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ABSTRACT

Pain or discomfort exposure during hospitalization of preterm infants has an adverse effect on brain development.
Contactless monitoring has been considered to be a promising approach for detecting infant pain and discomfort
moments continuously. In this study, our main objective is to develop an automated discomfort detection system
based on video monitoring, allowing caregivers to provide timely and appropriate treatments. The system first
employs the optical flow to estimate infant body motion trajectories across video frames. Following the movement
estimation, Log Mel-spectrogram, Mel Frequency Cepstral Coefficients (MFCCs) and Spectral Subband Centroid
Frequency (SSCF) features are calculated from the One-Dimensional (1D) motion signal. These features enable
the representation of the 1D motion signals by Two-Dimensional (2D) time-frequency representations of the
distribution of signal energy. Finally, deep Convolutional Neural Networks (CNNs) are applied on the 2D images
for the binary - comfort/discomfort classification. The performance of the model is assessed using leave-one-
infant-out cross-validation. Our algorithm was evaluated on a dataset containing 183 video segments recorded
from 11 infants during 17 heel prick events, which is a pain stimulus associated with a routine care procedure.
Experimental results showed an area under the receiver operating characteristic curve of 0.985 and an accuracy
of 94.2%, which offers a promising possibility to deploy the proposed system in clinical practice.

Keywords: Computer-Aided Diagnosis, Convolutional Neural Networks, Deep Learning, Discomfort Detection,
Infant Discomfort

1. INTRODUCTION

Preterm birth is defined as the case when infants are born before 37 completed weeks of gestation. Global preva-
lence estimation of preterm birth is 9.6%, influencing approximately 12.9 million infants in 2005.1 Pain/discomfort
in infants has received considerable attention from researchers. Early pain experiences of preterm infants have
long-term effects on their development, which include alterations in sensory processing and delay in neurological
development. Cumulative pain-related discomfort can lead to long-term perseverance of central nervous system
changes and similarly, long-term changes in responsiveness of the neuroendocrine and immune systems to stress
at maturity.2,3 In adults, self-reporting is regarded as the gold standard of pain assessment measurement among
patients, since it provides the most reliable indication of pain.4 However, preterm neonates are not capable of
interpreting pain or discomfort in a manner similar to that of adults. Thus, monitoring is required in order to
detect pain/discomfort immediately when infants start suffering, which allows caregivers to perform appropriate
treatments.

Several pain/comfort-scales have been developed to assist healthcare professionals in assessing the pain or
discomfort levels of an infant.5,6 Each scale is scored by healthcare professionals after observing infants for
several minutes. However, infants are only assessed a few times a day (“spot measurement”) without continuous
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monitoring, which may leave many discomfort moments unnoticed. In this regard, an automatic discomfort/pain-
assessment method is needed. The objective of this paper is to develop an automated video-based discomfort
detection system for infants.

In the past several years, there has been an increasing interest in understanding infant behavior using machine-
learning based methods.7 Emotion classification by analyzing facial expression has been investigated.8,9 However,
the faces of preterm infants in the Neonatal Intensive Care Unit (NICU) is often occluded by nasal cannulas,
oxygen masks or feeding tubes. Thus, discomfort detection fully relying on a facial expression recognition method
is not practical. Previously, we have proposed an alternative approach - assessing infant pain/discomfort based on
body movement from videos.10 Statistical and spectral features were extracted from the estimated body motion
signal, which was followed by adopting a Support Vector Machine (SVM) classifier to differentiate discomfort
status from comfort. However, these features are sensitive to parameter tuning of the SVM.

In this paper, we propose a deep learning-based scheme by first converting each motion signal segment into
an image representation, and then applying state-of-the-art deep learning networks for the image classification
task. Analyzing image representation of motion signals facilitates to use richer frequency-related information
in addition to the motion time series. This approach results in the following contributions: 1) we define an
algorithm for segmenting motion and then convert each segment to time-frequency image representations, 2) we
employ a deep learning scheme by Convolutional Neural Networks (CNNs) to classify the feature-images, and 3)
an automated video-based system for accurately detecting discomfort moments in preterm newborns in NICU is
realized.

2. METHODS

2.1 Study design

In our work, Heel Prick (HP) is a well-known recurring pain stimulus, which was used as a stimulus to study
infant response to pain. The study was conducted at the Máxima Medical Center in Veldhoven, the Netherlands.
As the experimental procedure (HP) is part of regular neonatal care, the ethical committee of the Máxima
Medical Center provided a waiver [N17.178] for this study. For all infants, written consent was obtained from
the parents. A camera (uEye UI-222x, IDS imaging, Germany) was used to record the infant face and upper
body in a fixed position.

Videos segments were manually annotated for comfort/discomfort by a medical doctor along the HP proce-
dure. The comfort/discomfort video segments were labeled according to the timeline relative to the heel prick
intervention by visual observation. Comfort video segments were annotated from the baseline before the prick
and the period when each infant returned to baseline after the heel prick. Discomfort video segments were
annotated from the starting point of heel prick to several minutes after the heel prick was finished. Each video
segment is associated with only one infant state (comfort or discomfort).

Eleven infants with an average gestational age of 31 weeks (range 27+1-38+5 weeks) were recorded. In total,
we obtained 99 discomfort (2,738 seconds) and 84 comfort (3,429 seconds) video segments from 17 HP events.

2.2 Motion Estimation

We first employ an optical flow algorithm to estimate pixel-based motion vectors between adjacent video frames
to extract body motion of the infants for each video segment. The utilized optical flow method proposed by
Farnebäck et al.11 enables capturing the motion from individual body parts. Dense optical flow is estimated by
modeling the neighborhoods of each pixel using quadratic polynomials, and the optimization is done at pixel-
cluster level rather than individual pixel level. We accumulate the magnitude values of all motion vectors for
each video frame. Hence, all the summed magnitude values comprise a One-Dimensional (1D) signal vector of
motion velocity magnitude for each video segment. We further estimate the motion acceleration rate by taking
the first derivative of the velocity magnitude signal.
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2.3 Image Representation

Following motion estimation, each 1D signal (motion acceleration rate) is clipped to 10-sec. long segments
for further processing. One important step for the classification task is to identify the primary information,
characterized by the discomfort motion pattern, while discarding other details that carry background noise,
random movements, etc. The shape of the 1D signal manifests itself in the envelope of the short-time power
spectrum. For this reason, we aim to extract features from the envelope shape to represent motion signals
indicating the type of behavior. Three methods of feature extraction are investigated and compared for data
representation, namely: Log Mel-spectrogram, Mel-Frequency Cepstral Coefficients (MFCCs), and Spectral
Subband Centroid Frequency (SSCF). These methods are effective at extracting and combining the frequency
and magnitude information from the power spectrum.12–15

MFCCs are features widely used to represent characteristics of signals in voice recognition.16 We first execute
overlapping sliding windows over the input signal segment, and then compute the Fourier transform over each
window. A Mel-filterbank is further applied, and the energies within each filter are summed up. The Mel-
spectrogram is therefore obtained as a graph of the energy content as function of Mel scales versus time windows.
We take the logarithm (log) of the filterbank energies and employ the derived Log Mel-spectrogram as our first
type of image representation (see Fig. 1(b) and Fig. 2(b)).

Following the Log Mel-spectrogram calculation, a Discrete Cosine Transform is applied on the log-filterbank
energies, resulting in 12 MFCC values per sliding window. The total energy per sliding window is also included
as a feature. As a result, 13 MFCC feature values are obtained in total. Concatenating these features leads to
a time-frequency representation that can be visualized as a heat map, which is our second image representation
- MFCCs. In total, each heat map consists of time windows represented on the horizontal axis, and 13 MFCC
filterbanks represented on the vertical axis (see Fig. 1(c) and Fig. 2(c)).

Furthermore, we compute the SSCF from 1D signal segments. The SSCF represents the centroid frequency
in each subband whereas in MFCC features, the power spectrum in a given subband is smoothed. Therefore,
the SSCF provides supplementary information to MFCCs (see Fig. 1(d) and Fig. 2(d)).

2.4 Classification

The results of image representation processing allow each 10-second instance of the motion signal data to be
processed as an image, so that energy values over time can be visualized as a heat map.

The derived heat maps are further classified using deep convolutional neural networks. A ResNet (See Fig. 3)
is used as our classification model. He et al.17proposed ResNet, which is a network architecture where the layers
are explicitly reformulated as learning residual functions with reference to the layer inputs, instead of learning
unreferenced functions. It was shown that ResNet is easier to optimize, and can gain accuracy from considerably
increased depth on the ILSVRC 2015 classification task. To alleviate the limitation of small sample size in
this study, we employ transfer learning using the pretrained models. We use ResNet with 18 residual blocks,
pretrained with the ImageNet dataset.

2.5 Evaluation

The proposed method is evaluated by performing leave-one-infant-out cross-validation to obtain an unbiased
label for each video segment. The training set is further split into a real training set (70%) and a validation set
(30%) on patient level. The validation set is used to refine the model from each training epoch. We perform
training with the number of epochs = 25, a batch size of 16, Adam optimizer,18 and without dropout.

The Receiver Operating Characteristic (ROC) is plotted to evaluate the performance with the value of the
Area Under the ROC Curve (AUC). The classification accuracy and confusion matrix are also computed and
reported as evaluation metrics.
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(a) (b)

(c) (d)

Figure 1. Example of a discomfort motion segment. (a) Extracted 1D motion signal, which is analyzed further with a
sliding window (window size = 500 ms and step size = 100 ms). Feature-images for the 10-sec motion segment are shown
in (b) Log Mel-spectrogram, (c) MFCCs and (d) SSCF, which all use the same window processing.

3. EXPERIMENTAL RESULTS

We conducted experiments with different frameworks of applying ResNet: 1) only fine-tuning the Fully Connected
Layers (FCL) of a pretrained ResNet, 2) fine-tuning all layers of a pretrained ResNet, and 3) directly training
ResNet using our dataset. Combining all the features together, the performance of applying different frameworks
for the binary classification is shown in table 1. The results from our previous work10 using handcrafted features
on the same dataset are added in the table for reference. Fig. 4 shows the normalized confusion matrix for
only fine-tuning the fully connected layers. Fig. 5 represents the corresponding ROC with the AUC of 0.985.
The ROC curve indicates that approximately 90% comfort video segments can be correctly determined by our
automated system without missing any discomfort moments.

The AUC values for applying each type of image representation individually are 0.978 for Log Mel-spectrogram,
0.961 for MFCCs and 0.677 for SSCF.

Table 1. Performance of different training schemes in terms of classification accuracy, and AUCs.

Training scheme Accuracy AUC

Fine-tuning only FCL 94.2% 0.985
Fine-tuning all layers 93.3% 0.978
Training from scratch 80.8% 0.878
Handcrafted features10 86.0% 0.940
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Figure 2. Example of a comfort motion segment. (a) Extracted 1D motion signal, which is analyzed further with a sliding
window (window size = 500 ms and step size = 100 ms). Feature-images for the 10-sec motion segment are shown in (b)
Log Mel-spectrogram, (c) MFCCs and (d) SSCF, which all use the same window processing.

Figure 3. The general architecture of the ResNet.

4. BREAKTHROUGH WORK AND CONCLUSION

In this work, we propose an automated video-based system using deep learning that can differentiate discomfort
status of infants from comfort status by analyzing motion patterns. When infants experience discomfort moments,
the system allows drawing attention of caregivers to them. The processing chain includes three steps: 1) 1D
signal extraction using optical flow, 2) converting the 1D signal to feature-image representation, and 3) deep
learning classification of the feature-images. For each video segment, three image representations characterizing
motion trajectories are extracted from the motion signals in the time and frequency domain. An AUC of 0.985
is achieved, which is promising for use in clinical practice. The highest AUC is achieved when combining all
three image representations by transfer learning from a pretrained ResNet, which proves that the different image
representations are all contributing and complementary. In the future, more infant data will be collected and
used for evaluating our system.
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Figure 4. Normalized confusion matrix of comfort and discomfort classification with only fine-tuning the fully connected
layers of ResNet.

Figure 5. ROC curve of binary classification of comfort and discomfort with only fine-tuning the fully connected layers of
a pretrained ResNet.
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