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Abstract

People spend most of their time indoors, and thus it is important to provide occupants with a
comfortable indoor thermal environment. However, inappropriate thermostat temperature settings
in offices make occupants less comfortable. This study developed a new control strategy for
HVAC systems that adjusts the thermostat setpoint according to clothing level and mean facial
skin temperature. An image-classification model was trained on the basis of a convolutional neural
network (CNN) to classify the clothing level of occupants, which was then used to calculate a
comfortable air temperature. This investigation used a long-wave infrared (LWIR) camera with a
face-detection program to obtain occupants’ mean facial skin temperature. This study performed
experimental tests to correlate mean facial skin temperature with thermal sensation votes. The
mean facial skin temperature was then used to develop a control strategy for an HVAC system in
a single-occupant office. With the use of the control strategy, 91% of the subjects tested in this
investigation felt thermally neutral in the office.

Keywords

Thermal comfort, image classification, clothing level, infrared thermography, skin temperature,
thermostat setpoint

1. Introduction

People spend 90% of their time indoors, and many spend their working hours in office
environments [1]. Therefore, it is especially important to create healthy, comfortable, and
productive indoor thermal environments. Nowadays, such environments are usually provided by
heating, ventilation, and air conditioning (HVAC) systems. However, based on ASHRAE Global
Thermal Comfort Database II, only 43% of the subjects reported neutral about their indoor
environment [2].

Thermal comfort is a subjective evaluation of the thermal environment around a person [3].
Numerous models are available for the study of thermal comfort [4]. The most popular model is
the predicted mean vote (PMV) and predicted percentage of dissatisfaction (PPD) developed by
Fanger [5]. In their work, six factors: air temperature, relative humidity, air velocity, mean radiant
temperature, metabolic rate and clothing level are considered have dominant impact over thermal
comfort. However, as multiple studies [6-7] have observed, this model was developed for steady-
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state conditions. Some researchers have used an adaptive concept to better explain thermal comfort
in reality [8-9] and produced several effective models [10-13]. However, these models are limited
to specific environments with variables such as air velocity and mean radiant temperature, which
also diminishes their applicability. Therefore, many investigations started to use personalized
parameters such as physiological parameters to characterize thermal comfort, such as local skin
temperature [14-16], blood volume change [17], facial skin temperature [18-19], and heart rate
[20-21]. These personal parameters are more precise indicators of thermal comfort and could
therefore be used to control an HVAC system to make occupants more comfortable.

For automatic measurement of physiological parameters, the use of thermocouples or specialized
equipment is not ideal. The recent development of wearable sensors for health monitoring has
enabled non-invasive measurement of physiological parameters. [22-23]. However, these wearable
sensors would also interfere with occupants’ daily activities, and their accuracy is not consistent.
Meanwhile, thermographic cameras are capable of measuring skin temperature. Because these
cameras can be installed on walls and ceilings, they create less interference than the wearable
sensors. Cosma and Simha [24-25] used a thermographic camera to measure local body
temperature for the modeling of thermal comfort under transient conditions. Wang et al. [26] used
an online learned thermal comfort model with infrared thermal imaging to control the thermal
environment. Li et al. [23] employed infrared thermography to measure temperature at different
locations on the face to predict thermal comfort. This information could be used to control an
HVAC system and make occupants more thermally comfortable.

Meanwhile, many buildings use building automation systems (BAS) to control HVAC systems for
room air temperature, which is usually determined by a thermostat [27]. However, the room air
temperature setpoints which rarely got changed throughout a year were determined from a standard
designed for specific clothing levels [28]. Therefore, when occupants’ clothing level varied in a
year [29], they would often feel uncomfortable in these indoor environments. Furthermore, studies
have found that the current control method does not consider occupants’ thermal comfort, and
occupants usually make faulty adjustments to the temperature setpoint [30-31]. Such situations not
only make occupants more uncomfortable but also result in the waste of energy by HVAC systems
[32]. To solve these problems, it is necessary to devise a control system that provides a comfortable
air temperature for different clothing levels and adjusts the temperature setpoint automatically
according to occupants’ thermal comfort.

To determine clothing level, most of the published studies have used questionnaires [33-34].
However, this method cannot obtain occupants’ clothing level in a convenient or timely manner.
Other studies have used numerical models to predict clothing level from the outdoor air
temperature [35-37], but such models do not consider personal differences and cannot make real-
time predictions. As machine learning has advanced, image classification has become available
for clothing level identification. One study used a convolutional neural network (CNN) to
determine clothing type (T-shirt, shoes, shorts, etc.) [38]. It may also be possible to use a CNN to
determine clothing level.

This paper reports our use of a convolutional neural network to determine the clothing level of
occupants, and our use of mean facial skin temperature to evaluate thermal comfort for the control
of an HVAC system.
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2. Method

This section describes the determination of clothing level from an image based on a CNN model.
Then this section presents the identification of comfortable air temperatures for different clothing
levels and our investigation of the relationship between mean facial skin temperature and thermal
comfort. Finally, we present the development of a control strategy based on thermal sensation vote
(TSV).

2.1 Clothing-level classification

This study used a CNN to determine clothing type. The CNN has several variations, and we
adopted the MobileNetV2 [39] architecture to build a new CNN model for clothing-level
classification with the use of transfer learning. Transfer learning employs a new dataset to modify
a pre-trained neural network in order to solve new tasks. This type of learning not only saves time
but also requires less computational power than building a new CNN model from scratch.
Furthermore, this method preserves the performance of the original network because the original
model is not modified.

We connected a pre-trained MobilNetV2 to a linear classifier in order to build the clothing-level
classifier, the structure of which is shown in Fig. 1. When we used this structure, we did not have
to train the whole MobileNetV2, which has millions of parameters; rather, we needed to train only
the linear classifier, with thousands of parameters.

. Extracted features ) "
[TNAIGEECEE MobileNetV2 2 Linear classifier Predicted clothing level

Figure 1. Structure of clothing-level classifier

To train the model, this study prepared 300 images for each clothing level, ranging from 0.3 clo to
0.8 clo with an increment of 0.1 clo, for a total of 1800 images. To build a clean and representative
dataset, we applied the following rules: (1) the clothes should be fully visible, including the shoes,
which contribute to the total clothing level; (2) the clothes should be of various colors, to avoid
overfitting of the classifier model with clothing color; (3) the height, weight, gender, etc., of the
subject in the image should not be restricted, again to prevent overfitting; (4) the composition of
the image should be simple; and (5) the subject in the image should stand out against the
background. This study followed the method in the ASHRAE handbook [3] to calculate the total
clothing level for each image. Each image was categorized into a folder that was labeled with the
corresponding clothing level.

The training dataset was then used to train the above-mentioned image classification model. This
study used Python as the programming language and TensorFlow [40] as the machine learning
library to train the new model. The training program used cross-entropy as the loss function. Cross-
entropy is a technique to quantify the difference between two probability distributions [45]. In
machine learning, this method was commonly used to determine the difference between the model
predict distribution and the true distribution. Therefore, when using cross-entropy as the loss
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function, the goal of training is to minimize the loss function to reduce the difference between
predicted distribution and real distribution.

Since the goal of training was to minimize the loss function, we used mini-batch gradient descent.
Table 1 lists the hyperparameter settings for the mini-batch gradient descent algorithm. The
learning rate controlled the amount of updating the weight parameters in the model. The
momentum was a constant value that would accelerate the training and prevent a local minimum,;
the most common value for the momentum was 0.9 [41]. The batch size was the number of samples
used to update the model one time. A batch size of 32 was the most common setting [41]. Lastly,
the epoch indicates the number of times the program trained over the full training group.

Table 1. Hyperparameters for mini-batch gradient descent.

Hyperparameter Value
Learning rate 0.0025

Momentum 0.9
Batch size 32
Epochs 60

By running the training program with these hyperparameters, the program identified a model that
could be used to perform clothing-level classification. The model was tested with the use of images
captured in offices. If the classification model was able to predict most of the input images, then
it would be reasonable to conclude that the CNN could feasibly be used to measure clothing level.
Note that the aim of this study was to find if the proposed method would be able to correlate the
clothing level with the images. The accuracy needs further validation in the future.

2.2 Comfortable air temperature

To determine comfortable air temperatures for different clothing levels, this study collected data
on air temperature, clothing level, and thermal sensation in a single-occupant office at Purdue
University. Fig. 2 shows the office layout used for the tests. This office had one exterior wall with
a double-pane window and the other surfaces were interior. The exterior wall and windows were
well insulated because this building was designed as a high-performance building built in 2013
with LEED-Gold certified. Such high-performance building also provided a good RH within the
comfortable range mentioned in [3] in each office. A drapery was lowered during the tests. Thus,
the radiation was not a major concern.
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Figure 2. Room layout (a) preparation room (b) test room

This office contained a thermostat (Siemens 544—760A) as shown in Fig. 3(a) that was connected
to a building automation system (BAS) to control the room air temperature. The thermostat had an
adjustment range from 18.3°C to 26.7°C. A data logger (Sper Scientific 800,049) as shown in Fig.
3(b) was used to record minute-by-minute air temperature in the office during the tests. The system
had an accuracy of +0.6°C and had featured automatic baseline calibration to calibrate the
equipment each time the unit was turned on. An RGB camera (Logitech C920) as shown in Fig.
3(c), with a resolution of full HD (1080p), was placed in preparation room shown as Fig. 2(a) and
it was used to capture images of the occupant for clothing-level classification. For validation of
the classification results, the occupant reported his or her actual clothing level. If the self-reported
clothing level was different from that of the classification program, the self-reported value was
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used as the true value. For understanding of the subject’s comfort level, his or her thermal sensation
was recorded on a questionnaire using the seven-point TSV scale (-3 for cold, -2 for cool, -1 for
slightly cool, 0 for neutral, +1 for slightly warm, +2 for warm, and +3 for hot) [3].

Figure 3. Experiment equipment (a) thermostat, (b) data logger, (c) RGB camera, and (d) air
diffuser.

To determine the comfortable air temperature, this study assumed that (1) the air velocity around
the occupant in the office was below 0.2 m/s, so that the draft effect on the occupant was minimal
[3]. Fig. 3(d) shows the air diffuser used in both the preparation and the test room. Because the
diffuser in the experiment room discharged air horizontally and the airflow was attached to the
ceiling due to Coanda effect and the air did not go downwards since the inlet was not a hole, this
assumption was reasonable for our experiment setup. However, it needs to be considered in other
circumstances where the air is blowing to the occupant; (2) the mean radiant temperature around
the occupant was the same as the air temperature, and the RH in the office was within the
comfortable range of 30% to 70% [3]; and (3) all the occupants involved in the data collection
were in a sedentary state and performed office work during the investigation, so that their
metabolism rates were similar. Table 2 provides information on whether the factors related to
thermal comfort based on Fanger’s model [11] is measured or assumed in this study

Table 2. Measurement of factors impacting thermal comfort

Factor Measured/Assumed
Air temperature Measured via Data logger
Relative humidity Measured via Data logger
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Air velocity Assumed to be <0.2 m/s

Mean radiant temperature Assumed to have minimal impact
(verified via LWIR camera)

Clothing level Measured via CNN model

Metabolic rate Assumed to be at sedentary

The procedure for collection of comfortable air temperature data at different clothing levels was
as follows. The experiment started at the preparation room with layout shown as Fig. 2(a). In the
preparation room, each subject was provided with instructions for reporting TSV based on the
seven-point scale and assured they did not involve in physical exercises to maintain similar
metabolic rate among different subjects. Next, an image of the subject was captured with the RGB
camera to determine the clothing level. The subject then entered the office, shown as Fig. 2(b)
without changing the clothing level, in which the air temperature was controlled at 20°C. After a
10-minute acclimation period [42] in the office, the subject reported the first TSV. The subject
could then increase the thermostat setpoint by 1 K if the subject felt cold and decrease the setpoint
by 1 K if the subject felt warm. After the air temperature reached the new setpoint, the subject
reported another TSV. If the subjects were still not comfortable, her or she could adjust the
thermostat to new air temperature and provide another TSV, until TSV = 0 (neutral) was finally
reached. The air temperature at that time was regarded as the comfortable air temperature setpoint
for the subject’s clothing level. In this experiment, we intended to correlate occupant’s clothing
level and air temperature, thus, we did not measure the mean facial skin temperature using the
LWIR camera. From this dataset, we could determine HVAC setpoints that suit different clothing
levels.

2.3 Relationship between mean facial skin temperature and thermal comfort

To correlate the comfortable air temperature with the facial skin temperature of the subjects, this
investigation captured temperature maps of their faces. We used a Lepton 3.5 LWIR camera
manufactured by FLIR, with a nominal resolution of 0.05 K and a nominal error of less than 5%.
A Purethermal 2 I/O module produced by GroupGets was used to transfer the data to a computer.
To accurately measure the temperature, the camera was calibrated following the instructions
provided by the manufacturer [44], and three images were captured at once to acquire consistent
data. Furthermore, the camera was pointed directly towards the subject and the distance between
subject and camera was maintained at 30 cm for consistency.

For face detection, this investigation used the Haar-cascade model developed by Viola and Jones
[43]. This method required less computational power and time than the CNN. To implement the
face detection, we used Python as the programming language and OpenCV as the library. Because
the Haar-cascade detection model was already available and is universal, there was no need to train
it. At this point of study, the face detection was not able to detect partial face of a subject, therefore,
the subject was required to look at the LWIR camera for a full-face capture during the experiment
to avoid measurement error.

This investigation used the office and preparation room described in the previous section to collect
air temperature, mean facial skin temperature, and thermal sensation data. The data collection
procedure had the same preparation phase as discussed in Section 2.2 and the procedure after
preparation was as follows. After a subject entered the office with air temperature at 23°C, the

7



214
215
216
217
218
219
220
221
222
223
224

225

226
227
228
229
230
231
232
233
234
235
236
237
238

239

subject spent 10 minutes acclimating to the environment. The subject then reported the first TSV,
and a thermal image of the face was captured for measurement of the mean facial skin temperature.
We then changed the thermostat setpoint by +1 or -1 K. After changing the thermostat, we
measured the mean facial skin temperature and recorded the corresponding TSV every five
minutes, because the room temperature would exhibit an observable obvious change within this
period. For each measurement, three thermal images were captured to ensure accuracy. During the
experiment, this study controlled the air temperature within the range of 20°C to 26°C, to produce
TSV values that varied from -2 to 2 for each subject. With the collected data, we could then obtain
each occupant’s mean facial skin temperature at the individual TSV values. By collecting data
from different subjects, we could determine the overall range in mean facial skin temperature for
each TSV and use it to control the temperature setpoint of the HVAC system.

2.4 HVAC control strategy and validation

As the existing HVAC control strategy did not incorporate the mean facial skin temperature or the
clothing level, this study designed a new strategy. The fundamental logic was to raise the
temperature setpoint by 1 K when the measured mean facial skin temperature was below the lower
bound of the comfortable range and decrease the temperature setpoint by 1 K when the measured
mean facial skin temperature was above the higher bound of the comfortable range. If the mean
facial skin temperature was in the comfortable range, the setpoint temperature was set to the air
temperature at that time to maintain comfort. However, because a change in air temperature may
occur slowly, it would be possible to overheat or overcool the room by following this logic alone.
To avoid such a scenario, an enhanced logic was applied. The enhanced control strategy compared
the temperature setpoint with the air temperature before each setpoint-change decision. The
setpoint was changed only if the air temperature had reached the setpoint temperature and the mean
facial skin temperature was not in the comfortable range. Fig. 4 provides the flowchart for the
enhanced logic.
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Figure 4. Control strategy for HVAC system using mean facial skin temperature.

This study tested the control strategy in the room shown in Fig. 2. The tests measured the air
temperature with the same data logger, the mean facial skin temperature with the Lepton LWIR
3.5 camera, and clothing level with the Logitech RGB camera. We used the same questionnaire to
collect the subjects’ TSV.

The procedure for the tests was as follows. First, the clothing level of a subject was used to set the
initial temperature setpoint in the BAS. The subject waited in another room until the temperature
in the test room reached the setpoint. The subject then entered the test room and began a 10-minute
acclimation period. The mean facial skin temperature was recorded as an input to the control
system. The setpoint temperature of the HVAC system was adjusted accordingly, following the
improved logic. Meanwhile, the subject continued to record the TSV. The test procedure was
repeated every 10 minutes for the duration of the one-hour experiment. During the tests, to
maintain a constant metabolic rate, the subjects performed activities such as typing and reading.
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3. Results

This section first provides the results of the clothing-level measurements and the determination of
comfortable air temperature for different clothing levels. Next, the relationship between mean facial
skin temperature and thermal comfort is revealed. Finally, we present the results of our validation of
the control strategy for the HVAC system. Note that results in section 3.2 and section 3.3 were obtained
from two subject groups and two independent experiments, the procedures for these two sections can
be referred to section 2.2 and section 2.3, respectively. The total participants to this study were 88
college aged students.

3.1 Clothing-level classification

With the hyperparameters from Table 1, training the clothing-level image classification model
required 4,334 seconds on a laptop. Fig. 5 depicts the average training loss and average training
accuracy for each epoch during the training, represented by solid and dashed lines, respectively.
As shown in the figure, the initial training loss was 1.69, and it continued to decrease until it
reached 0.68 at the 60" epoch. Meanwhile, the initial training accuracy was 0.35, it increased up
to 0.92 at the 60" epoch. The training accuracy indicates the proportion of data in the training
dataset that was correctly classified by the model. Thus, the high accuracy at the end of the training
proved that the image classification model had been successfully trained for clothing-level
classification.

Training Results for Image Classifier
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Figure 5. Training results of clothing-level image classification model.

After the model had been trained, it was tested in the labeling of 50 new images captured in offices.
This process was designed to validate the use of the image classifier for images it had never seen
before. Three examples of the new images are displayed in Fig. 6. The true clothing levels for the
three images were 0.3, 0.8 and 0.5 clo, respectively. Table 3 lists the classification results for these
images. The level of confidence represents the likelihood that the image displayed the

10



280  corresponding clothing level. For each sample image, the highest likelihood (highlighted in the
281  table) indicates the clothing level that was correctly identified by the classifier.

282 (a) (b) (c)
283 Figure 6. Sample images for testing the trained classification model.
284 Table 3. Classification results for the sample images.
Level of Confidence
Fig. 6(a) Fig. 6(b) Fig. 6(c)

0.3 clo 0.826 0.002 0.051
?‘; 0.4 clo 0.005 0.031 0.312
2
jﬂ 0.5 clo 0.005 0.017 0.591
'E 0.6 clo 0.098 0.014 0.002
;:c) 0.7 clo 0.012 0.147 0.004

0.8 clo 0.054 0.789 0.040
285

286  Table 4 shows the overall classification performance for the 50 images that the classifier had not
287  previously encountered. The classifier correctly classified 86% of the images, most of which were
288  classified with a high level of confidence. These results demonstrate that the CNN was able to
289  non-invasively measure the clothing level. We realized that the upper limit of the clothing level
290  was only 0.8 clo that could be too low for covering all people. Since this investigation was not a
291  comprehensive thermal comfort study but demonstration of a different approach to evaluate
292 thermal comfort, the clothing data can be expanded in the future.

293 Table 4. Performance of the trained image classification model.
Result Number of images
Correct (level of confidence > 70%) 35
Correct (70% > level of confidence > 50%) 8
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3.2 Comfortable air temperature at different clothing levels

This study collected more than 450 data points from 41 college students on comfortable air
temperature from subjects with clothing levels ranging from 0.3 to 0.8 clo. According to the raw
data in Fig. 7, the comfortable air temperature was different for different clothing levels, and it
increased as clothing level decreased.

Comfortable Air Temperature
25.5

25
245
24 ®
23.5 ;
23 i

22.5

Air Temperature (Celsius)

22
0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Clothing Level (clo)

Figure 7. Raw data on comfortable air temperature.

From the collected data, it was possible to determine a single comfortable air temperature for each
clothing level. Therefore, the average air temperature at each clothing level was computed along
with its standard deviation for examination of the data distribution, as shown in Table 5. The mean
air temperature in the table indicates that the comfortable air temperature increased as the clothing
level decreased. When clothing level decreased, the area of skin exposed to the environment
increased, which in turn increased the total amount of heat exchanged between the human body
and the environment. To feel comfortable, the subject required a warmer environment because it
reduced the temperature difference between the subject and the environment, thus preserving the
heat balance. The standard deviation indicates that the results were consistent.

Table 5. Comfortable air temperature for different clothing levels.

Clothing Level (clo) 03 04 05 06 07 038
Average Air Temperature (°C) 243 238 234 231 228 226
Standard Deviation (°C) 0.29 034 0.23 0.29 0.33 0.24

12



314
315
316
317
318
319
320
321
322
323
324
325
326
327
328

329
330

331
332

333
334
335
336
337
338
339
340
341
342
343
344

To elucidate the findings, this study also calculated PMV and PPD using the experimental data, as
shown in Table 6. The calculated PMV values were all negative, indicating that the actual air
temperature was lower than that predicted by the model. The average PMV for the six clothing
levels was -0.58, pointing to a slightly uncomfortable environment. The PPD indicates the
percentage of people that may feel dissatisfied under the given environment. The average PPD for
the six clothing levels was 12.83%. The PPD reached a maximum when the clothing level was 0.3
clo. One reason for the high dissatisfaction may have been the assumption that the mean radiant
temperature was the same as the air temperature. Because in summer, the outdoor air temperature
was higher, and the office used for data collection had one exterior wall, the mean radiant
temperature would have been higher than the air temperature in summer. Therefore, the real
operative temperature would have been higher, which would have brought PMV closer to zero and
reduced the PPD. We can apply similar reasoning to the PMV and PPD for 0.4 clo and 0.5 clo,
which were also common clothing levels in summer. Hence, the comfortable air temperature under
different clothing levels agrees reasonably well with the PMV and PPD values in the office
environment.

Table 6. PMV and PPD determined at the measured air temperature and clothing level.

Clothing Level (clo) 0.3 04 05 06 0.7 038
Average Air Temperature (°C) 24.3 23.8 234 23.1 228 226
Calculated PMV -0.86 -0.77 -0.66 -0.52 -04 -0.27
Calculated PPD 21% 17% 14% 11% 8% 6%

3.3 Relationship between mean facial skin temperature and thermal comfort

Temperature maps of subjects’ faces were captured according to the method described in Section
2.3. Fig. 8 provides an example of the maps that were obtained. The enclosed area in the figure
was detected as a human face. This study used a threshold of 26°C to eliminate the effect of
background, hair, and glass. By using the threshold, the temperature calculation program would only
calculate the temperature higher than the threshold to reduce the measurement noise. For example, in
Fig. 8, the temperature of the glass would be lower than 26 °C, thus, the temperature of it did not affect
the final calculation results. The background in the green rectangle and small hair parts on the right top
corner were also ignored during temperature calculation. Then, the program calculated the mean value
in the enclosed area to determine the mean facial skin temperature. Determining the facial skin
temperature from the map required five seconds. This result demonstrates the effectiveness and
practicality of combining the LWIR camera and face detection program to calculate the mean
facial skin temperature.

13
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Figure 8. Detection of a face area for determining facial skin temperature.

After validating the LWIR camera and the face detection program, this study collected data on
mean facial skin temperature for correlation with thermal comfort. Fig. 9 depicts the correlation,
where the horizontal axis represents the thermal sensation vote, and the vertical axis represents the
mean facial skin temperature measured by the camera.

The results displayed in Fig. 9(a) consist of 225 TSV data points from -2 to 2 of 30 college
students. We described the data using a linear regression line which had a R? value as 0.86. By
using a boxplot shown as Fig. 9(b), we can see the mean value (represented by the cross mark) is
close to the median for each TSV indicating a normal distribution. Under the air temperature range
from 20 to 26 °C, subjects felt neutral most of the time; therefore, TSV = 0 had the most data
points. The other TSV values all had similar numbers of data points. The data exhibits a clear trend:
as TSV increased, which means that the occupant felt warmer, the mean facial skin temperature
increased. When the TSV decreased, which means that the occupant felt cooler, the mean facial
skin temperature decreased. The minimum recorded temperature was 30.5 °C for TSV = -2, and
the maximum recorded temperature was 33.78 °C for TSV = 2.
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Figure 9. Mean facial skin temperature: a) raw data collected for TSV values from -2 to 2. b) box
plot representation of data collected for TSV values from -2 to 2.

Meanwhile, in-group variation existed for all TSV values because the skin temperature was
regulated by the body’s thermoregulation system and dependent on individual physiological
parameters such as age and gender, which can differ among individuals. There were only a few
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outliers (represented by red dots in Fig. 9) in the collected data, which indicates that, for most
people, the mean facial skin temperature occurred in the same range for different TSV values.
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Figure 10. Average mean facial skin temperature at different TSV values.

Next, Fig. 10 shows the average mean facial skin temperature at different TSV values. The vertical
line at each data point indicates the 95% confidence interval for that value. The calculation of this
interval assumed a normal distribution within each group. The span of the interval was the widest
for TSV =0, indicating a large variation in the individual mean facial skin temperature. Meanwhile,
the internal span was the smallest for TSV = 1. This indicates a small variation in the individual
measurement. Specifically, at TSV = 0, the mean facial skin temperature ranged from 31.7 to
32.5°C, at TSV =-1 the range was 31.7 to 31.16 °C, at TSV = -2, the range was 30.74 to 31.22 °C,
at TSV =1 the range was 32.62 to 32.92°C and at TSV = 2, the range was 33.01 to 33.41 °C. The
results clearly demonstrate a strong correlation between TSV and facial skin temperature.

From this dataset, we extracted the mean facial skin temperature range at each TSV and used it to
deduce how occupant would like the room temperature to change. For example, when the measured
mean facial skin temperature was 32.1 °C, we assumed the occupant was feeling comfortable and
would not want the air temperature to change. Thus, we maintained air temperature setpoint
constant. On the other hand, if the mean facial skin temperature was 31.2 °C, which would rely in
TSV = -1 or -2. In this case, we could not determine the accurate setpoint for the subject, but we
could increase the setpoint by 1 K and wait to see how the subject felt after adjusting the setpoint.
If after changing the setpoint, the subject’s mean facial skin temperature was still lower than
comfortable range, we would increase the setpoint by 1 K again and repeat this procedure to make
subject feel comfortable. Since this control method was continuous and it could monitor the real-
time mean facial skin temperature, the adjustment would be quite timely. As for the period of
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uncomfortable time, it would vary based on the HVAC system; if a system took 20 minutes to
raise 1 K of air temperature, then the uncomfortable period would be more than 20 minutes or
longer if multiple adjustment was necessary.

3.4 HVAC control strategy and validation

After facial skin temperature had been correlated with TSV, the HVAC system control strategy
shown in Fig. 4 was implemented. This study performed 22 tests with 17 participants to validate
the control strategy, as displayed in Table 7. The tests led to three different outcomes. The first
outcome was that the subjects were comfortable throughout the whole experiment. The second
was that the subjects did not feel comfortable with the initial temperature setpoint, then became
comfortable after adjusting the setpoint. In the third group of tests, a comfortable temperature was
not identified under this control strategy. Since the first two groups of tests accounted for 91% of
the total, we concluded that facial skin temperature could be used to control an HVAC system.

Table 7. Numbers of tests for different outcomes.

Thermal sensation votes Number of tests

Neutral (TSV = 0) throughout the whole experiment 14

Initially uncomfortable (TSV # 0) with the setpoint, then became comfortable | 6
(TSV = 0) after changing the setpoint according to facial skin temperature

Uncomfortable (TSV # 0) with the control strategy 2

4. Discussion

This study investigated a method for measuring clothing level based on visual content with the use
of a convolutional neural network. This study provided a timelier way to determine clothing level
comparing to methods mentioned in [35] and [36], because we used real-time images to make
prediction. However, the prediction accuracy of the trained CNN model was not extremely high.
This was because the CNN used in this study was not fine-tuned to the specific task. Fine-tuning
the pre-trained CNN model would have consumed more computational power and time and would
have required a more detailed dataset than the one we had. Therefore, we did not fine-tune the
model before training.

Furthermore, the trained model had the potential for overfitting because the dataset was small,
which limited the training effectiveness in each epoch. It would be ideal to train the network by
using more steps per epoch, rather than more epochs. Another weakness was the use of the method
to calculate clothing level, as ASHRAE has done, because clothing level reflects only the total
clothing and not the clothing distribution. For example, when a person wears a short-sleeved shirt,
the person’s arm has a greater chance of a cold/hot feeling than does the torso. Our method of
clothing-level prediction does not reflect an uneven distribution of clothing. The ability to
determine the distribution would lead to a more personalized environment. What is more, the RGB
camera would compromise the privacy which needed to be handled in actual application. Using a
special server to storage the image or destroy image after usage is a potential solution.

As for thermal comfort study, the results had similar trend with those in [14-15, 24-26]. However,
the absolute value for each specific TSV was different due to different measurement method and
test group. Our thermal comfort experiment was limited to college students. Such a bias in test-

17




428
429
430
431
432

433
434
435
436
437
438
439

440
441
442
443

444
445
446
447

448

449
450

451
452
453
454

455
456
457
458

459
460

461
462

463
464

465
466

subject selection would affect the results because age contributes to physiological and
psychological differences among people. For example, the metabolic rate of a young person would
be higher than that of an elderly person, making the younger people feel less cold. Similarly, a
younger person might have a higher tolerance for a cooler environment, while an older person
might prefer a warmer environment.

Another issue was the location of the LWIR camera. The subjects in our investigation had to look
at the camera every 10 minutes to take measurements. Such interruptions would not be ideal in a
real environment. Also, if a subject was not facing the camera squarely, the face detection method
would not be able to find the face, and no facial temperature would be measured. Therefore, it
might be helpful to have multiple cameras capturing images of the subjects. Moreover, using
multiple cameras to capture the image and average the results could also reduce the error induced
by each camera.

Overshooting the air temperature was another potential problem, especially when the test room
was being heated. The heat was provided by a radiator, which continued to emit heat even after it
had been turned off by the control system. Thus, the room air temperature could not be maintained
as our desire. Such situation would make occupants uncomfortable.

Moreover, energy consumption and cost of operation with the control strategy developed in this
study were not studied. This strategy introduced new equipment and algorithm such as CNN,
which may require a new HVAC control infrastructure for security and data processing. Therefore,
the cost may increase or decrease comparing to traditional systems and worth further investigation.

5. Conclusions

This investigation developed a new method to control the thermal environment in an office in order
to make it comfortable for occupants. The following conclusions were reached:

(1) This study employed an RGB camera combined with a convolutional neural network to
determine occupants’ clothing levels in real time. After the classifier had been trained with 300
images per clothing level, it was able to correctly classify 84% of the images by clothing level
with a high level of confidence.

(2) This investigation found a correlation between comfortable air temperature and clothing level.
Comfortable air temperature resulted in PMV of -0.58 for the six clothing levels studied. This
investigation assumed the surrounding temperature to be the same as the air temperature, which
would have contributed some error to the results.

(3) This study used an LWIR camera to measure mean facial skin temperature. When a subject felt
thermally neutral, the mean facial skin temperature was between 31.7 and 32.5 °C.

(4) This investigation used the facial skin temperature to control an HVAC system. According to
tests of 17 subjects in 22 sessions, 90.9% of the subjects felt comfortable under the control strategy.
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