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Abstract. Infrared Thermography as imaging modality has gained in-
creased attention over the last years. Its main advantages in human
action monitoring are illumination invariance and its ability to moni-
tor physiological parameters such as heart and respiratory rates. In our
work, we present a novel approach for detecting respiratory-related data,
in our case apnea events, from thermal infrared recordings. In contrast
to already published methods where the subjects were required not to
move, our approach uses state-of-the-art thermal face tracking technol-
ogy to allow monitoring of subjects showing head movement, which is
an important aspect for real-world applications. We implement different
methods for apnea detection and face tracking and test them on videos
of different subjects against a ground truth acquired with an established
breathing rate monitoring system. Results show that our proposed ap-
proach allows robust apnea detection with moving subjects. Our methods
allow using already presented or novel vital sign monitoring systems un-
der conditions where the monitored persons are note required to keep
their heads in a given position.

1 Introduction

Thermal Infrared or long-wave infrared (LWIR) thermography cameras detect
electromagnetic waves with a wavelength between 7 and 14 micrometers. This is
the energy window in which thermal radiation at room temperature is emitted,
thereby allowing LWIR detectors to detect body heat without requiring an exter-
nal light source, eliminating many problems connected to illumination variance.
At the same time, thermal infrared is a relevant modality for human condition
observation as many physiological parameters such as heart rate and breathing
rate can be determined by analyzing the thermal infrared videos. However, while
several authors have shown that vital signs can be derived from such video data,
most of them have only presented results from lab studies where subject head
movement was highly constrained, and pointed out that robust face tracking
technology would be required in order to achieve applicability in unconstrained
conditions. To this end, we present a comparison of different approaches for



face tracking in thermal infrared images and show that they can be used to im-
prove robustness of algorithms for vital sign monitoring. Our chosen application
is the detection of apnea events which has already been proven to work under
constrained conditions.

2 Previous Work

There has been extensive previous work in the fields of sleep apnea detection,
thermal infrared face tracking and thermal infrared vital sign extraction.
Obstructive sleep apnea is a common sleeping disorder that results in reduced
blood oxygen levels and is mainly caused by obstruction of the upper airway [1].
Usually, sleep apnea is diagnosed using polysomnography, a method where dif-
ferent vial parameters such as EEG, EMG, EKG, air flow through mouth and
nose and breathing movements are recorded during sleep and analyzed subse-
quenty [4]. A commonly used, versatile and efficient method that can also be
part of a polysomnographic recording is a thoracicabdominal band that allows
to measure upper body circumference changes and thereby allows extraction of
the breating movement [3].

Thermal imaging for medical purposes has been proven beneficial in different
scenarios, for example for fever detection in airports [5], breast cancer detection
[6] or inflammation [7]. A recent overview of different applications can be found
in [2]. Contributions for the analysis and extraction of vital signs from facial
images using thermal infrared recordings include methods for the monitoring of
respiratory rate of newborns [9] and adults [10] [8], heart rate [12] [13] and
more currently the thermal signatures of psychopsychological phenomena [14]
[16] [15].

A common property of all literature listed above is that the presented ap-
proaches make only limited use of tracking technologies, in fact in most cases
no tracking is applied at all. While this is sufficient for fundamental research or
low-throughput measurements where the regions of interest (ROI) for thermal
signature analysis can be updated manually on a frame-per-frame basis, any
measurement that should allow head movement requires tracking. Only limited
work has been published in the field of face and facial landmark tracking in ther-
mal infrared images. Notably, [17] introduces a set of particle filters for tracking
in thermal images, while the approach shown in [18] uses feature-based active
appearance models for precise tracking of facial landmarks.

3 Materials and Methods

In this section we describe the tracking methods used to allow adapting ROI po-
sitions to head movements and the methods for apnea detection and respiratory
rate measurement.



3.1 ROI Tracking

We implemented two state-of-the-art tracking mechanisms in order to allow
tracking of facial regions:

– TLD tracking - TLD (Track, Learn, Detect) [19] is a general-purpoase
tracker making heavy use of online learning strategies. Constant updates
of the target templates improve tracking accuracy over time, while a set of
local and global correlation filters ensure robustness even for facial areas that
strongly vary in appearance due to head movements. So far, TLD has not
been applied to face tracking in thermal infrared images.

– Feature-based active appearance models - Feature-based active ap-
pearance models (AAMs) combine the well-established tracking approach of
active appearance models with image feature descriptors for improved track-
ing robustness. They have been proven to show good performance in the
tracking of faces in thermal infrared videos [18]. We used an AAM trained
with a database of 2500 manually annotated thermal infrared images.

For TLD, the ROI for respiratory rate extraction was defined manually in the
1st frame of the video by drawing a box covering the nostrils. The tracker learned
the ROI appearance and tracked it in the subsequent frames. For the feature-
based AAM, the ROIs were defined automatically by using the two landmarks
on the detected nostril positions and using them as centers of rectangular boxes
with a width of 15 pixels. Fig. 1 shows the results of both approaches on the
same image.

Fig. 1: ROI definition. Left: Manually defined bounding box for the static ROI
and TLD tracking. Right: automatically defined ROIs computed from AAM
tracking results.

3.2 Apnoe Detection

We developed and implemented different methods for apnea detection that all use
the thermal signal extracted by computing the average or minimal temperature



in the ROIs defined above. In a preprocessing step, all temporal temperature
curves were filtered with a spectral lowpass defined using a Gaussian kernel with
a width of 0.25s (7 frames at a frame rate of 30 fps) to reduce high-frequency
noise. Subsequently, the following methods for apnea detection were applied:

– Gradient Sum - By assuming that regular breathing results in stronger
signal change and thereby higher gradients, we computed the moving sum
of the absolute temperature gradient curves over the past 4 seconds. apnea
events are considered as regions where the gradient value is below 0.6 times
the average of the whole video sequence. An example of the output of the
gradient analysis can be found in Fig. 2

Fig. 2: Gradient analysis. Top: original temperature curve extracted from the
ROI. Bottom: computed gradient sum.

– Variance Analysis - Similar to gradient analysis, the variance analysis
method also relies on the fact that signal changes during apnea events oc-
cur less frequently than during regular breathing. For variance analysis, the
temperature variance over the past 7 seconds is computed, subsequently all
areas with a variance lower than 0.4 times the average variance of the an-
alyzed video sequence are considered to be apnea events. Fig. 3 shows the
output of the variance analysis.

– Spectral Analysis - apnea events can be detected in the spectral domain as
well. To this end, we analyze the temperature curve and subtract the average
temperature of the past 1.3 seconds from each signal value to reduce low-
frequency noise. Subsequently, Short-Time Fourier Transform with a window
length of 10 seconds is applied to the filtered signal. We analyze the frequency
window between 0.2 and 0.8 Hz over the last 5 seconds, as our preliminary
studies have shown that the respiratory signal is dominant in this spectral
range. When applying spectral analysis, the threshold for an apnea is set to



Fig. 3: Variance analysis results

0.1 times the average signal energy of the sequence. An example result is
shown in Fig.4

Fig. 4: Spectral analysis results for a window length of 10 seconds.

– Wavelet Transform - The wavelet transform is similar to the Short-Time
Fourier Transform since it also allows signal localization in both temporal
and spectral space. The general applicability of the wavelet transform to ap-
nea detection in thermal infrared images has already been shown in [11], in
our work we introduce a slightly adapted and extended version that trans-
forms the resulting wavelet into a set of one-dimensional values, thereby
allowing the use of 1D signal processing methods as in the methods intro-
duced above. In a first step, we use the method from [11], where we apply
wavelet transform using the Mexican hat wavelet and compute 50 scales
equidistantly between 0.21 and 0.75 Hz. Subsequently, we expand the orig-
inal method by first applying thresholding to the result with a threshold
value equal to the mean value of the wavelet coefficients. In order to extract
a curve from the thresholded wavelet signal, we compute the sum of all co-
efficients for the past 5 seconds. The resulting curve has high similarity with



the spectral curve shown in 4, and similar to the spectral analysis method
introduced above we define an apnea event as areas where the extracted
signal is lower than 0.1 times the average signal value.

4 Experiments and Results

To evaluate the implemented algorithms, we acquired thermal infrared recordings
of 10 healthy subjects under laboratory conditions. The used camera provided
a resolution of 1024 x 768 pixels with a thermal sensitivity of 0.03 K. Each par-
ticipant was filmed frontally for 5 minutes, see Fig. 5 for a sample frame. The
persons were instructed to breath normally except for simulated apnea events
that started after 60, 150 and 240 seconds of the recording. Since apnea usu-
ally occurs during rest, the head remained still during the apnea. Between the
events, free head movement with increasing speed was allowed. The reference
for apnea estimation was acquired by additionally utilizing a clinically approved
thoracicabdominal band as described in [3] that allowed measurement of thorax
circumference and its changes. apnea events were manually marked in the output
signal of the belt.

Fig. 5: Sample frame from an experimantal infrared recording. Note that a hold-
ing strap of the chest belt is visible in the recording as well.

All acquired video sequences were subsequently tracked using the TLD and
AAM method. For TLD, the initial ROI was drawn manually and tracked in
subsequent frames. In the AAM, the head position was also defined manually
in the 1st frame and tracked by the algorithm afterwards. For comparison with
previously published work, we also analyzed a constant ROI (defined as the ROI
used for initialization of the TLD tracker) as this is the method of choice in most
available literature. The results are given in Table 1.



Detector Tracker True Positive False Positive False Negative

Gradient Sum Static 16 27 9
Gradient Sum TLD 26 4 3
Gradient Sum AAM 30 3 0

Variance Analysis Static 17 33 6
Variance Analysis TLD 25 25 3
Variance Analysis AAM 29 9 1
Spectral Analysis Static 18 23 3
Spectral Analysis TLD 25 2 3
Spectral Analysis AAM 30 2 0

Wavelet Transform Static 20 14 6
Wavelet Transform TLD 25 2 5
Wavelet Transform AAM 29 1 1

Table 1: Apnoe detection results using different trackers and detectors.

The results show that both tracking methods clearly outperform a non-
tracked analysis. Of the two implemented trackers, the AAM constantly pro-
vides better results than the TLD method. All four apnea detection algorithms
show similar performance, with the spectral methods being more robust towards
misdetections than the two time-based approaches.

5 Conclusion

In this work, we introduced different algorithms for the detection of sleep ap-
nea in thermal infrared video sequences. To improve robustness of the detection
methods, we also implemented two algorithms for face region tracking in ther-
mal infrared recordings. Results show that the presented methods allow reliable
apnea detection in thermal infrared recordings and that modern face tracking
algorithms clearly improve the robustness of the apnea detection.

Future work should include a real-time implementation of the described al-
gorithms and a validation of the proposed method in a clinical scenario.
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