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Online Decision Analytics with Deep Learning:  

Non-invasive Fever Screening 

By CHIN, Jing Wei 

Department of Industrial Engineering and Decision Analytics  

The Hong Kong University of Science and Technology 

Abstract 

Research in artificial intelligence (AI) has focused on performance advancement while 

sacrificing consideration for real-time applications. Consequently, online decision-analytic 

systems utilizing multiple AI computer vision algorithms to replace human decisions receive 

less attention. This dissertation reports the design, implementation, and study of a live-

streaming AI fever screening system (LAFSS) to replace human decisions. The LAFSS addresses 

four major challenges of designing an online-decision analytic system on fever screening.  

The first challenge is the difficulty in long-distance non-invasive temperature screening. In 

current practice, temperature screening with Infrared Thermography (IRT) is limited to a 

narrow distance range for febrile detection to bypass the inaccuracies due to the distance. 

Results show that our novel proposed model can compensate for the loss due to the effects 

of distance and extends the temperature screening distance in a controlled thermal 

environment. The second challenge is the influence of ambient temperature on long-distance 

temperature screening. Data shows that our system can compensate for the effects of 

distance and ambient temperature for semi-outdoor temperature screening. This system is 

also the first of its kind.  

Moreover, we study the possibility of noise suppression in non-invasive temperature 

measurement with human tracking. Our study shows that the temporal information by 

human tracking suppresses the noise effectively. Last but not least, the fourth challenge is the 

design and implementation of a large-scale real-time fever screening system with multiple AI. 

Our system can detect febrile people in a moving crowd and track them across multiple 

cameras in real-time. LAFSS has been designed, implemented, and deployed in multiple cross-

border checkpoints, libraries, schools, and elderly centers. Finally, lessons learned are 

discussed to facilitate more real-time implementation of AI algorithms, especially on non-

invasive temperature screening applications. 
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Chapter 1 INTRODUCTION 

Summary 

The background of the study, challenges, and research problems are briefly introduced in this 

chapter. The main contributions are summarized, and the thesis structure is presented at the 

end of the chapter. 

1.1 Background and Motivation 

Human body temperature has been one of the good vital indicators for health. Elevated body 

temperature or fever has often been associated with a physical illness caused by infectious 

diseases. To prevent the spreading of diseases, Thermal Imaging System (TIS) for mass fever 

screening has been promising [1]–[3] since the outbreak of severe acute respiratory 

syndrome (SARS) back in almost two decades ago.  

As a measure of health screening of travelers entering HKSAR borders, the Department of 

Health set up Infrared camera stations at the border control points with “eye-ball” checking. 

If a suspect is identified from watching the thermal images captured by the camera, they will 

approach them to get a second confirmation using handheld thermal infrared guns. However, 

the current incessant “eye-ball” checking procedure requires high concentration and can be 

tiring. This step can also attract human errors. In addition, as there is no means to capture 

the pictures of the suspects and track their locations once they walked past the checking 

points, the staff is under constant pressure to react immediately. Consequently, this can 

impose heavy stress on the operators concerned throughout the entire shift.  

With the advancement of artificial intelligence (AI) technologies in the computer vision field, 

it is possible to replace the tedious round-the-clock “eye-ball” checking tasks with a real-time 

decision analytics system that adopts these state-of-the-art computer vision technologies. 

However, there are several challenges to be resolved. Firstly, automatic fever suspect 

detection in a moving crowd using video analytics techniques is non-trivial. Human operators 

exploit their experiences to analyze different information to identify and track the fever 

suspects easily. However, it is challenging and non-trivial to replicate this ability using 

machines. Accurate detection of febrile persons requires precise human or face detection in 

a color video stream and association of the temperature information and other inputs. The 

second challenge is the tracking and localization of the febrile persons. Occlusion has been 
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one of the challenges in the video analytics community and yet to be solved. Finally, the effect 

of many factors on the non-invasive temperature measurements of the thermal cameras 

vastly affects the results of the online decision analytics system. Hence, this is also the most 

crucial factor for the success of the system.  

This thesis explores the challenges in designing an online decision analytics system that 

consists of multiple deep learning techniques to replace complex human decisions in time-

critical daily operations. To be precise, our objective is to study the problems and potential 

solutions for fever screening in a moving crowd. We introduced two thermal compensation 

models to confront the distance effect and environmental effects on temperature 

measurement for temperature screening. Furthermore, we investigated the feasibility of 

noise suppression using human subject tracking. Last but not least, we proposed a novel 

Online Decision Analytics System (ODAS) for efficient preliminary mass fever screening. 

1.2 Contributions 

In this thesis, we proposed novel thermal compensation models to improve non-invasive 

temperature measurements and fever screening. In addition, our study showed that temporal 

information with human subject tracking suppresses measurement noise to improve the 

accuracy and robustness of non-invasive temperature measurements and screening. Finally, 

a novel patent-protected Online Decision Analytics System (ODAS) has been developed, site-

tested, and deployed. The main contributions of this thesis are as follows: 

I. Effects of Distance 

a. Increasing distance reduces non-invasive temperature measurements 

significantly in a linear fashion. 

b. Without compensation, fever (1 C elevation) screening with >= 90% sensitivity 

and specificity can only be achieved within 3.2m or closer. 

c. With our proposed model and compensation, the range of fever screening with 

>= 90% sensitivity and specificity is increased to 8.2m. 
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II. Effects of Ambient Temperature 

a. Decreasing ambient temperature significantly reduces non-invasive 

temperature measurements linearly.  

b. A drop in ambient temperature from 28 ̊C to 14 ̊C can reduce non-invasive 

temperature measurements by 4.1 ̊C to 7.2 C̊ on average, depending on the 

distance.  

c. There is significant interaction between the effects of distance and ambient 

temperature on non-invasive temperature measurements.  

d. Results show that it is impossible to detect fever with >= 90% sensitivity and 

specificity with changing ambient temperature.  

e. With our proposed model and compensation, it enables fever screening at 

different ambient temperatures and achieves >= 90% sensitivity and specificity 

up to 6.8m in 17.5 ̊C ambient temperature.  

III. Further enhancements with human tracking  

a. With compensation on distance (0.9m – 24.4m) and ambient temperature 

(26.7 ̊C to 28.9 ̊C) effects, the duration of having valid temperature 

measurement increases to 89.36%, and root mean square error (RMSE) 

decreases to 0.87 ̊C.  

b. With compensation on distance and ambient temperature effect + human 

tracking, the duration of having valid temperature measurement increases to 

98.61%, and RMSE decreases to 0.43 C̊.  

c. Our study shows that temporal information suppresses noise in non-invasive 

temperature measurements.  

IV. Test trial of a novel deep learning-based non-invasive temperature screening system 
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a. A novel patent-protected Online Decision Analytics System (ODAS) utilizing 

multiple AI in computer vision on non-invasive fever screening (SFSS & RFSS) 

has been developed, site-tested, and deployed.  

b. Our study shows that our system detects fever suspects in a shorter time 

significantly compare to conventional Thermal Imaging System (TIS) and 

requires less human resources for the operation. Findings validated by EMSD 

and DH.  

c. User Acceptances of deployments in various public locations in Hong Kong: five 

schools, three libraries, one Non-Governmental Organization (NGO), 1 

museum, nine elderly centers, the Electrical and Mechanical Services 

Department (EMSD), and the Department of Health of the HKSAR Government 

(various border control points). Positive feedbacks have been received.  

1.3 Thesis Organization 

The thesis structure is as follows: 

Chapter 1 introduces the background and motivation of the study and summarizes the thesis 

contributions.  

Chapter 2 summarizes the literature reviews on non-invasive temperature measurement and 

the state-of-the-art AI algorithms on human detection and tracking.  

Chapter 3 is about the study on the effects of distance on non-invasive temperature 

measurements and fever screening.  

Chapter 4 documents the study on the effects of ambient temperature on non-invasive 

temperature measurements and fever screening.  

Chapter 5 studies the possibility of noise suppression in temperature measurement with 

temporal information by human subject tracking.  

Chapter 6 details the design and the deployment of the online decision analytics system on 

fever screening in moving crowds. 
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Chapter 7 concludes the thesis and details possible future works. 

Figure 1-1 shows the thesis structure, and Figure 1-2 shows the overview of the thesis 

research.  

 

Figure 1-1: Thesis structure. 

 

 

 

Figure 1-2: An overview of the thesis research. 
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Chapter 2 LITERATURE REVIEW 

Summary 

This chapter critically reviews the literature on principles of temperature measurement with 

infrared thermograph, non-invasive fever screening application, algorithms on human 

detection, face detection, object tracking, and person re-identification. The chapter ends with 

a summary of research gaps. 

2.1 Principles of Infrared Thermography (IRT) and Temperature Measurement 

With surface temperature higher than absolute zero, objects emit electromagnetic radiation 

[4], and the infrared dissipation is more prominent when the object’s surface temperature is 

higher in general. The fraction of radiant emittance from infrared dissipation can be 

characterized with three parameters[5] at any wavelength, which are the spectral 

absorption(αλ), spectral transmission (τλ) and spectral reflection (ρλ), the equation can be 

written as follows:  

𝛼𝜆 + 𝜏𝜆 + 𝜌𝜆 = 1 (1) 

With opaque materials, the fraction of radiant emittance is either absorbed or reflected. 

Therefore, equation 19 can be simplified as follows: 

𝛼𝜆 = 1 − 𝜌𝜆 (2) 

A blackbody is defined as a physical body that absorbs all incident radiant emittance that falls 

onto it regardless of the angle of incidence or frequency of the electromagnetic radiation. 

According to Stefan-Boltzmann law, the radiation intensity (M) of a blackbody can be 

obtained using the following equation:  

𝑀𝑏 = 𝜎 ∗ 𝑇
4 (3) 

𝑤ℎ𝑒𝑟𝑒 𝜎 𝑖𝑠 𝑆𝑡𝑒𝑓𝑎𝑛 − 𝐵𝑜𝑙𝑡𝑧𝑚𝑎𝑛𝑛 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 = 5.67 ∗ 10−8𝑊𝑚−2𝐾−4  

𝑇 𝑖𝑠 𝑡ℎ𝑒 𝑜𝑏𝑗𝑒𝑐𝑡 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒  

However, objects do not behave like blackbody in reality, and the emissivity of an object is 

defined as the ratio of the radiant emittance of the object and the radiant emittance of a 

blackbody at the same temperature. Hence, the emissivity of an object at a specific 

wavelength can be expressed as follows: 
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𝜀𝜆 =
𝑀𝜆
𝑀𝜆𝑏

 
(4) 

In reality, the emissivity of an object varies, and it is wavelength-dependent. Nevertheless, 

the emissivity of a solid object is slow-varying within short-wavelength intervals and is often 

assumed to be a constant in infrared thermography (IRT). So then, the emissivity of an object 

is represented as ε, where 0 ≤ 𝜀 ≤ 1, ε=0 is considered as a perfect thermal mirror, and ε=1 

is considered as a blackbody. 

From Equation (4), we can obtain the radiation intensity of a solid object by the following 

equation:  

𝑀 = 𝜀 ∗ 𝜎 ∗ 𝑇4 (5) 

For temperature measurement using IRT, a general model of radiation received by the 

infrared camera is illustrated in Figure 2-1. 

 

Figure 2-1: A General Model of Radiation for Temperature Measurement 

When measuring a solid object with an infrared camera, the total radiant emittance (Mcap) 

captured at the infrared camera is a sum of three sources. They are the radiant emittance of 

the object (Mobj), the surrounding reflected by the object (Mrefl), and the atmosphere (Matm). 

It can be expressed in the equation below: 

𝑀𝑐𝑎𝑝 = 𝑀𝑜𝑏𝑗 +𝑀𝑟𝑒𝑓𝑙 +𝑀𝑎𝑡𝑚 (6) 

From Figure 2-1, Mobj and Mrefl will be transmitted through the atmosphere. The 

transmittance of the atmosphere (τatm) describes the efficiency of the radiant emittance being 
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transmitted through the atmosphere. Then, the emissivity of the atmosphere is (1 - τatm). 

Equation (6) can be rewritten as follows: 

𝑀𝑐𝑎𝑝 = 𝜏𝑎𝑡𝑚(𝜀𝑜𝑏𝑗𝜎𝑇𝑜𝑏𝑗
4 + (1 − 𝜀𝑜𝑏𝑗)𝜎𝑇𝑟𝑒𝑓𝑙

4 ) + (1 − 𝜏𝑎𝑡𝑚)(𝜎𝑇𝑎𝑡𝑚
4 ) (7) 

2.2 Temperature Screening 

The effectiveness of IRT in fever screening with different thermal imagers was studied with 

over 1,000 subjects under different ambient temperatures and distances between subjects 

and the cameras[1]. The study suggested that the temperature readings captured by thermal 

infrared cameras could measure core body temperatures. This finding is consistent with 

another study conducted to examine the effectiveness of thermal imagers for the mass 

screening of fever subjects such as SARS patients [2]. However, the effects of distance are not 

well-controlled as the data of different distances were collected on different days. Another 

clinical study [6] agrees to use IRT for fever screening with the canthi temperature and 

suggests that full-face maximum temperature may be another choice. Another study in 

Nagoya Airport reported that IRT has good accuracy in detecting febrile subjects, and the 

accuracy was further improved with self-reporting questionnaires [7]. Together, these four 

studies indicate that thermal infrared imagers are a promising tool for mass fever screening. 

However, the systems used in those studies require manual identification of fever suspects 

by skilled human operators. Indeed, similar procedures are being used daily at border control 

points. These procedures can result in human errors and can be stressful for the operators. A 

more recent study, Shaikofci shows that outdoor ambient temperature and human forehead 

temperature are significantly correlated [8]. However, they did not address the joint effects 

of distance and ambient temperature at a more extended range. The reason is due to the 

short operating range of the thermopiles system used in their study.  

2.3 Human and Face Detection 

In recent years, object detection algorithms have matured. Earlier object detection algorithms 

include classic object detection methods in computer vision using features such as Haar-like 

filters with motion cues[9] and the histograms of oriented gradients + support vector machine 

(HOG+SVM) classifier[10]. The renaissance of better deep learning methods began with the 

likes of fast region-based convolutional neural networks (R-CNNs)[11], the single shot 

multibox detector (SSD), and You Only Look Once (YOLO)[12]–[14]. In general, one-stage 

detectors like SSD and YOLO trade accuracy for speed, while two-stage detectors like R-CNNs 
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achieve higher accuracy but are much slower. Subsequently, the region proposal network 

(RPN) was proposed in [12] to speed up the fast R-CNNs to almost real-time. In addition, 

RetinaNet trained with focal loss, proposed in [15], can enhance the accuracy of one-stage 

detectors to a level comparable to the state-of-the-art benchmarks set by two-stage 

detectors. These object detectors are great options for human detection, face detection, or 

both. In particular, the faster one-stage detectors are more suitable for real-time applications. 

Nonetheless, human pose estimation (HPE) algorithms can also be applied in human 

detection. The concept of part-based modeling for facial structure estimation was introduced 

by Fischler and Elschlager in 1973 [16]. It is known as pictorial structures for human pose 

estimation. The algorithm mainly consists of two modules: the first consists of recognizing 

different parts in the image, and the second forms a structure with the recognized parts. Dalal 

et al. proposed histograms of oriented gradients (HOG) for human detection in 2005 [10]. The 

application of HOG descriptors as features to detect human or human joints has gained much 

traction in this field. Yang et al. [17] proposed using flexible mixtures-of-parts to breaks down 

the human parts into even smaller parts. This approach has increased the flexibility and 

accuracy of articulated pose estimation. These crucial works lay the foundation of modern-

day human pose estimation algorithms.  

The use of the two-module approach and flexible mixtures-of-parts has not been changed 

much even after introducing deep learning approaches. Alexander Toshev and Christian 

Szegedy proposed DeepPose and brought deep learning techniques into human pose 

estimation in 2014 [18]. It achieved state-of-the-art performance in two popular datasets for 

human pose estimation: (1) Leeds Sports Pose (LSP) [19] and its extension [20], and (2) Frames 

Labeled In Cinema (FLIC) [21]. Since the introduction of DeepPose, deep learning approaches 

have dominated HPE in terms of performance. These deep learning approaches can be 

summarized into two primary categories: the top-down and bottom-up approaches. Top-

down approaches [22]–[24] require a separate human detector to localize the humans in the 

image and perform key points estimation on each of the humans. These methods are usually 

state-of-the-art in terms of accuracy, as the image of the humans can be scaled to the same 

size for key points of human joints detection. However, these methods are often more 

computationally intensive and are affected by the number of persons in the images. On the 

other hand, the bottom-up approaches [25]–[31] first identify the different human joints 
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independently, then incorporate them to form the humans. This approach needs to deal with 

scale variation problems, often having difficulties in identifying relatively small human forms 

in the images. In contrast to the top-down methods, the run time of the bottom-up 

approaches is shorter, and is not affected by the number of people in the images. 

2.4 Object Tracking 

Object tracking has been one of the popular topics in the computer vision community for 

years. It is often modelled as a data association problem to correlate the same person in the 

current frame and the previous frames. Before 2015, many sophisticated methods were 

proposed to solve this data association problem. There are six main types of major 

approaches: appearance model, motion model, interaction model, exclusion model, occlusion 

handling, and inference approach [32]. These sophisticated methods mainly tried to 

overcome the deficiency of subject detection, especially when subjects were occluded. Since 

2015, deep learning approaches for object detection became popular and dominated all other 

approaches. The tracking-by-detection framework has regained popularity in object tracking 

tasks in recent years. Quick and straightforward tracking algorithm [33] only using location 

cues can outperform those conventional sophisticated algorithms before 2015.  

In recent years, appearance and affinity-based approaches have been dominating the field. 

However, there is a trade-off between speed and accuracy. SORT, which utilizes a simple deep 

appearance descriptor to associate the same person across frames, is lightweight and fast 

[34]. TrackR-CNN extends Mask R-CNN to provide accurate tracking features by learning 

association head, but the method is too slow for real-time application [35]. Joint Detection 

and Embedding (JDE) is another method utilizing CNN to extract the subject’s appearance and 

affinity [36]. It balances speed and accuracy effectively.  

This thesis focuses on the multiple object tracking (MOT) problem as we are tracking multiple 

persons in the scene in real-time. Since we already have the detection results from the human 

detector, the quick and straightforward location-based algorithm is the best option to balance 

the speed and accuracy. Custom modifications were made to suit our applications.  

2.5 Person Re-identification (ReID) 

Person re-identification (ReID) associates images of the same person taken from different 

angles and cameras. The research on this task started with tracking the same person across 
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multiple cameras [37]. There are mainly two kinds of ReID approaches: image-based and 

video-based. Image-based algorithms examine and match image pairs independently, 

whereas video-based algorithms use the spatial-temporal information of having few images 

consequently from slightly different angles over time. [38], [39] are the representative works 

from video-based approaches that show accumulated frames for the same person effectively 

improves the performance of ReID compare with algorithms based on a single image. 

However, the performance saturates as the number of frames given increases [39].  

On the other hand, there have been more studies on image-based algorithms. Before the 

penetration of deep learning approaches in the ReID task, algorithms mainly utilized hand-

crafted features or image descriptors for ReID. Gary et al. proposed the use of AdaBoost to 

extract important features in 8 color channels (RGB, HS, YCbCr) and image descriptors 

generated by 21 texture filters (rotationally symmetric Schmid filters, horizontal and vertical 

Gabor filters) [40]. More works [41]–[45] utilize similar features and formulate optimization 

problems to solve the ReID problem. With deep learning started gaining traction in 2012, [46], 

[47] brings deep learning techniques to ReID. In recent years, [48] achieved state-of-the-art 

accuracy on Market-1501 [49], a popular high-quality dataset for ReID. In this thesis, a 

modification was made on the baseline method [50] according to the needs of this study.  

2.6 Research Gaps 

Based on the literature review, it was observed that long-distance non-invasive temperature 

screening with deep learning technologies had received little attention. On the other hand, 

studies showed that thermal imaging technologies for temperature screening are promising. 

However, the effects of different factors on non-invasive temperature measurement and 

screening have not been carefully studied. The research gaps identified from the literature 

review are summarized as follows: 

Gap1: The effects of distance on non-invasive human temperature measurement and 

screening at long-range have received less attention.  

Gap2: There are fewer studies on the effects of ambient temperature on non-invasive 

temperature measurement and screening, especially at long range.  

Gap3: There is no study on noise suppression with human subject tracking on non-invasive 

temperature measurement.  
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Gap4: There is no large-scale mass fever screening system integrated with multiple deep 

learning technologies that can track fever suspects over multiple cameras. 
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Chapter 3 STUDY ONE: EFFECTS OF DISTANCE ON NON-INVASIVE TEMPERATURE 

SCREENING  

Summary 

Due to the absorption of infrared wave energy by the atmosphere, the non-invasive 

temperature measurement of the same subject at a smaller distance from the thermal 

camera is different from the measurement at a larger distance. This chapter reports the 

details and findings of study one. Study one was designed to examine the effects of distance 

from the thermal camera in taking on non-invasive temperature measurements within the 

scope of fever screening. In addition to the empirical investigation, details on a thermal 

compensation model developed to optimize the measurement of forehead temperature are 

also presented. Results of a sensitivity analysis on the thermal compensation model are also 

reported. 

3.1 Introduction 

Non-invasive temperature measurement is intrinsically complex and can be affected by many 

factors. One of the decisive factors is the distance between the thermal camera and the 

subject. An experiment was designed to study the effects of sensor-subject distance on non-

invasive temperature measurement and temperature screening for both ordinary and fever 

persons.  

3.2 Hypothesis 

3.2.1 Due to the absorption of infrared wavelengths by the atmosphere, the non-invasive 

temperature measurement decreases with increasing distance between the thermal camera 

and the subject.  

3.2.2 Fever screening range increases as a result of the thermal compensation for the 

temperature loss due to distance.  
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3.3 Method 

 

Figure 3-1: An experiment setup using our Remote Fever Screening System (RFSS). 
Temperature measurements were recorded throughout the whole experiment. 

The experiment was set up using our developed Remote Fever Screening System (RFSS). The 

RFSS [Appendix 3.1, page 104] consists of a camera unit, an environmental sensor, and a 

computing unit (Intel Core i9 and NVIDIA RTX 2080 Super). The camera unit consisted of a 

Hikvision 8MP Box Camera and a FLIR E8-XT thermal camera and was placed at a height of 

2.2m with a tilting angle of 17 degrees below the horizontal. The color images were spatially 

registered to the thermal images using the homography transformation described in [51] to 

ensure image alignment. Figure 3-2 shows the photo of our experiment setup using RFSS. 



15 
 

 

Figure 3-2: A photo of the experiment setup using Remote Fever Screening System (RFSS). 
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3.3.1 Variables 

Our goal is to understand the effects of distance and different fever statuses on the 

temperature measurement of the subject and the ability to separate the two groups of people 

(normal and febrile).  

Variables were summarized in Table 1. 

Independent Variable  

Name Type 

Distance Continuous 

Fever Status Categorical 

Dependent Variable  

Name Type 

Temperature Measurement Continuous 

Sensitivity and Specificity Continuous 

Table 1: A list of variables in study one 

3.3.2 Experimental Setup and Protocol 

The experiment was conducted with eight healthy subjects (five males and three females) in 

a controlled indoor environment. An overview of the experimental setup is illustrated in 

Figure 3-1. Each subject stood front facing the RFSS at nine different distances (2m-10m in 

1m increments). The subject’s forehead temperature was measured and recorded with the 

system at each distance, and three times with a handheld thermometer (HuBDIC Non-Contact 

Infrared Thermometer FS [Appendix 3.2, page 108]). The raw thermal data stream with the 

resolution of 320x240 at ten frames per second was recorded in the system. This process was 

conducted once with the subject’s natural forehead temperature, and again with their heated 

forehead temperature. A hot pack was placed [Appendix 3.3, page 108] on the subject’s 

forehead for ten seconds before the temperature measurement to simulate the heated 

forehead temperature.  
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The range of forehead temperatures of normal persons measured with the handheld 

thermometer is between 36.2 ̊C and 36.7 ̊C, with a mean of 36.5 ̊C. The range of simulated 

elevated temperatures is between 38 ̊C and 39.7 ̊C, with a mean of 38.6 ̊C. In addition, the 

mean ambient temperature throughout the experiment was 23.46 ̊C with an S.D. of 0.05 ̊C, 

and the mean humidity was 77.62% with an S.D. of 0.25%, as shown in the figure below: 

 

Figure 3-3: The ambient temperature and humidity recorded during the experiment. The 
mean ambient temperature was 23.46 ̊C and the mean humidity was 77.62%. 

3.4 Results and Analysis 

The results show the effects of distance in non-invasive temperature measurements. In 

addition, a thermal compensation model was developed to compensate for the loss due to 

the effects of distance and increase the distance for high accuracy fever screening. Last, the 

code for analysis is in [Appendix 3.4, page 108] sensitivity analysis on the thermal 

compensation model was done at the end of the section.  
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3.4.1 Effects of Distance on Temperature Measurements 

 

Figure 3-4: Temperature Measurements using a FLIR E8. Data shows that the temperature 
drops linearly when the sensor-subject distance increases. 

Figure 3-4 shows the temperature measurements using FLIR E8 in our system and HuBDIC 

Non-Contact Infrared Thermometer FS-300 as the reference temperature of the subjects. The 

green, red and pink lines indicate the forehead temperature measurement of the normal 

group, fever group, and reference fever group, respectively. Since we have the measured 

temperature of the normal and fever group, they are extrapolated to obtain the temperature 

values of the reference fever group. At each distance, we multiplied a scaling factor to the 

measured temperature of the fever group. The lowest and highest temperature of the 

reference fever group was 37.5 ̊C (1 ̊C elevation from green) and 38.9 ̊C, respectively. The 

extrapolated temperature is defined as the “measured temperature by the thermal infrared 

camera” of the reference fever group, and it will be used for the consequent studies. The 

temperature distributions of the normal and reference fever group are shown in Figure 3-5. 

ANOVA has been conducted on the collected data. The result shows that increasing distance 
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reduces non-invasive temperature measurements significantly [Normal: F (1, 214) > 524, P < 

0.001; Reference Fever: F (1, 209) = 1231.97, P < 0.001] in a linear fashion [|Pearson 

correlation| > .8, P < 0.001].  

 

Figure 3-5: Temperature Distribution of the Normal and Reference Fever Group. 

Figure 3-6 shows that the temperature measurements measured using two different thermal 

cameras: (a) a FLIR E8 and (b) a FLIR A315. Results show that our finding is consistent across 

different thermal cameras [Appendix 3.5, page 109], but we see different slopes in the curves 

with different cameras. FLIR A315 is a more expensive thermal camera, and we see a smaller 

measured temperature loss compare over the distance than the cheaper FLIR E8.  
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Figure 3-6: (a) Temperature measurements measured using a FLIR E8. (b) Temperature 
measurements measured using a FLIR A315. 

3.4.2 Model for Thermal Compensation on the Effects of Distance 

Knowing the loss in temperature measurement due to distance from Figure 3-4, we can derive 

a thermal compensation statistical model. Since the quadratic and cubic terms of the distance 

are not significant [Appendix 3.5, page 109], the statistical model only consists of the linear 

term of the distance. The compensated temperature (𝑇𝑜𝑏𝑗
′ ) can be expressed as follows:  

𝑇𝑜𝑏𝑗
′ = 𝑎0𝑑 + 𝑎1 + 𝑇0 (8) 
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Where a0 is the estimated coefficient related to distance, such as loss due to image resolution 

decrease over distance and loss due to atmospheric absorption, a1 is the estimated coefficient 

for the other uncontrolled factors like potential calibration error from the thermal camera. 

Finally, T0 is the temperature measurement readings provided by the thermal infrared 

camera.  

There is a general model of radiation for temperature measurement (equation (7)). Therefore, 

part of the statistical model can be expressed using the physics model from the general 

radiation model for temperature measurement.  

Let M0 be the total radiant emittance measured at the infrared camera, εobj to be εobj(set) which 

typically be 0.98 for fever screening application, Trefl to be Trefl(set) with the default setting in 

the thermal infrared camera to be 20 ̊C. T0 is the temperature measurement readings 

provided by the thermal infrared camera, and assume τatm=1. Then, we have: 

𝑀0 = 𝜀𝑜𝑏𝑗(𝑠𝑒𝑡)𝜎𝑇0
4 + (1 − 𝜀𝑜𝑏𝑗(𝑠𝑒𝑡))𝜎𝑇𝑟𝑒𝑓𝑙(𝑠𝑒𝑡)

4  (9) 

From equation (6), the estimated radiant emittance from the object (𝑀̂𝑜𝑏𝑗) can be calculated 

as follows:  

𝑀̂𝑜𝑏𝑗 = 𝑀0 − 𝑀̂𝑟𝑒𝑓𝑙 − 𝑀̂𝑎𝑡𝑚 (10) 

Where 𝑀̂𝑟𝑒𝑓𝑙is the estimated reflected radiant emittance, and 𝑀̂𝑎𝑡𝑚 is the estimated radiant 

emittance from the atmosphere. 

Then, estimated temperature (𝑇̂𝑜𝑏𝑗) can be calculated as follows: 

𝑇̂𝑜𝑏𝑗 = √
𝑀0 − 𝑀̂𝑟𝑒𝑓𝑙 − 𝑀̂𝑎𝑡𝑚

𝜏̂𝑎𝑡𝑚𝜀𝑜𝑏𝑗𝜎

4

 

(11) 

According to [52], the εobj of human forehead is 0.969.  

𝑀̂𝑟𝑒𝑓𝑙  is the estimated radiant emittance reflected from the environment which can be 

modeled as follows:  

𝑀̂𝑟𝑒𝑓𝑙 = 𝜏̂𝑎𝑡𝑚(1 − 𝜀𝑜𝑏𝑗)𝜎(𝑇̂𝑎𝑡𝑚 + 𝑎2)
4 (12) 

where a2 is the estimated offset from the background considering that the system might be 

installed in different environments.  
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𝑀̂𝑎𝑡𝑚 is also estimated by the environment sensor and can be expressed as follows: 

𝑀̂𝑎𝑡𝑚 = (1 − 𝜏̂𝑎𝑡𝑚)𝜎𝑇̂𝑎𝑡𝑚
4  (13) 

where 𝜏̂𝑎𝑡𝑚 is the atmospheric transmittance estimated from the sensor-subject distance, 

according to [53], it can be modeled as the following form:  

𝜏̂𝑎𝑡𝑚 = 𝑒
−𝑎3(√𝑑−√𝑑𝑐𝑎𝑙)−𝑎4(𝑑−𝑑𝑐𝑎𝑙) (14) 

Where a3 and a4 are the estimated coefficients affected by the environment atmosphere, d is 

the distance between the subject and the infrared camera, dcal is the calibration distance 

(assumed to be 0).  

Finally, we have the compensated temperature (𝑇𝑜𝑏𝑗
′ ) as follows:  

𝑇𝑜𝑏𝑗
′ = 𝑎0𝑑 + 𝑎1 + 𝑇̂𝑜𝑏𝑗 (15) 

𝑇𝑜𝑏𝑗
′ = 𝑎0𝑑 + 𝑎1⏞      

𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙 𝑚𝑜𝑑𝑒𝑙

+ √
𝑀0 − 𝑀̂𝑟𝑒𝑓𝑙 − 𝑀̂𝑎𝑡𝑚

𝜏̂𝑎𝑡𝑚𝜀𝑜𝑏𝑗𝜎

4

⏞              
𝑝ℎ𝑦𝑠𝑖𝑐𝑠 𝑚𝑜𝑑𝑒𝑙

 

(16) 

The data of the normal group in Figure 3-4 was used to train and test our compensation 

model. The 216 data points were divided into the training data and testing data randomly, 

with 90% of them were training data and 10% of them are testing data. Furthermore, the 

reference fever data (pink) is also counted as the testing data. Based on [54], a linear model 

optimization program was developed to find the optimal solution for all the coefficients (from 

a1`to a4). The loss function is defined as the root-mean-square-error between compensated 

temperature (T’obj) and reference temperature. A global optimization technique (Basin-

hopping algorithm by David J. Wales and Jonathan Doye with ‘L-BFGS-B’ method 

implemented by [55]) is utilized to find the optimal solution for the coefficients that can 

minimize the error between T’obj and the reference temperature.  

The Pearson correlation coefficient, mean absolute error (MAE), and root-mean-square error 

(RMSE) are utilized to compare the measured temperature from the thermal camera and 

compensated temperature from the system against the reference temperature using the 

handheld thermometer. The MAE and RMSE between the compensated temperature from 

the system and the reference temperature measured using the handheld thermometer 
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reduce significantly. The MAE and RMSE of the compensated temperature on the training 

data reduce from 3.908 ̊C and 4.057 ̊C to 0.426 ̊C and 0.513 ̊C, respectively. Similarly, we see 

a significant reduction in the MAE and RMSE on the testing data, as illustrated in Table 2. The 

significant error reduction can also be seen in Figure 3-7. 

 Pearson 

Correlation 

MAE( ̊C) RMSE( ̊C) 

Training data only with the normal group (N=194) 

Measured Temperature 0.4106 3.908  4.057  

Compensated Temperature 0.8550 0.426 0.513 

Testing data only with the normal group (N=22) 

Measured Temperature 0.5278 3.629 3.749 

Compensated Temperature 0.8315 0.338 0.409 

Testing data only with the fever group (N=211) 

Measured Temperature 0.3848 3.438 3.630  

Compensated Temperature 0.5873 0.525 0.618  

Table 2: The Pearson Correlation, Mean Absolute Error and Root Mean Square Error 
comparison between the Measured Temperature and Compensated Temperature vs the 

Reference Temperature 

Since our thermal compensation model is trained with the normal group only, there is an 

overestimation for the reference fever group, and this might cause some false alarms. 

However, this is a minor issue for temperature screening because having false alarms is better 

than having missing suspects in practice.  

Figure 3-8 shows the temperature distribution of the normal group and reference fever group 

with and without the thermal compensation at all distances. The area of overlap between two 

distributions decreases with our thermal compensation. The result suggests that the thermal 

compensation model improves the theoretical upper bound to separate the normal and 

febrile groups.  
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Figure 3-7: The error reduces with our thermal compensation. 
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Figure 3-8: Temperature distribution of the normal group and reference fever group with and 
without thermal compensation. 
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3.4.3 Sensitivity and Specificity of Fever Screening at Different Distances with and without 

Thermal Compensation 

 

Figure 3-9: Sensitivity and specificity of fever screening with and without thermal 
compensation. 

Figure 3-9 shows the sensitivity and specificity of fever screening with and without our 

thermal compensation. Sensitivity is the true positive amongst the total positive samples, and 

specificity is the actual negative amongst the total negative samples. Thus, high sensitivity 

and high specificity are desired in the fever screening system. Fever thresholds of 35.1 ̊C (1 ̊C 

above the mean of normal group at 2m) and 37.5 ̊C (1 ̊C above 36.5 ̊C) were used as the alarm 

thresholds to separate the normal and fever groups, with and without compensation, 

respectively. The results show that the distance for temperature screening with >= 90% 



27 
 

sensitivity and >= 90% specificity is up to 3.2m without compensation. Additionally, the 

distance for temperature screening is extended to 8.2m with our proposed model and 

compensation. Based on the application requirements for sensitivity and specificity, the 

distance for accurate temperature screening can be determined.  

3.5 Discussion and Conclusion 

This chapter studies the effects of distance on non-invasive temperature measurement and 

temperature screening. We proposed a baseline thermal compensation model that confronts 

the effects of distance to improve the accuracy and robustness of non-invasive temperature 

measurement and screening. It increased the temperature measurement accuracy and 

extended the effective range for accurate temperature screening to longer distances.  

The forehead temperature of the subjects by the thermal infrared camera is being 

underestimated without the thermal compensation. The error between the temperature 

measurement by the thermal infrared camera against the temperature measurement by the 

handheld thermometer increases when the sensor-subject distance increases. The mean 

absolute error (MAE) and the root-mean-square error (RMSE) can be as large as 3.707 ̊C and 

3.875 ̊C. Regardless of the errors in temperature measurements, separating the normal and 

febrile groups of people with a lower alarm threshold is possible. However, the temperature 

screening is limited to a short range of distances up to 3.2m with this approach.  

With our proposed model and compensation, the MAE and RMSE were reduced to 0.474 ̊C 

and 0.567 ̊C, respectively. The distance for temperature screening increased to 8.2m. The 

improvements in screening distance can effectively increase the efficiency of temperature 

screening.  

The proposed method and its results show significant advancement in non-invasive 

temperature measurement and temperature screening technology. Nevertheless, it is still 

relatively simple. In reality, it is more complicated and can be affected by other factors. The 

following chapter will study the effects of the environment on the non-invasive temperature 

measurement. 

  



28 
 

 

Chapter 4 STUDY TWO: EFFECTS OF AMBIENT TEMPERATURE ON NON-INVASIVE 

TEMPERATURE SCREENING 

Summary  

Study two was conducted to examine the effects of ambient temperature on temperature 

measurements within the scope of fever screening. More than 14M data points were 

collected using our developed and deployed Remote Fever Screening System (RFSS) to 

facilitate study two. The steps and rationale of data cleaning and filtering are detailed. In 

addition to the empirical investigation, details of the second thermal compensation model 

developed to optimize the measurement of forehead temperature are also presented. Finally, 

a simulation is done to study the distance for temperature screening under different ambient 

temperatures and different distances.   

4.1 Introduction 

As mentioned in study one, the effects of distance cause measurement errors for non-invasive 

temperature measurement at various distances, and a thermal compensation model is 

proposed to compensate for it. Results suggested a promising direction for the proposed 

thermal compensation model, but it is relatively simple and only works in a controlled 

environment. Therefore, the focus of this study is on the effects of ambient temperature.  

4.2 Method 

4.2.1 Variables 

Based upon the understanding of the effects of distance in study one, study two aims to 

expand the study to investigate the effects of ambient temperature on non-invasive 

temperature measurement and temperature screening.  

Variables are summarized in Table 3. 
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Independent Variable  

Name Type 

Ambient Temperature Continuous 

Distance Continuous 

Dependent Variable  

Name Type 

Temperature Measurement Continuous 

Table 3: A list of variables in study two 

4.2.2 Data Collection 

Data collection was using our developed RFSS installed at the north gate (NG) on the HKUST 

campus. The RFSS consists of a camera unit, an environmental sensor, and a computing unit 

(Intel Core i9 and NVIDIA RTX 2080 Ti). The camera units of the RFSS consist of a Logitech BRIO 

color camera mounted 73mm below a FLIR E8-XT thermal camera and placed at the height of 

2.2m with a tilting angle of 17 degrees below the horizontal. In the RFSS software, Open-Pose 

[31] was applied to obtain all human key points in the color image. Based on upper body key 

point information, the face box coordinates of each detected human were estimated 

[Appendix 4.1, page 110] and used to predict the sensor-subject distance. Next, the face box 

coordinates in the thermal image were calculated with the face box coordinates in the color 

image via homography transformation. Then, the temperature of the persons can be 

measured.  

Furthermore, the version of RFSS software installed in the NG RFSS system is an upgraded 

version with a motion filter enabled [Appendix 4.2, page 110] on the thermal images to 

encounter the influences from the hot background (heated fixtures) that can cause false 

alarms in fever detection. The motion filter detects the pixels that are belonged to the fixtures 

and suppresses the effects from the hot background by deactivating them (turn them to 0 

value). Data of the passersby were collected at roughly ten frames per second. The collected 

data includes the key point information, thermal information, fever status of the passersby 
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predicted by our system, ambient temperature, and the relative humidity of the environment. 

The data was collected from 27 September 2020 to 01 March 2021. Most importantly, there 

is no personally identifiable information (color photo of the faces) collected during the data 

collection period.  

Due to the lack of a depth sensor being installed in the system, the sensor-subject distance is 

estimated using the diagonal length of the face box. Calibration data, which consists of the 

diagonal length of the face box and reference distance [Appendix 4.3, page 110], were 

collected at NG. Figure 4-1 shows the distance estimation using the reciprocal function with 

the calibration data. The distance estimation was being applied to the collected data at 

HKUST’s NG entrance.  

 

Figure 4-1: Distance estimation using the diagonal length of face box on the collected field 
data at HKUST North Gate. 

Due to the enormous size of the data collected at NG, a preliminary set of filters was being 

applied to the collected data to create the “raw” data. This initial set of filters aims to remove 

the data with low confidence in the key points (The confidence of the key points ranges from 



31 
 

0 to 1). The criteria are as follows:  

I. Start date: 2020-09-27 

II. End date: 2021-03-01 

III. Key-point confidence of the left and right eyes > 0.001 

IV. Key-point confidence of the left and right ears > 0.001 

V. Percentage of activated thermal pixels in the thermal face box > 0.2 

VI. The ratio of the thermal face is within (0.5, 3)  

Figure 4-2 shows the 3D plot of the “raw” data collected at HKUST’s north gate entrance with 

our RFSS system over five months. Each of the dots indicates a human at a particular time 

instance, where red means fever as examined by our system and blue means non-fever. There 

is no clear pattern on the raw data. 

 

Figure 4-2. 3D plot of the peak temperature with respect to the distance and ambient 
temperature collected at HKUST's north gate entrance over 5 months. 
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4.2.3 Data Filtering 

Many factors can affect non-invasive temperature measurements, such as distance, ambient 

temperature, different head orientations, imperfect synchronization, and more. Data 

cleaning and mining are required to isolate these effects. The objective is to obtain the data 

for front-facing subjects with clearly visible faces. A series of six criteria for filtering is being 

shown as below:  

I. Distance Filter 

a. The estimated distance between the subject and the camera in (0m – 11m)  

II. “In-Sync” filter (removing unsynchronized data)  

a. Percentage of activated thermal pixels in the thermal face box > 0.8 

b. The hottest pixel on the face is not on the edges (within 50% center left-right 

and 60% top-bottom and starting from 10% from the top) 

III. “Face-Ratio” filter (removing extraordinary long and wide faces caused by key points 

errors). The face ratio is defined as the height of the face divided by the width of the 

face. 

a. The ratio of the color face is within (0.8, 2) 

b. The ratio of the thermal face is within (0.8, 2) 

IV. Patch filter (removing forehead covered by hairs, hat, or other things) 

a. Percentage of the pixels with temperature between Tpeak – 1.5 ̊C and Tpeak > 0.1 

V. Head orientation filter to get people who are facing the camera.  

a. Key-point confidence of the left and right eyes > 0.75 

b. Key-point confidence of the left and right ears > 0.5 

c. Key-point confidence difference in left and right ears < 0.05 

VI. Temperature filter to filter out invalid temperature 

a. Valid temperature is within (20 ̊C, 40 ̊C) 

Since the distance estimation is calibrated until 11m (Figure 4-1), only data up until 11m is 

used. Figure 4-3 shows the measured temperature distribution of the north gate (NG) data 

after distance filtering.  
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Figure 4-3: NG data after distance filtering. 

The table below shows the example of the discarded thermal faces, and the data remains 

after the distance filter.  
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Discarded by 

the distance 

filter 

 

 

Remaining 

data 

 

Table 4: Examples of discarded thermal faces by the distance filter and the remaining data 

Next, the system only runs at 10 frames per second, and it does not always have the perfect 

synchronization between color image and thermal image. Therefore, the second set of filters 

is being applied and filters out the data that is not in sync. Figure 4-4 shows the NG data after 

distance filtering and removing the unsynchronized data. 
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Figure 4-4: NG data after removing the unsynchronized data 

The table below shows examples of the discarded thermal faces by the second filter and the 

remaining data after removing the unsynchronized data. 
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Discarded by 
“In-Sync” filter 

 

 
 

After removing 
unsynchronized 

data 

 
 

Table 5: Example of the thermal faces removed by the second set of filters and the remaining 
data. The second set of filters keeps the thermal faces with more than 80% active thermal 

pixels, and the hottest pixel on the face does not lie on the edges of the face. 

Due to the limitation of the Open-Pose key points detector, the key points from two or 

multiple nearby persons can be joined together as one single person when it is crowded and 

under different kinds of occlusion. Consequently, the predicted face box can be extremely 

long or wide, and covers faces of two or multiple persons. This phenomenon is not desired 



37 
 

for the study of the effects of ambient temperature on non-invasive temperature 

measurement.  

Face ratio is defined as the face length divided by the face breadth. The filter is being applied 

on two kinds of faces where one is detected in the color image by Open-Pose (“color face”), 

and another one is being transformed onto the thermal image coordinate space via 

homography transformation (“thermal face”). Figure 4-5 shows the data after long and wide 

faces are being removed. 

 

Figure 4-5: NG data after removing the extremely long and wide faces. 
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The table below shows the example of discarded thermal faces by the “face-ratio” filter and 

the remaining data.  

Discarded by 

the Face-

Ratio filter  

 

After 

removing the 

extremely 

long and wide 

faces 

 

Table 6: Example of the long and wide discarded thermal faces discarded by the filter and 
the remaining data 

Next, people might wear hats, or their hair might block the forehead while passing in front of 

our system. These people often have smaller “hot patches” on their forehead area. The “hot 

patch” is defined as the pixels with temperature value between Tpeak – 1.5 ̊C and Tpeak, where 

Tpeak is the peak temperature of the person measured by the thermal camera. The “hot patch” 
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percentage is the “hot patch” area over the area of the face box predicted using key points 

information. A High “hot patch” percentage implies a larger forehead area, which is desired 

for the study. Figure 4-6 shows the temperature distribution after applying the patch filter.  

 

Figure 4-6: Remaining data after the patch filtering removes the people who are not showing 
their forehead. 
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The table below shows the example of discarded thermal faces by the occlusion filter and the 

remaining data.  

Discarded by 

the patch 

filter  

 

After 

removing the 

thermal faces 

with small 

“hot patch” 

” 

Table 7: Example of discarded thermal faces by the patch filter, and the remaining thermal 
faces show more of the forehead region. 

Previous studies evaluated temperature measurement with infrared thermography on 

different parts of the human face like forehead, nose, cheek, ear, mouth, and entire face. A 

clinical study [52] suggested that front-facing full-face has the best performance for human 
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temperature measurement and febrile detection. Therefore, the front-facing filter is applied 

to the NG data to reduce noise in the temperature measurement. A combination of criteria is 

being applied to get data points where the people are facing forward and towards the camera. 

To be more specific, high key points confidence of both eyes (> 0.75) and both ears (> 0.5) is 

to ensure that both eyes and both ears are clearly seen. Furthermore, a small difference 

(<0.05) in confidence between the two ears assures the people are not facing sideways. Figure 

4-7 shows the temperature distribution of the passersby at NG after head orientation filtering. 

There is a more apparent pattern shown in the data. 

 

Figure 4-7: Remaining data after head orientation filtering removes the people who are not 
front-facing. 



42 
 

The table below shows the example of discarded thermal faces by the head orientation filter 

and the remaining data.  

Discarded by 

the head 

orientation 

filter  

 

After 

removing the 

people who 

are not facing 

forward 

 

Table 8: Example of discarded thermal faces by head orientation filter to remove people who 
are not facing forward, there is a higher chance of having forward-facing thermal faces in 

the remaining data. 

Last but not least, the core temperature of a living human is in the range of 36.5 ̊C to 37.5 ̊C. 

Humans in hypothermia (< 35 ̊C) or hyperpyrexia (> 41.1 ̊C) [56] require medical attention, 

and are less likely to be in the dataset. Due to the effects of distance and ambient 
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temperature, the temperature measured by the thermal camera should be lower. Therefore, 

temperature filtering ranging from 20 ̊C to 40 ̊C is applied. Figure 4-8 shows the remaining 

data after all the filtering criteria to retain good quality data. There are 18,116 data points left 

in the dataset.  

 

Figure 4-8: Remaining data after the temperature filtering removes the data with 
temperature lower than 20 ̊C and higher than 40 ̊C. 

The table below shows the example of discarded thermal faces by the temperature filtering. 

The remaining data is mostly front-facing and showing large area of the skin of the faces.  
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Discarded by 

temperature 

filter  

 

After 

removing 

people who 

are having 

less than 20 ̊C 

and more 

than 40 ̊C 

 

Table 9: Example of thermal faces not in the range of 20 ̊C to 40 ̊C and the remaining thermal 
faces. 

After the six sets of filtering, 18116 data points are left, and the majority of the thermal faces 

should be showing the forehead region. Figure 4-9 shows a more apparent pattern after the 

series of filtering.  
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Figure 4-9: Data visualization before and after the data filtering. There is a more apparent 
pattern shown in the filtered data. 

4.3 Results and Analysis 

4.3.1 Comparison of the Field Data with the Experimental Data 

Figure 4-10 compares the temperature collected in the experiment mentioned in study one 

and the temperature collected at NG (field data). The experimental data were collected under 

the ambient temperature of 23.46 ̊C with an S.D. of 0.05 ̊C. The field data collected at NG are 

with the temperature at 23.5 ̊C ± 0.2 ̊C. The two data overlap, but the field data is noisier than 

the experimental data. The two datasets show consistency in temperature measurements. At 

NG, the passersby usually do not get close to our system. Therefore, there are fewer people 

at a distance of less than 3m from the thermal camera.  
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Figure 4-10: Temperature measurement comparison of the field data and the experimental 
data over distances at 23.5 ̊C ambient temperature. 

Figure 4-11 shows the example of the thermal faces from the field data.  
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Figure 4-11: Example of the thermal faces under 23.5 ̊C ambient temperature. 

4.3.2 Effects of Ambient Temperature on Temperature Measurements 

A standard dataset is required to study the joint effects of distance and ambient temperature. 

Therefore, another smaller common dataset is extracted at eight distances, and seven 

ambient temperatures from the filtered dataset (after ten filtering criteria mentioned) 

showed in Figure 4-8. The data in the range of plus and minus 0.5m for each of the distances 

and a range plus and minus 1 degree Celsius for each ambient temperature was extracted to 

form the smaller common dataset to facilitate the study of joint effects between distance and 

ambient temperature. The number of data points in the smaller common dataset becomes 

12942.  

Figure 4-12 shows the temperature measurement over distances in different ambient 

temperatures. From the figure, the effects of distance at each ambient temperature are still 

present. However, the more interesting finding is that there is an interaction between 

distance and ambient temperature. The lower the ambient temperature, the higher the drop 

in temperature measurement over further distances. At a distance equal to 0m, the 

temperature does not converge to a single value. There are two reasons behind it; the first is 

that the skin temperature can be reduced by heat loss due to the cold environment resulting 

in lower temperature reading, as shown in [8]. The second reason is due to the automatic 
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self-calibration of the FLIR E8xt camera. The ambient temperature can affect the camera 

calibration.  

 

Figure 4-12: Temperature measurement over distance in different ambient temperatures 

Figure 4-13 shows the same smaller common dataset with 12942 data points but over 

different ambient temperatures. In the figure, results show that the ambient temperature 

significantly reduces the non-invasive temperature measurement linearly [ANOVA: F (1, 

12938) > 10, p = 0.001]. The quadratic term [F (1, 12938) < 3, p = 0.155] and cubic term [F (1, 

12938) < 2, p = 0.194] are not significant. Furthermore, the results in both Figure 4-12 and 

Figure 4-13 show that there are significant interactions between distance and ambient 

temperature [ANOVA: F (1, 12938) > 264, p < 0.001]. At further distances, the ambient 

temperature has higher effects on the measured temperature.  
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Figure 4-13: Temperature measurement over ambient temperature at different distances. 

Figure 4-14 shows that a drop in ambient temperature from 28 ̊C to 14 ̊C reduces non-invasive 

temperature measurements by 4.1 ̊C to 7.2 ̊C on average, depending on the distance. The 

results suggest that it is impossible to have accurate fever screening when the ambient 

temperature varies. 
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Figure 4-14: A drop in ambient temperature from 28 ̊C to 14 ̊C reduces the non-invasive 
temperature measurements by 4.1 ̊C to 7.2 C̊ on average, depending on the distance. 

4.3.3 Enhanced Thermal Compensation Model for the Joint Effects of Distance and Ambient 

Temperature 

We found that both distance and ambient temperature reduces the non-invasive 

temperature measurements significantly and linearly. Furthermore, there is an interaction 

between distance and ambient temperature. Therefore, we modified the thermal 

compensation model in study one to include the ambient temperature and the interaction 

between distance and ambient temperature (𝑎5𝑇𝑎𝑚𝑏 , 𝑎6𝑑 ∗ 𝑇𝑎𝑚𝑏). As a result, equation (16) 

is modified as follows:  

𝑇𝑜𝑏𝑗
′ = 𝑎0𝑑 + 𝑎1 + 𝑎5𝑇𝑎𝑚𝑏 + 𝑎6𝑑 ∗ 𝑇𝑎𝑚𝑏⏞                      

𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙 𝑚𝑜𝑑𝑒𝑙

+ √
𝑀0 − 𝑀̂𝑟𝑒𝑓𝑙 − 𝑀̂𝑎𝑡𝑚

𝜏̂𝑎𝑡𝑚𝜀𝑜𝑏𝑗𝜎

4

⏞              
𝑝ℎ𝑦𝑠𝑖𝑐𝑠 𝑚𝑜𝑑𝑒𝑙

 

 

(17) 
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Where a5 is the coefficient related to the ambient temperature, and a6 is the coefficient 

related to the interaction between distance and ambient temperature.  

There is no forehead temperature of the passersby measured by the handheld thermometer. 

Therefore, the reference temperature of 36.5 ̊C with an S.D. of 0.1 ̊C in study one is used as 

the reference temperature.  

The filtered dataset shown in Figure 4-8 was used to train and test our compensation model. 

The 18116 data was divided into the training data and testing data randomly, with 90% of 

them were training data and 10% of them are testing data. Similar to section 3.4.2, the same 

program was used to train the enhanced compensation model. However, we changed to use 

‘Powell’ instead of using ‘L-BFGS-B’ method.  

 MAE( ̊C) RMSE( ̊C) 

Training data (N=16304) 

Measured Temperature 4.799 5.158 

Compensated Temperature (Distance only) 1.711 2.167 

Compensated Temperature (Ambient only) 0.912 1.238 

Compensated Temperature (Distance + Ambient) 0.633 0.863 

Compensated Temperature (Distance + Ambient + 

Interaction between distance and ambient) 

0.609 0.836 

Testing data (N=1812) 

Measured Temperature 4.805 5.137 

Compensated Temperature (Distance only) 1.717 2.141 

Compensated Temperature (Ambient only) 0.892 1.201 

Compensated Temperature (Distance + Ambient) 0.628 0.858 

Compensated Temperature (Distance + Ambient + 

Interaction between distance and ambient) 

0.601 0.836 

Table 10: Mean Absolute Error and Root Mean Square Error comparison between the 
measured temperature and compensated temperature vs the reference temperature 

The results are shown in Table 10. The MAE and RMSE drop significantly with our 

compensation model. The RMSE drops to 2.167 ̊C and 1.238 ̊C with compensation for distance 

only and ambient temperature only on the training data set. It further reduces to 0.863 ̊C with 

compensation for both distance and ambient temperature. Finally, the RMSE drops to 0.836 
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̊C with compensation for distance, ambient temperature, and interaction between distance 

and ambient temperature. Similar results can be seen in the testing data. 

Figure 4-15 shows the 3D plot of the temperature distribution versus distance and ambient 

temperature on the filtered dataset (N=18116). The tilted blue surface represents the 

measured temperature distribution, and the horizontal cyan surface represents the 

compensated temperatures with our thermal compensation model.  

 

Figure 4-15: 3D visualization of the measured temperature and the compensated 
temperature versus distance and ambient temperature. (a) Training data. (b) Testing data. 
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4.3.4 Fever Screening at Different Ambient Temperatures and Different Distances with and 

without Thermal Compensation 

As the main concern is fever screening, we would like to study how the thermal compensation 

model can improve its accuracy and robustness under different ambient temperatures. As 

data collected on the field lacked fever suspects, we extrapolated the fever data in study one 

to study fever screening in different ambient temperatures. As the ambient temperature 

reduces the non-invasive temperature measurement linearly (Figure 4-13), the reference 

fever data (pink dots) were extrapolated to different ambient temperatures linearly (purple 

dots) [the code is in Appendix 3.4, page 108]. It is shown in Figure 4-16. Furthermore, we were 

interested in three ambient temperatures: the low ambient temperature at 17.5 ̊C, room 

temperature at 22.5 ̊C, and high ambient temperature at 27.5 ̊C. In particular, the low and 

high ambient temperatures were chosen to study the possibility of fever screening in a semi-

outdoor environment where the ambient temperatures deviated from the room 

temperature. 

 

Figure 4-16: Reference fever data extrapolated to different ambient temperatures 
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The sensitivity and specificity of fever screening with and without our thermal compensation 

at different distances and different ambient temperatures are shown in Figure 4-17. The X-

axes in all the six figures are distance in meter, the Y-axes in the top row are the sensitivity, 

and the Y-axes in the bottom row are the specificity. The left, middle, and right columns are 

the low temperature, room temperature, and high temperature. In addition, the green and 

blue curves are with and without our thermal compensation, respectively. The higher value, 

the better it is for both the sensitivity and specificity. They are defined as follows: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑃𝑜𝑝𝑜𝑙𝑎𝑡𝑖𝑜𝑛
 

(18) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑜𝑡𝑎𝑙 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
 

(19) 

The results show that it is impossible to detect fever with >= 90% for sensitivity and specificity 

under changing ambient temperatures without compensation. It is shown in Figure 4-17A that 

the sensitivity is low, and this indicates a high missing rate without our thermal compensation. 

Similarly, Figure 4-17F shows low specificity without the thermal compensation, indicating a 

high false alarm rate during hot weather. This finding is consistent with ISO and FDA 

regulations, where fever screening systems work effectively only when the systems are used 

in the right environment or location[57]. On the contrary, we showed a possibility of fever 

screening in changing ambient temperatures. Lastly, the temperature screening distances 

with >= 90% for sensitivity and specificity at different ambient temperatures are shown in 

Table 11.  
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Figure 4-17: Sensitivity and specificity of fever screening with and without our thermal 
compensation at different distances and different ambient temperatures. 

 Low Temp. (17.5 ̊C) Room Temp. (22.5 ̊C) High Temp. (27.5 ̊C) 

Without 

Compensation 

- 2.7m – 6.0m - 

With 

Compensation 

2m – 6.8m 2.5m – 8m 2.6m – 8.9m 

Table 11: Comparison of the temperature screening distance (>= 90% sensitivity and 
specificity) with and without our thermal compensation. 

4.4 Discussion and Conclusion 

This chapter studies the joint effects of distance and ambient temperature for non-invasive 

temperature measurement for temperature screening applications. We found that 

decreasing ambient temperature significantly reduces the values of the non-invasive 

temperature measurements. Furthermore, there is a linear relationship between the changes 

in ambient temperature and non-invasive temperature measurement. A drop in ambient 

temperature from 28 ̊C to 14 ̊C can reduce non-invasive temperature measurements by 4.1 ̊C 

to 7.2 ̊C on average. Moreover, the decrease in the non-invasive temperature measurements 

also depends on the distance. Our data showed a significant interaction between distance 

and ambient temperature on the non-invasive temperature measurements.  
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With our proposed enhanced thermal compensation model, the MAE and the RMSE drop 

from 4.799 ̊C to 0.607 ̊C and 5.158 ̊C to 0.836 ̊C, respectively. The results suggest that our 

thermal compensation model creates a possibility of fever screening with infrared 

thermography (IRT) in a semi-outdoor environment where the ambient temperature changes.  

As data collected on the field did not include fever suspects, we conducted a simulation with 

the reference fever data in study one. Our simulation results show that it is impossible to 

detect fever with >= 90% sensitivity and specificity with changing ambient temperature 

without any thermal compensation. This finding is consistent with ISO and FDA regulations, 

where fever screening systems work effectively only when the systems are used in the right 

environment or location. However, we enabled fever screening at different ambient 

temperatures and distances with our proposed model and compensation.  

Nonetheless, other factors can affect the temperature measurement and need to be 

considered in a more general thermal compensation model. One possibility to counteract the 

noise from those factors is to utilize temporal information of the same person to suppress the 

temperature measurement noise from some of the factors. The investigation of using 

temporal information with human subject tracking is described in the following chapter.  
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Chapter 5 STUDY THREE: REDUCTION OF NOISE IN NON-INVASIVE TEMPREATURE 

MEASUREMENT WITH HUMAN TRACKING 

Summary  

This chapter reports using the temporal consistency in human body temperature to suppress 

the noise in non-invasive temperature measurement.  

5.1 Introduction 

Non-invasive temperature measurement is challenging at longer distances and under 

uncontrolled situations. Apart from the distance and ambient temperature, more factors can 

introduce undesirable noise in non-invasive temperature measurements. As reviewed in [58], 

the factors are classified into three major classes, environment factors (like atmospheric 

pressure, sources radiation), individual factors (like gender, age, skin emissivity), and 

technical factors (like camera features, region of selection for temperature measurement). 

Unfortunately, it is impossible to suppress the noise from all the factors. In this chapter, we 

investigate the possibility of human subject tracking in noise suppression to increase the 

confidence in temperature estimation for each of the individuals.  

5.2 Method 

5.2.1 Data Collection 

The data collection is similar to section 4.2.2. The data used in this chapter were collected 

with our developed RFSS installed at the north gate (NG) on the HKUST campus. Data 

collected on 2020-10-01 was used for this study. The sensor-subject distances range from 

0.9m to 24.4m. The ambient temperature on that day was 26.7 ̊C to 28.9 ̊C, with a mean of 

27.9 ̊C.  

5.2.2 Data Processing and Data Filtering 

This chapter aims to study the possibility of noise suppression in non-invasive temperature 

measurement by utilizing the temporal consistency in human body temperature. A simple 

proximity tracker which associates the nearest human together in the present and past 

frames is being applied on the collected at HKUST north gate system.  

Subjects who appeared less than 5 seconds were being discarded from the study. In addition, 

subjects with less than 8 data points per second are discarded. Lastly, subjects who do not 
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have any “good face” captured by the system during the whole tracking period are also 

discarded. The “good face” is defined as the photo of the face in a thermal image (“thermal 

face”) that is forward-facing, such that the forehead is clearly visible. A series of filters similar 

to section 4.2.3 is applied to acquire high-quality subject data. The filters are defined as the 

following:  

I. Removing unsynchronized data 

a. Percentage of activated thermal pixels in the thermal face box > 0.8 

b. The hottest pixel on the face is not on the edges (within 50% center left-right 

and 60% top-bottom and starting from 10% from the top) 

II. Removing extraordinary long and broad faces (caused by key-points errors), the face 

ratio is defined as the height of the face divided by the width of the face. 

a. The ratio of the color face is within (0.8, 2) 

b. The ratio of the thermal face is within (0.8, 2) 

III. Patch filter (removing forehead covered by hairs, hat or, other things) 

a. Percentage of the pixels with temperature between Tpeak – 1.5 ̊C and Tpeak > 0.1 

IV. Head orientation filter to get people who are facing the camera.  

a. Confidence of the left and right eyes > 0.75 

b. Confidence of the left and right ears > 0.5 

c. Confidence difference in left and right ears < 0.05 

V. Temperature filter to filter out invalid temperature 

a. Valid temperature is within (20 ̊C, 40 ̊C) 

5.2.3 Temperature Correction with the Thermal Compensation Model and Temporal 

Information 

Valid temperature is defined as the temperature measurement that falls into the temperature 

range of an average human (35 ̊C – 37.5 ̊C) [56]. The oral temperature has a mean of 36.57 ̊C 

and S.D. of 0.42 ̊C, as reported in [59]. The forehead temperature usually is 0.3 to 0.6 degrees 

lower than an oral temperature [60]. Specifically, a temperature larger than 34.9 ̊C is counted 

as a valid temperature.  

Assuming temporal consistency in the human body temperature within a subject, utilizing the 

historical temperature measurements of the same person can improve the accuracy and 



59 
 

robustness of the temperature estimation for that subject. Figure 5-1 shows the temperature 

and distance information of a subject with ID 397 over time. The measured temperature, 

compensated temperature, and estimated temperature (utilizing temporal consistency) of 

the subject are shown. There are two steps in our proposed method. First, we applied our 

thermal compensation to the measured temperature to get the compensated temperature 

(blue dots to cyan dots). Then, a rolling median (yellow line) is applied to the historical valid 

compensated temperature values (green dots) to estimate the temperature of the subjects.  

In Figure 5-1, the subject was back-facing the camera from time to time while walking away 

from our system. It caused the measured temperature to be much lower than an average 

human temperature more than 50% of the time, even after our thermal compensation for 

distance and ambient temperature. Thus, utilizing temporal information of the subject can 

suppress the noise due to backward-facing.  

Figure 5-2 shows the temperature and distance information of a subject with ID 5250 over 

time. This pattern shows a typical subject that walked towards and left the field of view of 

our system.  
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Figure 5-1: Temporal information of the subject with ID 397. Back-facing the camera causes 

the measured temperature to be much lower than an average human temperature. Utilizing 

temporal information can suppress the noise due to back-facing.  
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Figure 5-2: Temporal information of the subject with ID 5250. A typical subject walked 

towards and left the field of view of our system.  

5.3 Results and Analysis 

5.3.1 Sensitivity Analysis on the Percentile of Temperature Distribution Used for 

Temperature Estimation 
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Figure 5-3 shows that the temperature distribution of the 53 subjects changes when choosing 

different percentile values for the temperature estimation.  

 

Figure 5-3: The effects of percentile of the valid historical temperature distribution chosen 
for temperature estimation. 

Figure 5-4 shows the analysis of the percentile chosen for the temperature estimation with 

the valid historical temperatures. Figure 5-4a, b, and c show the kurtosis and skewness of the 

temperature distribution of the 53 subjects, the percentage of passersby having fever, and 

the mean and median temperatures of the 53 subjects, respectively. Ideally, the kurtosis and 

skewness should close to zero as the temperature distribution should be a normal distribution 

when the number of subjects is large (by central limit theorem). Next, the fever percentage 

among the population should be close to zero as there should be less or no fever suspect 

passing through the north gate of HKUST. Last but not least, the mean temperature of the 

subjects should be close to 36.5 ̊C, as shown in the data in study one. As a result, 70%-tile is 
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chosen for this dataset and consequent study as it is the best option to match the three 

mentioned criteria.  

 

Figure 5-4: The analysis of the percentile of the valid historical temperature distribution 
chosen for temperature estimation. (a) The kurtosis and skewness of the temperature 
distribution of 53 subjects with different percentile chosen. (b) The percentage of the 

passersby having fever. (c) The mean and median temperature of the passersby. 
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5.3.2 Improvement of Temperature Estimation of each Individual with Thermal 

Compensation Model and Human Tracking 

 

Figure 5-5: The mean and distribution of the percentage of duration with valid temperature 
measurement. There is a low percentage of duration with valid temperature measurement 

before any treatment on the raw measured temperature. The percentage of duration 
increases to 89.36% with treatment 1 (applied our thermal compensation) and further 
increases to 98.61% with treatment 2 (applied our thermal compensation and human 

tracking). 

Figure 5-5 shows that the percentage of duration with valid temperature measurement is low 

at 3.57%. The low percentage of duration in the raw temperature measurement implies a high 

missing rate in fever screening. It increases from 3.57% to 89.36% with our thermal 

compensation (treatment 1) and further increases significantly to 98.61% with the 

combination of our thermal compensation and the human tracking (treatment 2) [F (2, 

156)]>1083, p < 0.001]. This result suggests that our proposed thermal compensation model 

decreases the potential missing cases. Furthermore, data shows that our thermal 

compensation and human tracking combination successfully suppress the noise in non-
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invasive temperature measurements. We hypothesize that the false alarm rate can be 

suppressed with human tracking, but this can be validated in future work.  

 

Figure 5-6: Comparing with no treatment, root-mean-square error (RMSE) decreases with 
treatment 1 and further decreases with treatment 2. Results show that our thermal 

compensation and the human tracking improve the accuracy of non-invasive temperature 
measurement. 

Figure 5-6 shows the distribution of the RMSE of the reference temperature against three 

types of temperature values: raw temperature measurements (no treatment), compensated 

temperatures for distance and ambient temperature with our thermal compensation 

(treatment 1), and the combination of our compensation and human tracking (treatment 2). 

The reference temperature is the forehead temperature of the normal people in study one 

with a mean of 36.5 ̊C and an S.D. of 0.1 ̊C. Results show that RMSE decreases significantly 

from 4.31 ̊C to 0.87 ̊C with treatment 1 and further decreases significantly to 0.43 ̊C with 

treatment 2 [F (2,156)]>474, p < 0.001]. As a result, the finding suggests a promising direction 

of human subject tracking to suppress the noise in non-invasive temperature measurements.  
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5.4 Discussion and Conclusion 

This chapter studies the possibility of tracking to reduce noise in temperature measurement 

for each of the individuals. We found that 3.56% of the time, on average, the temperature 

measurement values are within an average of human temperatures. Furthermore, the RMSE 

of the raw temperature measurements against the reference forehead temperature of the 

normal persons is 4.31 ̊C. This data demonstrates that non-invasive temperature 

measurement in practice does suffer much noise due to many uncontrollable factors.  

The duration of having valid temperature increase to 89.36%, and the RMSE decreases to 0.87 

̊C with our thermal compensation for distance and ambient temperature. In addition, the 

duration of having valid temperature further and the RMSE further improve to 98.61% and 

0.43 ̊C, respectively. Our study shows that temporal information by human tracking 

suppresses the noise in non-invasive temperature measurements. We hypothesize that the 

false alarm rate for fever screening can be suppressed by utilizing human tracking, but this 

can be validated in future work.  

This is the beginning of noise suppression in non-invasive temperature measurements using 

information from human tracking. Future researches can explore the potential of human 

tracking in noise suppression for fever screening applications.  
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Chapter 6 STUDY FOUR: ONLINE DECISION ANALYTICS SYSTEM: LIVE-STREAMING AI 

FEVER SCREENING SYSTEM 

Summary 

This chapter details the design and deployment of an online decision analytics system on non-

invasive fever screening. The emphasis is on real-life implementation and site trials rather 

than laboratory experiments. 

6.1 Introduction 

Fever is one of the most apparent symptoms of infections, for example, severe acute 

respiratory syndrome (SARS), influenza, and Ebola. Since the global SARS outbreak in 2003, 

fever-screening systems have been set up at many national borders as the first line of defense 

to protect the health of residents. For example, the conventional Thermal Imaging Systems 

(TIS) have been installed at multiple border control points in Hong Kong for fever screening 

purposes. However, this setup requires human operators from the Department of Health of 

the HKSAR government to perform intensive manual checking by gazing between color 

images and thermal images to identify potentially infected persons for further investigation. 

In addition, the operators need to stop the suspects before they walk away. This task imposes 

time pressure and can increase human errors that will go undetected.  

We propose an online decision analytics system on non-invasive fever screening that 

minimizes the work stress of human operators and therefore reduces human errors. The 

system consists of an automated fever suspect detection with artificial intelligence (AI) and a 

virtual floor plan technology. It can ease the detection of fever suspects over a large area. The 

design and deployment of the online decision analytics system are detailed in this chapter.  

6.2 Data and Design Requirements 

In this section, input data and modeling processes are described. We also summarize the 

design requirements for the system.  

6.2.1 Data Description 

The input data mainly consists of two kinds of video data. The first one is a high resolution 

(3840 x 2160) color video stream at 30 frames per second (fps), and the second one is a lower 

resolution (320 x 240) raw temperature stream at 30 fps. The purpose of these two video 

streams is for non-invasive temperature measurement and photo capturing of fever suspects.  
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The output results are the following:  

 Location of the people on a 2D floor plan. 

 Status of the person (normal or fever). 

 Photo of the face and photo of an entire body. 

6.2.2 Design Requirements 

We worked closely with the Department of Health in Hong Kong (DH) and the Electrical and 

Mechanical Services Department in Hong Kong (EMSD) during the entire project. As a result, 

many iterations of designing, developing, refining, and site-testing the system gradually 

improved our system. The primary requirements are as follows:  

a) Automatic detection of the fever suspects.  

b) Stable tracking and localization of the fever suspects across cameras.  

c) Suppression of false alarm from hot objects.  

d) System running in real-time at 10fps or above. 

6.3 System Architecture and Design 

In order to support temperature screening of high human traffic in broad spaces, especially 

at border control points, multiple color and thermal cameras are required to capture 

everyone going through the checkpoints. The hardware configurations and software designs 

are described as follows. 

6.3.1 Hardware 

The hardware of the proposed system includes two GPU server (2 x Intel® Xeon® Gold 6136 

Processor 24.75M Cache, 3.00 GHz, 6 x NVIDIA (INNO3D) GeForce RTX 2080Ti Jet, 256GB 

RAM), two 24-port Cisco Power-over-Ethernet (PoE) LAN Switch, a Wi-Fi router, four sets of 

Thermal Units (TU), two Scene Camera (12MP Hikvision Smart Network Box Camera) 

[Appendix 6.1, page 113]. Each thermal unit consists of an 8MP Hikvision Smart Network Box 

Camera and a FLIR A315 Thermal infrared camera. The hardware connection diagram is 

shown in Figure 6-1. 
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Figure 6-1: Hardware Connection Diagram 
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6.3.2 Software 

 

Figure 6-2: Software Architecture of Smart Fever Screening System (SFSS) 

The software architecture is shown in Figure 6-2. There are one controller and four modules: 

a video capture module, a detection module, a user interface (UI) module, and a mobile app 

backend module. The controller is responsible for the inputs and outputs (I/O) and data 

passing within the system. The first module is the video capture module. Video stream from 

the cameras is being captured, recorded, and passed to the controller for further processing. 

The software stack (software libraries used) is shown in Figure 6-3. 

All of the thermal units and scene cameras are connected to the two GPU servers via the 

network switches. One of the GPU servers is called the master server, and the other is called 

the slave server. Each of the servers is responsible for processing the video streams from 2 

thermal units and 1 scene camera. In addition to the video processing, the master server is 

also responsible for integrating the location information (dots) of the detected people from 

all the cameras onto a single floor plan. Finally, the location (on the floor plan) and photos of 

the fever suspects are sent to a tablet PC or web application for visualization.  
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Figure 6-3: Software Stack of SFSS 
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Figure 6-4: System Diagram 

Figure 6-4 shows the basic system diagram of the Smart Fever Screening System (SFSS). First, 

the system receives multiple video streams as data input; in this case, 4 x 4K color video 
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streams from 8MP color cameras, 4 x low-resolution raw temperature streams from thermal 

cameras, and 2 x DCI 4K color video streams from 12MP color cameras. After that, a human 

detection algorithm is run on each color video stream to extract the human key-points 

information. Thirdly, the thermal video streams are used for fever detection, and the photos 

of the fever suspects will be taken for visualization. Next, the location of the persons on the 

2D floor plan is being calculated. Then, the information will be sent for integration before 

visualizing it in the UI.  

The following section details each of the modules and the overall structure of the systems. 

I. Parallel Architecture 

Figure 6-4 shows ten processes and nine processes in the master GPU server and slave 

GPU server, respectively. There are five processes for each of the resources-hungry 

video stream capturing in each GPU server (3 for 4k color video streams, 2 for thermal 

video streams). Since there are three “thermal units” (TU) in each GPU server, three 

main separate processes are needed for each of the TUs to power the computational 

intensive Open-Pose algorithm for human detection, face box prediction, and feet 

prediction. Within each of the three processes, multi-threads were used to share CPU 

time for fever detection, tracking, and floor plan mapping.  

The results of the three main processes will be sent to the 9th process in the master 

GPU server for person re-identification from different camera sets and for data 

integrations to remove duplicated information. Finally, the results will be sent to 

Visualization Process for further processing before visualizing it on the web application 

or the mobile APP.  

II. Video Capture 

Each of the video streams from connected cameras is streamed to the video capturing 

module. Then, the decoding of the video streams is done to obtain the raw images for 

further processing in other modules. The decoded images are also recorded and 

stored in the server for our further analysis. However, the recording function is 

optional and can be disabled for privacy concerns.  

III. Fever Suspect Detection 

a. Human and Face Detection 
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Many face detection algorithms work well when human faces appear more 

prominent in the image, and some can work even when the human faces are 

small in the image (further away from the camera). However, the performance 

drops when occlusion happens. Therefore, pure face detection algorithms 

might not be the best solution for applications like fever screening in a moving 

crowd where occlusion happens frequently. Human detection with object 

detectors like [14], [15], [61], [62] can detect humans or faces, but separate 

depth information of feet detector is required to determine the location of the 

persons on the floor plan. Alternatively, face prediction with pose estimation 

algorithms can better tackle the occlusion problem. The reason is that the 

algorithms detect the key points on the faces and utilize the information from 

the entire human body. Open-Pose [31] was chosen for human detection. It 

provides enough information to estimate the location of the face (coordinates 

of the face boxes) and the location of the feet for each individual in real-time. 

The output of the Open-Pose is 25 key points. The face box can be predicted 

using the key points of eyes, ears, nose, neck and, shoulders.  

b. Fever Suspect Identification 

The color images were spatially registered to the thermal images using the 

homography transformation [51]. The location of the face box in thermal 

images can be calculated using the formula described in [51] and the 

coordinates of the face box in the color images. Temperature information 

within the face boxes in the thermal image can be acquired to estimate each 

individual’s temperature value. If the temperature value is higher than 35.5 ̊C 

(recommended and used by the Hong Kong Department of Health), the 

detected person will be classified as a fever suspect.  

IV. Fever Suspect Tracking 

Each person will be given an ID internally to keep track of the critical information. The 

tracking of the fever suspects is required to be accurate so that the staff in the 

Department of Health (DH) can successfully capture the fever suspects with the 

information provided by our system before the fever suspects leave the temperature 

screening station. Inspired by quick and straightforward tracking-by-detection 
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trackers [33], we customized a fever priority proximity tracker to track the fever 

suspects.  

The procedures are as follows:  

a. The detected persons in each frame are being separated into two groups for 

tracking: the normal group (people with green ID) and the fever group (people 

with red ID). 

b. The priority for associating is given to the fever group, and the red ID is being 

associated with the spatially closest red ID in the previous frame.  

c. The remaining red ID in the previous frame without matches will be associated 

with the closest green IDs in the current frame.  

d. The green ID in the current frame is associated with the closest green ID in the 

previous frame. 

e. Data association in the current frame is done.  

V. Floor Plan Mapping 

The localization of the detected persons on the 2D floor plan is based on the feet and 

homography transformation [51]. The calculation can be expressed as follows:  

𝑝𝑥,𝑦 = 𝑯𝐼𝑚𝑔𝑅𝑒𝑔 ∗ 𝑝𝑢,𝑣 

pu,v denotes the feet coordinates of a person on the color image, px,y denotes the 

coordinates of the person on the 2D floor plan. HImgReg is a 3 x 3 matrix with eight 

degrees of freedom. Four pairs of correspondence points are sufficient to solve for the 

HImgReg. During the calibration, at least four pairs of correspondence points on the color 

image and 2D floor plan are given to the system to solve HImgReg. It can be used directly 

during the system operation in real-time to calculate the location of the person on a 

2D floor plan.  

VI. Person Re-identification and data integrations 

Person re-identification is a task to associate the same person from different cameras. 

Our system design consists of multiple color cameras to enlarge the tracking zone of 

the fever suspects. Therefore, the person re-identification and data integration 

module identifies the same person and eliminates the duplicated information. The 

structure of the deep learning model used for person re-identification (modified based 

on [50]) is shown in Figure 6-5.  
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Figure 6-5: ReID Network Structure 

The photos of each person in different cameras are captured and sent to the re-

identification and data integration module in the master GPU server. Feature 

extraction is done on all the photos, and the similarity scores are calculated between 

photos. We retrained the backbone with Resnet18 to balance the accuracy and 

computational cost for the ReID module. The threshold for similarity score can be 

adjusted, and it is site-dependent. The typical threshold is around 0.85.  

VII. Database 

MongoDB database [63] is used to store the information of the passersby. Heat map, 

the people count, the location of the green dots, and critical suspect’s information 

(like coordinates on the 2D floor plan, the ear temperatures, and photos) are stored. 

The example is shown in Figure 6-6. 
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Figure 6-6: Examples of data stored in database. 
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VIII. User Interface Module 

The user interface (UI) module is responsible for processing the data in the database 

and send to either the mobile app or web application for visualization. The UI of our 

system is shown in Figure 6-7. 

 

Figure 6-7: Example of user interface (UI) of our system. The left part of the photo shows the 
UI on the mobile phones and tablet PC, the right part of the photo shows the UI in the web 

application on the desktop PC or laptop. 

6.4 Multi-person Loading Test and Mass Temperature Screening (N >= 40) 

We set up our system in HKUST for a multi-person loading test. Figure 6-8 demonstrates that 

our system can detect two fever suspects at different distances simultaneously among the 

crowd of more than forty people in real-time. Two persons were holding a thermal block 

[Appendix 6.2, page 114] at roughly 38.5 ̊C to simulate the fever suspects. Processed images 

of two “thermal units” and one scene unit (without a thermal camera) are shown on the left, 

the location of the persons on the 2D floor plan is shown on the right. The results show that 

our system is promising for mass temperature screening. However, more testing in real sites 

is needed to verify the system performance in terms of the error rates under different crowd 

sizes.  
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Figure 6-8: Mass temperature screening for moving crowds with our system (N>=40). 

6.5 Role-play Simulation 

Due to Covid-19, it is impractical to make an appointment with a team of staff from the Hong 

Kong Department of Health (DH) in a short time to trial and compare the conventional thermal 

imaging system (TIS) and our developed smart fever screening system (SFSS). However, a role-

play simulation was designed to compare the two systems mainly on the response time, 

resources required, and features.  
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During the role-play simulation, the conventional TIS system and our smart fever screening 

system were set up side-by-side. The conventional TIS consists of a 4k color camera, a thermal 

camera, and three staff to perform the fever screening task. Three staff required to operate 

the conventional TIS. Two staff perform “eye-ball” checking for the identification of the fever 

suspects, and one staff catches the fever suspects. On the other hand, our SFSS consists of a 

thermal unit (a thermal camera and a 4k color camera), a scene camera, a personal computer 

(PC), a tablet PC, and a staff. The thermal camera and the 4k color camera used in the setup 

were a FLIR A315 and a Hikvision 8 MP Smart Network Box Camera. They were shared 

between the conventional TIS and our SFSS during the role-play simulation. Last but not least, 

three persons acted as passersby in front of the system, with one of them holding a heated 

thermal block (surface temperature of 38.5 ̊C) to simulate fever suspect. The role-play 

simulation setup is showed in Figure 6-9. 

The procedures of the role-play simulation are the following:  

I. Three passersby walk from the door entrance towards the cameras, turn left and exit 

the temperature screening zone.  

II. During the walk, one of the passersby holds the heated thermal block up on the face 

near the forehead region to simulate a real fever suspect passing by. 

III. For the conventional TIS setup, the two staffs need to constantly perform “eye-ball” 

checking between color and thermal images and scrutinize the information to identify 

the fever suspect. Once the fever suspect is identified, they describe the appearance 

of the fever suspect to the third staff standing in the fever screening zone by walkie-

talkie. After that, the third staff needs to search for the correct person among the 

three persons and catch the fever suspect before leaving the fever screening zone.  

IV. For the SFSS setup, a staff stands in the fever screening zone and holds the tablet PC 

connected to our SFSS. When a fever suspect is detected, the photo and the location 

information are sent to the tablet in real-time. The tablet PC will alarm the staff with 

beep sounds, and the staff will search and catch the fever suspect with the photo and 

location information shown on the tablet before he or she leaves the fever screening 

zone.  
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Figure 6-9: The setup for measuring the response time of the SFSS and the conventional TIS 

6.6 Benchmark Results 

Results of Response Time of conventional TIS versus SFSS 

The role-play simulation was repeated nine times. In addition, the required time for 

identifying and successfully capturing the fever suspect for both of the systems was recorded.  

Figure 6-10 shows the comparison of the response times between the two systems. For 

conventional TIS, the average response times to identify and capture the fever suspect are 

6.41 seconds and 9.25 seconds, respectively. For our SFSS, the average response times are 

1.86 seconds and 4.69 seconds. Thus, our system is 3.45x faster than conventional TIS on the 

fever suspect detection task and 1.97x faster in total response time from detection to capture 

the suspect successfully. The results are significant [F (3, 32) = 89.9, p < 0.001]. However, the 

average time between successfully identify and successfully capture the suspect is 2.840 

seconds for the conventional TIS and 2.835 seconds for the SFSS setup. Thus, there is no 

significant difference between the two systems on time needed to capture the fever suspect 

once the suspect is identified.  
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Figure 6-10: Our system detects fever suspects in a shorter time consistently 

Nevertheless, our SFSS offers a shorter detection time and saves two operators on the same 

fever screening task under this simple setup for the role-play simulation. The result suggests 

that it will be beneficial if the system is installed at the border control points with much larger 

human traffics. It will be interesting to study and compare the conventional TIS and our SFSS 

with the Department of Health of the HKSAR government at one of the border control points. 

6.7 Deployments of Live-Streaming AI Fever Screening System in the Public 

The RFSS is one of our developed systems. The deployment of our systems has been site 

trialed and accepted by five schools, three libraries, one Non-Governmental Organization 

(NGO), one museum, nine elderly centers, the Electrical and Mechanical Services Department 
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(EMSD), and the Department of Health of the HKSAR Government. Figure 6-11 shows the 

locations of our deployed systems.  

 

Figure 6-11: The locations of our deployed systems 
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6.7.1 Installation at Hong Kong International Airport 

 

Figure 6-12: The Installations of the SFSS at the Hong Kong International Airport (HKIA) 
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6.7.2 Installation at Kai Tak Cruise Terminal 

 

Figure 6-13: The Installation of the SFSS at the Kai Tak Cruise Terminal (KTCT) 
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6.7.3 Installation at Hong Kong International School (HKIS) 

 

Figure 6-14: Our system at Hong Kong International School (HKIS) 

  



87 
 

6.7.4 Installation at four primary schools 

 

Figure 6-15: The Salvation Army William Booth Secondary School, The Salvation Army Shek 
Wu School, The Salvation Army Lam Butt Chung Memorial School, The Salvation Army Tin Ka 

Ping School 
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6.7.5 Installation at five elderly day care centers 

 

Figure 6-16: Five elderly daycare centers 
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6.7.6 Installation at two public libraries 

 

Figure 6-17: Tsing Yi Public Library and Tiu Keng Leng Public Library 
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6.7.7 Installation at the Science Museum 

 

Figure 6-18: The installation of our system at the entrance of science museum 
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6.7.8 Installation at Seven Border Control Points and Major Government Offices 

 

 

Figure 6-19: The installation at a government building and one of the border control points 
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6.7.9 Installation at HKUST 

 

Figure 6-20: The installation at HKUST: Lee Shau Kee Business Building, South Gate, North 
Gate, Atrium, Cheng Yu Tung Building, and the HKUST Library 
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6.8 User Surveys and Feedbacks 

We have collected the user feedback from eleven of the sixteen trial partners. Three of them 

are schools, and eight are either elderly centers or elderly homes. Figure 6-21 shows the 

survey results, and positive feedbacks have been received. All of them are satisfied with our 

technology and system. Our system brought benefits to their operation in terms of process 

enhancements. In addition, five out of the eight elder centers reported that our system also 

improves their service quality. Moreover, 73% of the users are willing to adopt our technology 

into their daily operations. The remaining users have concerns about the cost and aesthetics 

of our system. [Appendix 6.3, page 115] 

 

Figure 6-21: The survey results regarding to our technology and system. 

6.9 Discussions and Conclusions 

Challenges in the design, implementation and deployment of multiple AI in computer vision 

to create LAFSS to replace human decisions on non-invasive fever screening in moving crowds 

have been studied. The first part documented the design and implementation of the LAFSS, 

followed by testing and validating the proposed system. The second part provided details on 

the deployment of the RFSS at five schools, three libraries, one Non-Governmental 

Organization (NGO), one museum, nine elderly centers, the Electrical and Mechanical Services 

Department (EMSD), and Department of Health of HKSAR Government. 

Due to Covid-19, the site trial at one of the border control points was canceled, and a role-

play simulation to mimic fever screening at border control points was conducted at HKUST 

instead. Results show that the average response times to identify and capture the fever 

suspect using our system are 1.86 seconds and 4.69 seconds accordingly. Data shows 3.45x 
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and 1.97x faster than the conventional Thermal Imaging System (TIS) setup used at the border 

control points in Hong Kong for almost two decades. Furthermore, the number of staff 

required to operate our system decreased from three to one. The system is new and shows 

promising results for replacing human decisions on non-invasive fever screening in moving 

crowds. 

Positive feedbacks have been received from the site trials partners of RFSS. The deployments 

of RFSS at various locations in Hong Kong created a positive impact on human society and 

helped our fight against the Coronavirus pandemic. In addition, the non-personal identifiable 

data collected (such as temperature, distance, ambient temperature) may also facilitate 

future research on non-invasive temperature measurement and screening applications.  
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Chapter 7 CONCLUSIONS, LIMITATIONS AND FUTURE WORKS 

7.1 Conclusions 

In this thesis, we studied the challenges of non-invasive fever screening for a moving crowd 

using AI technology in computer vision to assist or even replace humans in decision-making. 

We proposed, developed, and tested two thermal compensation models for non-invasive 

temperature measurements. The two models incorporate the statistical model of interacting 

effects of measuring distance and ambient temperature and the physics model of 

atmospheric absorption. Furthermore, we investigated the possibility of noise suppression in 

non-invasive temperature measurements. Our proposed model showed effectiveness in 

noise suppression with human tracking. In addition, we also proposed, developed, and site-

trialed multiple versions of the live-streaming AI fever screening system (LAFSS). The 

deployments of our systems have been site-trialed and accepted by five schools, three 

libraries, one Non-Governmental Organization (NGO), one museum, nine elderly centers, the 

Electrical and Mechanical Services Department (EMSD), and the Department of Health of the 

HKSAR Government.  

The influence of the measurement distance on non-invasive temperature measurement has 

been studied. The error of the temperature measurement by the thermal infrared camera 

increases linearly as the distance between the subject and the camera increased. The mean 

absolute error (MAE) and the root-mean-square error (RMSE) can be as large as 3.707 ̊C and 

3.875 C̊, respectively. Regardless of the errors in temperature measurements, separating the 

normal and febrile groups of people with a lower alarm threshold is still possible. However, 

the temperature screening is limited to a short range of distances up to 3.2m with this 

approach. On the contrary, the MAE and the RMSE were reduced to 0.474 C̊ and 0.567 ̊C with 

our proposed model and compensation, respectively. Thus, the distance for temperature 

screening increased to 8.2m. The improvements in screening distance can effectively increase 

the efficiency of temperature screening. These analyses are new and could not be found in 

the literature. 

The influence of ambient temperature on non-invasive temperature measurement has been 

studied. We found that decreasing ambient temperature significantly reduces non-invasive 

temperature measurements linearly. Moreover, a drop in ambient temperature from 28 ̊C to 

14 ̊C can reduce non-invasive temperature measurements by 4.1 ̊C to 7.2 C̊ on average. The 
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reduction of the non-invasive temperature measurements depends on the distance. Our data 

also show a significant interaction between distance and ambient temperature on the non-

invasive temperature measurements. With our proposed enhanced thermal compensation 

model, the MAE and the RMSE drop from 4.799 C̊ to 0.607 ̊C and 5.158 C̊ to 0.836 ̊C, 

respectively. The results suggest that our thermal compensation model creates a possibility 

of fever screening with infrared thermography (IRT) in a semi-outdoor environment where 

the ambient temperature changes. A simulation study was conducted to study the fever 

screening in different ambient temperatures. Our simulation results show that it is impossible 

to detect fever with >= 90% sensitivity and specificity with changing ambient temperature 

without any thermal compensation. This finding is consistent with ISO and FDA regulations, 

where fever screening systems work effectively only when the systems are used in the right 

environment or location. However, we enabled fever screening at different ambient 

temperatures and distances with our proposed model and compensation. This system is the 

first of its kind. 

The possibility of tracking the same person and utilizing the temporal consistency of the body 

temperature to suppress temperature measurement noise introduced by other factors has 

been studied. We found that 3.56% of the time, on average, the temperature measurement 

values are within an average of human temperatures. Furthermore, the RMSE of the raw 

temperature measurements against the reference forehead temperature of the normal 

persons is 4.31 ̊C. This data demonstrates that non-invasive temperature measurement in 

practice does suffer much noise due to many uncontrollable factors. However, the duration 

of having a valid temperature increase to 89.36%, and the RMSE decreases to 0.87 C̊ with our 

thermal compensation for distance and ambient temperature. In addition, the duration of 

having a valid temperature further and the RMSE further improve to 98.61% and 0.43 ̊C, 

respectively. Our study shows that using temporal information from human tracking 

suppresses the noise in non-invasive temperature measurements. We hypothesized that the 

false alarm rate for fever screening can be suppressed by utilizing human tracking, but this 

hypothesis can be validated in future work. 

Finally, the challenges of design, implementation, and deployment of multiple AI in computer 

vision to create LAFSS to replace human decisions on non-invasive fever screening in moving 

crowds have been studied. We detailed the design and implementation of the LAFSS, followed 
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by testing and validating the proposed system. In addition, we detailed the deployments of 

our Remote Fever Screening System (RFSS) at five schools, three libraries, one Non-

Governmental Organization (NGO), one museum, nine elderly centers, the Electrical and 

Mechanical Services Department (EMSD), and Department of Health of HKSAR Government. 

A role-play simulation of the fever screening operations at the border control points had been 

conducted at HKUST. Results show that the average response times to identify and capture 

the fever suspect using our system are 1.86 seconds and 4.69 seconds accordingly. Data 

shows 3.45x and 1.97x faster than the conventional Thermal Imaging System (TIS) setup used 

at the border control points in Hong Kong for almost two decades. Furthermore, the number 

of staff required to operate our system decreases from three to one. The system is new and 

shows promising results for replacing human decisions on non-invasive fever screening in 

moving crowds.  

7.2 Limitations and Future Works 

This thesis shows the start of integrating non-invasive temperature screening with infrared 

technology, deep learning technologies, and computer vision technologies.  

In our study, only two of many factors for non-invasive temperature measurement with a 

thermal infrared camera have been studied. There are many other essential factors like 

humidity, time of day, head orientation, the emissivity of the skin, sweating effect, influences 

of the hardware, and more, which can introduce noise in temperature measurement. Thus, 

there are still many unknowns for non-invasive temperature measurement, especially under 

uncontrolled environments and at longer distances. There are rooms for future studies to 

investigate those factors and further improve the accuracy and robustness of non-invasive 

temperature measurements.  

A simulation was conducted to study fever screening in different ambient temperatures. The 

results show that our thermal compensation model is promising for temperature screening in 

a semi-outdoor environment. However, the actual data of heated forehead in different 

conditions is missing. Therefore, the data of heated forehead in different conditions, 

especially in different ambient temperatures, can be collected to validate the simulation 

results. Furthermore, an experiment can be conducted to study and validate if human tracking 

can suppress the false alarm rate for fever screening.  
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The evolution of AI and deep learning technologies enable our LAFSS to apply our thermal 

compensation algorithm only on the thermal pixels that belong to humans in real-time. We 

conducted a multi-person loading test with our system, but the testing and validation of the 

system in real sites remain an open challenge. Moreover, there are still many deficiencies in 

the current technology. For example, there are false alarms introduced by the hot background, 

miss detection because of occlusion of the faces, and more. Another possible direction for 

future work on non-invasive temperature screening technology can be on the algorithms that 

can improve the accuracy and robustness of non-invasive temperature screening with 

infrared thermography (IRT). For example, segmenting the person’s skin in low-resolution 

thermal images for hot background suppression, occlusion detection in the faces to alarm the 

users, human or face detection in thermal images are also possible future work. Last but not 

least, more efficient deep learning AI technologies that can run on cheaper GPU-enabled edge 

devices in real-time are also promising directions for future work. 
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Appendix 

3.1 Hardware Specifications of RFSS 

1. A Hikvision 8MP Box Camera: DS-2CD5085G0-(A)(P) 

a.  

b. 

DS-2CD5085G0-AP_d

atasheet_V5.6.0_20190905.pdf 

2. FLIR E8-XT 

a.  

b. 

Ex-Series-Datasheet-

US.pdf  
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c. FLIR ATLAS SDK: 

 

3. FLIR A315 

a.  

b. 

Ex-Series-Datasheet-

US.pdf  

4. Logitech brio-4k-hdr-webcam 
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5. A computing unit (Intel Core i9 and NVIDIA RTX 2080 Super) 

a.  

b. The specification of the desktop computer: 

DESKTOP-9PT003.txt
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6. Environmental Sensor: 485溫度濕度激光 PM2.5感測器 PM10檢測儀MODBUS粉

塵空氣質量監測 

a.  

b. The specification of the environmental sensor: 
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3.2 Infrared Thermometer FS-300 

  

Link: https://www.healthcarehk.com/product/hubdic-non-contact-infrared-thermometer-fs-

300/ 

3.3 Hot patches 

 

3.4 Code for the analysis (the effects of distance, ambient temperature, and tracking) 

analysis_code_nick_th

esis.rar  

  

https://www.healthcarehk.com/product/hubdic-non-contact-infrared-thermometer-fs-300/
https://www.healthcarehk.com/product/hubdic-non-contact-infrared-thermometer-fs-300/
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3.5 Analysis of the effects of distance 

Analysis on the FLIR E8 data: 

 

Analsyis on the FLIR A315 data: 
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4.1 Face box estimation with Open-Pose 

  

The photo in the left shows the 25 Open-Pose key point outputs (https://github.com/CMU-

Perceptual-Computing-Lab/openpose), and the right shows the definition of the face box 

estimation from the key point.  

4.2 Motion filter 

KNN “Background Subtractor” was used as the motion filter. First, the raw thermal frame was 

converted to a gray image. The temperature value within the range of 20 ̊C and 60 ̊C will be 

mapped linearly to 0 and 255. Values below 20 ̊C are mapped to 0, and values above 60 ̊C are 

mapped to 255. The code is shown below: 
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4.3 Data calibration at HKUST North Gate 

 

Key point data and the diagonal length of the face bounding box are collected for calibrating 

the distance in the collected data from 27 September 2020 to 01 March 2021.  
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4.4 Analysis of the effects of ambient temperature  
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6.1 Equipment list 

1. Fixed System at Hong Kong International Airport 

Description Brand Model Qty. 

8 Mega-Pixel Video Camera HIKVISION DS-2CD5085G0-(A)(P) 4 

12 Mega-Pixel Video Camera 

with lens  
HIKVISION DS-2CD5AC5G0-IZ(H)S 2 

Stereo Depth Sensor StereoLabs ZED 4 

Wireless Router ASUS ROG Rapture GT-AC5300 1 

Ethernet to USB Convertor ORICO UTJ-U3 2 

24-port LAN Switcher CISCO SG550X-24MP 2 

Wireless Tablet Samsung Galaxy Tab S4 2 

Mobile Device Samsung Galaxy S10 1 
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Specification of the GPU Server: 

 

6.2 Thermal block 

 Thermal block: 

o  

o  
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 0.3mm latex sheet pasted on the thermal block:  

o  

6.3 RFSS User feedbacks 

 


