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Abstract—Pain is a significant indicator that shows people are
suffering from an unwell experience and its automatic estimation
has attracted much interest in recent years. Of late, most
estimation methods are designed to capture the dynamic pain
information from visual signals while a few physiological-signal
based methods can provide extra potential cues to analyze the
pain more accurately. However, it is still challenging to capture
the physiological data from patients as it requires contact devices
and patients’ cooperation. In this paper, we propose to leverage
the pseudo physiological information by generating new modal
data from the original visual videos and jointly estimating the
pain by an end-to-end network. To extract the representations
from bi-modal data, we design a spatio-temporal pain estimation
network, which employs a dual-branch framework for extracting
pain-aware visual and pseudo physiological features separately
and fuses the features in a probabilistic way. The inherent vital
sign, i.e., heart rate gain (HRG), from pseudo physiological
information can be utilized as an auxiliary signal and integrated
with the visual pain estimation framework. Moreover, specially-
designed 3D convolution filters and attention structures are
employed to extract spatio-temporal features for both branches.
To use the HRG as an auxiliary way for pain estimation, we
propose a probabilistic inference model by jointly considering
the visual branch and physiological branch, which makes our
model estimate the pain comprehensively. Experiments on two
publicly-available datasets show the effectiveness of introducing
the pseudo modality, and the proposed method can outperform
the state-of-the-art methods.

Index Terms—Pain Estimation, Pseudo Modality, Spatio-
temporal network, 3D Convolution and Attention, Probabilistic
Inference.

I. INTRODUCTION

PAIN is a complex physiological and psychological activ-
ity, which is one of the most common clinical symptoms

[1]. When the body feels pain, it is actually a warning
that the body is harmed, causing a series of defensive and
protective reactions [2]. Pain is one of the key signs for patients
to receive treatments. When patients feel unbearable pain,
medical institutions need to adopt corresponding treatment or
analgesia programs. Conversely, when patients feel mild or no
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pain, that indicates they are in a better condition of treatment
[3]. Currently, the practical method for pain estimation mainly
depends on the patient’s self-report, i.e., dictating the pain
intensity from 0 to 10 levels within a specified time [4].
Although this method improves the hospitalization experience
of patients, it is not effective for vulnerable groups, who cannot
accurately describe their pain and other symptoms. These
groups include 1) infants, toddlers, and children; 2) adults with
cognitive impairment such as advanced dementia; 3) people
with intellectual disability; 4) critically ill or unconscious
people; and 5) people who are terminally ill [5]. Also, owing
to the subjectivity of self-report, this method may lead medical
staff to make an incorrect judgement about the patient’s
conditions. Therefore, the automatic estimation method has
attracted interests in the realm of patient monitoring.

To capture or describe facial muscle movements caused
by pain, some visual methods are firstly proposed. In these
works, there are several earlier approaches that estimate pain
intensity from static face images. They employed handcrafted
features [6], [7], [8] or deep networks [9], [10] to detect pain
or estimate the intensity. To further estimate the pain intensity
more accurately, some researchers expected to use dynamic
features in video sequences. Because of this, many traditional
techniques [11], [12] and deep learning methods [13], [14],
[15] were proposed to capture the temporal information of pain
videos. However, the aforementioned methods mainly involve
the visual faces and cannot leverage other cues. To explore
more information from multiple views, a few approaches
began to use multi-modal data for estimating pain intensity
[16], [17], [18]. The extra modal data (e.g., physiological
modality) uses multiple modalities to complement each other
and further improve the performance for pain estimation. But
the extra modality (e.g., physiological-modal data) requires the
contact devices and the patients’ cooperation for collection
environment. This would limit the application of automatic
pain estimation in real world.

Therefore, obtaining extra modal data without using contact
equipment and patients’ cooperation would be advantages.
Inspired by the recent success of estimating the physiological
signals remotely from videos [19], [20], it becomes possible
to generate an extra modality from only visual face data,
which requires no special equipment but only cameras. On
the other hand, when patients have experiences of pain, their
heart rate would have corresponding changes [21], [22], which
can be used as a cue for pain estimation. Based on this, we
propose to generate a pseudo physiological signal (i.e., heart
rate gain) while jointly considering the facial pain movements
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and physiological-signal variation for pain estimation. The
existing heart rate estimation approaches could be used to
extract the heart rate and then calculate the statistic features
for pain estimation. However, there is no specific method to
use this physiological information to help extract facial pain
features. Consequently, how to use the extra modal data and
fuse bi-modal data still needs to be further investigated.

Therefore, we design a dual-branch deep network for pain
estimation by extracting pain-aware features visually and
physiologically and fusing them in a probabilistic way for
joint estimation. In this framework, we firstly design a visual
branch and then incorporate a physiological branch for pseudo
heart rate gain (HRG) generation as an auxiliary stream.
Furthermore, to extract the spatio-temporal features from two
streams simultaneously, we employ specially-designed 3D
convolution filters (i.e., R(2+1)D) and attention structures that
ensure the network could analyze dynamic information from
video sequences and sense pain-aware regional changes. In
order to explore physiological and visual streams jointly, we
devise a differentiable probabilistic inference model called
the HRG analyzer, which employs the prior information to
provide a probability distribution of pain intensity according
to the corresponding relationship between HRG and pain
intensity. This probability distribution is finally fused with
visual inference to the pain estimation. The main technical
contributions of this work are summarized:

• We propose to generate a pseudo physiological signal and
correspondingly design a dual-branch framework for pain
estimation from two perspectives (one for visual features
and the other for pseudo physiological features). Exten-
sive experiments are performed to show this framework
achieves competitive performance.

• The special 3D convolution filters and attention structures
are employed to capture the spatio-temporal features,
which models the pain-aware dynamic deformations and
influences of different facial regions.

• We devise a differentiable probabilistic inference model
with prior information for durative back-propagation,
which can jointly fuse the visual and pseudo physiologi-
cal features.

II. RELATED WORK

Over the past decade, various techniques for pain estimation
have been continuously explored. According to the modality of
input data, these approaches can be roughly divided into two
categories: visual methods and multi-modal methods. Below
we briefly discuss them separately.

A. Visual Methods

For visual face estimation methods, early researchers tended
to detect pain or estimate intensity from a static face image.
For instance, in [6], they extracted Gabor features, independent
components and flow-based features, which trained support
vector machine (SVM) classifiers to distinguish the real pain
and the posed pain. In [7], active appearance models were
employed to decouple shape and appearance features which
were classified by SVM. Following this research, Lucey et al.

[23] used the same method to give some baseline results on
the UNBC dataset. For diminishing the subjects differences,
Rudovic et al. [24] employed the heteroscedastic conditional
ordinal random field to propose an Action Units (AUs) inten-
sity estimation model adapted to individual changes. In the
work of [8], Florea et al. tried histograms of topographical
features to generalize pain texture features. In order to alleviate
the pain estimation problem, Wang et al. [9] fine-tuned a
face verification network to generate a deep network which
employed a regularized regression loss. Yang et al. [10]
proposed a feature representation, which encoded traditional
descriptors and powerful deep features by a weighted process,
to form an efficient representation of facial images.

To explore more temporal information, some researchers ex-
pected to estimate pain intensities from facial video sequences.
They believed that pain is a dynamic process involving onset,
apex, and offset. As stated in [25], a steerable and separa-
ble filter was used to measure the energy released by the
facial muscles. These measured results were employed as a
representative feature of pain to detect pain and estimate pain
intensity. In [26], Zhao et al. focussed more on the mechanism
of machine learning. An efficient optimization algorithm based
on alternating direction method of multipliers was proposed.
Then, they used their methods to predict pain intensities
under fully supervised, weakly supervised, and unsupervised
conditions. Werner et al. [11] analyzed the relative positional
changes due to the movement of some points on faces during
the pain producing process. For this reason, facial activity
descriptors were proposed to describe the pain. As for self-
reported pain, Liu et al. [12] employed some handcrafted
personal features and multi-task learning to personalize pain
intensities. Zhou et al. [13] applied recurrent convolutional
neural network (RCNN) architecture to represent dynamic
pain features and regressed the continuous pain intensity.
As stated by [14], they dealt with the pain estimation task
by using the combination of convolutional neural networks
(CNNs) and long short-term memory (LSTM). In their work,
a pre-trained CNN model was used to fine tune on the pain
dataset, and LSTM was used to explore the dynamic changes
of CNN features to represent the temporal facial changes of
video sequences. Owing to the temporal expression ability of
LSTM, they obtained better performance than RCNN. Similar
to [12], Martinez et al. [27] used LSTM to estimate pain
intensity in video sequences while the hidden conditional
random field (HCRF) was used to output the visual analog
scales (VAS) of each subject. In [15], CNN features were
aggregated by exploiting statistical information, which was
used to represent the facial changes of the videos. According
to [28], a residual 3D deep model was presented for dynamic
spatio-temporal features of faces in video sequences. They
proposed a knowledge transfer architecture from a 2D pre-
trained model for training this 3D deep model. Because of
these special techniques for pain estimation, they obtained
better performance than previous methods. Different from
this residual 3D network, in this context, we employ a more
effective 3D convolution filter as well as attention structure,
which has different architecture and operations.

With these specially-designed features, these automatic pain



IEEE TRANSACTIONS ON MULTIMEDIA 3

estimation systems begin to outperform the humans and
achieve good performances for wide applications without
using any special equipment. However, there is still room to
promote pain estimation as these approaches only use visual
features directly without considering other modalities.

B. Multi-modal Methods

To provide the information for more accurate emotion
perception, some researchers have explored the possibility
from other modal signals, i.e., multi-modal methods. For
example, Tzirakis et al. [29] proposed an emotion recognition
system involving audio and visual face modalities. To capture
the emotional content for various styles of speaking, they
employed a 1D CNN to extract features from the speech, while
a deep residual network was used for the facial video. In their
work, LSTM was used to capture the contextual information
of fused features. Since it is believed that physiological
signals will change according to emotional responses [30], the
physiological signals also become the primary supplement to
visual face modality. As stated in [31], they combined EEG
and eye movements for integrating the internal cognitive states
and external subconscious behaviors of users to improve the
emotion recognition accuracy.

Similar to general emotion perception, facial pain also
follows the human body’s protective mechanism, which causes
physiological signals to change[32]. Inspired by this, sever-
al approaches have explored multi-modal information with
the contact devices for pain estimation and achieved more
accurate performance. In [18], various physiological signals
were utilized to recognize self-report pain by a multi-task
network, which achieved competitive performances compared
to only using facial information. Moreover, other methods
began to explore multiple modalities jointly. For instance,
Hammal et al. [33] combined facial features, sensor signals
and environmental background as dynamic pain features. Sim-
ilarly, Werner et al. [16] extracted dynamic spatio-temporal
features not only from facial expression and head movement
but also from involved physiological signals, such as galvanic
skin response (GSR), electromyography (EMG) and electro-
cardiogram (ECG). Their experimental results showed that
the combination of multiple modalities is significantly better
than a single modality. Besides, it can also be concluded
from these results that facial expressions and physiological
signals contributed more to pain estimation. In [17], Kächele
et al. utilized multi-modal features which consisted of facial
expression features, head pose features and bio-physiological
features for pain intensity estimation. They also reached sim-
ilar conclusions from their experiments. For the continuous
estimation of pain intensity, Kächele et al. [34] further inves-
tigated various ways to estimate the similarity of persons and
to retrieve the most informative ones using meta information,
personality traits, and machine learning techniques. In [35],
the deep denoising convolutional autoencoders were presented
for the classification of pain intensities based on multiple
physiological signals.

As can be seen, if there are more available signals, re-
searchers can explore more information for pain estimation.

As the facial muscle changes are only one aspect of the
pain response, pain is also manifested in various physiological
signals [18]. However, for these multi-modal methods, the
contact devices for receiving physiological signals and the
cooperation of patients for collection environment are always
necessary in the real world, which would greatly limit the
application of such methods. Besides, the semantic alignment
of multi-modal data is also challenging as multiple devices
(e.g., electrocardiogram monitor and camera) are employed. To
break this limit, we propose to leverage non-contact physiolog-
ical information implicitly for the videos and design an end-
to-end pain estimation model for extracting bi-modal features.

III. METHODOLOGY

In this section, we present our proposed deep method that
estimates pain intensity from videos in two views (i.e., visually
and physiologically). The pipeline of the proposed method is
shown in Fig. 1. We will successively introduce three pro-
cedures, including data preprocessing, deep network and pa-
rameter learning. After the video sequences are preprocessed,
they are fed into a dual-branch network to extract dynamic
pain-aware features. The visual branch provides the visual
features from the facial regions while the physiological branch
outputs the heart rate gain (HRG) as the representation of
pseudo physiological modality. Furthermore, an HRG analyzer
is implemented to connect HRG with the pain intensity, and
the probability inference would integrate HRG with the visual
branch for final estimation. Multiple losses towards different
tasks (i.e., pseudo HRG generation and pain estimation) are
integrated together to perform two-stage model learning.

A. Preprocessing

Before feeding the pain videos into the deep model for
extracting bi-modal features, it is necessary to preprocess the
raw video data. Our entire preprocessing procedure is shown
in Fig. 2, which mainly includes face cropping, key frames
selection and data augmentation.

Fig. 2. The preprocessing procedure for video sequences.

Face Cropping. Since the most direct response to pain
is the local regional deformation of the face [14], the main
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Fig. 1. The pipeline of the proposed method.

interest is the facial region. To go along with this, remote
physiological vital signs could be measured from facial skin
regions [36]. Therefore, before feeding to the network, the
background information needs to be removed. We employ
OpenFace [37] to segment the facial regions from the original
images. OpenFace is a robust face detector which can process
the images with non-frontal and little occluded faces or with
poor illumination conditions. It accomplishes the detection
based on multi-task CNNs. OpenFace is capable of aligning
and cropping facial regions from videos. Therefore, this tool
can meet the requirements of our method.

Key Frames Selection. Another task is how to pick out
several image frames from the video sequences to reduce
redundancy. Since not all these images contain pain expres-
sions, only the image frames with face regional changes could
represent the pain intensity. So there is no need to feed the
entire video into the network, resulting in the redundancy of
network structure. Here, we refer to the method of [38] to
select the key frames of videos. In a time window of 2i frames,
where i is set to 3 empirically, the histograms of frames are
calculated. A chi-square distance is employed to measure the
difference of successive frame histograms. The frame with
the least difference is picked up as the key frame in this
time window. This method could select the most representative
frame in a time window for video sequence.

Data Augmentation. In addition, since a deep network is
used for pain estimation, massive data are required for model
training. However, the number of videos in public datasets is
limited as the collection of pain videos is time-consuming. To
address this problem, we decide to sample a video multiple
times to cope with deep network training. Specifically, we
perform frame skip sampling on a processed video that only
contains key frames. In this way, we could process one video
sequence into several training samples.

B. Bi-Branch Deep Network

1) Network Architecture: To explore spontaneous spatio-
temporal variation in human faces, we aim to analyze the
videos from a new physiological perspective, which is mea-
sured remotely from visual videos. According to the psychol-
ogy knowledge, we know that the heart rate changes when
a person feels pain and these two indicators (i.e., pain and
heart rate) are highly related [21], [22]. Thus, we choose to
explore the relationship of pain and heart rate by measuring the
signal gain. Here, the signal gain is defined as the increment

degree of heart rate relative to the one in the painless condition.
This is therefore called heart rate gain (HRG), which can
be represented by a single value. Then we can use the HRG
to estimate the pain intensity. Different from the physiological
indicators with physical devices, we generate the pseudo signal
without relying on any physical measurement devices, which
can be more easily applied in real-world environments. To this
end, we propose a dual-branch network for estimating pain
intensity only from videos, which is shown in Fig. 3.

In our network, there are three subsections: 1) the shared
blocks and special structures, 2) visual and physiological
branches, and 3) modality fusion and pain estimation. At
the beginning, several layers are employed to extract spatio-
temporal dynamics and explore a potential space for subse-
quent dual-branch processing. Apart from the facial move-
ments feature extraction, we tend to employ this network
to generate pseudo HRG and further extract physiological
features. Therefore, this deep network consists of two branches
(one for visual pain features, and the other for pseudo physio-
logical features). The same structure is selected for these two
branches, which could use similar filter sizes shown in Table I.
Following the physiological branch, an HRG analyzer is used
to map the HRG value to the probability of pain intensities.
The probabilistic fusion inference is implemented in this
analyzer. The final pain intensity estimation will fully consider
the influence of pseudo physiological modality and visual
modality, which results in a comprehensive pain estimation. In
the following, we will introduce these procedures in details.

TABLE I
THE CONFIGURATION OF SPATIO-TEMPORAL PAIN ESTIMATION NETWORK

WITH MEASURING PSEUDO HEART RATE GAIN.

layers output size filters
Shared Blocks

Conv3D L×56×56 1×1×1, 64

R(2+1)D L×56×56
[

3× 3× 1, 64
1× 1× 3, 64

]
×2

R(2+1)D L
2
×28×28

[
3× 3× 1, 128
1× 1× 3, 128

]
×2

R(2+1)D L
4
×14×14

[
3× 3× 1, 256
1× 1× 3, 256

]
×2

Visual Branch Physiological Branch

R(2+1)D L
4
×14×14

[
3× 3× 1, 256
1× 1× 3, 256

]
×2

[
3× 3× 1, 256
1× 1× 3, 256

]
×2

Attention L
4
×14×14 − −

R(2+1)D L
8
×7×7

[
3× 3× 1, 512
1× 1× 3, 512

]
×2

[
3× 3× 1, 512
1× 1× 3, 512

]
×2

1×1×1 spatio-temporal pooling spatio-temporal pooling
fc 1×1×1 − −

Modalities Fusion
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Fig. 3. The architecture of deep pain estimation network with measuring heart rate gain. There are three parts: the shared blocks, visual and physiological
branches, and modality fusion.

2) Shared Blocks and Special Structures: Shared Blocks.
Since the training samples for the pain estimation task are not
very large, we employ several shared blocks and operations
to reduce the parameters of deep models for saving the
computational cost [39], [40]. The shared blocks with several
layers are used to project the selected frames into a potential
space and further used to extract features by two branches with
shared architecture but different parameters.

3D Convolution. Furthermore, in these shared blocks and
subsequent branches, we decide to use 3D CNN to extract
features. However, the training of conventional 3D CNN from
scratch results in expensive computational cost and memory
demand. So in order to speed up the computation, the 3D
convolution is approximated by a 2D convolution followed
by a 1D convolution [41]. This structure can introduce an
additional nonlinear rectification between these two convolu-
tions thus making it easier to optimize. Therefore, we use a
“(2+1)D” convolutional block, which explicitly factorizes 3D
convolution into two separate and successive operations: a 2D
spatial convolution and a 1D temporal convolution. We employ
the residual structure for this (2+1)D block, which is denoted
as R(2+1)D. In this structure, Ni 3D convolutional filter of size
Ni× t×d×d is substituted with a (2+1)D block consisting of
Ni 2D convolutional filters of size Ni×1×d×d and Mi tem-
poral convolutional filters of size Mi×1×1×1. The parameter
Mi determines the dimensionality of the intermediate subspace
where the data is projected between the spatial and temporal
convolutions. Mi is set as Mi =

⌊
td2Ni−1Ni

d2Ni−1+tNi

⌋
. In this way,

the number of parameters in the (2+1)D block is approximately
equal to that in full 3D convolution. This decomposition can
be used as a substitute for any 3D convolution filter.

Attention Structure. To capture the features for pain esti-
mation and enable the ability of distinguishing subtle changes
[42], [43], we further propose an attention structure for the
basic R(2+1)D convolution, which is used in two branches
respectively. This attention structure allows the network to im-

prove the importance of certain important dimensions of input
features and to decrease the unrelated dimensions spatially
and temporally. This structure is a self-attention mechanism
that extracts the attention map from its own feature map.
In detail, X ∈ ℜT×W×H×D is the input feature maps and
Y ∈ ℜT×W×H×D is the output of this attention structure.
Then, Y is computed as follows:

Y = σ(W2(tanh(W1X + b1)) + b2)⊙X (1)

where ⊙ denotes the multiplication in feature spatial and
temporal dimensions. Since we extract different attention maps
for different feature maps, the attention map could change
over the different frames. In this way, we realize attention
structure by the attention map σ(W2(tanh(W1X + b1))+ b2)
multiplication operation. It is noted that this attention structure
could be added after any layer of 3D network.

3) Visual and Physiological Branches: Following the
shared blocks, two extra branches are included to extract the
visual and pseudo physiological features separately, which are
called visual branch and physiological branch. As shown
in Table I, these two branches employ the same architecture,
which has one attention structure, one 3D convolution layer,
one global pooling and one fully-connected layer. Although the
architectures in the two branches are the same, they usually
do not learn the same parameters as they focus on different
modalities. The basis of the HRG generation in videos is to
capture the light scattering changes of the skin in ROIs [44],
whereas pain estimation shows different ROIs which show
texture changes around the eyes and mouth [45]. For this
reason, as shown in Fig. 3, we achieve different attention maps
when using attention structure. This makes our network focus
on the changes of their corresponding important regions in
different branches. The convolutional layers after the attention
structure also use individual parameters to obtain their own
features. This way ensures the relevance of features and
distinguishes their differences. Finally, the last fully-connected
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layers in these two branches output the HRG value H and the
visual estimation probability Pv, respectively, which would be
fused in a later stage for final pain estimation.

To learn the parameters of two branches more efficiently,
we choose to train these two branches separately and then fine
tune the entire model jointly, for which more details would be
introduced in Section III-C. Here, the generation of pseudo
labels for the physiological branch will be explained firstly.
We provide two types of generating HRG annotations from the
metadata of datasets. The first one is based on physiological
signals, which can be used for the datasets having ECG signals
related to HRG. This way obtains the gain value from the ECG
signal as shown in Fig. 4. It is worth noting that the heart rate
changes over the various research subjects. We propose to use
HRG to represent the relative heart rate increase, which means
the signal gain of heart rate in a video sequence compared to
the average heart rate in painless video sequences. The HRG
value is obtained by HRG = HR

mean(HR(PI=0))
, where PI = 0

means pain intensity is zero. Then, these values are normalized
to [0, 1]. This way could remove the effects of different heart
rates caused by different individuals. The second type is based
on the published methods to measure heart rate from face
video analysis, which is used in the datasets that do not provide
any physiological signals. In this case, we leverage the existing
heart rate estimation model [19] to obtain heart rate, and then
the HRG value could be obtained in the same way.
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Fig. 4. The steps to obtain HRG from ECG signals.

4) Modality Fusion and Pain Estimation: Since the out-
puts of two branches in the dual-branch network above
have different representations, their outputs cannot be easily
fused together for pain estimation [46]. To further use the
physiological HRG for the visual branch, we firstly explore
the inherent correspondences between HRG value and pain
and then fuse them in a probabilistic way. Following the
physiological branch, we design an HRG analyzer to provide
the quantitative relationship between HRG and pain, which
can connect the HRG values to pain levels.

With the generation of pain sensation, the heart rate changes
accordingly. The more severe the pain, the more the heart rate
increases (the greater the HRG becomes). So there is a strong
relationship between pain and HRG [21], [22]. Actually, the
HRG value H is a continuous variable while the estimated
pain intensity PI is a discrete variable, containing n levels.
The question now is how to map a continuous variable H to a
discrete variable PI . In general, the HRG value in each pain
level is not evenly distributed. Due to the diversity of samples,
H mostly concentrates near the mean. The farther away from
the mean, the less frequent H occurs. Besides, the greater the
variance of H , the more widely it distributes, while the smaller
the variance corresponds the more concentrated distribution.

This is roughly matched with Gaussian distribution, which can
be used to model the relationship between HRG and pain.

Assuming in a certain pain intensity, the variable H follows
a Gaussian distribution, H ∼ G(µ, σ2), where µ and σ denote
the mean and variance of H in a specific pain intensity. For
each pain intensity, the µ and σ of H could be easily obtained
by statistics. Under this condition, if a specific HRG value
h has been estimated from a video, we could compute the
probability Pr when pain intensity PI = pi in the following
equation:

Pr(H = h |PI = pi ) =
1√
2πσi

exp(− (h− µi)
2

2σi
2

) (2)

where i denotes the i-th pain level. When a subject (person)
reveals a certain pain intensity pi, this way measures the con-
ditional probability of HRG connecting h to pi. Furthermore,
according to the Bayesian theory, we obtain the posterior
probability of pain level pi as follows

Pr(PI = pi |H = h ) =
Pr(PI = pi) · Pr(H = h |PI = pi )∑
i Pr(H = h |PI = pi ) · Pr(PI = pi)

(3)
Since the sample of each pain intensity level has the same

probability in the training set and real world, Pr(PI = pi)
obeys the uniform distribution, which has the same value for
all levels. So the formula above can be further simplified to
the following format:

Phi(PI = pi |H = h ) =
Pr(H = h |PI = pi )∑
i Pr(H = h |PI = pi )

(4)

where Phi means the calculated probability from HRG value
for pain intensity PI = pi. Following Eq. 4, the probabilities
of HRG in various pain intensities are able to be calculated.
If there are several pain intensities that need to be estimated,
their HRG distributions in these pain intensities can also be
counted, which is illustrated in Figs. 12 and 13. Notably, these
distributions are both counted from the training set. Therefore,
the model is not exposed to the ground truth during testing.

To fuse the probabilities from the visual branch and the
HRG analyzer for the physiological branch, we choose to
multiply two types of probabilities as the final estimation
probability for pain intensities as follows:

Pfi = Phi · Pvi (i = 1, 2, . . . , n) (5)

where Phi and Pvi denote the estimation probability from
HRG analyzer and visual branch respectively, Pf is the final
fusion result, and i means the i-th pain intensity level.

C. Parameter Learning

To learn the parameters of the deep network above, it is
necessary to design the corresponding loss function to measure
the distance between the predicted value of the network and
the ground-truth, and update the parameters of each layer in
the deep neural network by back-propagation. Since different
types of tasks have been contained in the dual-branch network,
multiple loss functions will be contained in parameter learning.
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Since the task of HRG generation has continuous-value
output, the Mean Square Error (MSE) loss function is utilized,
which is shown in Eq. 6:

Lh = −
J∑

j=1

(hj − hp
j )

2 (6)

where hj and hp
j represent HRG ground-truth value and the

prediction value of the physiological branch, respectively. J is
the size of each mini-batch. For the task of the visual branch,
the Softmax loss function is adopted as follows:

Ls = − 1

J

J∑
j=1

I∑
i=1

pij logPvij (7)

where J is the size of mini-batch, and I is the number of pain
intensities. These two losses Lh and Ls are used to learn the
two branches separately.

To further fine-tune the entire deep model after modality
fusion, we continue to employ the loss of joint probability
from final estimation to update the network parameters. After
we calculate the final probability Pf in Eq. 5, we also choose
the Softmax loss function to measure the loss between the
final estimation and ground-truth, which is shown in Eq. 8:

Lhp = − 1

J

J∑
j=1

I∑
i=1

pij logPfij (8)

where J is the size of mini-batch, and I is the number of pain
intensities. This loss is backpropagated as follows:

∂Lhp

∂Pfij

= −pij
1

Pfij

(9)

Then, the parameters of HRG generation task are updated by:

∂Pfi

∂h
= Pvi

∂Phi

∂h
= Pvi

Ai

∑
i Pr(h |pi )− Pr(h |pi )

∑
i Ai

(
∑

i Pr(h |pi ))2
(10)

where Pr(h |pi ) denotes Pr(H = h |PI = pi ). Ai is calculat-
ed as follows:

Ai = − h− µi√
2πσi

3
exp(− (h− µi)

2

2σi
2

) (11)

For the parameters of another branch (the visual branch), the
parameters are updated according to the following equation:

∂Pfi

∂Pvi

= Phi (12)

The derivatives of parameter values in previous layers are
successively calculated according to the back propagation.

The two-stage learning procedures are summarized in Algo-
rithm 1. Given that the physiological branch needs to be pre-
trained separately, the entire network is end-to-end only during
the testing phase. Therefore, the proposed model provides a
non-contact multi-modal pain estimation method. Besides, the
network using these loss functions is differentiable, i.e., the
loss between the predicted value and the ground-truth can be
backpropagated to previous layers.

Algorithm 1 Training procedures.
Input:

The set of training sequence samples S (each batch Sm);
The annotations of heart rate gain H (each batch Hm);
The annotations of pain intensity PI (each batch PIm);

Output:
Updating the prediction of network;

1: Initialize the network parameters.
2: for each batch Sm in training set S do
3: for each video sequence s in Sm do
4: Loading the input data s ∈ Sm, h ∈ Hm and pi ∈

PIm;
5: Employing the loss functions Lh and Ls as shown in

Eqs. 6 and 7;
6: end for
7: Updating the network parameters;
8: end for
9: Loading the trained network parameters.

10: for each Sm in training set S do
11: for each video sequence s in Sm do
12: Loading the input data s ∈ Sm, h ∈ Hm and pi ∈

PIm;
13: Employing the loss function Lhp as shown in Eq. 8;
14: end for
15: Updating the network parameters with ∂Pfi

∂h in Eq. 10
and ∂Pfi

∂Pvi
in Eq. 12;

16: end for
17: return Final trained network for prediction.

IV. EXPERIMENTS

In this section, we conduct extensive experiments to evaluate
the proposed method for pain estimation. Firstly, two publicly-
available datasets and our implementation details are de-
scribed. The effectiveness of each component in the proposed
framework is then evaluated. Finally, the proposed method is
compared to the state-of-the-art approaches.

A. Datasets and Setups

The BioVid [47] and Mint datasets [48] are chosen as
the benchmark datasets. In the experiments, all the data are
processed by the preprocessing procedure (Sec. III-A).

BioVid Dataset: A total of 90 subjects are included in this
dataset, which had been recruited from three age groups. Four
discrete pain intensities were induced in the right arm of
each subject. Besides, some psychological signals such as the
Skin Conductance Level (SCL), the electrocardiogram (ECG),
the electromyography (EMG) and the electroencephalogram
(EEG) were recorded. In our experiment, we only conduct
the proposed method on part A of this dataset as shown in
the first row of Fig. 5. In BioVid Part A, each of 8,700
video sequences is labeled with the respective pain stimulus
intensity. So our task distinguishes a total of five discrete pain
intensities: no pain (level 0), low pain (level 1, pain threshold),
two intermediate intensities (level 2 and 3) and severe pain
(level 4, pain tolerance).
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Mint Dataset: The Multi-modal intensity pain (Mint) dataset
could also be utilized for pain estimation. A total of 20 subjects
are included in this dataset. It contains a series of facial videos
of subjects who are stimulated by electrical pain. Figure 5
shows some samples of this dataset in the second row. And this
dataset records 9,366 various video sequences with 187,939
image frames. Each sequences is labeled with the respective
electrical pain intensity. There are the same pain levels as
Biovid dataset, which is also categorized into five intensities.

Fig. 5. Some samples of BioVid and Mint datasets.

All experiments in this context are performed in a leave-
one-subject-out cross validation manner, i.e., the subjects in
the testing set are excluded from the training set. Then all
subjects are tested once through the cycle, and the average
of the results is shown [14], [28]. The pain intensities in the
datasets we used are evenly distributed, that is, the number of
samples in each intensity is equal. Besides, in order to compare
experimental results, the results are reported with the metrics
of Accuracy on these datasets. The results are shown in a way
of mean ± std, where mean and std denote the mean and
standard deviation of accuracy, respectively.

B. Ablation Study and Parameter Analysis
1) The Evaluation of R(2+1)D Convolution: We first eval-

uate the effectiveness of convolution filter types. There are
three alternatives: C3D [49], R3D [50] and R(2+1)D filters.
The C3D is a kind of convolution filter with ordinary 3D
convolution. The R3D is the C3D with residual shortcuts.
The R(2+1)D convolution used in this paper factorizes R3D
into two separate and successive operations, a 2D spatial
convolution and a 1D temporal convolution. All of these
features can be used to extract spatio-temporal features. To
fairly compare each other, only the convolution kernels (i.e.,
C3D and R3D) are replaced while other parts of the proposed
network are kept. The results are shown in Table II. In the
considered classes, the [all-all] means all pain intensities are
classified. The others mean the classification of two intensities,
for instance, [4-0] means the classification of pain intensity 4
and pain intensity 0.

Observed from the results, R(2+1)D convolution used in the
proposed method can achieve the best performance. This is
reasonable because R(2+1)D convolution separates the spatial
and temporal feature extraction process, which will add many
nonlinear operations and promote the discrimination ability of
the model. R3D has better performance than C3D. This sug-
gests the network with residual shortcuts has a better feature
representation ability in pain estimation. Another advantage
of using R(2+1)D convolution is that the operation of spatio-
temporal decoupling is easier to optimize. The training process
shown in Fig. 6 reveals that the R(2+1)D converges faster.
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Fig. 6. The loss function decreasing of three convolution filters.

2) The Evaluation of Attention Structure: In this paper, we
propose to use an attention structure to make the deep network
more attentive to important regions of pain estimation, such as
the regions where the texture changes of the face in the spatial
domain and those frames that contain pain expressions in the
temporal domain. In this section, we compare the effectiveness
of this attention structure with the similar network without
attention structure. The results are shown in Fig. 7, where
Position = 4 and Position = 0 denote the network with
and without attention structure, respectively. And the [all-all]
means all pain intensities are classified and the [4-0] means the
classification of pain intensity 4 and pain intensity 0. As can
be seen, the network with attention has better performance.
One reason may be that attention structure enables the deep
network to focus on the significant information. Since a
video contains much redundant information, the task of pain
estimation only needs to pay attention to the relevant content.
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Fig. 7. The influence of attention positions. The Position = 0 denotes there
is no attention structure and the others mean the attention structure are put in
different positions of the architecture.

For a more detailed analysis, we visualize the learned
attention maps that are scaled to the same size of input images,
which are shown in the second row of Fig. 8. Observed
from heat maps, it is clear that the attention structure makes
the pain-aware regions more significant, such as regions of
eyes, nose and mouse. These regions are the most important
manifestations of pain expression indicated in [51]. Then, we



IEEE TRANSACTIONS ON MULTIMEDIA 9

TABLE II
THE ACCURACY OF VARIOUS CONVOLUTION FILTERS. THREE CONVOLUTION FILTERS WERE EXPERIMENTED UNDER DIFFERENT CONDITIONS OF PAIN

INTENSITY CLASSIFICATION.

Biovid Mint
Considered Classes Chance C3D R3D R(2+1)D C3D R3D R(2+1)D

[4-0]

50.0

78.1± 5.8 84.1± 8.9 88.1± 9.3 71.2± 3.3 74.6± 2.4 80.9± 5.6
[4-1] 70.6± 11.0 79.2± 10.2 79.9± 3.7 68.1± 7.5 75.5± 8.3 79.3± 3.7
[4-2] 73.8± 9.5 77.1± 5.8 78.8± 3.6 67.4± 6.6 69.3± 5.5 71.5± 5.7
[4-3] 70.7± 5.4 74.7± 8.2 75.2± 2.3 65.8± 9.1 69.7± 5.7 70.9± 1.1
[3-0] 69.9± 2.0 71.6± 5.5 79.3± 3.7 69.5± 11.5 73.3± 5.0 78.8± 3.6
[3-1] 68.7± 7.5 75.0± 9.1 77.7± 7.8 58.3± 9.1 59.3± 2.3 64.2± 11.0
[3-2] 65.1± 7.9 71.9± 6.5 72.3± 4.6 60.6± 6.5 71.3± 7.8 71.9± 6.5
[2-0] 78.8± 9.5 79.3± 3.3 81.2± 5.5 61.5± 2.9 68.3± 5.6 73.8± 9.5
[2-1] 77.1± 6.8 75.8± 5.0 79.6± 7.7 63.1± 10.5 74.1± 1.5 77.1± 5.8
[1-0] 59.6± 8.5 69.5± 4.7 69.4± 5.1 59.9± 3.4 69.5± 4.1 68.1± 7.5

[all-all] 20.0 39.8± 4.7 41.7± 5.6 42.2± 5.5 38.0± 4.6 40.3± 6.2 41.2± 4.0

investigate whether the position of the attention would have
a certain impact on the results. There are five alternative
positions in our architecture (Fig. 3), which are located after
four convolution layers in the shared block and one convolu-
tion layer in the dual-branch. These positions are numbered
Position = 1, 2, ..., 5 in order. We try to put the attention
in these different positions. The results are shown in Fig.
7. From these results, we could know high-level semantic
features may not be suitable for attention structures. The
reason may be that the receptive field of these features are not
large enough, and the related pain regions are not yet involved.
The low-level features’ receptive fields are too wide to focus.
Besides, multiple attention structures are not conducted in
this experiment. This is because the results of some positions
are inferior to those without attention and multiple attention
structures may bring the risk of overfitting, which are also
indicated in [51]. Thus, the appropriate attention structure
facilitates the proposed pain estimation network to focus on
more important information.

Fig. 8. The attention maps of visual and physiological branches.

3) The Evaluation of Dual Branches: To evaluate the
collaboration of two branches, the deep models with various
structures employing only one branch are compared. Table
III shows the comparison results between different models.
As can be seen, the structure of dual branches performs
best on both datasets. This suggests the using of visual and
physiological branches allows the model to consider a more
comprehensive representation of pain. Besides, observed from
the comparison of visual and physiological branches, the task

of pain estimation can obtain more useful information from
visual facial pain features while the pain estimation task could
also benefit from the pseudo physiological modality.

TABLE III
THE EVALUATION OF DUAL BRANCHES.

Dataset Structure Accuracy[4-0] Accuracy[all-all]

Biovid
Visual Branch 77.5± 7.6 34.3± 4.8

Physiological Branch 65.0± 4.2 28.5± 2.5
Dual Branches 88.1± 9.3 42.2± 5.5

Mint
Visual Branch 65.8± 6.2 28.5± 3.0

Physiological Branch 55.5± 7.1 22.6± 3.6
Dual Branches 80.9± 5.6 41.2± 4.0

In addition, the proposed dual branches partially share some
blocks. We also test the fully shared situation, that is, all
feature layers are shared. The results are shown in Fig. 9. As
can be seen, the fully shared structure does not work well for
our setting. This suggests the focuses of facial pain and pseudo
physiological features are not exactly the same regions. While
they may have some related connection in low-level features,
there are some differences in the attention layers. In order to
verify our ideas, we also visualize the attention map of the
physiological branch, as shown in third row of Fig. 8. The
comparison with the visual branch attention maps shows that
although these tasks are related, their manifestations of impor-
tant information are different. So we devise the dual branches
for visual pain estimation and physiological HRG estimation.
This way could not only explore the inner connection between
these tasks but also adapt to the uniqueness of individual task.
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Fig. 9. The comparison between shared network and individual network.
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4) The Estimation of the HRG Analyzer: This paper clas-
sifies pain into five categories on two datasets. The HRG
analyzer is used to generate the probability of HRG at each
pain intensity. In this section, we employ the proposed HRG
Analyzer to quantify HRG for pain estimation. The HRG
distribution of each pain intensity is described according to
the HRG results in two training sets, as shown in Figs. 10
and 11. We summarize these distribution curves into graphs,
as shown in the Figs. 12 and 13. In Fig. 12, the curve of
PI = 2 is close to that of other pain intensities. The reason
is that pain in the middle intensity is not distinguishable
enough from the pain in adjacent intensities. But when the
pain intensity differs by more than two levels, the distinction is
considerable. In general, when pain is severer, the HRG value
is more concentrated on the distribution in larger values. The
reason is that pain is not only reflected in the movements of
face, it also causes relatively large variance in physiological
signals. When an individual feels pain, the heart rate increases
correspondingly. The severer the pain, the more heart rate
increases.
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Fig. 12. The distribution of HRG under different pain intensities on Biovid
dataset.
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Fig. 13. The distribution of HRG under different pain intensities on Mint
dataset.

In order to explain our analyzer clearly, we employ the
Bayesian formula to obtain the probability of each pain level
from the analyzer when the HRG values are 0.2 and 0.8,
respectively, as shown in Fig. 14. Observed from the results of
two datasets, when the HRG becomes larger, the probabilities
of high pain intensities become larger in analyzer results.
In this paper, these probabilities allow us to estimate pain
intensity from another perspective.
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Fig. 14. The probabilities of pain intensities under various HRGs on two
datasets.

5) The Evaluation of Fusion Strategy: We compare the
results under different fusion strategies: without fusion, feature
fusion, decision fusion and the proposed probability fusion.
The “without fusion” denotes the results are from the visual
branch. For the feature fusion, we implement it by concatenat-
ing the last feature layers of two branches and train the model
directly. For the decision fusion, after the separate training
phase, we modify the output layer of the physiological branch
for pain intensity estimation, and combine this output layer
with that of the visual branch for jointly training. These results
are shown in Fig. 15. Observed from this figure, the HRG
analyzer could significantly improve the performance of pain
estimation. This suggests that it is feasible to find clues for
pain estimation from heart rate changes. In addition, from
the results of feature fusion and decision fusion, there is not
much difference between these two strategies, but they are
better than the strategy without fusion. This also illustrates
that comprehensive-perspective consideration leads to a more
accurate pain estimation performance. In conclusion, these
results suggest that the proposed HRG analyzer could map
the HRG to the pain intensities probabilities. This method
provides a worthy reference for our non-contact method that
finds new solutions for pain estimation research from pseudo
physiological signals.
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Fig. 15. The comparison of different fusion strategies. The ‘Without’,
‘Feature’, ‘Decision’ and ‘Probability’ mean without fusion, feature fusion,
decision fusion and probability fusion, respectively.
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Fig. 10. The histograms of HRG under different pain intensities on Biovid dataset.

Fig. 11. The histograms of HRG under different pain intensities on Mint dataset.

C. Comparison with Existing Methods

In this section, we compare the proposed method against
other existing methods. We begin this by comparing some
multi-modal methods on the Biovid dataset, which provides
the physiological signals measured by physical contact de-
vices. This comparison is shown in Table IV. These methods
analyze pain information from multi-modal signals. They
process the collected physiological signals and video signals
accordingly. Some focused ECG, EMG and GSR (e.g., [16],
[18], [34], [35]) and others integrate video signals, (e.g.,
[16], [17]). They obtained these signals through some signal
collectors connected to the human body, and then compre-
hensively analyzed the relationship between these signals and
pain. Although they achieved good experimental results, it was
difficult to promote their applications due to the limitations of
signal acquisition methods.

To ascertain whether the performance between the proposed
method and other methods are statistically meaningful, the
two-sample T-test is performed between accuracy values ob-
tained by different methods. The confidence threshold is set
to 0.95. Compared with others, the proposed method has an
obvious statistical superiority with only two exceptions, where
our method has similar performance. This is because our

TABLE IV
COMPARISON WITH THE MULTI-MODAL METHODS ON BIOVID

DATASET.

Methods Accuracy[4-0] Accuracy[all-all]
Early Fusion (MP) [16] 75.6* N/A

Early Fusion (MP&V) [16] 80.6* N/A
Logistic Regression (MP) [18] 74.2 ± 17.5* N/A

Early Fusion (MP&V) [17] 82.7* N/A
Semi-supervised Learning (MP) [34] 85.7 40.1

Concatenated Representation (MP) [35] 77.2 ± 17.5* N/A
Shared Representation (MP) [35] 76.9 ± 15.1* N/A
Gated Representation (MP) [35] 84.0 ± 15.6 N/A

Our Proposed (V) 88.1 ± 9.3 42.2 ± 5.5

‘MP’ and ‘V’ mean this method involves multiple physiological signals and video
signals, respectively.

* Significantly worse (p < 0.05) than our proposed method.

method employs the advanced spatio-temporal decomposition
of the deep residual network, which has a stronger ability
to express pain intensity than the multi-modal method using
hand-crafted statistical features.

Next, we compare our method with other visual methods,
and the comparison on the Biovid dataset is shown in Table
V. These methods only use video sequences as input. In the
early years, most of the research used hand-crafted features
[11], [52], and later moved to deep network methods [28],
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TABLE V
COMPARISON WITH THE VISUAL METHODS ON BIOVID DATASET.

Methods Accuracy[4-0] Accuracy[all-all]
Facial 3D Distances [11] 72.1* 30.3*

Facial Activity Descriptors [11] 72.4* 30.8*
Optical Flow Method [52] 70.2* N/A
Spatiotemporal CNN [28] 86.0 N/A

Self-supervised Distillation [53] 71.0* N/A
Pain-awareness Network [54]† 71.3 ± 11.6* 37.6 ± 9.2 *

Spatio-Temporal Attention Network [51]† 73.9 ± 8.8* 39.1 ± 10.4
Our Proposed 88.1 ± 9.3 42.2 ± 5.5

† This method is reimplemented for pain intensity estimation on Biovid dataset.
* Significantly worse (p < 0.05) than our proposed method.

[53], [51]. But compared with the previous table (Table IV),
we could roughly observe that the results of these methods are
mostly worse than the multi-modal results. This suggests that
these contactless visual methods only consider how to find the
pain information from video texture. They have never jumped
out of this valley, thinking from other points. Therefore, we
try to obtain the information that helps to estimate pain from
other physiological signals. This is the strongest motivation
for our work. On the one hand, we extract the spatio-temporal
dynamic pain texture features from the video. On the other
hand, we estimate the pseudo physiological signal from videos
so that it affects the results of pain estimation. Then we could
estimate the pain intensity from the perspectives of both facial
expressions and physiological signals, so that we achieved
better results.

TABLE VI
COMPARISON WITH THE VISUAL METHODS ON MINT DATASET.

Methods Accuracy[4-0] Accuracy[all-all]
VGG-Face CNN with LSTM [48] N/A 36.6*

Spatio-Temporal Feature Gating [55]† 72.9 ± 8.7* 38.6 ± 5.7*
Convolutional 3D Network [49]† 71.2 ± 3.3* 38.0 ± 4.6*

3D Residual ConvNet [50]† 74.6 ± 2.4* 40.3 ± 6.2

Pain-awareness Network [54]† 68.8 ± 9.3* 35.4 ± 4.0*
Spatio-Temporal Attention Network [51]† 75.4 ± 6.7* 38.1 ± 4.1*

Visual Branch 65.8 ± 6.2* 28.5 ± 3.0*
Our Proposed 80.9 ± 5.6 41.2 ± 4.0

† This method is reimplemented for pain intensity estimation on Mint dataset.
* Significantly worse (p < 0.05) than our proposed method.

Besides, we compare the results of some methods on Mint
dataset. Because this dataset was released recently, there
is less research on this dataset. And it does not provided
physiological signals, we reimplemented some representative
visual methods used in action recognition for the comparison.
This comparison is shown in Table VI. Observed from the
results, the experimental results on this dataset are obviously
inferior to that of Biovid dataset. The reason is that Mint
dataset was collected in a less-constrained environment, so it
is more challenging. This could be observed from Fig. 5. But
it provides the opportunity to test the methods with data closer
to real world scenario, even though the results are not as good
as from Biovid as expected. And from the results comparison,
our method still achieves better performance due to its ability
to estimate pain from multiple perspectives. In the significance
test, most results are worse than ours.

V. CONCLUSION AND FUTURE WORK

In this paper, we proposed a deep spatio-temporal pain
estimation network by measuring the HRG value that reflects
the relative variation to the signal in the painless condition.
Firstly, some preprocessing techniques including face crop-
ping, key frames selection and data augmentation were em-
ployed for training the deep model. Then, a dual-branch pain
estimation network was devised to employ R(2+1)D structure
and attention structure to extract visual and physiological
features for pain estimation by generating pseudo HRG values,
respectively. For the HRG values, we presented an analyzer
that leverages the quantitative relationship of pain intensity
and HRG value. Finally, extensive evaluation experiments
were implemented on two publicly-available datasets. The
experimental results showed the proposed method achieves
promising performance.

In future work, we will continue to estimate other phys-
iological signals from videos for improving pain estimation
performance, such as blood pressure and pulse. Intuitively,
these physiological signals also change when people feel pain.
If we utilize a similar method to create some quantitative
mapping relationships, we could obtain a more complete
pain estimation system for exploiting contactless multi-modal
information.
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