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Abstract
Infants are particularly vulnerable to the effects of pain and discomfort, which can lead to abnormal brain development,
yielding long-term adverse neurodevelopmental outcomes. In this study, we propose a video-based method for automated
detection of their discomfort. The infant face is first detected and normalized. A two-phase classification workflow is then
employed, where Phase 1 is subject-independent, and Phase 2 is subject-dependent. Phase 1 derives geometric and appearance
features, while Phase 2 incorporates facial landmark-based template matching. An SVM classifier is finally applied to video
frames to recognize facial expressions of comfort or discomfort. The method is evaluated using videos from 22 infants.
Experimental results show an AUC of 0.87 for the subject-independent phase and 0.97 for the subject-dependent phase,
which is promising for clinical use.

Keywords Infant discomfort · Face detection · Discomfort/stress detection · Facial expression recognition

1 Introduction

Monitoring of the wellbeing of infants is an important
topic for hospitals, parents and the infants themselves, for
instance, for their brain development. Frequent pain or
discomfort in newborn infants, who are at a time of phys-
iological immaturity and undergo rapid brain development,
can cause complications, such as delay in cognitive and
motor development [17]. Cumulative pain-related discom-
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fort may also contribute to abnormal brain development,
which can yield long-term adverse neurodevelopmental out-
comes [4,6,32,33,42]. Neurobiological vulnerability to pain
in newborn infants is well established, due to their lower
pain threshold, sensitization from repeated pain, and imma-
ture systems formaintaining homeostasis [12,13]. Therefore,
in the Neonatal Intensive Care Unit (NICU), continuous dis-
comfort or pain assessment for newborn infants is highly
desired, since it helps caregivers understand the severity of
the infants situation and develop appropriate treatments.

Self-reporting is currently considered to be the gold stan-
dard for pain assessment among patients and is the most
reliable indicator of the existence and intensity of acute pain
and discomfort [40]. Assessment scales that rely on patient
self-reporting are commonly used to measure the intensity
of pain. However, infants cannot report verbally their pain
or discomfort and must rely on healthcare professionals to
recognize their behavioral or physiological signs suggesting
pain and discomfort [20]. In order to assist healthcare pro-
fessionals in detecting the level of pain or discomfort in an
infant or child, several pain/comfort-scale forms have been
developed. For example, comfort scale [3] is developed for
assessing distress in patients of pediatric intensive care units.
TheObjective Pain Scale (OPS) has been utilizedwith infants
and children from birth to three years of age [30]. Premature
Infant Pain Profile (PIPP) [39] is amultidimensionalmeasure
developed to assess acute pain in preterm and term infants.
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934 Y. Sun et al.

Each scale is scored by healthcare professionals after observ-
ing infants for about 2 minutes.

The current manual monitoring by healthcare profession-
als is of high cost, time-consuming and subjective in infant
pain/discomfort assessment [9,34]. More crucially, infants
are only observed a few times a day (“spot measurement”)
without continuous monitoring, which may leave many dis-
comfort moments unnoticed. The intermittent assessment
might lead to misdiagnosis and over/under treatment. In this
regard, an automatic discomfort or pain assessment method
for infants becomes a necessity. The objective of this paper
is to develop an automated video-based discomfort detection
system for infants that is able to, e.g., alert clinical staff imme-
diately when infants start suffering from discomfort. Our
system provides continuous monitoring for infants, which
replaces the current intermittent manual observation.

Facial expression is one of the most common indicators
of discomfort and pain. The Primal Face of Pain (PFP),
shown in Fig. 1, is a universal facial expression, associated
with pain, which is hardwired and presents at birth [35]. In
this work, we propose an automatic discomfort detection
system for infants by analyzing their facial expressions in
videos. After face detection and normalization in videos,
geometric and appearance features are extracted from the
facial Region of Interest (ROI) for discomfort detection,
using a Support Vector Machine (SVM) [8,15] classifier.
In clinical practice, for a given infant, his/her comfort
face images can be easily collected. Our contribution is in
deploying two types of detection. Specifically, in addition to
subject-independent detection, we further introduce template
matching based features for subject-dependent detection,
which provides more reliable performance. Tested on a
dataset of 22 newborn infants collected at the hospital, the
proposed method achieves promising performance exceed-
ing the subject-independent method.

The remainder of this paper is organized as follows. In
Sect. 2, related work on pain and discomfort detection is
described. Sect. 3 elaborates ourmethod, and Sect. 4 explains

Fig. 1 Primal face of pain, involving brow bulge, eye squeeze, and
a horizontally stretched open mouth with deepening of the nasolabial
furrow

the experimental results, with some discussions in Sect. 5.
Finally, Sect. 6 concludes the paper.

2 Related work

In the past years, there has been an increasing interest in
pain assessment because of important applications [18]. Var-
ious approaches have been devoted to assess pain based
on physiological indicators, for instance, vital signs such
as heart rate (HR), heart rate variability (HRV), respiratory
rate (RR), blood oxygen saturation (SpO2), body temper-
ature, and blood pressure. The signs can be measured and
used to assess the person’s level of physical functioning.
Lindh et al. [25] presented an approach to assess infants pain
by frequency-domain analysis of HRV during heel lancing,
which showed an increase in low-frequency power in the
response of preterm infants to heel stick compared to base-
line. Acharya et al. [1] detected cardiac abnormalities by
classifying cardiac rhythms using an artificial neural network
and fuzzy relationships, which achieved an accuracy level
of 80–85%. However, vital signs such as HR and RR are
currently measured using techniques including electrocar-
diograms (ECG) and pulse oximetry, which require contact
with the patient’s skin. Attaching the sensors to infant skin
adds an extra burden to infants, compared to the contactless
method using videos.

Besides the physiological-based approaches, there is
another category of methods, which assess pain or discom-
fort based on behavior analysis. Existing behavioral-based
approaches to evaluate infant pain can be based on facial
expression, crying sound, and body motion. Infant cry is a
common sign of discomfort, hunger, or pain. For classify-
ing crying sound, Mima et al. [29] presented a method that
analyzes baby cries in spectrography, and classifies them as
cries due to pain, sleeping, hunger, etc. The overall accuracy
of the proposed method was 85%. Up to this point, very few
studies on pain assessment based on body movements have
been published [43,44].

Lots of attention was paid to facial expressions in adults.
Shan et al. [37] empirically evaluated facial representation
based on statistical local features, Local Binary Patterns
(LBP), for person-independent facial expression recognition
and illustrated that LBP features are effective and efficient for
facial expression recognition. They achieved a recognition
rate of 91.4% for 7-class (anger, disgust, fear, joy, sadness,
surprise, and neutral) facial expression by using Boosted-
LBP based SVMwith RBF kernel. Kotsia et al. [24] achieved
a recognition accuracy of 99.7% for facial expression recog-
nition, using the proposed multiclass SVMs and 95.1% for
facial expression recognition based on a set of chosen facial
Action Units (AUs). Kharghanian et al. [22] applied a hierar-
chical unsupervised feature learning approach to extract the
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features needed for pain detection from facial images using
a convolutional deep belief network and achieved near 95%
for the Area Under the Receiver Operating Characteristic
(ROC) Curve (AUC). Ashraf et al. [5] explored an approach
for automatically recognizing acute painwithActiveAppear-
anceModels (AAM). The shape and appearance components
represented by AAM were further decoupled to separate
features. Finally, SVM was employed for classification.
The method was evaluated on 15,761 frames from the
UNBC-Mcmaster shoulder pain database, which showed
a frame-level accuracy value of 82.4% for detecting pain
frames, and a false positive rate of 30.1%. One of the chal-
lenges in this task is to align faces together for more effective
feature extraction. Lucey et al. [28] showed that the AAM
can deal with patient movements and can achieve significant
improvements in both the facial AU and pain detection per-
formance. Using the UNBC-McMaster database, the AUC
was 0.847 when combining similarity-normalized shape
features (SPTS) with similarity-normalized appearance fea-
tures (SAPP) and canonical normalized appearance features
(CAPP). Littlewort et al. [26] applied an automated facial
expression recognition system to spontaneous facial expres-
sions of pain. A set of 20 detectors from the facial action
coding were extracted and passed on to a classification
stage, in which a classifier was trained to detect the differ-
ence between expressions of real pain and fake pain. The
automated system obtained an accuracy of 88% for subject-
independent discrimination of real versus fake pain.

Most of the existing methods for automatic pain assess-
ment based on facial expressions focus on adults. However,
the methods designed for assessing adult pain might not have

similar performance on the infants, because the facial mor-
phology and dynamics vary between infants and adults as
reported in [16]. Sikka et al. [38] presented a Facial Action
Coding System(FACS)-based method to describe children’s
facial expressions of pain. The model detection of pain ver-
sus no-pain achieved the AUC of 0.84–0.94 in both ongoing
and transient pain conditions on the videos from 50 chil-
dren. One challenge of FACS-based methods is the extensive
time required for labeling AUs in each video frame. Fotiadou
et al. [14] proposed an infant discomfort detection system,
based on the AAM. Their system was evaluated in 15 videos
of 8 infants, yielding a 0.98 AUC performance. However, the
AAM mesh has to be initialized for each individual baby by
identifying a set of landmarks manually.

3 Methods

We propose a video-based automatic discomfort detection
system. The method of discomfort detection involves 2 key
steps: (1) face detection and face normalization, and (2)
feature extraction, and facial expression classification to dis-
criminate infant status into comfort or discomfort. Figure 2
shows the overall processing chain. Each block of the pro-
posed system is described in more detail in the following
subsections.

3.1 Face detection and normalization

We start with extracting infant faces from each frame of
videos. The entire face detection and normalizationworkflow

Fig. 2 Overall workflow for
discomfort recognition, where
the orange-dotted rectangle
indicates subject-independent
discomfort detection (Phase 1),
and the blue-dashed rectangle is
for subject-dependent
discomfort detection (Phase 2)
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936 Y. Sun et al.

generates the face ROI as input for the next step of discom-
fort/comfort classification. Given an input video frame of a
face image, sixty-eight facial landmarks are first localized
using the dlib face landmark detector [23], implemented by
Kazemi et al. [21].We utilize the dlib face landmark detector
because it detects the face with a rich number (68) of land-
marks [19] and its implementation is also efficient[10]. The
68 landmarks are points on the face such as the corners of the
eyes, mouth, along the eyebrows, along the boundary of face,
and so forth. See Fig. 3 for an original face image (Fig. 3a)
with the corresponding normalized face ROI and 68 facial
landmarks (Fig. 3b).

Once the 68 landmarks are identified, we select the cen-
tral point between two inner eye corner points as the point to
rotate the image. The image is rotated to the position that the
two eye corner points are in a same horizontal line. Thus, this
step corrects the rotation variance of faces. We select Land-

Fig. 3 a Example of face image, b corresponding normalized face ROI
and 68 facial landmarks. The highlighted landmarks 1, 9, and 17 are
used for defining the face ROI. The 28th landmark is employed in Phase
2 for further aligning sets of landmarks from different frames

mark 1 as the leftmost point, Landmark 17 as the rightmost,
and Landmark 9 as the bottommost points to define the left,
right, and bottom boundaries of the face ROI (See Fig. 3b for
the landmarks). Wemeasure the distance between Landmark
9 and the mid point of two inner eye corners. The top bound-
ary of the ROI is defined to be the horizontal line that has the
same distance from the mid inner eye point as Landmark 9.
Amargin of 20pixels are added to all the boundaries to cover
the whole infant face, and avoid loss of facial information.
Finally, all face images are cropped and resized to the size of
500× 375pixels.

3.2 Phase 1: subject-independent discomfort
detection

Geometric and appearance features are extracted from the
facial ROI for discomfort detection using the SVM classifier.

3.2.1 Geometric features

In general, when infants start suffering from discomfort, they
tend to squeeze their eyes and stretch their mouths, as shown
in Fig. 1. In order to extract relevant features, we calculate
the areas of eye and mouth. We count the number of pixels
inside the polygons surrounded by the landmarks of the left
eye, right eye, outer lip contour and inner lip contour, respec-
tively (See Fig. 4). These four area sizes are considered as
four geometric features. Figure 5 shows the distributions of
geometric features for comfort and discomfort cases of our
dataset.

Fig. 4 Polygons consist of facial landmarks for eye and mouth area
calculation, where yellow polygon outlines left eye, purple for right
eye, blue for outer lip contour, and orange for inner lip contour (color
figure online)
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Fig. 5 Scatter plots of geometric feature values of comfort (blue-circled dot) and discomfort (orange plus sign) cases for all infant face images in
our dataset. Subfigure a plots the feature values of left and right eye area. Subfigure b presents the values of the inner and outer lip contour area
(color figure online)

Fig. 6 Example of a comfort (left) and a discomfort (right) case from
an infant, which shows the face appearance difference between comfort
and discomfort status

3.2.2 Appearance features

The appearance of infant face is changing when experienc-
ing discomfort. For example, as shown in Fig. 1, brow bulge
and nasolabial furrow become apparent in the discomfort
faces, which leads to texture changes in the forehead and
between the nose and upper lip area. Figure 6 compares
the face appearance of comfort and discomfort status of one
infant. Different texture descriptors have been exploited for
facial expression recognition. Twomethods that have proven
to be effective for facial representation are Histogram of Ori-
ented Gradients (HOG) [11,41] and Local Binary Patterns
(LBP) [2,31,36]. As the histogram of gradient descriptor,
HOG has been widely utilized to capture edge or local shape

Fig. 7 Examples of HOG (8 orientations) processing on a comfort (a)
and a discomfort face (c) images, where b and d are the corresponding
HOG of a and c
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Fig. 8 The infant face image (500× 375pixels) is divided into 5× 5 subregions from which LBP histograms are extracted and concatenated into
a single, spatially enhanced feature histogram

information [27]. LBP is invariance to monotonic gray-level
changes and is highly discriminative, whichmakes it suitable
for demanding image analysis tasks such as object detection.
In this work, HOG and LBP are combined as the feature set
to describe faces for discomfort detection. In detail, for the
HOG calculation, the input face is divided into 20×15 equal
non-overlapping regions. For each region, HOG is computed
(See Fig. 7). The final HOG vector features are formed by
concatenation ofHOGvectors of regions. The length ofHOG
feature vector is 5,625. For LBP, each face image is divided
into blocks of 100 × 75pixels to which the uniform LBP
operator [31] is applied, and LBP histograms are extracted
and concatenated into a single, spatially enhanced feature
histogram (see Fig. 8). The length of LBP feature vector is
1,475.

3.2.3 Classification

The large size of HOG/LBP feature vector limits the num-
ber of training samples and increases the computation cost in
classification. Feature selection is one of the important and
frequently used techniques in data preprocessing for data
mining [7]. The selection reduces the number of features and
removes irrelevant, redundant data and even noisy compo-
nents. In our work, feature selection is used to reduce the
dimensionality of the input feature space and thus enable the
subsequent use of classification algorithms. The criterion of
AUC is chosen to identify relevant significant features, which
means features selected by optimizing the AUC.

Finally, we adopt SVM [8,15] with a radial basis function
(RBF) as the kernel, to recognize facial expressions using
the selected features. We employ the SVM implementation
in MATLAB (Mathworks, Natick, MA, USA) for the two-
class classification. Leave-one-subject-out cross-validation
is used for the experiments. The ROC is plotted to evaluate
theperformancewith thevalueof theAUC.The labeling error

rate is also measured and reported as an additional metric.
Moreover, the quality of the classification is measured from
a confusion matrix, which records correctly and incorrectly
recognized faces for each class.

3.3 Phase 2: subject-dependent discomfort
detection

Phase 2 is proposed to incorporate infant-dependent features
in addition to Phase 1 subject-independent features men-
tioned above. In clinical practice, comfortmoments of infants
occur more often than discomfort, which means it is easier
to capture. Thus, we obtain annotated comfort moments of
infants, and use the faces as predefined parameterized tem-
plates to compare the similarity with the input frame.

All facial landmarks are further translated to achieve that
the 28th landmark (the topmost point outlining nose) is the
origin of each landmark point set.We calculate the Euclidean
distance between the coordinates of eyebrow-, eye-, nose-,
mouth-related facial landmarks of every template image and
the corresponding coordinates of the input face image.

For each infant, we use 50 templates. The template images
are randomly selected from the comfort face images of each
infant as their own reference (See Fig. 9 for the schematic
of comfort reference set and each input image). The total
51 points of eyebrow-, eye-, nose-, mouth-related facial
landmarks are used for similarity calculation. The two-
dimensional coordinates of the 51 facial landmarks of the
face image are defined as the template. The Euclidean dis-
tance between the coordinates of the 51 facial landmarks of
the input image and each template of the 50 face images, is
computed. We pick the mean, median, maximum, minimum,
30th percentile and 80th percentile of the 50 obtained values
of the Euclidean distance as a set of numerical features.
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Video-based discomfort detection for infants 939

Fig. 9 The top row shows example frames from the 50 templates representing comfort of one infant in Phase 2: subject-dependent discomfort
detection. The bottom image is an illustration of the input training/testing image

4 Experimental results

4.1 Materials

The studywas conductedwith videos recorded at theMaxima
Medical Center in Veldhoven, The Netherlands, by a hand-
held high-definition camera (SanyoXacti VPC-FH1BK). For
all infants in the database, written consent was obtained
from at least one of the parents. Twenty-two infants were
filmed in total. Twenty infant faces were recorded when they
were experiencing stressful moments, including treatment
moments and special occasions, like: clinical treatment of
heel prick, placing an intravenous (IV) line, venipuncture,
vaccination or postoperative pain, and discomfort moments
of a diaper change, feeling hungry or crying for attention. For
10 out of the 20 infants, the relaxed comfort state of resting or
sleeping was also recorded. There were two infants only hav-
ing their relaxed moments recorded. Thus, the image frames
contain one to two emotions per subject. The number of
infants regarding the recorded status of comfort/discomfort
is summarized in Table 1. The duration of the video segments
varies from less than 1 minute to several minutes.

The age of the 22 recorded infants ranged between 2 days
and 13 months old. Three of the infants were born prema-
ture, and under 37 weeks at the time of recording. Example
of video frames for all the infants in the dataset are shown in
Fig. 10. The frames of the three premature infants are outlined
by yellow dotted rectangles. The resolution of each video
frame is 1920 × 1080pixels, while the frame rate is 30 fps.

Table 1 Dataset summarization

Infant status Number of videos

Comfort only 2

Discomfort only 10

Exhibiting both 10

The videos were recorded under uncontrolled, regular hos-
pital lighting conditions. The labels of comfort/discomfort
for each frame were annotated according to the consensus of
two clinical experts.

Weextractedvideo segments ofwhich infants are in supine
position. Finally, a total of 16,378 frames were obtained, on
which facial landmarkswere detected. Fromall of the frames,
6075 present comfort, and the rest 10,303 are discomfort
frames.

4.2 Results for Phase 1

The subject-independent method (Phase 1) was evaluated by
using the 22-infant dataset. Leave-one-out cross-validation
was performed. The results of AUCs and labeling error rates
for each feature type and for the combination of all features
are summarized in Table 2.

When all features are combined, the average of the label-
ing error rates for all the infants is 0.15. The confusionmatrix
based on the selected 40 best features is shown in Fig. 11.
The accuracy values for the three premature infants are 0.97,
0.61, and 0.79, respectively.
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Fig. 10 Examples of frames in the database. Comfort frames are high-
lightedwith a green box, and discomfort frames are indicated in red. Top
4 rows show the 10 infants with both comfort and discomfort moments
recorded, where the first and third rows are the discomfort frames, and
second and fourth rows are the comfort frames. The fifth and sixth rows

are the 10 infants with only discomfort moments recorded. The two
pictures at the bottom show the infants with only comfort moments.
Three premature infants are outlined by yellow dotted rectangles (color
figure online)

Figure 12 shows misclassified faces. Figure 12a shows a
false negative case. The image is a discomfort frame. How-
ever, our system treats it as comfort because of the opened
eyes and mildly opened mouth. Figure 12b portrays a false
positive example. In this case, our system classifies this frame
as discomfort, since themouth size is large and the eye size is
small. However, in fact, the infant is yawning at this moment
and feeling comfortable.

4.3 Results for Phase 2

The performance of Phase 2 subject-dependent method was
evaluated by conducting experiments on the 10-baby dataset,

Table 2 Performance measures including classification error rates, and
AUCs of different categories of features

Feature category AUC Lab. err. rate

Geometric features 0.85 0.22

HOG 0.69 0.29

LBP 0.71 0.28

ALL 0.87 0.15

of which both comfort and discomfort moments are present.
Infant comfort/discomfort classification through the work-
flow of Phase 1 was executed and Phase 2 afterward. The
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Fig. 11 Confusion matrix when all features are combined. Among all
the comfort frames, 73.0% are correctly detected. Among all the dis-
comfort frames, 83.1% are correctly detected

Fig. 12 Examples of misclassified frames. Figure a shows a false neg-
ative frame, and b is a false positive frame

experiment for Phase 1 (without subject-dependent methods)
was based on the selected features with the best AUC. We
evaluated the efficacy of Phase 2 template-matching features
by adding these features to the selected features of Phase 1.
Figure 13 showsROCs forPhase 1 (Without template-match-
ing features) and Phase 2 (With template-matching features),
where AUC increases from 0.89 to 0.97. Figure 14 plots the
accuracy values per infant when separately applying subject-
independent, template matching, and the combined features.
The overall accuracy of Phase 1 for the 10-infant dataset is
0.79, and 0.95 for Phase 2, which amounts to a significant
accuracy increase of 20%.

Fig. 13 ROC curves for classification with and without template-
matching features, where AUC is 0.97 for the method with template
matching, and 0.89 for without template matching

Fig. 14 Accuracies for each infant when applying subject-independent
features, template-matching features, and the combination of both. The
average accuracy values of all the 10 infants are 0.79 using subject-
independent features (Phase 1), 0.74 using template-matching features,
and 0.95 when combining all the features together (Phase 2)
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5 Discussion

The automated classification on videos of infants helps to
detect their discomfort. The system combines 2 phases of
subject-independent and subject-dependentmethods, respec-
tively. An AUC of 0.97 is achieved, which is promising for
clinical practice.

The highest AUC is achieved when combining Phase 2
subject-dependent features with selected subject- indepen-
dent features of Phase 1, which proves that the features are
sufficiently complementary. With our proposed landmark-
based template matching, the AUC increased to 0.97, result-
ing in an overall accuracy of 0.95. The detection accuracies
for comfort and discomfort frames were 73.0% and 83.1%,
respectively. The average accuracy of the three premature
infants in the dataset is 0.79, which shows that our system
is also interesting to be considered for premature infant dis-
comfort detection.

The high detection accuracy of our system indicates that
the computer system has potential to be used as an alert
system to notify doctors or nurses about the status of the
babies. The medical staff can make a final decision after a
quick inspection of the system result. Our contribution to this
field is in three ways. First, this is one of the first automatic
systems for facial expression recognition for infants in the
hospital care. Second, we propose to normalize the faces for
effective feature computation, especially for infants. Third,
we incorporate landmark-based templatematching involving
Euclidean distance to boost our system performance.

To further improve the accuracy of our system, we will
explore different settings (parameters) of HOG and LBP fea-
tures in the future. Regarding geometric features, we could
further exploit the rich information from landmarks, such as
the distance between the eye and eyebrow, or the distance
between upper and lower lips.

For the entire dataset of 22 infants, we extract 7,104 fea-
tures per frame. After feature selection, the AUC ranges from
0.84 to 0.87. The best feature count is 40, extracted from each
frame, which is feasible, particularly for a real-time video-
based application.

For the 10-baby dataset with both comfort and discomfort
moments, we showed the benefits of subject-dependent fea-
tures, using landmark-based template matching. Since the
reference landmarks are baby-specific and extracted from
normalized comfort status, the extracted features are very
effective for infant status discrimination. However, the dis-
advantage of using this type of features is that we need to
record comfort status as an additional initialization step for
each baby in real practice.

Our system can reach a labeling error rate of only 0.05.
In the case that a discomfort expression was misclassified as
a comfort expression by the automatic system, there is often
no face feature that was linked to the status. For example, the

face itself may also not be in a good position. However, it
should be noted that the imageswere annotatedwithin a video
of a period and the annotator has the temporal information.
When our system by mistake classifies a comfort expression
as a discomfort status, it is frequently caused by a baby that
is yawning (or aiming to) with opened mouth.

Our automatic system is selective. The area under theROC
curve is very high (0.97). From the ROC curve, we can see
that we can keep the sensitivity of detecting discomfort status
of our computer system to be almost 100%, while the speci-
ficity is 80%. Itmeans that our system can identify about 80%
comfort frames without missing any discomfort frames. The
fraction of remaining frames is so small that the healthcare
professionals can decide on the status.

For the occurrence of face occlusion or head turning, it is
not feasible to detect the face and therefore analyze the face
expression when using our system. In the future, we would
like to add features based on body motion analysis to make
our system robust. Finally,wewould like to state that the used
recordings could bemade under nearly ideal conditions since
we were allowed to capture the infant faces in many ways.
However, in practical clinical conditions, e.g., during treat-
ments, this may not be possible without interrupts, because
of the occlusions from the nurses and doctors. This would
lead to drops in the detection.

6 Conclusions

We have proposed a video-based automated system that can
differentiate discomfort of infants from comfort status. The
system aims at alerting pain and discomfort, with the aim to
improve developmental outcomes of infants on a long term.
The experimental results are promising, so that it has the
potential for clinical usage.

One limitation of our study is the small size of the dataset.
Collecting videos from infants at the pediatrics department
in the hospital is very restrictive because of the ethical and
legal issues. In the meantime, not many infants within our
target group are available for recording. Moreover, some of
the captured recordings are not usable due to interruptions
from nurses or parents, face occlusion, etc. Currently, we are
in the process of acquiring more data and include these data
in our upcoming work. Another limitation of this work is that
features used are computed from a static frame. The temporal
dynamics of facial expressions are not taken into account. In
the future work, we will analyze facial expression changes
over time and also consider dynamic features based on body
motion analysis. Furthermore, wemay add features extracted
from vital signs, such as heart rate and respiration rate, and
evaluate those in combination with our visual features for
improved robustness and reliability. Last, but not least, deep
learning methods have shown superior performance recently
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inmany computer vision applications. In our upcomingwork,
we will also investigate deep learning-based methods for our
problem.
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