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Abstract—A large number of algorithms for processing faces
in regular photographs and videos has been published in recent
years, making this field one of the most active research areas in
computer vision. Most current algorithms require a sufficiently
large, manually annotated database for training. While several
large databases for the visible spectrum are available, no suf-
ficiently large and fully annotated database for the emerging
thermal infrared modality has been published so far. Instead,
algorithms in the thermal spectrum usually rely on specific
assumptions regarding image content, making them less robust
than their data-driven counterparts that are based on machine
learning methods. We address this shortcoming by introducing
a novel high-resolution thermal infrared face database with
extensive manual annotations. We describe the database in detail
and show that it can be used for advanced image processing
tasks by training algorithms for facial expression recognition
using the database. The full database itself, all annotations
and the complete source code are freely available from the
authors for research purposes at lfb.rwth-aachen.de. The code
and annotations will be made commonly available under LGPL
license, the image data will be available for download upon
agreeing to the terms and conditions for image data given on
the website.

Index Terms—Thermal Infrared, Database, Facial Expression
Recognition

I. INTRODUCTION

One of the key research areas in computer vision addressed
by a vast number of publications is the processing and
understanding of images containing human faces. The most
often addressed tasks include face detection, facial landmark
localization, face recognition and facial expression analysis.
Other, more specialized tasks such as affective computing, the
extraction of vital signs from videos or analysis of social in-
teraction usually require one or several of the aforementioned
tasks that have to be performed.

Currently, most face processing is performed either in
regular 2D recordings (RGB videos) or with methods that
take advantage of an additional depth channel (RGB + D)
as provided by devices such as Microsoft’s Kinect camera
to gain 3D information. For many tasks involving human
bodies and faces, RGB + D has replaced complex 3D imaging
techniques such as stereographic cameras or marker-based

approaches due to its wide availability and ease of use.
Most algorithms presented for facial image processing focus
therefore on RGB or RGB+D applications. Examples include
emotion recognition [1] and face tracking [2] using the Kinect
camera. While the capabilities of these imaging techniques are
well understood, there is a number of other approaches for
image acquisition that often come with unique advantages.

One of these methods is thermal or long wave infrared
(LWIR) imaging, an emerging modality that has gained grow-
ing attention over the last years. It has several benefits com-
pared to regular imaging technologies operating in the visual
spectrum: Since LWIR sensors rely on the heat radiation emit-
ted by the objects themselves, they do not require natural or ar-
tificial light sources and are therefore invariant to illumination
changes. Furthermore, vital signs such as respiratory rate [3]
or heart rate (HR) can be extracted from thermal recordings
of humans, and recent studies show that physiophsychological
effects are visible in the IR domain as well [4]. Despite these
advantages, two factors have been limiting the widespread use

Fig. 1. Sample images from the database with the 68-point landmarks shown
as overlay.



of thermal infrared imaging for commercial and medical use:
equipment price and algorithm performance. LWIR cameras
operate in wavelengths much longer than the visual spectrum
(7 - 14 µm vs. 380-700 nm) and therefore require special op-
tics and sensor materials. This downside has been addressed by
recent advances in sensor technology, most importantly with
the introduction of affordable microbolometer array sensors.
The second shortcoming is the difference in image appearance
caused by the different physical phenomena behind visual
and thermal imaging: while regular imaging is based on the
reflectance and translucence of objects for electromagnetic
waves in the visual spectrum, thermal imaging records heat
radiation emitted by the objects themselves. These two signals
are not correlated, it is generally not possible to compute the
thermal appearance of an object from its color and vice versa.
Since regular RGB or monochrome cameras are much more
widely used, most algorithms presented are developed for the
visual domain and usually cannot be transferred directly to the
thermal domain. Color information, for example, is completely
lost in the thermal spectrum. This is the reason why a number
of specialized algorithms for facial image processing has been
introduced in the thermal domain.

Many current image processing algorithms are based on
machine learning methods and therefore require annotated
training data. Classifiers such as neural networks that have
been trained on visual images cannot be applied directly to
LWIR data due to the large difference in object appearance.
So far, learning-based methods have been applied to thermal
images only in a few specialized cases, mostly due to the
lack of sufficiently large and deliberately annotated image
databases that are required to train the algorithms.

We address the second shortcoming by introducing a novel,
high-resolution thermal image database with extensive manual
annotations (Fig. 1). we show that this database can be
used to train machine learning algorithms that require well-
annotated image data for training. In this work, we describe
the database in detail, followed by showing how it can be
used for thermal infrared facial expression recognition. In
previous publications, we were already able to show how
earlier versions of the database were used for face detection [5]
and facial landmark detection [6]. Both methods have been
combined and used to detect breathing anomalies in [7]. In this
work, we will describe the exact protocol used to acquire the
final database and show its performance for the task of facial
expression recognition, being a further example of a common
image processing task. The database, all annotations and the
code required to perform the experiments described here are
freely available under BSD license for research purposes upon
request, allowing using it for own research and reproducing
all results shown here.

II. THERMAL FACE DATABASE

In this section, we will give an overview of existing
databases and give a detailed description of our own contri-
bution.

A. Existing Thermal Face Databases

While a vast number of databases designed for various tasks
exists for the visual spectrum, only a few relevant thermal
face databases have been presented so far. In the past, the
most prominent databases used for facial image processing on
the thermal infrared domain were the the Equinox and IRIS
databases. However, both resources are no longer available.
The only database currently available upon request is the
USTC-NVIE thermal image database [8], released in 2010.
The database is multimodal, containing both visible and ther-
mal videos that have been acquired simultaneously. It contains
videos of 215 participants, 236 still frames of 84 of these
participants were manually annotated for facial expression
recognition. The spatial resolution of the infrared videos is
320 x 240 pixels. The database contains data sets with both
spontaneous and posed emotions as well as images with and
without glasses and under different lighting conditions. In
contrast to putting emphasis on acquiring multimodal data,
we focused on high-resolution thermal recordings and precise
manual annotations. Therefore, our database provides:

• High resolution data at 1024 x 768 pixels, much higher
than currently available databases that usually work with
320 x 240 pixel data.

• a wide range of head poses instead of the usually fully
frontal recordings provided elsewhere

• manually placed and validated landmarks for 68 facial
points while other databases provide either no annotations
at all or rudimentary annotations for the positions of
mouth, eyes and nose.

• a high variation of the expressions shown, starting with
basic morphological changes indicated by single AUs (ba-
sic facial action units according to the facial action coding
system (FACS) introduced by Ekman et al. [9]), followed
by fundamental emotions up to arbitrary expressions. To
the best of our knowledge, our database is the only set
available with AU data for thermal infrared recordings.

All images for our database were recorded using an Infratec
HD820 high resolution thermal infrared camera with a 1024
x 768 pixel-sized microbolometer sensor equipped with a
30 mm f/1.0 prime lens. Subjects were filmed while sitting
at a distance of 0.9m to the camera, resulting in a spatial
resolution of approximately 0.5 mm per pixel. A thermally
neutral backdrop was used for the recordings to minimize
background variation. The recordings were acquired as full
resolution videos with a frame rate of 30 frames per second.
To build the database, each video was screened manually and
relevant frames according to the requirements described in the
sequence descriptions below were exported for annotation. As
a result, the final database contains 2500 images of 90 subjects
in total, however not all subjects were filmed in all sequences.
A detailed overview of the images and participants is included
in the database as Excel spreadsheet. In contrast to the USTC-
NVIE database, the database does not contain a regular RGB
video of each session. The recordings were split into different
sequences, each designed for a different task:



• Sequence A contains a defined head movement pattern,
where each participant was instructed to follow a defined
S-shaped trajectory (Fig. 2). From this recording, frames
at 9 distinct positions (upper left, upper frontal, upper
right, frontal right, full frontal, frontal left, lower left,
lower frontal, lower right) have been extracted and an-
notated. This allows for a large number of images with
strongly varying and at the same time defined head poses.

Fig. 2. The nine different head poses from sequence A.

• Sequence B is a set of images showing basic facial action
units (AUs) according to the facial action coding system
(FACS) introduced by Ekman et al. [9]. Action units are
fundamental, elementary facial movements that usually
do not appear separately, but in conjunction with other
AUs to form complex facial expressions. Due to the large
number of action units, only a subset of action units was
recorded, namely AU 1+2 (inner and outer brow raiser),
AU 4 (brow lowerer), AU 6 + 7 (cheek raiser and lid
tightener), AU 9 + 10 (nose wrinkler and upper lip raiser),
AU 24 (lip pressor), AU 27 (mouth stretch) and AU 43
(sniff) (Fig.3). For all participants with a recording in
sequence B, one frame per AU has been annotated.

• Basic emotions are shown in Sequence C. Basic or
universal emotions according to Ekman’s work are happi-
ness, sadness, surprise, fear, disgust, anger and contempt.
Each participant was instructed to display the requested
emotions, the database contains no recordings of actual
emotions induced by video clips or other means. Three
frames of the emotions neutral, happy, sad and surprised
have been selected and annotated per person. The remain-
ing four emotions are included in the database, however
with no annotations.

• Finally, in Sequence D, all participants were asked to

Fig. 3. Elementary action units. Top row from left to right: Neutral, AU 4,
AU 1 + 2, AU 6 + 7. Bottom row from left to right: AU 9 + 10, AU 43, AU
24, AU 27.

Fig. 4. Basic posed emotions. Top row from left to right: Neutral, happiness,
sadness, surprise. Bottom row from left to right: Fear, anger, disgust, contempt.

perform arbitrary head movements and facial expressions.
Between 3 and 5 frames from each participant’s sequence
was selected and annotated. These recordings were used
to add realistic facial expression and pose variance to the
database in contrast to the posed expressions and poses
acquired in the other sequences. Fig. 5 shows examples
from this sequence.

B. Manual Annotations

All 2935 selected frames were manually annotated with
the 68-point landmark set also used for databases such as
Helen [10] and LFPW [11]. This extensive set of annotations
using a widely established scheme allows using the database
for a substantial number of algorithms, allowing assessment
of their performance on thermal infrared data. Figure 1 shows
examples of annotated frames while Fig. 6 shows the exact
localization of the 68 landmark positions in the face. Both the
landmarks as well as the connectivity information are stored,
allowing selection of landmarks of specific facial areas such



Fig. 5. Samples from the free movement sequence.

as eyes or mouth separately. After landmarking all images, the
dataset has been checked for annotation consistency, ensuring
that landmark positions correspond to the same facial features
in all database images.

Fig. 6. The 68-point annotation scheme with each point’s coordinates in the
face.

III. FACIAL EXPRESSION RECOGNITION

Facial expression recognition has been an active research
area for the past years. A recent overview over different
databases and approaches, especially for non-RGB data, can
be found in [12]. We have analyzed how a set of methods
that are already established for facial expression recognition
in RGB data can be applied to our images.
To evaluate the capabilities of our database, we used the
annotated emotion images from sequence C to train a facial
expression classifier. Different combinations of feature de-
scriptors and machine learning methods that have been proven
to work for similar tasks in regular photographs were tested.
As features, we used the following:

• The coordinates of the manually annotated landmarks.
This is a purely geometric feature containing no pixel in-
tensity or neighborhood information. A similar approach
was used in [13] for feature description in visual images.

• The pixel intensities of the faces without any feature
extraction applied.

• Histograms of oriented gradients (HOG) [14], Local
binary patterns (LBP) [15] and dense scale-invariant
features (SIFT) [16] extracted from the faces.

The features were then fed into the following classifiers:
• Linear SVM [17], as preliminary experiments have shown

that this type of SVM has superior performance for our
problem than its polynomial and radial basis function-
based variants. Standardizing the features before SVM
classification has shown to yield better results.

• A k-nearest-neighbours (kNN) classifier, for which pre-
liminary tests have shown that k=1 and feature standard-
ization give best results.

• A binary decision tree (BDT). The tree’s split criterion
was chosen by the training function.

• Linear discriminant analysis (LDA). For LDA computa-
tion, the pseudoinverse was chosen over the inverse ma-
trix since not all features had nonzero variance, thereby
making direct inverse computation impossible.

• The naive Bayes classifier (NB). Since this method is
not able to work on invariant features we implemented an
additional step that detects and removes invariant features
from the feature vectors.

• A random forest classifier [18] (RF). For this method,
a forest size of 40 trees has been chosen as initial
experiments had shown that using more than 40 trees
does not result in performance gain.

A. Facial Expression Recognition Performance

Experiments conducted to determine optimal image size
have shown that quadratic images of the faces scaled to a
length of l = 144 pixels for both sides yield best results.
Values below 144 result in lower classification rates, while
higher image resolutions did not increase classification per-
formance. Therefore, all results refer to images scaled to
l = 144. Results were obtained using leave one-subject-out-
cross-validation. In this validation type, we removed all images
of a given subject from the database, trained the algorithms
on all remaining subjects and tested their performance on the
subject previously removed from the database. While requiring
a large number of evaluation runs, this method was chosen as it
gives the best impression of the overall algorithm and database
performance due to the maximal possible overlap of training
data with the full database while still allowing evaluation on
unseen subjects. Fig. 7 shows an overview of all tested feature-
classifier combinations. It can be seen that the chosen SVM
configuration is the best performing method while the basic
kNN and decision tree classifiers perform clearly weaker on
the expression recognition task. Using feature descriptors for
constructing the feature vectors has been shown to deliver
results superior to feature vectors created by using landmark
coordinate or pixel intensity data only.

A detailed confusion matrix of the four emotions for the
best performing combination - the linear SVM using dense
SIFT features - is shown in Fig.8. Happiness is the most



Fig. 7. True positive rates of the tested feature-classifier combinations. The
dashed line indicates the success rate of a random guess (25%).

clearly detectable expression with only minimal misdetections.
On the other hand, sadness is often misclassified as a neutral
expression and vice versa.

Fig. 8. Confusion Matrix for DSIFT + linear SVM.

Since the chosen feature-classifier-combination does not
require full manual annotations, we were able to perform a
full eight-class classification on all facial expression images
including the non-annotated set, the results of which are shown
in Fig. 9. As reference, each image has been shown to three
humans and the sum of all results is shown in Fig. 10. In
total, our method achieves superhuman classification accuracy.

A closer investigation of the results shows that humans pick
the neutral class with a significantly higher preference, an
indicator that humans tend to classify a face as neutral when in
doubt while misclassifications are more evenly spread among
classes when automatic classification is used.

Fig. 9. Confusion Matrix for DSIFT + linear SVM for 8 facial expressions.

Fig. 10. Confusion Matrix for 8 facial expressions classified by humans.



IV. CONCLUSION AND FUTURE WORK

In our work, we have introduced a new, fully annotated
high resolution thermal face image database for different
computer vision tasks and evaluated how different algorithms
perform on commonly appearing problems when trained using
the database. We have thoroughly described the database’s
image acquisition procedure and its contents. Afterwards,
the database was used for studies in thermal infrared facial
expression recognition. We were able to show that the task can
be solved robustly by using learning-based approaches trained
using our database and that the database allows training of
classifiers that, on average, perform better than humans on the
given task.

In the near future, we will use our database to establish a
full image processing pipeline for facial image processing and
evaluate its capabilities by using it for medical purposes such
as pain and stress detection.
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