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ABSTRACT
Effective energy management in the buildings is one of the

key factors impacting the overall energy consumption, and thus
has important consequences on climate and the environment. De-
tecting human thermal discomfort can be potentially used to re-
duce energy consumption in both buildings and vehicles, while
maintaining the thermal comfort sensation of the occupants. This
paper proposes a non-contact approach that relies on the thermal
features obtained from thermal imaging (owing to its advantage
as a noninvasive and noncontact method), in order to automati-
cally detect the thermal discomfort level without any explicit in-
put from the user. This research makes three contributions. First,
a novel dataset of thermal recordings of 50 subjects is collected.
Second, we extract and analyze features from two different ther-
mal cameras in order to accurately detect the thermal discom-
fort levels of subjects. Third, we explore the capabilities of the
cameras features in detecting seven levels of comfort/discomfort
levels within the three categories of comfortable, cold, and hot.
Our approach is expected to enable innovative adaptive control
scenarios for enclosed environments as well as an important re-
duction in energy consumption in both buildings and vehicles.

∗Address all correspondence to this author.

INTRODUCTION
Detecting thermal discomfort has been gaining a lot of in-

terest recently in order to design energy-efficient buildings and
fuel-efficient vehicles as well as provide individuals with a com-
fortable thermal sensation, which in return has positive conse-
quences on climate and the environment. Existing methodolo-
gies rely on the user’s manual adjustment of the suitable temper-
atures assumed to maintain their comfort sensation, which can
result in increased energy consumption and does not ensure a
permanent thermal comfort sensation.

In the U.S., the building sector consumes above 41% of the
primary energy consumption, distributed as 54% energy con-
sumption by residential buildings and 46% by commercial build-
ings [1]. Restoring the thermal sensation of individuals is the
main factor contributing to this massive energy consumption,
which is expected to increase in the next decade with global
warming and carbon dioxide emissions [2, 3].

For vehicles, according to the In-Car Study run by Arbitron,
drivers spend more than 2.5 hours in their vehicles daily, result-
ing in approximately 20 hours per week [4]. Studies showed that
the air conditioning inside vehicles consumes up to 30% of the
fuel in conventional internal combustion engine vehicles and can
reduce the range of the vehicle’s battery by up to 40% in electric

Proceedings of the ASME 2017 International Mechanical Engineering Congress and Exposition 
IMECE2017 

November 3-9, 2017, Tampa, Florida, USA 

IMECE2017-72162

1 Copyright © 2017 ASME

Downloaded From: http://proceedings.asmedigitalcollection.asme.org/ on 07/25/2018 Terms of Use: http://www.asme.org/about-asme/terms-of-use



cars [5]. Other reports recommended raising the vehicle’s tem-
perature by four degrees Celsius in order to save approximately
22% of the compressor power, which also leads to a 13% increase
in the coefficient of performance [6].

There exists multiple factors that affect the thermal comfort
sensation of human such as subjective assessment and psycho-
logical aspects [7,8] among other different personal and environ-
mental factors, which adds to the complexity of the detection
process. However, collecting physiological signals from sub-
jects requires contact-based devices, which is not feasible to in-
stall in buildings and vehicles for adaptive climate control sys-
tems. Hence the need arises to develop non-contact real-time ap-
proaches that automatically sense the state of thermal discomfort
of the occupants and adaptively restore the thermal comfort sen-
sation of the subjects while reducing energy and fuel consump-
tion. Additionally, comfort level sensing is expected to result
in reduced fuel consumption especially for electrical cars, which
can result in additional savings and better compliance with the
U.S. Corporate Average Fuel Economy (CAFE) standards.

Thermal discomfort is defined as “That condition of mind
which expresses satisfaction with the thermal environment” [9].
It can also be defined as the minimum rate of nervous signals
from the thermal receptors in the skin [10]. Factors affecting the
thermal sensation of subjects can be divided into different per-
sonal and environmental factors. Environmental factors include
air temperature, mean radiant temperature, air velocity, and rel-
ative humidity while personal factors include the metabolic rate
and clothing insulation. Recently, it was shown that there was a
significant difference between human thermal sensation in build-
ings and in vehicles [11, 12]. In particular, other factors con-
tributed to thermal discomfort in vehicles such as the effect of
solar radiation and poor interior insulation.

Previous research focused on detecting thermal discomfort
in building environments to reduce energy consumption. More
recently researchers started exploring the detection of thermal
discomfort in vehicles to reduce fuel consumption and provide
healthy and safer driving conditions. We start by surveying the
approaches introduced to detect thermal discomfort in buildings.

Thermal imaging was recently used to detect thermal dis-
comfort of human owing to its advantage as a non-contact non-
invasive method. Fast Fourier transform was used to analyze
thermal regions of interest from the subjects’ faces in order to
detect thermal discomfort [13], based on a human infrared ther-
mography study [14]. A different study explored the relation
between airflow temperatures and airflow fluctuations and hu-
man thermal sensation [15]. Infrared imaging in a mild cool of-
fice environment was used to analyze the critical indicators of
thermal sensation [16]. Two control algorithms were introduced
to achieve thermal comfort optimization and to achieve energy
consumption minimization while maintaining the indoor thermal
comfort using only-one-actuator system [17]. Haldi and Robin-
son [18] applied probabilistic modeling using logistic regression

to study the actions of occupants sensing thermal discomfort in
an indoor environment. Increased rates of thermal discomfort
in buildings were reported by surveying 30,000 subjects in [19].
Fang et al. [20] analyzed the effect of air temperature, humidity,
and ventilation on the thermal comfort of office workers. An-
other study analyzed the relation between air quality and ven-
tilation and thermal discomfort in buildings [21]. An adaptive
control model was used to detect thermal discomfort of subjects
in naturally ventilated buildings [22]. In order to design energy-
efficient buildings, Bessoudo [23] explored the effect of lazing
type and shading properties on thermal discomfort in offices. A
fuzzy model was introduced using the PMV/PPD model to ef-
fectively control thermal discomfort [24]. The relation between
the size of the cooling equipment and thermal discomfort was
analyzed in [25]. Humidity and air speed were reported to have
increased effect on comfort sensation considering multiple fac-
tors such as air temperature, air speed, relative humidity, illumi-
nation, and metabolism of subjects using a multi-station [26].

In hot weather, vasodilation occurs, which results in increas-
ing the width of the blood vessels. On the other hand vasocon-
striction occurs in cold weather resulting in narrowing the blood
vessels in the body to decrease the blood flow and keep the heat.
Hoppe [27] showed that adapting thermally to hot weather was
faster than cold weather. The potential of using wearable sen-
sors in detecting thermal discomfort in buildings was discussed
in [28]. A study detected a correlation between the forehead
temperature and the subjects’ thermal sensation by collecting
data from 10 subjects [29]. ThermalSense is another approach
that utilized thermographic imaging to look for the physiologi-
cal markers of vasodilation or vasoconstriction in order to detect
thermal comfort [30].

More recently, sensing thermal discomfort in vehicles
gained more interest. In particular, an analysis was conducted
to analyze the personal and environmental factors that affect the
discomfort sensation in vehicles [11]. Studies showed that the
discomfort sensation in vehicles differs from buildings as it in-
cludes other factors such as the effect of solar radiation, poor
interior insulation, and the non-uniformity of the average radiant
temperature [12]. Vehicles thermal discomfort parameters were
explored to improve the detection methods and it was reported
that the relative air humidity and the inside temperature were the
main contributors to thermal discomfort in vehicles [31].

Multimodal sensing had been recently used to detect ther-
mal discomfort. Dang et al. [32] developed a navigation system
that chooses passes to reduce thermal discomfort for pedestrians.
A preliminary study showed the potential of combining thermal
imaging with certain body signals in improving thermal discom-
fort detection rates [33, 34].

Hence, in this paper we propose a non-contact approach to
detect thermal discomfort levels of subjects in indoor environ-
ments similar to that in buildings and vehicles using thermal
imaging. Thermal imaging is a non-invasive non-contact mean
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FIGURE 1. The experimental station including an insulating enclosure and thermal cameras.

FIGURE 2. Examples of the recorded frames from FLIR SC6700 (top row), and FLIR One (bottom row). The images represent a comfort state (left),
a cold discomfort state (middle), and a hot discomfort state (right).

to capture thermal measurements from heat-emitting sources,
which has multiple application in different fields such as the
medical and military fields [35–37].

In particular, this paper makes three contributions. First, a
novel dataset of thermal recordings of 50 subjects is collected.
Three scenarios are conducted, where the subjects are placed in

comfortable conditions, in a cold environment, and in a hot envi-
ronment using an insulating enclosure. The desired environmen-
tal conditions inside the enclosure are maintained using a heat
pump. Second, we extract and analyze features from two dif-
ferent thermal cameras in order to accurately detect the thermal
discomfort levels of subjects. The cameras include a state-of-
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the-art scientific grade FLIR camera and a cost effective thermal
camera. Thus, the feasibility of using an inexpensive thermal
camera is investigated, especially for usage in vehicles and in
different rooms in cost-effective homes. On the other hand, the
scientific grade FLIR camera can be installed in smart homes
and business buildings. Third, we explore the capabilities of the
cameras features in detecting seven different comfort/discomfort
levels within the three categories of comfortable, cold, and hot.

DATASET COLLECTION
Devices

Two different thermal cameras were used to accurately de-
tect the thermal discomfort levels of subjects. The cameras in-
clude a state-of-the-art scientific grade FLIR camera and a cost
effective thermal camera. We used a FLIR SC6700 thermal cam-
era with a resolution of 640x512 and 7.2 M electrons capacity,
reaching a frame rate of approximately 100 frames per second.
We set it at 60 frames per second for our experiments. A low-
cost FLIR One thermal camera was also used to capture thermal
recordings of the subjects during different thermal comfort and
discomfort stages.1 The reason behind choosing this low-end
camera is the feasibility of installing such cameras that fall under
$250 in vehicles without any significant changes in the vehicle
price. However, the state-of-the-art FLIR SC6700 thermal cam-
era can be installed in different buildings and homes. The FLIR
One camera was connected to an IPad to save the recorded videos
using the FLIR One app.

Subjects
Experiments were conducted inside a lab at the University

of Michigan. The lab features an insulating enclosure (W x L
x H is 2m x 2m x 2.5m) with a seat for the subjects and two
thermal cameras trained at the face of the human subjects. Our
dataset consists of recordings collected from 50 human subjects.
The subjects included 32 males and 18 females of different ethnic
backgrounds, with an age range between 18 and 60.

Experimental Procedure
In order to simulate a small enclosed environment similar

to that found in a vehicle or a room, we built an enclosure with
insulating material for complete isolation from the room temper-
ature. The enclosure was connected to a heat pump in order to
blow hot and cold air. The relative humidity was in the 40-60%
range. The enclosure contained a seat for the subjects to sit com-
fortably as well as a fan and a heater to increase the subjects’
sensation of cold and hot, respectively. The enclosure also had
a slit to capture videos using the thermal cameras. A picture of
this system can be seen in Figure 1. The subjects were asked to

1http://www.flir.com/flirone/content/?id=81730

sit comfortably in the seat in the enclosure. The data collection
process included three stages.

Comfort. The subjects were asked to stay in the build-
ing where the experiments were conducted for a period of time,
to adapt to the indoor temperature and feel thermally comfort-
able. After spending some time in the building, they were asked
to sit in the enclosure and stay inside to the end of the experi-
ments. After the subjects confirmed they were feeling thermally
comfortable, they were recorded for four minutes in this state.
The enclosure temperature in this stage ranged between approx-
imately 20oC to 24oC.

Cold Discomfort. As the subjects were sitting inside the
enclosure, cold air was blown inside using the heat pump and the
fan. This process continued for approximately 20 minutes until
the enclosure temperature reached approximately 16oC (61oF).
The subjects were then recorded for four minutes with the cold
air continuously blowing.

Hot Discomfort. In this stage, hot air was blown into the
enclosure using both the heat pump and a 2000W electric heater
(to decrease the time it takes for the air inside the enclosure to
reach the target temperature) while the subjects were sitting in-
side. This process continued for approximately 10 minutes until
the enclosure temperature exceeded 35oC (95oF). The subjects
were again recorded for four minutes with continuous blow of
hot air.

Thermal Sensation Rating To further evaluate the
comfort/discomfort level of the subjects, the Predicted Mean
Vote/Predicted Percentage of Dissatisfied or PMV/PPD model
developed by Fanger [38] was used, which assumed steady
state conditions in an indoor environment. The model is the
most famous thermal discomfort model and can be used in air-
conditioned buildings, which resembles our setup. The PMV
rates the thermal sensation of the subjects on a scale of (-3) for
cold to (3) for hot. The surveyed individuals choose a value on
the thermal scale to express their thermal sensation.

At each of the three stages, the subjects were asked to rate
their thermal sensation using the PMV scale. All the subjects
rated the comfort stage as “0”, which represented the thermally
neutral state on the PMV scale. For cold discomfort, the subjects’
ratings ranged from -1 to -3. Similarly for the hot stage, their
ratings ranged from 1 to 3.

It should be noted that the thermal recordings using the FLIR
SC6700 camera were collected from all of the 50 subjects. How-
ever, due to an error in the FLIR One software update, thermal
recordings from the FLIR One camera were saved from only 22
subjects.
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FIGURE 3. Detecting and tracking interesting points between frames
from the FLIR One camera, which are usually found at sharper changes
in colors, i.e., changes in temperatures.

FIGURE 4. The process of segmenting, binarizing, masking, and
cropping the thermal faces.

NON-CONTACT APPROACH
To represent the thermal signatures extracted from the sub-

jects’ faces, three steps were performed, namely, face segmenta-
tion, face tracking, and thermal map formation. The same steps
were followed for the recordings of both thermal cameras.

Examples of the frames recorded from both cameras are
shown in Figure 2. The images on the top are from the FLIR
SC6700 camera while the bottom images are from FLIR One.
The states presented are comfortable (left), cold discomfort (mid-
dle), and hot discomfort (right). It can be noticed that in both
cases darker colors presenting lower temperatures are associated
with the cold state and lighter colors presenting higher tempera-
tures are associated with hotter states. As depicted in the figure,
these trends as well as the resolution are significantly better with
the FLIR SC6700 frames. As expected, the temperature distri-
butions in different areas of the faces are much clearer in the
state-of-the-art camera, which can be explored in future work to

determine which regions in the face are most capable if indicat-
ing the thermal sensation of the subjects.

Tracking Thermal Faces
First, the thermal faces of the subjects were manually seg-

mented from the first frame of each of the video recordings. Au-
tomatic methods of face detection did not perform well on ther-
mal images especially with the low resolution of FLIR One cam-
era. We will leave the development of an automatic detection of
thermal faces for future work. Once the faces were segmented,
interesting points were located in the bounding boxes of the de-
tected faces. The points were detected based on the Shi-Tomasi
corner detection algorithm [39] by computing the weighted sum
of square difference between two successive frames. We used the
Iron color palette for the FLIR One camera, where lighter col-
ors mapped higher temperatures and darker colors mapped lower
temperatures. For the FLIR SC6700, the raw thermal recordings
were used. Hence, the interesting points were usually located
where sharper changes in the colors existed as seen in Figure 3,
which potentially indicated the existence of a blood vein that
controls, to a large extent, the temperature of the surrounding
region.

Once the interesting points were detected, they were tracked
using a fast Kanade-Lucas-Tomasi (KLT) tracking algorithm
[40, 41] as can be seen in Figure 3. KLT is a famous tracking
method known for accurate tracking of objects that have visual
texture without change in shape over time. The algorithm as-
sumes a small displacement between the pixels in two successive
frames, which suited our tracking requirements. The subjects
were not forced to avoid head movements, but they did not make
any extreme movements. To increase the accuracy of the track-
ing approach, the Forward-Backward Error [42] was calculated
by tracking the points back and forth between frames in order
to eliminate outliers and avoid the uncertainty with some points.
The face bounding box was then reconstructed using geomet-
ric transformation [43], which globally estimated the interesting
points transformation based on similarity. Once the points were
mapped, the new boundary box was geometrically determined.

Stage-wise Experiments
Thermal Map

In order to extract thermal features from the tracked faces,
masking, binarization, and cropping of the facial regions were
used. In particular, the frames of the tracked faces were bina-
rized to form a holistic shape of the faces and eliminate the back-
ground. For FLIR One, this was conducted under the assumption
that the backgrounds of the faces were not heat emitting sources
(darker colors) and hence, would be transformed into black pix-
els. For FLIR SC6700, we set a temperature of 26.94oC (80.5oF)
as a threshold below which any temperature is set to zero as to
eliminate the background behind the subjects. The binarized im-
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TABLE 1. Overall accuracy as well as the recall of each of the com-
fort, cold discomfort, and hot discomfort classes for FLIR SC6700 using
the statistical features in addition to the histogram of 20, 60, 120, 180
and 255 bins from all 50 subjects.

FLIR
SC6700 Baseline Hist20 Hist60 Hist120 Hist180 Hist255

Accuracy 33.3 99.3 98.0 98.0 98.0 98.0

Comfort 33.3 98.0 96.0 96.0 96.0 96.0

Cold 33.3 100.0 98.0 98.0 98.0 98.0

Hot 33.3 100.0 100.0 100.0 100.0 100.0

age and the original face were then multiplied to restore the ac-
tual face. Finally the face region was cropped and a thermal map
was constructed as seen in Figure 4.

For FLIR One, the thermal map was created from the Hue
Saturation Value (HSV) pixel representation by extracting the
average of the pixels values of the face, the maximum pixel
value presenting the highest temperature in the face, the mini-
mum pixel value presenting the lowest temperature of the face,
the standard deviation, which measured the difference between
the minimum and maximum temperatures, the mean of the 10%
highest pixel values, and a histogram of 60, 120, 180, and 255
bins over the values of the pixels in the face to form a total of
195, 375, 555, and 780 thermal features for all the three HSV
channels.

For FLIR SC6700, statistical measurements and histograms
were computed directly from the raw temperatures in the cropped
faces. In particular, the maximum, minimum, mean, mean of the
10% highest values, and standard deviation of the temperatures
were calculated as well as a temperature histogram of 20, 60,
120, 180, and 255 bins.

The histogram was normalized to form a probability distri-
bution over all bins. The thermal features from all the frames
were averaged to create a single thermal feature vector per video
response for each of the thermal cameras.

EXPERIMENTAL SETUP FOR DETECTING DISCOM-
FORT

We perform two sets of experiments using machine learning.
Training instances (feature vectors) are used to train the classifier
to learn the differences between different discomfort stages, and
then the classifier is used to predict the label on a new (unseen)
instance. First, we conduct stage-wise experiments where the
unseen recordings are classified into either comfortable, cold, or

hot. Second, we conduct a PMV-based classification where we
extended our classification process in order to classify unseen
instances into one comfort level, three cold discomfort levels,
and three hot discomfort levels

A decision tree classifier was trained using the thermal fea-
ture vectors from both cameras separately in order to classify
unseen instances as comfort, cold, or hot. It should be noted that
for FLIR SC6700, all feature vectors from the 50 subjects were
used, while for the FLIR One, feature vectors from only 22 sub-
jects were used. In order to provide a fair comparison, we also
experiment the feature vectors from the same set of 22 subjects
from the FLIR SC6700 camera.

We use Leave-one-subject-out cross validation scheme. This
scheme indicates that all the recordings of all the subjects are
used to train the classifier except for the three recordings of one
subject, which are held out for testing. This process repeats until
all the recordings of all subjects are used once for testing. For
example, this process repeats 50 times for 50 subjects, testing
three instances of one of the subjects at each fold. We report the
average classification accuracy as well as the recall of each class.
Accuracy refers to the ratio of correctly classified instances to
the total number of tested instances. Recall refers to the ratio of
correctly classified instances of a specific class (comfort, cold, or
hot) to the number of instances belonging only to this class. The
results are also compared to the baseline performance, which is
based on random guessing.

EXPERIMENTAL RESULTS
Stage-wise Experiments

Table 1 lists the overall accuracy and the recall of the com-
fort, cold discomfort, and hot discomfort classes as well as the
baseline performance, for FLIR SC6700 using the statistical fea-
tures in addition to the histogram of 20, 60, 120, 180 and 255
bins from all 50 subjects. The table indicates a superior perfor-
mance using different sizes of bins reaching at least 98% in the
overall accuracy. The different histogram sizes exhibit similar
performance except for the 20 bins, which exceeds 99% accu-
racy. This indicates that the scientific thermal camera is capable
of sensing the thermal sensation of different subjects with great
confidence.

Table 2 lists the overall accuracy and the recall of the com-
fort, cold discomfort, and hot discomfort classes as well as the
baseline performance, for both the FLIR SC6700 and FLIR One
cameras using the statistical features in addition to the histogram
of 60, 120, 180 and 255 bins from 22 subjects. In order to pro-
vide a fair comparison, we repeated the experiments for the FLIR
SC6700 using the recordings of the same set of 22 subjects saved
by FLIR One.

Four observations can be noticed from the table. First, the
performance of the instances used from FLIR SC6700 drops
slightly as the number of subjects drops to 22, and hence the
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TABLE 2. Overall accuracy as well as the recall of each of the comfort, cold discomfort, and hot discomfort classes for FLIR SC6700 and FLIR One
cameras using the statistical features in addition to the histogram of 60, 120, 180 and 255 bins from the 22 subjects.

FLIR SC6700 FLIR One

Baseline Hist60 Hist120 Hist180 Hist255 Hist60 Hist120 Hist180 Hist255

Accuracy 33.3 97.0 97.0 97.0 97.0 77.3 68.2 75.8 74.2

Comfort 33.3 95.5 95.5 95.5 95.5 59.1 54.5 77.3 77.3

Cold 33.3 95.5 95.5 95.5 95.5 77.3 63.6 72.7 68.2

Hot 33.3 100.0 100.0 100.0 100.0 95.5 86.4 77.3 77.3

TABLE 3. Overall accuracy as well as the recall of each of the com-
fort, three cold discomfort, and three hot discomfort classes for FLIR
SC6700 using the statistical features in addition to the histogram of 20,
60, 120, 180 and 255 bins from all 50 subjects.

FLIR
SC6700 No. Baseline Hist20 Hist60 Hist120 Hist180 Hist255

Accuracy 33.3 63.9 55.8 51.7 52.4 56.5

Comfort 22 33.3 100.0 95.9 95.9 93.9 91.8

Cold -1 6 9.1 64.7 23.5 41.2 41.2 0

Cold -2 9 13.6 45.0 25.0 20.0 20.0 45.0

Cold -3 7 10.6 33.3 33.3 33.3 16.7 50.0

Hot 1 7 10.6 21.4 21.4 0 28.6 50.0

Hot 2 11 16.7 62.1 65.5 48.3 48.3 55.2

Hot 3 4 6.1 0 0 0 0 0

classifier is trained with lower number of instances. Second, the
performance using the scientific thermal camera is clearly better
than that using FLIR One. Third, the performance using FLIR
One, however, is significantly better than the baseline exceed-
ing 77% accuracy. Fourth, it can be noted that the “Hot” class
achieves the highest recall among all classes using both cameras,
which indicates that it is easier to detect.

PMV-based Experiments
Table 3 lists the overall accuracy and the recall of the com-

fort, Cold -1, Cold -2, and Cold -3, Hot 1, Hot 2, and Hot 3
classes as well as the baseline performance, for FLIR SC6700
using the statistical features in addition to the histogram of 20,
60, 120, 180 and 255 bins from all 50 subjects. Cold -1 to -3 and
Hot 1 to 3 reflect the ratings determined by the subjects using
the PMV scale, as mentioned earlier, ranging between -3 repre-
senting the coldest level to 3 representing the hottest level. The
second column in the table represents the number of instances
for each class. The table indicates that instances from the sci-
entific camera is capable of detecting different thermal discom-
fort classes exceeding 60% overall accuracy. In particular, the
histograms of 20 bins followed by 255 bins achieve the best per-
formance. The performance exceeds that of the baseline in the
majority of the cases. However, it can be noted that as the distri-
bution of the instances among the classes results in lower number
of training instances for the classifier per class, the performance
drops compared to classifying unseen instances as only comfort-
able, cold, and hot. For example, the Hot 3 class only has four
instances which is not sufficient for the classifier to learn to pre-
dict this class, resulting in complete failure in detecting the Hot
3 state.

Table 4 lists the overall accuracy and the recall of each of the
comfort, three cold discomfort, and three hot discomfort classes
as well as the baseline performance, for both the FLIR SC6700
and FLIR One cameras using the statistical features in addition
to the histogram of 60, 120, 180 and 255 bins from 22 subjects.

As in the earlier cases, the performance using instances from
FLIR SC6700 is better compared to that of FLIR One. However,
the margin of improvement is not as significant as it was ear-
lier in detecting comfort, cold, and hot. This indicates that the
low-cost FLIR One camera is still capable of providing accept-
able performance. In fact, the instances from FLIR One achieve
higher recall for the Hot 1 and Hot 2 classes. Moreover, the
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TABLE 4. Overall accuracy as well as the recall of each of the comfort, three cold discomfort, and three hot discomfort classes for FLIR SC6700 and
FLIR One cameras using the statistical features in addition to the histogram of 60, 120, 180 and 255 bins from the 22 subjects.

FLIR SC6700 FLIR One

No. Baseline Hist60 Hist120 Hist180 Hist255 Hist60 Hist120 Hist180 Hist255

Accuracy 33.3 53.0 45.5 48.5 47.0 42.4 40.9 45.5 45.5

Comfort 22 33.3 90.9 90.9 90.9 90.9 54.5 54.5 68.2 63.6

Cold -1 6 9.1 50.0 0 16.7 16.7 16.7 0 0 16.7

Cold -2 9 13.6 33.3 33.3 55.6 77.8 22.2 22.2 33.3 33.3

Cold -3 7 10.6 28.6 57.1 57.1 14.3 14.3 14.3 0 0

Hot 1 7 10.6 28.6 0 14.3 0 85.7 85.7 85.7 85.7

Hot 2 11 16.7 45.5 27.3 9.1 18.2 54.5 54.5 54.5 54.5

Hot 3 4 6.1 0 0 0 0 0 0 0 0

performance exceeds the baseline in the majority of cases. By
cross-referencing Table 3, it can once again be concluded that
having more instance to train the classifier results in improved
performance using FLIR SC6700.

In order to understand the reason behind the improved per-
formance using the scientific thermal camera, we visualize the
average temperatures detected in the faces of the 22 subjects as
can be seen in Figure 5. The figure shows the mean average face
temperatures sorted by the comfort state values for FLIR SC6700
(left). The figure also shows the scaled mean face temperatures
for FLIR One camera, calculated from the average pixel values
of the faces scaled by a temperature measurement in the middle
of the faces provided by the FLIR One software.

The figure shows that the curves of the comfortable, cold,
and hot states are well separated using the scientific thermal cam-
era. On the other hand, the comfortable and cold curves as well
as the hot and comfortable curves intersect for multiple subjects
using FLIR One, indicating that this camera is less capable of
providing the separation required between different discomfort
states in order to achieve the optimal performance of detecting
the thermal sensation of the subjects.

Furthermore, the human body needs a relatively longer time
to go from the comfort stage to the cold discomfort state and
needs approximately half that time to transfer from the cold dis-
comfort state to the hot discomfort state. This also indicates that

the human body has faster adaptation to a hot environment.

CONCLUSION
Thermal discomfort detection can have positive conse-

quences on climate and the environment, and results in design-
ing energy-efficient buildings and fuel-efficient vehicles as well
as provides individuals with a comfortable thermal sensation. As
people move freely in buildings and cannot have contact-based
devices while driving, we introduced a non-contact, non-invasive
approach that relies on the thermal features obtained from ther-
mal imaging, in order to automatically detect the thermal dis-
comfort states without any explicit input from the user. This can
eventually result in developing adaptive thermal comfort mod-
els that can predict the level of discomfort of the building’s or
vehicle’s occupants and restore their thermal comfort.

In particular, we introduced a novel dataset of thermal
recordings of 50 subjects, with three scenarios, where the sub-
jects are placed in comfortable conditions, in a cold environment,
and in a hot environment using an insulating enclosure. More-
over, we extracted and analyzed features from two different ther-
mal cameras in order to accurately detect the thermal discomfort
levels of subjects using a scientific grade FLIR camera and a cost
effective thermal camera. Furthermore, we explored and com-
pared the capabilities of the cameras features in detecting differ-
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FIGURE 5. Sorted mean face temperatures and sorted scaled face temperatures (pixel values) of the 22 subjects through the comfort, cold discomfort,
and hot discomfort stages for FLIR SC6700 (left) and FLIR One (right).

ent discomfort levels within the three categories of comfortable,
cold, and hot using stage-wise and PMV-based experiments.

The results showed that the scientific thermal camera had
higher capability of indicating thermal discomfort of the sub-
jects with great confidence. However, the low-cost thermal cam-
era also exceeded 70% accuracy and outperformed the baseline,
which indicates it can be used in vehicles and in different rooms
in apartments/houses. As the classification system was extended
to detect the comfortable class, three cold states, and three hot
states using the PMV model, the performance dropped indicat-
ing the need of more training instances for the seven different
classes. Moreover, the margin of improvement using the scien-
tific camera over FLIR One is reduced in case of predicting seven
comfort/discomfort states. In general, our research indicates the
feasibility of installing non-contact thermal imaging systems in
homes ,personal assistant robots, and in vehicles to detect ther-
mal discomfort, and eventually designing adaptive systems that
save energy and fuel.

It was also observed that it took almost double the time to
reaching a certain level of cold discomfort compared to hot dis-
comfort. This could be explained using thermoregulation as well
as the first law of Thermodynamics. When the human body is
being cooled, the energy that needs to be expelled from the body
is higher due to the metabolic heat production. When the body is
heated, the metabolic heat does not need to be expelled. This can
indicate that humans adapt thermally to heat faster than cold.

Our tracking approach of the thermal faces would be very
convenient for thermal discomfort detection in vehicles due to
the incapability of the driver to make extreme movements and
given that our approach assumes small displacement between
successive frames. However, as there is more space for the sub-
jects to move in different rooms in buildings, a larger tracking
framework will be required for accurate thermal discomfort de-
tection. Alternatively, a synchronized version of our tracking ap-
proach can be developed if multiple low-cost thermal cameras

are installed in the same room.
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