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ABSTRACT 
Using the thermal modality in order to extract physiological signals 
as a noncontact means of remote monitoring is gaining traction 
in applications, such as healthcare monitoring. However, existing 
methods rely heavily on traditional tracking and mostly unsuper-
vised signal processing methods, which could be afected signif-
cantly by noise and subjects’ movements. Using a novel deep learn-
ing architecture based on convolutional long short-term memory 
networks on a diverse dataset of 36 subjects, we present a person-
alized approach to extract multimodal signals, including the heart 
rate, respiration rate, and body temperature from thermal videos. 
We perform multimodal signal extraction for subjects in states of 
both active speaking and silence, requiring no parameter tuning 
in an end-to-end deep learning approach with automatic feature 
extraction. We experiment with diferent data sampling methods 
for training our deep learning models, as well as diferent network 
designs. Our results indicate the efectiveness and improved ef-
ciency of the proposed models reaching more than 90% accuracy 
based on the availability of proper training data for each subject. 
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1 INTRODUCTION 
There is a growing interest in developing methods that can efec-
tively and reliably monitor human state. This is usually realized by 
collecting physiological and behavioral measurements from indi-
viduals. For instance, the ability to identify a driver’s circadian state 
in a vehicle using physiological indicators is considered critical 
to improving the well-being of the vehicle’s occupants as well as 
the quality of the road trip, a growing relevance as we pivot to 
autonomous vehicles. In addition to circadian state analysis [8], 
other applications benefting from such systems include healthcare 
monitoring in infants [44], detection of emotion [12], detection of 
fatigue [28], among others. 

However, a major challenge in developing such systems is con-
cerned with using contact-based physiological sensors which are 
inconvenient and can cause discomfort and signifcant distraction 
when applied in vehicles [7, 26]. Alternative, non-contact methods 
started using thermal imaging to demonstrate that there is a high 
correlation between the non-contact physiological signals found 
in the thermal data frames, such as the heart rate and respiration 
rate, and the contact-based ground truth standard measurements 
[18]. This highlights the utility of the thermal modality as a singu-
lar non-contact modality that could be used to monitor multiple 
aspects of a subject’s physiological state, which in turn allows for 
usage in multiple applications, such as in the detection of cognitive 
distraction [31] and stress [42]. 

The furry of interest in using thermal imaging as a non-contact 
modality for monitoring can be attributed to its key benefts, the frst 
being that of a robust detector of body temperature [1]. Secondly, 
it is much more resistant to changes in lighting conditions and will 
operate even in smoky and dusty environments [17, 30], which 
is not possible using regular visual systems. These benefts allow 
for thermal images to contain more complementary information 
compared to data provided by RGB images, giving it the potential 
to be used for a variety of applications where the visual modality 
alone does not sufce. Thirdly, the thermal modality contains infor-
mation about multiple distinct physiological signals, such as heart 
rate, respiration rate, and body temperature, which allows for the 
extraction of multimodal output that would otherwise traditionally 
require multiple contact-based sensors. 

However, there are also challenges utilizing the thermal modality 
itself and, in particular, the lack of thermal-based datasets and the 
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inapplicability of existing pre-trained RGB-based models on thermal 
images due to the nature of the thermal images given that each 
pixel represent a specifc temperature. In RGB image data, there 
are usually three channels of color-based information per pixel 
of an image, with color changes often indicating basic features 
such as boundaries to be established, consequently allowing for 
more complex features such as shapes to be formed. This does not 
apply to thermal image data as a thermal image is similar to a 3-D 
continuous curve, with no clear boundaries between features on 
the face, for example. This also means that the process of extracting 
useful information from a thermal frame using deep learning models 
varies signifcantly from that of an RGB image. 

Furthermore, current unsupervised and signal fltering approaches, 
which are the methods mainly used to extract physiological sig-
nals from thermal images [14, 20, 22, 43], are often dependent on 
multiple stages of preprocessing and cleaning as well as human 
parameter selection and tuning, and this makes them susceptible to 
noise and errors in data when used in scenarios outside the expected 
operating range [10, 29]. Motivated by the aforementioned chal-
lenges and by using the thermal pixel representation along with the 
increasing computational capacities of deep learning networks, we 
can leverage the thermal modality in end-to-end applications that 
do not require any preprocessing or human intervention, which 
allows for implementations of lightweight monitoring setups that 
run of cost-efective hardware [13] in a variety of situations. Fur-
thermore, these systems, once trained, provide efcient predictions 
where costs, space, and discomfort of using contact-based sensors, 
among other factors, would have caused limited deployment. 

Furthermore, there is a growing interest in building personalized 
models that are more reliable in monitoring subjects as well [9, 21]. 
Issues such as hidden biases in datasets and reduced sensitivity to 
individual needs are challenges that exist in big data [3]. Hence, 
these challenges provide motivation towards developing models 
that can use user-specifc data towards improving predictions made 
for the said user. 

In this paper, we present a novel user-dependent approach to-
ward noncontact physiological signal extraction that does not re-
quire Region of Interest (ROI) tracking or signal processing in an 
end-to-end deep learning pipeline. This approach relies on having 
separate training data available from the same test subjects to auto-
matically extract relevant features in order to develop personalized 
models. In particular, we make the following contributions: 

(1) A dataset of thermal and physiological recordings of 36 sub-
jects (24 male, 12 female) consisting of over nine hours of 
data, 

(2) A deep learning approach that generates multimodal physi-
ological signal output from a unimodal thermal input, 

(3) The implementation of convolutional long short-term mem-
ory networks to design a novel architecture that processes 
the thermal input data directly without parameter tuning, 

(4) Generation of heart rate, respiration rate, and body temper-
ature using short windows for efcient predictions. 

2 RELATED WORK 
There has been a lot of research on the usage of physiological 
sensors to monitor human state. In a review of wearable sensor 

technology by Mukhopadhyay [33], the use of body temperature 
and heart rate are noted as key physiological features to monitor 
and detect stress, heart attack, and stroke risk, and activity detection. 
Nicolò et al. [36] in their review of respiration as a physiological 
signal identifed a wide variety of monitoring goals, such as sleep 
apnea, post-operative patient monitoring, and exercise monitoring, 
among others. A variety of applications in patient care as well as 
everyday comfort-of-life scenarios have been established using the 
ability to monitor physiological signals [5, 32]. 

The usage of thermal imaging exclusively for physiological signal 
extraction is a relatively new direction for a non-contact based ap-
proach, especially in the context of deep learning. Work by Barbosa 
et al. [6] noted that in medical settings, attaching physical sensors 
often resulted in discomfort and stress to the subjects involved, 
while also noting that there was a high correlation in heart rate 
and respiration data extracted using thermal imaging methods and 
gold standard data. Hall et al. [15] also noted that wearable sensors 
sufered from having fnite battery life and stated that contact-based 
sensors could not be easily used with newborns and burn victims. 
Thermal imaging has been very useful in detecting human health 
matters in a non-contact setting [25]. It needs no radiation source 
for monitoring, unlike in the example of the visual modality need-
ing external lighting, allowing for monitoring in low-light scenarios 
as well. 

A common physiological signal extracted from the thermal modal-
ity is the respiration rate. Researchers have explored the usage of 
thermal cameras to monitor respiration in a sleeping subject non-
obtrusively [2, 4, 20, 43], showing that thermal imaging methods 
could reliably perform better than visual counterparts in situations 
where lighting and visibility were compromised, while also pro-
viding a better monitoring experience for the subject. Elphick et 
al. [14] demonstrated that while the thermal modality alone was 
viable for respiration signal extraction, they were still required to 
manually adjust parameters for better predictions. 

Detecting heart rate as a physiological signal has also been of 
interest, based on the assumption of correlations existing between 
the thermal data and the pulse rate. However, limited research 
exists in this area. Lewandowska et al. [27] presented a potential 
application and algorithm for detecting the heart rate of a motion-
less subject by using a combination of visual and thermal video 
recordings using ROIs across the face and Principal Component 
Analysis. Similarly, Kim et al. used thermal imaging for heart rate 
detection using temperature changes picked up from blood fow in 
recorded thermal images [22]. Furthermore, Perpetuini et al. [38], 
in their research towards the viability of using thermal imaging for 
heart rate estimation, observed that the support vector machines 
classifer was capable of estimations that had a high correlation 
with the ground truth. Nakayama et al. [34] leveraged the use of a 
CMOS camera-equipped infrared camera system to conduct real-
time thermal and visual image processing to measure heart rates 
and respiration rates that could allow for more sensitive infection 
detection at airports. To remove the efects of lighting conditions, 
Hu et al. [19] proposed a dual infrared-thermal camera system that 
could record subjects sleeping and determine their breathing and 
heart rates. This demonstrated the robustness of thermal imaging 
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in various lighting conditions. However, their work did not pro-
vide real-time monitoring and similar to other approaches, needed 
tuning of preprocessing parameters. 

There have been some defciencies in the approaches that have 
been used in the past for noncontact physiological signal extrac-
tion, namely being that the proposed extraction techniques relied 
on some form of signal preprocessing, which would restrict their 
ability to reliably operate on a wider scale without needing further 
tuning and adjustments. Changes in subject behavior or movement 
could disrupt the efectiveness of these approaches as well. More-
over, there is not as much research into heart rate signal extraction 
compared to respiration when using the thermal modality, owing 
to additional challenges, with algorithms being adversely afected 
by movement, monitoring time and availability of reliable features 
to track [6]. To counter the problem of feature tracking, some ap-
proaches used ROI tracking to monitor regions such as the nostrils 
or regions with high blood fow [22, 27]. However, these tracking 
algorithms add computational overhead and might be signifcantly 
afected by the tracking performance. Hence, there has been a need 
and incentive to leverage deep learning approaches that can extract 
useful features independently and allow for generation of multiple 
physiological signals from the same thermal data. 

Only very recently, a deep learning approach was suggested for 
this task by Shu et al. [41] where they used models to track the 
nostrils. Kwasniewska et al. [24] noted how deep learning models 
extracted features from data diferently compared to traditional 
methods that involved color magnifcation and enhancements to 
the data, with better potential using low-resolution data as well. 
Navneeth et al. [35] used a convoluted neural network (CNN) ar-
chitecture to detect respiration rate. Similarly, Chen et al. [11] 
demonstrated that CNN models could be used in detecting heart 
rate. These approaches do not fully realize the potential of deep 
learning models as they are implemented only as a part of the signal 
extraction pipeline that includes ROI tracking or has a limited clas-
sifcation scope. Hence, in our research, we present a deep learning 
pipeline that can extract multiple physiological signals from the 
same thermal video using an end-to-end deep learning pipeline. 

3 DATASET COLLECTION AND DESCRIPTION 
We collected data from 36 consenting subjects, consisting of 24 male 
and 12 female participants between the ages of 18 to 32 of vary-
ing demographics. Data were collected across multiple modalities, 
captured across three sessions per subject in a climate-controlled 
lab room to maintain consistency. During the frst session, the sub-
ject sat silently with natural breathing for two minutes. Following 
the frst session, the subject then participated on another day in 
two sessions, one in the morning and another in the evening. Each 
recording session consisted of two parts, a fve-minute segment 
where the subject was told to speak freely about any topic of their 
choosing, and a two-minute segment where they remained silent, 
similar to the frst session. This allowed us to record subjects during 
diferent days and diferent times in states of activity as they spoke 
and while they were inactive. For our research, we utilized four 
channels in particular from the dataset: 

(1) Thermal Modality - A FLIR SC7600 thermal camera, capable 
of recording the subject’s face at 100 fps at a resolution of 

640x512 pixels representing temperature values were used 
to capture thermal videos. This camera was situated approx-
imately 42 inches away from the subject, angled upwards 
at an angle of 18°. This provided us with the thermal video 
frames that we use as the input to our models. 

(2) Physiological Modality - A Biograph Infniti physiological 
modality recording suite by Thought Technology was used 
and utilized multiple sensors to capture three physiological 
signals: 

(a) Blood Volume Pulse (BVP) - Heart rate / minute - 2048Hz, 
(b) Respiration Rate - No. of breaths / minute - 256 Hz upscaled 

to 2048Hz, and 
(c) Skin Temperature - Fahrenheit (°F) - 256 Hz upscaled to 

2048Hz. 
The respiration rate sensor was attached to the subject’s 
torso and the other sensors were attached to the subject’s 
non-dominant hand. These sensors resulted in three signals 
of physiological data to provide the ground truth for our 
models. 

These recordings provided approximately nine hours’ worth of 
data to work with. Tables 1 and ?? outline the mean signals for the 
three physiological signals that we collected. 

4 PRE-TRAINING PIPELINE SETUP 
Due to the high resolution and frame rate of the thermal images 
captured, there is a large data bandwidth we had to account for 
while setting up the pipeline for deep learning. Optimizations and 
scheduling were hence important parts of this pipeline. Our frst 
task was to convert the collected data from the thermal and physio-
logical modalities to a data format suitable for TensorFlow to set up 
our training, testing, and validation datasets and their respective 
labels. More details about the dataset split are provided in Section 
5. 

As discussed in Section 3, we collected the physiological data 
across three signals. We synchronized them with the thermal video 
frames while taking into account two key issues. The frst is the 
diferent frame rates for each modality. The Bioinfniti software 
automatically upscales the sampling rate of the respiration and skin 
temperature sensors to match that of the heart rate sensor which 
is beyond our control. The second is the high thermal frame rate 
that causes the size of a thermal video of just a few seconds to be 
too large to allow for feasible training and testing. For example, 
eight seconds of raw thermal video results in over 500 MB of data 
in size. Hence, we downscaled the frame rate to 8 fps and 8 Hz for 
all modalities, a sampling rate that reduced the data size and resem-
ble an implementable scenario in vehicles and other applications, 
where there would be limited hardware, storage, and computational 
capabilities. 

Next, we split the synchronized data into 8-second segments. 
We chose eight seconds as our segment length as it was the most 
feasible setting to use in our deep learning pipeline in terms of 
data size and the available information encoded within it. In our 
case, at 8 fps, there would be 64 frames per segment. We applied 
a 50% skip to the starting frame for each segment, allowing us to 
generate twice as many samples for training had we only used 
sequential segments of frames that had no skips present. Here, a 

586



Table 1: Statistics for Physiological Signals Across Diferent
Recording Sessions 

Heart Rate Respiration Temperature 
(bpm) (breaths/min) (F) 

Baseline 82.8 15.48 88.48 
Morning 87.2 14.11 86.74 
Evening 84.8 14.08 87.88 

 Table 2: Statistics for Physiological Signals Across Diferent 
Recording Types 

Heart Rate Respiration Temperature 
(bpm) (breaths/min) (F) 

Baseline 82.8 15.48 88.48 
Active 86.92 13.52 87.48 
Silent 83.76 15.78 86.67 

Figure 1: Example of splitting recordings into 8-second stacks 

50% skip means that the next segment will start from 50%, or half 
of the preceding segment. In other words, it starts after the frst 
four seconds of the preceding 8-second segment. An example of 
the data split can be seen in Fig. 1. We obtained 8393 segments 
through this method. Some segments had to be discarded if the 
corresponding ground truth physiological data was corrupted or 
outside the normal human range due to the subject’s movement 
during the recording. Hence, we fnally had a total of 8138 segments 
that we could use. 

While creating the segments, we applied a threshold to the tem-
perature values in the frames, where pixels present in the lower 
40% percentile of all pixels values in the frame were set to zero. This 
allowed us to eliminate large parts of the background to a single 
value of 0, leaving most pixels on the subject’s face unafected, as 
they represented higher temperatures. Accordingly, there were no 
gradients or temperature changes outside the subject’s face, which 
would hypothetically make it easier for a model to focus more on 
the temperature gradients on the face rather than trying to fnd and 
establish an intuition about the background not being useful for pre-
dictions. Furthermore, applying the thresholding operation is not 
computationally expensive, and allows for efcient test predictions 
to be made. 

For each segment, we calculated the mean and variance of the 
thermal values seen. This was used in order to normalize the data 
from the frames. We also calculated the mean value of the physio-
logical ground truth, one for each of the three signals per segment. 
These segment mean values for the physiological data were then 
scaled to be between 0 and 1, which is preferred when using a 
sigmoid activation function for the prediction nodes in our models 

[16]. Hence, the scaled physiological mean value for each segment 
was used as the label that our models aimed at predicting. No infor-
mation about the subject, the recording, or the segment’s position in 
a recording was added to the fnal data in order to remove any infor-
mation bias that could occur as a result. At the end of this pipeline, 
we obtained 8138 8-second segments in total to use for training, vali-
dation, and testing. Each segment had 64 thermal frames of 512x640 
resolution with each pixel representing a temperature value to form 
a matrix shape of (64,512,640,1). 

Using a batch size of four randomly selected thermal video seg-
ments, the input stack shape would be (4,64,512,640,1). Accordingly, 
the four videos could be from diferent subjects and diferent record-
ings. We used a batch size of four to use the maximum available 
memory on the system used for training, whose specifcations are 
detailed in Section 5. Batching the data was only used in training 
to optimize the process. In testing, the input data was only one 
thermal segment at a time, similar to how data would be received 
in a real-time stream. Fig. 2 gives a representation of the dimension 
of the input data being supplied to the models. 

5 EXPERIMENTAL SETUP 
In our experiments, we used two setups. This frst is a ’record-
split’ setup, where diferent segments from each recording were 
used in the training and testing sets. In particular, we applied a 
train-validation-test on our data in the ratio of 60-20-20, sampled 
randomly from our segments. The second is a ’session-split’ setup, 
where the frst session and one of the two other sessions selected 
randomly of each subject’s recordings were used for training and 
validation, and the remaining session with its two recordings was 
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Figure 2: Representation of shape of input data 

used for testing, while making sure that the active and silent record-
ings are included in both the training and testing sets. Using this 
setup, the train-validation-test split is in the ratio of 45-15-40. Given 
the duration of the active and silent recordings, the number of sam-
ples of the active recordings was much higher. The validation set is 
used by TensorFlow in order to tune the model parameters, prevent 
overftting and allow for the early stopping of model training once 
the performance has stabilized. We verifed that all segments were 
unique to each set with no overlap, and also ensured that the same 
data splits were used for each physiological signal being modeled 
to allow for consistent predictions. 

In some preliminary experiments, we tried using TensorFlow 
models such as ResNet and InceptionV3 which are widely used and 
prominent visual image processing models on our thermal data. 
However, these failed to perform well, as it appears that there are 
certain properties of the thermal data and the physiological signals 
of interest that these deep learning (DL) models cannot fully extract 
and represent correctly, as we discussed in Section 1. 

We constructed our models using convolutional layers used in 
convolutional neural networks (CNNs) [37] and long short-term 
memory (LSTM) networks [39]. Our choice was based on CNNs 
being networks that are optimal for feature extraction from images 
using flters that mimic the behavior of biological neurons in the 
visual cortex to respond to a specifc stimulus. These networks 
require little preprocessing as the flters are optimized during the 
training phase, drastically reducing the need for human feature 
engineering. Moreover, as LSTM networks are a form of recurrent 
neural networks that utilize feedback connections which allows 
them to process data sequences such as videos, LSTM layers were 
used to retain information from earlier thermal frames to make 
better predictions at the current time step. Accordingly, they were 
used to gain and learn long-term temporal and contextual informa-
tion, gaining insight into a hierarchical decomposition that might 
exist in the data. 

To summarize, we implemented a convolutional LSTM archi-
tecture in our models, through the usage of Conv-LSTM layers 
in Tensorfow [40]. These layers involve the use of convolutional 
layer structures within the LSTM network itself. We chose this 
approach over a 3D convolutional (CNN) approach, as a 3D CNN 
layer might be efective at extracting features in a 3D space, but 
it loses information about the temporal aspect of the frames. This 
means we could be losing vital intuition that the thermal values 

in the frames are continuous across time, corresponding to the 
movement of the subject’s head. Using Conv-LSTM layers allowed 
for features to be extracted per frame of the stack, while applying 
a temporal intuition for those features across the stack. 

In all of our models, we used a normalization layer to normalize 
the input frame stack. We performed this using the train mean 
and variance that we calculated in the pre-training pipeline setup 
discussed in Section 4. This is good practice as it helps performance 
during the gradient descent optimization. As using the thermal 
frames at the original size of 512x640 would result in extremely 
high memory requirements, we applied a max pooling layer across 
each frame of the stack, pooling only the spatial dimensions by a 
factor of 8 as represented in Fig. 3a. 

Fig. 3b shows a representation of a standard set of layers that 
are applied when using Conv-LSTM layers. In models with two or 
greater Conv-LSTM layers, we returned the full sequence of the 
stack to be passed to the next layer, as this allowed for layers later 
in the model to still learn from the temporal aspect of the data. 

(a) Representation of Input Preprocessing Layers 

(b) Representation of Conv-LSTM Layers 

(c) Representation of Conv-LSTM Layer with a Flatten Layer 

(d) Representation of Dense Layer 

Figure 3: Representations of Layers used 

The Conv-LSTM layer before the fatten layer returned only one 
value instead of a full sequence, as we were interested in modeling 
the physiological signal for the entire stack as a single value. We 
applied another dropout layer and then fattened the data so that it 
can be passed to the dense layers as represented in Fig. 3c. 

Finally, we used dense layers as represented in that utilize the 
features extracted in the Conv-LSTM layers to make the fnal pre-
diction. For models with two or more dense layers, we also added 
dropout layers to prevent overftting. For the very last layer, we 
used a sigmoid activation to allow for regression, given that we are 
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looking for a range of heart and respiration rates as well as skin 
temperatures. 

(a) Model Type 1 

(b) Model Type 2 

(c) Model Type 3 

(d) Model Type 4 

Figure 4: Representations of Deep Learning Models used 

We tested four models by varying the number and sizes of the 
layer groups discussed earlier to understand how layer complexity 
can afect the modeling performance for physiological signal extrac-
tion. The frst as represented in Fig. 4a is the simplest, using only 
one Conv-LSTM layer followed by two dense layers. The second 
as represented in Fig. 4b introduces two Conv-LSTM layers and 
three dense layers. The third model as represented in Fig. 4c uses 
three Conv-LSTM layers and three dense layers. Finally, the fourth 
model as represented in Fig. 4d used four Conv-LSTM layers and 
four dense layers. 

We used the mean squared error (MSE) as our metric for estimat-
ing the performance of our models on the test split of the data. All 
training was done using Tensorfow 2.8 on an Intel Xeon 2255-W 
CPU and Nvidia RTX 3080 GPU, with average training times taking 
around four hours per epoch. We used the Adam optimizer [23] 
with a learning rate of 0.001 and implemented an early stopping 
patience threshold of three epochs to prevent overftting. 

6 EXPERIMENTAL RESULTS AND DISCUSSION 
Before diving into the MSE and further analysis of our approach, an 
important aspect for evaluating performance is the efciency of our 
models in terms of the time it takes to process the thermal data and 
give a prediction. Using our confguration, it took an average of 1.2 
seconds to process a test segment and predict a physiological value 
when given 8 seconds worth of recording. This allows for these 
models to be applied in near real-time systems, where depending 
on the amount of computational throughput available, continuous 

predictions could be made in under 10 seconds of the subject being 
on frame, or on restrained systems, predictions could be generated 
in fxed time intervals as well. 

Table 3: Mean-Squared Error for Physiological Signals across 
four Model Types for Record-Split Setup 

Type 1 Type 2 Type 3 Type 4 
Heart rate 0.006049 0.005731 0.005149 0.006070 

Respiration rate 0.002908 0.001732 0.002019 0.003765 
Temperature 0.002168 0.001665 0.001536 0.002873 

Table 3 outlines the test MSE observed when using the models 
to predict the average physiological measurement for a previously 
unseen 8-second recording segment for the record-split setup. We 
do not observe signifcant diferences between the performance of 
the diferent types of models. For heart rate and skin temperature, 
the model with three Conv-LSTM layers achieves the lowest error, 
whereas the respiration rate performs better with two Conv-LSTM 
layers. It should also be noted that while the MSE scores appear to 
be quite low and insignifcant in the diference between the models, 
these scores were calculated on a 0 to 1 output range. We discuss 
more tangible results through error margins in Tables 5 and 6, and 
Fig. 7 below to give a better understanding of the performance of 
our models. 

Figure 5: MSE Loss for Best Performing Model per Signal 
during Training for Record-Split Setup 

Fig. 5 shows how each model’s loss decreases over the epochs 
of training for the record-split setup. This gives us an insight into 
how similarly structured models are trained using very diferent 
types of physiological signals. In the case of heart rate, we see 
that the validation loss converges quickly even as the training loss 
decreases over time, indicating that despite the model being able 
to ft the training data better as the number of epochs increases, it 
does not translate to better predictions on unseen validation data. 
On the other hand, the model for respiration rate takes the longest 
number of epochs to train, but both training and validation losses 
decrease over time, indicating a better capability of the model to 
ft respiration data and make predictions on unseen data. Lastly, 
the model for skin temperature has the lowest number of training 
epochs, and we see that the training loss fuctuates upwards in 
the second half of the epochs. This is most likely due to the fact 
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that skin temperature has simpler and non-periodic attributes that 
correlate easier with thermal temperature data. 

Table 4: MSE, R2 and CCC scores for Physiological Signals 

Physiological 
Signal 

BVP Heart 
Rate (Type 3) 

Respiration Rate 
Mean (Type 2) 
Temperature 

(Type 3) 

Record-Split Session-Split 
Setup Setup 

MSE R2 CCC MSE R2 CCC 

0.005 0.765 0.856 0.014 0.341 0.563 

0.002 0.930 0.962 0.015 0.291 0.555 

0.002 0.974 0.987 0.036 0.329 0.612 

Figure 6: KDE Plots of Ground Truth vs Predicted Signal for 
Best Performing Model per Signal 

MSE scores alone however do not provide a complete picture of 
the performance. Table 4 tabulates the MSE, Coefcient of determi-
nation (R2), and Concordance correlation coefcient (CCC) scores 
and Fig. 6 plot the KDE distribution of the ground truth versus 
the predicted signal value for the Record and Session-Split setups 
for the best-performing model type for each physiological signal. 
Furthermore, to provide a more tangible understanding of how well 
our models are performing with respect to accurately predicting 
physiological signals, we evaluate how close a model’s predicted 
value for a signal is to the ground truth signal value taken from 
contact-based sensors. Using the best-performing model type for 
each physiological signal and a 10% margin of error, the results in 
Table 5 shows that over 87% of all test recordings were predicted 
correctly within the error margin for heart rate, 98% for respiration 
rate and 99.7% for temperature for the record-split setup. Table 6 
similarly shows the accuracy fgures when the data is session-split. 

As expected, a drop in performance can be seen using this setting 
given that segments from diferent days and recording sessions 
were used for training and testing. However, the results still show 
a signifcant improvement over random guessing. In particular, the 
skin temperature predictions are close to 90%, which was expected 
given that temperature is primarily encoded in the thermal data. 

Table 5: Prediction accuracies for a 10% error margin against 
real values for Record-Split Setup 

BVP 
Heart Rate 
(Type 3) 

Respiration 
Rate Mean 
(Type 2) 

Temperature 
(Type 3) 

Higher than 10% 
of real value 

132 10 3 

Within 10% 
of real value 

1421 1597 1624 

Lower than 10% 
of real value 

75 21 1 

% in range 87.29 98.1 99.75 

Table 6: Prediction accuracies for a 10% error margin against 
real values for Session-Split Setup 

BVP 
Heart Rate 
(Type 3) 

Respiration 
Rate Mean 
(Type 2) 

Temperature 
(Type 3) 

Higher than 10% 
of real value 

812 685 294 

Within 10% 
of real value 

2082 2145 2932 

Lower than 10% 
of real value 

426 490 94 

% in range 62.71 64.61 88.31 

A comparison of how the models perform over a varying thresh-
old of error margins using both experimental setups can be seen in 
Fig. 7. In the case of the record-split setup, the models do not stray 
too far away from the real value within 30% of the real value for 
the heart rate at worst, or 20% in the case of respiration rate. In the 
case of a session-split setup, we see that predictions are still within 
30 % of the real value for both signals. This shows that the models 
trained using the session-split setup could potentially beneft from 
more data segments about the subject in diferent states. On the 
other hand, the models trained on randomly sampled data from the 
same recording have a better intuition of what the expected range 
of physiological signal values is and consequently make better pre-
dictions in that range. This behavior is potentially very useful for 
allowing models to adapt and personalize to specifc users over 
time, as the ability to adjust to a user’s own baseline should allow 
for better monitoring of deviations in the user as well. 

Given that we had subjects recorded in states of both actively 
speaking and being silent and still, we analyze how our approach 
performed with regard to the behavior of the subject. Using the 
same 10% error margin as a way to gauge model performance, we 
can see the results across the active and silent recording types in 
Tables 7 and 8. Our models performed signifcantly better than 
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Figure 7: % of Predictions made within Error Margins 

Table 7: Prediction accuracies for a 10% error margin for 
recording split by Active/Silent for Record-Split Setup 

Recording 
Type 

Signal In 
Range 

Low High 
% in 
Range 

Active 
Recording 

Heart Rate 
Resp. Rate 

Temperature 

923 
1053 
1074 

67 
17 
0 

87 
7 
3 

85.7 
99.77 
99.72 

Silent 
Recording 

Heart Rate 
Resp. Rate 

Temperature 

498 
544 
550 

8 
4 
1 

45 
3 
0 

90.38 
98.73 
98.2 

Table 8: Prediction accuracies for a 10% error margin for 
activity split by Active/Silent for Session-Split Setup 

Recording 
Type 

Signal In 
Range 

Low High 
% in 
Range 

Active 
Recording 

Heart Rate 
Resp. Rate 

Temperature 

1527 
1609 
2121 

392 
164 
88 

532 
678 
242 

62.3 
65.65 
86.54 

Silent 
Recording 

Heart Rate 
Resp. Rate 

Temperature 

533 
516 
811 

37 
337 
6 

299 
16 
52 

61.34 
59.38 
93.33 

a baseline model predicting the mean physiological signal value 
for each segment that was observed during training. The baseline 
model resulted in accuracy fgures of 52% for heart rate, 45% for 
respiration rate, and 82% for temperature. 

In the record-split setup, we observe that the heart and respira-
tion rates are modeled better for silent recordings, despite having a 
lower number of silent segments during training. This is expected 
given that our respiration rhythm and heart rate might difer when 
we speak depending on our speaking rates and the emotions in-
volved. However, this does not hold in the case of the session-split 
setup. This could be an efect of the recordings being taken at 

diferent times, causing individual physiological patterns to also 
change. Hence, a more efective factor using this setup would be the 
size of the training data, where we have a larger number of active 
segments used in training, unlike in the case of the record-split 
data, where there was more subject-specifc information available 
to better model an individual’s physiological characteristics. 

7 CONCLUSION 
In this paper, we presented a novel user-dependent approach us-
ing an end-to-end deep learning approach to extract physiological 
signals from thermal videos, as a noncontact alternative for moni-
toring subjects without the need for a contact-based instrument. We 
used a multimodal dataset of thermal and physiological recordings 
captured from 36 subjects in states of active speaking and silence 
to extract heart rate, respiration rate, and body temperature. Our 
approach relied on having separate training data available from the 
same subjects used in testing to eliminate the need for ROI track-
ing or signal processing in order to automatically extract relevant 
features by implementing a novel personalized architecture using 
convolutional long short-term memory networks. Using two set-
tings to split the dataset, based on a record-based and session-based 
data split, our models were able to predict the mean physiological 
signal value for an 8-second thermal segment in under 1.2 seconds. 

We obtained detection accuracy fgures of 87% in heart rate, 98% 
in respiration rate, and 99.7% in body temperature to within 10% of 
the true signal value recorded when using the record-split setup, 
and detection accuracy fgures of 62.7% in heart rate, 64.6% in res-
piration rate, and 88.3% in skin temperature to within 10% of the 
true signal value recorded when using the session-split setup. We 
observed that respiration is easier to model over heart rate, possibly 
due to the more complex features needed in extracting useful infor-
mation for heart rate detection. Furthermore, the type of data split 
had a signifcant role in model performance, with the ’record-split’ 
setup performing signifcantly better with the silent recordings 
despite having fewer silent segments for training. Conversely, we 
noted how the larger amount of active data improves performance 
in the case of a session-split setup for signal predictions. Our re-
sults indicate the potential of developing and implementing such 
personalized models for diferent applications in vehicles, homes, 
and healthcare environments that could be reliable in detecting the 
physiological status of each individual separately. 

Our future work would include testing models under other data 
split setups, such as having diferent subjects in the training and 
testing sets, as well as exploring more personalized models. Such 
models would leverage data recorded across a wider range of times 
and subject activities to allow for a more precise estimation of 
diferent physiological signals remotely. 
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