use inside the 

network and optimise the detection and recognition 

accuracy (Galvez et al., 2018). Hence in the present work, 

the Faster RCNN with InceptionV2 was selected. 

Application of the Deep Learning-based Approach 

An open-plan office in the Sustainable Research Building 

at the Department of Architecture and Built Environment, 

University of Nottingham, was used to carry out the 

experiments. The office is located on the first floor of the 

building. A PC connected camera was installed near the 

ceiling of one corner of the room to capture one side of 

the room. Within the detected room space, 6 monitors, 

each with an approx. heat rate of 50W, which are 

connected to desktop computers, each with an 

approximate heat rate of 200W. The view from the camera 

and the detected equipment was shown in Figure 2. Note 

that the heat rate of the computer varies depending on the 

usage and applications being run. This won’t be evaluated 

here but will be taken into account in future studies.  

 

Figure 2: View from the camera and the detected 

equipment 

During the test, the occupants interacted with the 

computers and monitors, and the model was trained to 

detect the monitors when switched ON or OFF. During 

the live detection and recognition, data on the PC 

monitors were output in real-time and were used to form 

the equipment use the deep learning influenced profile. The 

images captured by the camera are only displayed to provide 

an example of how the approach detects the computer 

screens and occupants simultaneous. In practice, the 

device will not output any image or videos and only 

generated deep learning profile graphs which can then be 

used to estimate the heat emission in a space. 

It should be noted that the output of the camera will not 

be pictures, but data or information, which is the number 

of equipment in use or the value of heat emissions from 

equipment. Then the equipment usage profile will be 

generated based on the collected data. Therefore, no 

image will be taken and saved in the device. However, 

just like any other connected device, the AI-enabled 

camera can be hacked. To ensure the security of the 

camera, we will make further improvements to prevent 

the camera from being hacked in our future work. 

Model Performance and Analysis  

In order to assess the performance of the detection model, 

the test images will be used, and the results will be 

presented in a confusion matrix. The accuracy, precision 

and recall can be computed according to the created 

confusion matrix. Precision can show the accuracy of the 

model by calculating how many of those predicted 

positive are actual positive, while recall calculates how 
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many of those actual positives the model can capture by 

labeling it as TP. As the evaluation of the detection 

performance is insufficient when using precision or recall 

separately, F1 Score is introduced and formed by 

combining precision and recall to balance these two 

measures. 

Correct estimation of the internal heat gains will be useful 

for demand-driven controls and as input for BES models. 

For the present approach, the heat gains will be estimated 

by using the formed DLIP. The heat emissions from the 

detected PC monitors and computers (CIBSE, 2015) are 

summed to estimate the total equipment heat gains. While 

the sensible and latent heat emissions from different 

occupancy activities such as sitting, standing and walking 

(CIBSE, 2015) are used to estimate the total heat 

emissions from occupants.  

For the simulation of the building, the BES tool Integrated 

Environment Solutions Virtual Environment (IES VE) 

was employed. The validation of the tool and the theory 

are fully detailed in our previous works (Shahzad et al., 

2018; Shahzad et al., 2020). The geometry was modeled 

in the ModelIT tool and some simplifications we carried 

out such as not including internal features such as 

furniture and external features such as surrounding 

buildings and trees. The building was modelled into 

several zones to allow the settings up and evaluation of 

each zone. The U-value of the roof and floor were 0.15 

W/m2K, the wall was 0.17 W/m2K and windows were 

1.92 W/m2K. The Nottingham weather file was set. The 

setpoint temperature for cooling and heating were set to 

25°C and 22°C respectively. The infiltration rate was 

assumed to be 0.1ach. Two profiles as showed in Figure 

3 were simulated for the equipment heat gains. It 

represents a different variation in equipment profiles to 

show the effectiveness of a demand-driven control 

strategies integrated with real-time detection. A static 

occupancy profile was used to represent the typical 

occupancy schedule. Each profile simulated 4 days 

(Wednesday - Saturday) of a typical office week during 

the heating and cooling season. 

Figure 3: a) Static equipment profile, and b) scenario-

based equipment profile representing a typical office 

week used for the building energy modelling 

Results and Discussion 

Deep Learning Model Training and Evaluation 

The trained models were used to perform detections on 

the images located within the testing dataset to provide 

the results in the form of a confusion matrix in Figure 4, 

and the corresponding performance results of the 

equipment detection model in Table 2. The equipment 

detection was trained to detect and provide recognition 

responses of PC monitors. Based on the 100 images 

within the test dataset, a total of 150 prediction labels 

should be assigned to these images. The results suggest 

125 labels (83.33% of the total number of labels) were 

correctly assigned to PC monitors which are ON. This 

influenced the provision of the overall model performance 

giving an average detection accuracy of 83.33%. 

Moreover, 12 labels were assigned to the PC monitors 

when they were actually turned off, and 13 labels were not 

assigned to the PC monitor when they were presented as 

on. Based on these results, an overall F1 score of 0.9091 

was achieved, suggesting the model can provide adequate 

detection and recognition of PC monitors. 

 

Figure 4: Confusion matrix showing the performance of 

the equipment detection 

(b) Scenario-based Equipment Profiles 

(a) 
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Table 2: Performance of the equipment usage detection 

model 

Equipment Accuracy Precision Recall F1 Score 

PC Monitor 83.33% 0.9124 0.9058 0.9091 

 

Detection Performance and Profiles  

To test the model’s detection performance, the 

experimental test was conducted in the case study 

building. The camera used for detection was positioned at 

the height and angle, replicating typical occupancy 

sensors, by locating the camera near the room's ceiling. 

An example of experimental test results was showed in 

Figure 5. It should be noted that in practice, the device 

won't be storing or outputting images. It will only output 

real-time information based on the PC monitors identified 

as being on, which can then be used to predict and 

generate the deep learning influenced heat emission 

profile (DLIP).  

 

Figure 5: An example of an experimental test result in 

the case study office 

Based on the real-time experimental detection using the 

deep learning models, detection and response achieved 

provided time-stamped data in the form of equipment (PC 

monitor on). The real-time based generated data were 

used to form the following the count-based deep learning 

influenced profile given in Figure 6. The profile provides 

informative data about the amount of equipment in use 

during the experimental test's detection period.  

Building Energy Performance Analysis 

The simulation was performed using the typical and deep 

learning influenced profiles to evaluate the impact of 

employing the deep learning method to estimate building 

energy consumption. The simulation results of internal 

heat gains and heating and cooling loads are analysed in 

the following sections. 

The utilisation of equipment generates the internal heat 

gains. The variations of equipment usage affect the 

amount of generated heat gains within a space and further 

influence the HVAC system operation strategy due to the 

change of heating, cooling and ventilation demands 

within the conditioned spaces. Figure 7 shows the 

distribution of equipment gains overtime for the four 

typical days under different profiles. Using the typical 

profile, employing the deep learning method to assess 

real-time equipment profile generated great differences in 

heat gains, especially on the days with similar profiles as 

Weekday 2. In total, up to 38.74% reduction of equipment 

heat gains could be potentially achieved using the 

equipment detection profile in comparison with the use of 

the predefined typical or static schedule. It also suggests 

that the requirements of building services are varied to 

achieve a comfortable indoor environment. 

 

Figure 7: Equipment heat gain distributions 
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Figure 6: Detected equipment profile generated from applying the deep learning method in the case 

study office 
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Figure 8 shows the heating results for the four selected 

days in the heating season. The heating load variation 

across the simulation days was presented in Figure 8a. 

Due to the use of a typical occupancy profile, the office 

was assumed to be occupied from 6:00 to 18:00. Hence, 

the heating was provided with the setpoint temperature of 

22°C during the pre-scheduled period. It is apparent that 

equipment gains directly affect the heating demand over 

time. Lower heat gains were estimated, higher heating 

was required to provide a comfortable indoor 

environment. Figure 8b presents the simulation result of 

total heating demand for the selected four days in the 

heating season giving a total heating load of 5.4 kWh, and 

37.1 kWh. It indicated that more heating was required 

when using the deep learning approach to achieve thermal 

comfort during the heating period due to the lower 

predicted heat gains.  

 

Figure 8: a) Heating load distribution and b) total 

heating load for four days in heating season 

Figure 9 shows the cooling results for the four selected 

days in cooling season. The cooling load distribution 

across the simulation days was presented in Figure 8a. For 

Because of the use of typical occupancy profile, the 

cooling was provided with the setpoint temperature of 

25°C from 6:00 to 18:00 in the office. It presented that the 

cooling demands were influenced by the variations of 

internal heat gains. With lower heat gains, it caused lower 

cooling loads. Figure 9b presents the total cooling demand 

in the cooling season. As shown, the total heating loads 

for selected days were 132.7 kWh and 85 kWh, 

respectively. Employing the detection profile estimated 

the lower cooling load of 35.95% lower than employing 

fixed or static profiles. The results also indicated that the 

deep learning technique for equipment detection could 

affect building energy consumption by providing accurate 

profiles to achieve demand-driven controls. 

 

Figure 9: a) Cooling load distribution and b) total 

cooling load for four days in cooling season 

According to the simulation results for selected four days 

within the case study building, up to 38.74% reduction of 

internal heat gains could be potentially achieved with the 

use of the equipment detection profile comparing to the 

use of the typical or static schedule. This highlighted the 

importance of the monitoring of electrical equipment 

usage and the benefits of using deep learning detection 

method to monitor real-time and equipment usage and 

effectively operate the HVAC system based on the actual 

requirements. It can create a large potential to reduce the 

unnecessary building energy consumption while 

maintaining comfortable indoor environment. 

Conclusion 

This study introduces equipment usage detection 

approach using computer vision and deep learning 

methods for efficient building energy controls. This 

approach can perform real-time detection and recognition 

tasks for equipment usage within an indoor space. A 

Faster R-CNN model was developed and trained using the 

dataset and enabled the detection and recognition using a 

camera. The performance of this model was assessed 

through different evaluation metrics. The validation 

results showed that the accuracy of 83.33% was achieved 

by the model for equipment detection. To investigate the 

impact of the proposed approach on building energy 

performance, the case study building was modelled and 

simulated in BES using static profile and DLIP. The 

simulation results presented that heat gains using static 

profiles were larger than the heat gains using DLIPs. Up 

to 38.74% lower internal heat gains were predicted with 

the use of deep learning influenced equipment detection 

approach compared to the use of the static schedule. This 

highlighted the importance of monitoring real-time 

electrical equipment usage and the benefits of using deep 

learning detection methods to provide profiles to HVAC 

systems to achieve demand-driven controls that can 

minimise unnecessary building energy consumption 

while maintaining comfortable indoor environment.  
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To optimise the proposed approach, further improvements 

are needed to be carried out in the future work. The deep 

learning model can be optimised by modifying the 

model's architecture and adding more data to minimise the 

error rate. A lower error rate can conduct a more accurate 

estimation of energy demand. Therefore, a better indoor 

environment condition will be provided for occupants. 

Moreover, it is necessary to develop a strategy which can 

streamline the real-time data from the deep learning 

model to the HVAC system to achieve demand-driven 

controls by automatically adjusting the setpoints. In 

addition, further improvements will be made to prevent 

the camera of being hacked. 
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