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Abstract—In this paper, we propose a deep learning based approach for facial action unit (AU) detection by enhancing and cropping
regions of interest of face images. The approach is implemented by adding two novel nets (a.k.a. layers): the enhancing layers and the
cropping layers, to a pretrained convolutional neural network (CNN) model. For the enhancing layers (noted as E-Net), we have
designed an attention map based on facial landmark features and apply it to a pretrained neural network to conduct enhanced learning.
For the cropping layers (noted as C-Net), we crop facial regions around the detected landmarks and design individual convolutional
layers to learn deeper features for each facial region. We then combine the E-Net and the C-Net to construct a so-called Enhancing and
Cropping Net (EAC-Net), which can learn both features enhancing and region cropping functions effectively. The EAC-Net integrates
three important elements, i.e., learning transfer, attention coding, and regions of interest processing, making our AU detection approach
more efficient and more robust to facial position and orientation changes. Our approach shows a significant performance improvement
over the state-of-the-art methods when tested on the BP4D and DISFA AU datasets. The EAC-Net with a slight modification also
shows its potentials in estimating accurate AU intensities. We have also studied the performance of the proposed EAC-Net under two
very challenging conditions: (1) faces with partial occlusion and (2) faces with large head pose variations. Experimental results show
that (1) the EAC-Net learns facial AUs correlation effectively and predicts AUs reliably even with only half of a face being visible,
especially for the lower half; (2) Our EAC-Net model also works well under very large head poses, which outperforms significantly a
compared baseline approach. It further shows that the EAC-Net works much better without a face frontalization than with face
frontalization through image warping as pre-processing, in terms of computational efficiency and AU detection accuracy.

Index Terms—Convolutional neural network, Facial analysis, Attention coding, Regions of interest, Facial occlusion, Head poses
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1 INTRODUCTION

Facial Action Unit (AU) detection is an essential step in the
facial analysis. With a robust AU detector, facial expression
and facial related action problems can be solved more
effectively. AU detection is the process to find some basic
facial actions defined by FACS, the Facial Action Coding
System [1]. Each AU represents a basic facial movement or
expression change. Table 1 listed 12 basic AUs labeled in
the BP4D dataset [27], and Figure 1 shows four basic AUs,
namely eyebrows lower, cheek raiser, chin raiser and lip
tighter. The AUs are elements for more complicated facial
actions. For instance, sadness might be the combination of
AU1 (inner brow raiser), AU4 (brow lower), and AU15 (lip
corner depressor).

Most of current AU detection approaches either need the
processed faces with frontal views or the texture features are
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artificially designed, making the features not well learned
[12], [22] . To tackle these problems, we propose the EAC
(enhancing and cropping) Net based on the convolutional
neural network (CNN) [8] to detect facial AUs automatically.
We add the enhancing and cropping layers because even
though a CNN has great capability in finding different
patterns across images, it is not flexible enough to know
which regions of the images need more attentions, and when
learning from images in a dataset, the network is unable to
shift the pixels to compare across corresponding regions. We
enhance the regions of interest by assigning higher learning
weights to corresponding areas during deep model training,
and then crop corresponding areas to force the network
to learn better representations through training on related
individual regions. We first build the enhancing net (E-
Net), which is constructed by adding attention layers to a
pretrained VGG net [8], one of the very effective CNNs.
The E-Net yields a significant improvement in the average
F1 score and accuracy on the BP4D dataset as compared
to the state of the art approaches. We then add cropping
layers on top of the E-Net and design the EAC-Net. The
cropping layers are implemented by cropping AU areas of
interests from high-level convolutional feature maps. The
EAC-Net yields up to 7.6% increase in average F1 score and
19.2% improvement in accuracy as compared to the state of
the art approaches when applying to the BP4D dataset. In
summary, in addition to the improvement in metrics, our
approach has also the following technical contributions:

1) The EAC-Net integrates three important elements -
learning transfer, attention coding, and regions of
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TABLE 1: Rules for defining AU centers

AU index AU Name AU Center
1 Inner Brow Raiser 1/2 scale above inner brow
2 Outer Brow Raiser 1/3 scale above outer brow
4 Brow Lowerer 1/3 scale below brow center
6 Cheek Raiser 1 scale below eye bottom
7 Lid Tightener Eye center
10 Upper Lip Raiser Upper lip center
12 Lip Corner Puller Lip corner
14 Dimpler Lip corner
15 Lip Corner Depressor Lip corner
17 Chin Raiser 1/2 scale below lip
23 Lip Tightener Lip center
24 Lip Pressor Lip center

interest processing - which makes our AU detection
approach more robust to face position and orien-
tation changes. Although face landmarks are used
in our C-Net and EAC-Net, they do not need to be
very accurately located, i.e. the approach is robust
to landmark detection errors.

2) No facial preprocessing such as face frontalization
via image warping is required to apply to input
images in our approach, which not only saves a
significant amount of preprocessing time but also
maintains the original facial expression represen-
tation unaltered. We have shown that our EAC
approach has resulted in an excellent performance
under large head poses, without a face frontaliza-
tion preprocessing step using image warping.

3) The EAC-Net with a slight modification also shows
its potentials in estimating accurate AU intensities,
outperforming some state-of-the-art approaches.

4) The proposed EAC-Net is able to detect AUs even
when faces in the input images are partially oc-
cluded with an impressive F1 score, close to the
best performance of the state-of-the-art approaches
on the BP4D dataset.

This paper is organized as follows. Section 2 provides an
overview of our EAC-Net approach. Related work is re-
viewed in Section 3. Section 4 details the design and analysis
of the EAC-Net. The experimental results are summarized
in Section 5. Finally conclusions are provided in Section 6.

Fig. 1: Action unit images for AU 4, 6, 7, 17

2 OVERVIEW OF OUR APPROACH

The idea of our approach is inspired by recent break-
throughs in deep learning research. The first inspiration is
learning transfer. Pretrained ImageNet models and transfer
learning have found significant applications in many areas
[2], [3]. The main reason is that the low-level convolutional
layers extract similar features across different recognition
tasks, which means the learned filters can be transferred.
The second inspiration is attention coding and cross-layer
connections. Yang et al [4] proposed to use an attention layer

for finding interesting areas to provide better answers in a
visual question-answering task. In salient object detection
[5], a salient map is used to describe the important sub-
areas of an image. This salient map (or attention map)
is a 2D matrix with its elements ranging from 0 to 1,
depicting the importance of corresponding pixels on the
entire image. We believe that by applying an attention map
to an existing network for facial computing, richer and
more robust information can be obtained. A skipping layer
structure is used in the Residual Net [26]. Since both lower
and higher levels of CNN layers correspond to more spatial
and semantic information, the skipping connection of layers
feeds both spatial and semantic features into CNNs, which
can improve the model performance. The third inspiration
is the region of interest (ROI) learning. The SPP Net [6]
proposed an ROI pooling idea, which can turn different
areas of interest into fixed length features. Faster RCNN
[7] generated region proposals for objects to be detected
and used the proposals to determine the “objectiveness”.
These findings made us believe that it might be possible to
apply a similar operation to facial interest regions and learn
individual filters for specific regions.

The design of our EAC-Net has integrated the three
ideas: learning transfer, attention coding and cross-layer
connections, and ROI learning. Figure 2 shows the structure
of our EAC-Net. The EAC-Net consists of three key parts:
a pretrained model, enhancing layers, and cropping layers.
The first part is a fine-tuned pretrained VGG 19-layer net-
work [8]. The low-level convolutional layers (Group 1 and 2)
of the pretrained network and their parameters are frozen
for low-level visual feature extraction. The parameters of
the higher-level convolutional layers (Group 3 and 4) are
updated for the AU detection task. The use and fine-tuning
of VGG pretrained net are with the spirits of learning trans-
fer, to ensure that the network has a deep understanding of
the input images. The second part of the EAC-Net consists
of the enhancing layers that are on top of Group 3 and 4
convolutional layers, thus integrating attention coding and
cross-layer connecting. The purpose of adding these layers
is to give more attention to individual AU areas of inter-
est, meanwhile fusing features cross different layers. The
features extracted after the enhancing layers are supposed
to contain more valuable information by integrating lower
level spatial features and higher level semantic features for
AU detection. The third part of the framework includes
the cropping layers for regions of interest learning. Sub-
features are cropped from ten selected interest areas of the
feature map, followed by upscale layers and individual
convolutional layers for each sub-area for further regions
of interest learning. The purpose of the cropping layers is to
assure that only corresponding regions are compared by the
individual cropping networks. Adding cropping layers as
the higher convolutional layers would also help the region
to obtain deeper contextual information.

3 RELATED WORK

AU detection has been studied for decades and many
approaches have been proposed. Facial key points play
an important role in AU detection. Many conventional
approaches [10], [11], [14], [16], [17], [18], [24], [30] were
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Fig. 2: The structures of FVGG, E-Net and EAC-Net for AU detection

designed by employing texture features near the facial key
points. Valstar et al [9] analyzed Gabor wavelet features
near 20 facial landmark points. The features were then se-
lected and classified by Adaboost and SVM classifiers. Since
landmark-based geometry changing is robust in many AU
detection methods, Fabian et al [12] proposed an approach
for fusing the geometry and local texture information. The
geometry information is obtained by measuring the nor-
malized facial landmark distances and the angles of the
Delaunay mask formed by the landmark points. The texture
features were obtained by applying multiple orientation
Gabor filters to the original images. Zhao et al [13] proposed
the Joint Patch and Multi-label Learning (JPML) for AU
detection. Similarly, landmark-based regions were selected
and SIFT features were used to represent the local patch.
Overall, the conventional approaches focused on designing
more representative features and fine-tuning more robust
classifiers. In addition to facial AU detection, some studies
also have focused on other facial related problems. Song et
al [23] investigated the sparsity and co-occurrence of action
units. Wu [19] exploited the joint of action unit detection and
facial landmark localization and showed that the constraints
can improve both AU and landmark detection. Girard et
al [20] analyzed the influence of different sizes of training
datasets on appearance and shape-based AU detection. Note
that AU detection is only estimating the occurrence of AUs,
but sometimes the occurrence of an AU in one image is more
obvious than others , thus AU intensity estimation is also a
very interesting problem. Some works have been done to
investigate into this problem. Gehrig et al [21] tried to esti-
mate action unit intensities by employing linear partial least
squares to regress intensities in AU related regions. Nicolle,
et al. [39] proposed customized Multi-Task extensions of

MLKR (Metric Learning for Kernel Regression), targeting
on AU intensity estimation as a kernel regression problem.
Baltrusaitis [40] proposed an approach with cross-dataset
learning and person-specific normalization for AU detection
and AU intensity estimation, since more dataset can provide
more identity variance for learning and personal customiza-
tion can help better inference.

Over the last few years, we have witnessed that CNNs
boost the performance in many computer vision tasks. Com-
pared to most conventional artificially designed features,
CNNs can learn and reveal deeper information from the
training images which in turn contribute to better per-
formance. Zhao et al [22] proposed a region CNN-based
approach for AU detection. Instead of directly applying
a regular CNN to the entire input image, the network
divides the input image into 8x8 blocks and then trains
over these regional areas independently. All sub-regions are
then merged back into one net, followed by regular convo-
lutional and fully connected layers. The proposed approach
outperforms both the regular and Fully Convolutional Net
(FCN) [22]. Jaiswal et al [15] proposed using a CNN with a
shallow region and shape mask a is employed to learn static
CNN features while Long and Short Term Memory (LSTM)
is used to extract dynamic features from the trained CNN
mode [42]. Gudi [41] also tried deep learning in AU intensity
estimation with a shallow network of 3 convolution layers
and 1 fully connected layer.

Our proposed approach is also CNN-based and we
share similar ideas with Zhao et al [22] in training sub-
regions independently. The distinction of our approach is
that instead of directly dividing the image into blocks, we
use a “smarter” way to find the important areas and crop the
regions of interest for individual training. In their approach,
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the facial landmarks play an important role for normalizing
the faces. Errors will accumulate in both landmark detection
and face normalization processes, and facial normalization
may neutralize expressions. However, in our approach, the
network directly works on the interest areas of original
face images, and even though landmarks are also used
for building the attention map, our approach has a large
tolerance for landmark shifting since we use a relatively
large local region to cover the AU target areas. This will
reduce errors from misalignment along images and in the
meantime focus more on interest regions.

4 THE EAC-NET

The EAC-Net is composed of three parts: the fine-tuned
VGG network, enhancing layers, and cropping layers. For
comparison purposes, we implement three networks using
VGG net as their base: FVGG, the fine-tuned VGG network;
E-Net, the Enhancing Net based on the fine-tuned VGG;
and finally EAC, the integration of Enhancing and Cropping
Nets based on the trained E-Net model.

4.1 FVGG: Fine-tuned VGG Model

Fine-tuning pretrained models for image classification are
proved to be efficient in many areas [2], [3]. To make sure
that we can have a deep understanding of the images for
AU detection, we employed the VGG 19-layer model [8].
The VGG model follows a conventional CNN structure,
comprising 16 convolutional layers and 3 fully connected
layers. It also includes 5 pooling layers downsampling input
images from 224×224 to eventually 7×7 feature maps. In
our implementation, we divide the convolutional layers into
5 groups as shown in Figure 2, which are separated by the 5
pooling layers. There are 2, 2, 4, 4, 4 convolutional layers
from Groups 1 to Group 5, respectively. The fine-tuned
VGG (FVGG) structure reflects the spirit of learning transfer
as VGG has been modified in many related tasks such as
object detection or emotion recognition. Before designing
our special purpose networks (E-Net and EAC-Net) for
AU detection, we first modify and fine-tune the VGG net
as our baseline approach. We keep the parameters of the
first three groups of convolutional layers unchanged and
update the rest of the layers during training. In order to
match with our AU detection tasks, the numbers of nodes
for the last 2 fully connected layers are changed to 2048
(by reducing parameters) and 12 (by matching the 12 AU
targets), respectively. Dropout is also applied on both new
layers to prevent overfitting during training.

4.2 E-Net: The Enhancing Net

In a regular CNN, when an image is fed into the network,
CNN filters will slide through the whole image, and dif-
ferent image regions are processed equally. This is fine for
object classification task since we have no idea of how the
input image looks like. But for structured images, such
as faces, we would like to give more attention to more
interesting regions.

As one of our inspirations, Yang et al [4] applied an
attentional layer to CNN middle features when tried to find

a more effective feature for a question answering task. How-
ever, directly applying attention layer will discard a lot of
information that is not included in the attention layer, there-
fore we need a method to combine both attention enhanced
features and the rest of the less important areas. Another in-
teresting approach for combining CNN multilayer features
is the skipping layer structure in the Residual Net [26]. We
illustrate the skipping layer structure in Figure 3 (left). The
skipping layer connection of the residual net makes the
CNN incorporating both lower level spatial features and
higher level semantic features as input, together providing
a better representation of the input image. Integrating these
two ideas, we designed our E-Net unit as the combination of
the regions enhanced feature and the regular filtered feature
as shown in 3 (right), which is an effective integration of the
attention layer and skipping layer structures.

Fig. 3: Skipping layer connection in Residual Net (left) and
E-Net (right)

Figure 2 includes the E-Net structure and Figure 3
demonstrates how the E-Net works by using our enhancing
layers. The feature map output from Group 2 is multiplied
by the designed attention map – the first enhancing layer
(details will be discussed below), in parallel with the con-
volutional layers in Group 3. The two feature maps – one
from the enhancing layer and the other from the Group
3 convolutional layers – are then fused by element-wise
summation. The same operation is performed jointly by
the second enhancing layer with the convolutional layers
in Group 4. The reason why we designed the enhancing
layer is that not all the areas of a facial image are equally
important for individual AU detection. We can see that dif-
ferent AUs focus on corresponding sub-areas of the face. For
example, in Figure 4, the eyebrow raiser AU is close to the
texture in the area near the middle of the eyebrows and the
lip corner AUs are determined by the texture information
around lip corners. These areas are more important than the
nose or most of the other parts of the face. For this reason,
we build the attention map for AUs based on key facial
landmarks, as shown in Figure 4.

AU center definitions. We have noticed that many previous
works provide robust facial landmark positions [25]. Fur-
thermore, our approach does not require the localization of
landmarks to be very accurate in pixels since we are trying
to find the areas for AUs. We work on 12 AUs as listed
in Table 1 since these are the ones labeled in the datasets
we use. After obtaining the facial landmarks as shown in
Figure 4, we can define the centers for AUs and then build a
bounding box around the center. Observing the AU figure,
we manually define the center of AUs (the green spots)
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based on the muscles of a human face. Note that many AU
centers are not directly on the same spots of the detected
landmarks. We define a scaled distance as a reference for
facial pixel shifting by calculating the distance of the outer
corners of the two eyes, as shown in Figure 4. The centers
for 12 listed AUs in Table 1 are illustrated in Figure 4 (the
green spots). Since most AUs are symmetric on a human
face, we define one pair of points for each AU. We should
note that some AUs share the same centers, such as the lip
corner puller and the lip corner depressor. So finally we
defined 20 AU centers on the face for the 12 AUs listed in
Table 1. The rules for defining the centers of the 12 AUs are
also summarized in Table 1. After obtaining the AU centers,
we can build the attention map based on center positions.

AU center localization and AU area extraction. Given
an image like the one shown in Figure 4 (left), we first
obtain the landmarks for the key points on the face, which
are shown with blue points. Having the facial key points,
we can obtain the AU centers by shifting a distance or
directly using existing facial landmarks. The AU centers are
illustrated with green points in Figure 4. The AU centers
are in pairs due to the symmetry of the human face, with
each AU center corresponding to one or more AUs. To make
the shifting distance more adaptable to all face images, we
define a measurement reference for the shifting distance.
Inner corner distance is used as the scaled-distance, as
shown in Figure 4. This scaled-distance (listed in in Table
1 for each AU) is used to help locate the AU centers. We
first resize the images to 100x100 to make sure the same
scales are shared among all images. Then, for each AU
center, we define the nearby 5 pixels belonging to the same
area, therefore the size of each AU area is 11x11. Higher
weight is assigned to the closer points to the AU center. The
relationship follows the following equation:

Fig. 4: Attention map generation. Left: landmarks(blue) and
AU centers (green) on a face; Right: attention map of the
face

w = 1− 0.095 · dm (1)

where dm is the Manhattan distance to the AU center.

Attention map generation and application. An attention
map obtained for a face image is also demonstrated in
Figure 4. The areas in the attention map with higher values
correspond to the AU active area in the face image and
can enhance deep learning at these areas in our enhancing
layers. We then apply the obtained attention map to the
VGG feature maps. Figure 2 has shown the E-Net structure

in the EAC-Net framework. For Group 1 and Group 2, we
keep the layers unchanged for detecting low-level features.
For Group 5 (size 14×14), the feature maps are too small
to use any attention map, so eventually, we apply the
attention map only to Group 3 and Group 4, thus we add
two enhancing layers. Adding attention layers directly to
the feature maps by replacing the original ones will lose
all the contextual information. So, we add the attention
maps to the feature maps in parallel with the convolution
operations, in Group 3 and Group 4, respectively, as shown
in Figure 2. The element-wise summation is then conducted
to obtain enhanced feature maps. We call our enhancing net
based on the fine-tuned VGG model the E-Net. The E-Net
structure is also similar to Residual Net [26] but is designed
not only for integrating features of different levels but also
for generating enhanced features by applying an attention
map. Of course, the E-Net also includes the VGG fine-tuning
network. After training this model, we observed that the E-
Net can lead to 5% increase in average F1 score and 19%
increase in average accuracy on the BP4D AU dataset [27].
The detailed experimental results are reported in Section 5.

4.3 EAC-Net: The Integrated Model with Enhancing and
Cropping

The E-Net can generate the features with more emphasis
on the AU related regions, but it does not change the fact
that the same AU areas are not normalized across different
images, and different facial regions still share the same set
of filters to extract features. For a general object detection
task, sharing the same filters for the whole feature map
is a norm, but for understanding a face, which is a very
structured target, this is not an effective approach. Naturally
different facial regions should use different sets of filters,
which would be more efficient since we can train separate
filters for specific AU regions, around nose, eye or mouth
areas, respectively.

In the state of the art work, a simple region layer
structure [22] has been proposed to provide certain local
convolutional training. The idea is to divide a feature map
into 8×8 subregions, and each region uses a separate CNN
model. Then if faces are aligned for all the input images, we
can obtain those locally trained CNN models for individual
sub-blocks. The disadvantage though is that during face
normalization and image division, some context informa-
tion might be lost, and since face normalization is trying to
align the faces to a neutral expression, the facial expression
might be weakened.

C-Net construction. The goal of our cropping net (C-Net) is
to obtain each individual AU related area without changing
the textural information of the original images. Then, for
each AU sub-area, independent convolutional layers are
applied to learn more features. The reason for us to crop
the feature maps at such a “’late” layer (after Group 4 of the
VGG) is: We hope the model can learn more general infor-
mation from the input images via VGG (and the attention
map), as well as the correlation of multiple parts of the AU
regions. Then when we want to have a better focus of AU
status at local regions, we treat each region individually at
a high level in order to have a more robust prediction.
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Figure 2 also includes the structure of the C-Net. Crop-
ping layers are added to the end of Group 4, right after the
enhancing feature maps are obtained. After we obtain the
feature map from the output of convolutional Group 4, we
crop out 20 regional feature maps by rescaling the 20 AU
centers, which have been used in the E-Net. The cropped
feature maps corresponding to different AUs. In order to
learn them individually, we construct 20 local convolutional
layers using them as inputs. The output size for the feature
map from Group 4 is 512×28×28. With the same ratio as
an AU area of 11×11 pixels in the attention map versus the
face image of 100×100 pixels, the cropped areas should have
the size of 3×3. For each of the 20 AU centers, we obtain a
feature sub-map with size 512×3×3; in total, we have 20
such feature sub-maps for the 20 AU centers. When adding
convolutional layers after the cropped feature map, the
newly obtained feature map size will be 512×1×1. We feel
that this is less representative for the AUs. So, before adding
new convolutional layers, we apply an upscaling layer to
the feature maps, upscaling the feature maps to 512×6×6.
Actually, our experiments show that this upscaling layer by
itself leads to approximately 1% increase in AUs average F1
score. For the cropping layers, the accuracy of the regions
of interest positions as detected in the original images is not
very critical since the resolution of the images already are
reduced to 28×28.

EAC-Net construction and training. To make the C-Net
converge more quickly, we build the C-Net on top of the
pretrained E-net, thus leading to the Enhancing and Crop-
ping Net (EAC-Net). So the features obtained from Group
4 have already been pretrained for AU detection. During
implementation, we have found that feature values obtained
from the last convolutional layer of Group 4 are very large
and make the C-Net unable to converge. So a local response
normalization layer is added before C-Net convolutional
layers. The local response layer normalization algorithm
follows Eq. 2:

x′
i =

xi

(k + αΣjx2
j )

β
(2)

In our experiments, k=2, α=0.002 and β=0.75. xi, x′
i are the

model extracted feature values before and after applying the
normalization, while j =, 1..., 9 denotes the 9 neighboring
2D feature pixels around xi (including itself). All the indi-
vidual convolutional layers are followed by fully connected
layers with a fixed size of 150. We then concatenate the fully
connected layers. The rest is similar to FVGG and E-Net.

AU detection is different from a regular classification
task in the sense that instead of classifying images into one
object category, multiple AUs can co-occur simultaneously.
Thus this is a multi-label binary classification problem.
Cross entropy as in [22] is used to measure the loss for
this kind of problem. In our loss function (Eq. 3), we added
offsets to prevent the number from becoming too large:

Loss = −Σ(l · log(p+ 0.05

1.05
) + (1− l) · log(1.05− p

1.05
)) (3)

where l is the ground truth label for one certain AU, p is
the regressed number by the trained model for the certain
AU ranging from 0 to 1.

5 EXPERIMENTS

5.1 Datasets and Evaluation Methods

The most popular datasets for AU detection are CK+ [28],
BP4D [27] and DISFA [29]. AU datasets are harder to obtain
compared to other tasks such as image classification. This is
because there are multiple AUs in one face which requires
much more manual labeling work. Here we give a brief
review of the AU datasets referred and compared in this
paper.

DISFA: 26 people are involved in the DISFA dataset. The
subjects are asked to watch videos while spontaneous facial
expressions of the subjects are obtained. The AUs are labeled
with intensities from 0 to 5. We can obtain more than 100,000
AU-labeled images from the video, but there are much more
inactive images than the active ones. The diversity of people
also makes it hard to train a robust model.

BP4D: There are 23 female and 18 male young adults
involved in the BP4D dataset. Both 2D and 3D videos
are captured while the subjects show different facial
expressions. Each subject participates in 8 sessions of
experiments, so there are 328 videos captured in total.
AUs are labeled by watching the videos, and the valid
AU frames in each video vary from several hundred to
thousands. There are around 140,000 images with AU labels
that we can use.

To train a deep learning model, we need larger numbers
of image samples, and the diversity of the samples is also
important. Similar to the experiment settings in [22], we
choose BP4D to train our model. We first split the dataset
to 3 folds based on subjects. Each time two folds are used
for training and the third fold for testing. For the DISFA
dataset, all samples are used for testing the BP4D trained
model.

The balance of data is very important in training deep
learning models. For our task of multi-label learning, this is
even more challenging since several AUs are not indepen-
dent of each other. The original occurrence rate for the 12
selected AUs is shown in the first row of Table 2. We can
clearly see that the AUs are divided into two groups. AUs 6,
7, 10, 12, 14 and 17 are more representative than the minor
AUs 1, 2, 4, 9, 11 and 12. The minor AUs are not presented
in many of the image samples. If we just pick all images that
do include the less representative AUs, the occurrence rate
is shown in table 2, the second row.

We can see that even with only the image samples that
include the less representative AUs, the occurrence rates are
still imbalanced. And we still need to keep the other samples
to maintain the data diversity. Thus, we have finally decided
to try to keep the balance of training data by changing the
selection rate during training. For all the training samples,
we used to equally and randomly pick a fixed number
of images. To compensate for the less occurred AUs, we
increase their rates during random picking operation by 4
to 7 times. Then the occurred rates by doing this are shown
in Table 2, the third row, which is more balanced.

Both the F1 score and the average accuracy are used
to measure the performance of AU detection. In a binary
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TABLE 2: BP4D samples balancing for AU occurrences in training

AU 1 2 4 6 7 10 12 14 15 17 23 24
Original 0.24 0.18 0.23 0.44 0.52 0.58 0.57 0.43 0.15 0.36 0.19 0.16

Minor AU occurred 0.56 0.43 0.40 0.47 0.57 0.64 0.59 0.56 0.35 0.58 0.46 0.39
After balancing 0.39 0.32 0.33 0.45 0.54 0.60 0.56 0.49 0.30 0.50 0.33 0.30

classification scenario, especially when samples are not bal-
anced, the F1 score can better describe the performance of an
algorithm [9], [10]. The F1 score includes two components:
precision (p) and recall (r). The precision is also called
the positive predictive value and is the fraction of true
positive predictions to all positive predictions. The recall
is also called sensitivity and is the fraction of true positive
predictions to all ground-truth positive samples. Knowing
p and r, we can obtain F1 using Eq. 4:

F1 =
2p · r
p+ r

(4)

5.2 Implementation Details and Results

In our deep learning models, the basic VGG structure is
employed as the base, so all of the input images to the
networks are resized to 224x224 to become compatible with
the structure. In order to maintain consistence in creating
the attention map for the E-Net and the ROI cropping pa-
rameters for the cropping layers, we use the facial landmark
data provided by the BP4D and DISFA datasets. We use
a fixed learning rate of 0.0001 and a momentum of 0.9 in
our training. For updating the model, SGD is employed.
First, the VGG fine-tuned net (FVGG) is trained as the
baseline for our proposed E-Net. EAC-Net training is based
on pretrained E-Net with new C-Net layers. Throughout the
training, 50 images are randomly selected from the whole
training dataset as a batch, and an epoch has 20 batches. The
FVGG and E-Net models converge after about 100 epochs
and the EAC-Net converges after about 500 epochs. We
trained our models using a workstation with a GeForce
GTX TITAN X graphics card, and it took 2-3 hours (100-
150 epochs) for FVGG or E-Net and 10-15 hours (for 500-800
epochs) for EAC-Net.

Results on BP4D dataset
We trained three models using the BP4D dataset: fine-

tuned VGG (FVGG), E-Net, and EAC-Net. The accuracy and
F1 score for all 12 selected AUs, and the average accuracy
and the average F1 score are listed in Tables 3 and 4,
respectively. We also list the results from the state of the
art work DRML [22] using deep learning and traditional
approaches LSVM [22], and JPML [13] in same settings for
comparison.

As shown in Tables 3 and 4, for the BP4D dataset,
compared to the state of the art approaches, the VGG fine-
tuned model (FVGG) has a higher average accuracy, but the
average F1 score does not outperform the state of the art.
Note that in our proposed approach, we do not perform any
preprocessing to the input images. For the more representa-
tive AUs – 6, 7, 12, 14 and 17, the network is able to better
predict the AU labels than the state of the art approaches,
without being told the position of the AUs. We believe that

TABLE 3: F1 score comparison of AU detection on BP4D
dataset

AU LSVM JPML [13] DRML [22] FVGG E-Net EAC
1 23.2 32.6 36.4 27.8 37.6 39.0
2 22.8 25.6 41.8 27.6 32.1 35.2
4 23.1 37.4 43.0 18.3 44.2 48.6
6 27.2 42.3 55.0 69.7 75.6 76.1
7 47.1 50.5 67.0 69.1 74.5 72.9

10 77.2 72.2 66.3 78.1 80.8 81.9
12 63.7 74.1 65.8 63.2 85.1 86.2
14 64.3 65.7 54.1 36.4 56.8 58.8
15 18.4 38.1 33.2 26.1 31.6 37.5
17 33.0 40.0 48.0 50.7 55.6 59.1
23 19.4 30.4 31.7 22.8 21.9 35.9
24 20.7 42.3 30.0 35.9 29.1 35.8

Avg 35.3 45.9 48.3 43.8 52.1 55.9

TABLE 4: Accuracy comparison of AU detection on BP4D
dataset

AU LSVM JPML [13] DRML [22] FVGG E-Net EAC
1 20.7 40.7 55.7 27.2 71.1 68.9
2 17.7 42.1 54.5 56.0 72.9 73.9
4 22.9 46.2 58.8 80.5 77.4 78.1
6 20.3 40.0 56.6 72.3 76.9 78.5
7 44.8 50.0 61.0 64.1 70.7 69.0

10 73.4 75.2 53.6 72.4 75.7 77.6
12 55.3 60.5 60.8 69.1 82.8 84.6
14 46.8 53.6 57.0 52.8 56.7 60.6
15 18.3 50.1 56.2 67.4 77.6 78.1
17 36.4 42.5 50.0 61.2 69.3 70.6
23 19.2 51.9 53.9 72.2 80.2 81.0
24 11.7 53.2 53.9 77.0 82.3 82.4

Avg 32.2 50.5 56.0 64.4 74.5 75.2

this is due to the depth of the VGG model, which can learn
very deep features, and the pooling layers, which make the
AU detection robust to position and orientation shifts. For
the less representative AUs – 1, 2, 4, 15, 23 and 24, however,
the texture is less discriminative for instance around the
eyebrow area. Also, the occurrence rates are still smaller
than the other AUs even after the balancing, making the
training more challenging.

The E-Net results show both better average accuracy
and F1 scores than the state of the art approaches and the
VGG fine-tuning net. On average, the improvement using
E-Net over FVGG in the average F1 score and average
accuracy are 8.3% and 10.1%, respectively. The results show
the effectiveness of our proposed enhancing layers.

To explore more details of the E-Net, we extract the
feature maps from multiple layers in the E-Net and VGG
fine-tuning Net. In Figure 5, the last feature map of Group 4
convolutional layers from each of the two structures, FVGG
and E-Net, are visualized. Each feature map is 512×28×28,
i.e.—with 512 feature arrays, each of 28×28. We visualized
the 512 feature map into a 32×16 arrays of 28×28 images.
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TABLE 5: F1 score comparison of AU detection on BP4D
dataset with FERA 2015 approaches

AU bs-geo [38] bs-geo [38] CLPN [40] sCNN [41] EAC
1 18.8 18.0 26.0 39.9 39.2
2 18.5 15.9 25.0 34.6 31.7
4 19.7 22.5 25.0 31.7 40.4
6 64.5 67.1 73.0 71.8 67.1
7 79.9 75.1 80.0 77.6 84.7
10 80.1 79.9 84.0 79.7 86.0
12 80.1 79.2 82.0 79.3 87.6
14 72.0 66.6 72.0 68.1 60.4
15 23.8 13.9 34.0 23.5 46.7
17 31.1 24.5 33.0 36.8 56.0
23 32.0 23.9 34.0 30.9 38.3

Avg 47.3 44.2 51.6 52.2 57.9

We can clearly see that the attention map made a big differ-
ence in the output feature maps. In the VGG feature map,
the hot areas or the attention areas do not have a meaningful
focus. In some areas, even the edges are highlighted as
valuable features. The neural network has no idea which
region to look into. While in the E-Net feature map, we can
clearly see the network is concentrating on the area on the
face, mainly the regions enhanced by the attention map. This
can make the E-Net extract more valuable features for AU
detection.

Fig. 5: Visualization of selected feature maps from Group 4,
with FVGG only (left) and with E-Net (right).

Comparison to Methods from FERA 2015. The FG 2015
Facial Expression Recognition and Analysis Challenge
(FERA2015 [38]) used BP4D as the challenge dataset to
encourage participants to propose high quality AU estima-
tion methods. We compared with the two baseline methods
(bs-geo using geometric features and bs-app using appear-
ance features) [38] and two top-performance methods: the
cross dataset learning and person-specific normalization ap-
proach (CLPN) [40] and the shallow CNN approach (CNN)
[41]. We trained our model with the FERA 2015 training data
and compared with the proposed methods in FERA 2015 test
data to show the EAC-Net performance. Table 5 shows the
F1 scores of the comparison. Overall the EAC-Net performs
the best on average, with a 5.7% margin over the best in the
state-of-the-art.

Finally, our EAC-Net achieves the best average perfor-
mance in AU detection in terms of both F1 score and accu-
racy measures. Compared to the state of the art approaches,
The EAC-Net shows improvement of F1 scores in all the

TABLE 6: F1 score comparison of AU detection on DISFA
dataset

AU LSVM APL [22] DRML [22] FVGG E-Net EAC
1 10.8 11.4 17.3 32.5 37.2 41.5
2 10.0 12.0 17.7 24.3 6.1 26.4
4 21.8 30.1 37.4 61.0 47.4 66.4
6 15.7 12.4 29.0 34.2 52.5 50.7
9 11.5 10.1 10.7 1.67 13.4 80.5
12 70.4 65.9 37.7 72.1 71.1 89.3
25 12.0 21.4 38.5 87.3 84.2 88.9
26 22.1 26.9 20.1 7.1 43.5 15.6

Avg 21.8 23.8 26.7 40.2 44.4 48.5

TABLE 7: Accuracy comparison of AU detection on DISFA
dataset

AU LSVM APL [22] DRML [22] FVGG E-Net EAC
1 21.6 32.7 53.3 82.7 75.1 85.6
2 15.8 27.8 53.2 83.6 82.5 84.9
4 17.2 37.9 60.0 74.1 74.5 79.1
6 8.7 13.6 54.9 64.2 77.4 69.1
9 15.0 64.4 51.5 87.1 84.0 88.1
12 93.8 94.2 54.6 67.8 70.1 90.0
25 3.4 50.4 45.6 78.6 73.8 80.5
26 20.1 47.1 45.3 61.7 68.6 64.8

Avg 27.5 46.0 52.3 74.9 75.7 80.6

AU detections results, except for AU2 (DRML) and AU15
(JPML), and of accuracy measures for all the 12 AUs. We
can also see that the F1 score and accuracy measures all
have improved from E-Net to EAC-Net: even though the
cropping layers of the C-Net only slightly increases the
average accuracy by 0.7%, the F1 score, which is a more
appropriate indicator of the performance of the algorithm,
increases by 3.5% over the E-Net. We know that the major
role of the cropping layers is for a ”smart” alignment, so it
might not have a significant effect on the faces of the BP4D
data, which are mostly close to frontal view.

Results on DISFA dataset
We follow the setting in [22] to evaluate our approach

on the DISFA dataset. In our evaluation with DISFA dataset,
we used the BP4D pretrained model; the same was used in
the state-of-the-art work [22]. That is because the DISFA is
not a suitable dataset for deep learning, for the 3 following
reasons: 1) In DISFA, the number of people is very small;
only 26 people are involved in the dataset, therefore training
a model on such a small dataset could be easily over-fitted.
2) Most of the AU occurrence rates are very small, therefore
this imbalance will affect the training of a deep learning
model. 3) For a dataset like DISFA with limited active
samples, fine-tuning on a pretrained model for a similar
task is a better choice. Therefore we use our pretrained fine-
tuned FVGG, E-Net and EAC Net to extract features from
the DISFA images. Afterward, we use linear regression to
transform our 1x2048 features to 1x8 AU prediction labels.
27 subjects are split into 3 folds to make sure the predictions
are independent.

The AU detection accuracy and F1 score are shown in
Tables 6 and 7. Compared to the state of the art approaches,
we see more significant improvement than that with BP4D.
The F1 score of the EAC-Net increases by 4.1% over the
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TABLE 8: AU occurrence rates in DISFA dataset

AU1 AU2 AU4 AU6 AU9 AU12 AU25 AU26
4.9% 4.3% 15.2% 7.8% 4.1% 12.88% 27.7% 8.8%

E-Net, and the average accuracy increases by 4.9%. More
importantly, the improvement yielded by C-Net is more
significant than by the E-Net. Note that the significant
improvement on DISFA is due to the following reasons:

(1) Our proposed approach is capable of balancing the
training datasets. The DISFA dataset is more imbalanced
than BP4D. If we directly use all the raw data, the AU
occurrence rates of AU 4, 12, and 25 are much higher than
the others (AU 1, 2, 6, 9, and 26), as shown in Table 8. Our
preprocessing in balancing the data can improve the AU
detection results.

(2) Our approach is more robust in dealing with wild
images. The DISFA subjects have small rotation angles to
the frontal view, so normalization is usually required in
most the state-of-the-art approaches, while our approach
only needs to know the approximate landmarks positions
on the faces. This makes our approach much more robust
dealing with faces which are not in frontal view. This will
be further shown in Subsection 5.5 on AU detection on face
images with large head poses.

5.3 iEAC: Intensity Estimation Using the EAC-Net
In BP4D, 5 AUs (AU6, AU10, AU12, AU14, AU17 ) are with
intensity labels, thus we use our trained EAC-Net as the
base model, then change the last multi-label classification
layer to a multi-label regression layer, leading to our iEAC-
Net (EAC-Net for intensity estimation). To optimize the
model, we map AU intensities to the range of [0,1], therefore
the outputs of the modified model are also mapped to [0,1]
via a sigmoid function. We compute the mean of absolute
differences as loss to guide the iEAC model to converge.
In our experiment, the iEAC model converges after 6000
iteration with a batch size of 256.

We run the fully automated intensity estimation and
evaluated with both the MSE (Mean Square Error) and
PCC (Pearson Correlation Coefficient) metrics as advised
by the FERA 2015 baseline paper [38]. We compared with
both the two baseline methods (bs-geo and bs-app) and two
top results reported in the FERA 2015 challenge: the Metric
Learning for Kernel Regression approach (MLKR) [39], and
the shallow CNN approach (sCNN) [41], with the same
settings. The comparison of the intensity estimation results
(with both MSE and PCC( measures) is shown in Table
9. The experiment shows that the iEAC-Net yields better
performance in most of the AUs in terms of the MSE and
PCC metrics, with margin of 0.065 in MSE and 3% in PCC
evaluation. This indicates that our proposed EAC-Net not
only can perform well in AU occurrence detection, but also
can provide reliable estimation in AU intensity prediction.

5.4 EAC-Net with Partially Occluded Faces
The AU detection on partially occluded faces is a very
challenging problem. Without complete faces, which could
be occluded by hands, glasses, hats, and other people,

traditional landmark or patch-based approaches may fail to
detect AUs. A few researchers [31] [32] have tried to learn
partial facial regions to in order to detect AUs. Since our
EAC-Net has both region enhancing and region-based CNN
models, we would like to test if our model can have a good
performance in AU detection when the faces are partially
occluded.

There are three main reasons for us to conduct this ex-
periment. First of all, our model learned enhanced features
and cropped local features in the enhancing and cropping
layers of EAC-Net. After the cropping layers, the local con-
volutional features are merged and learned as a combined
feature, therefore we believe during this process, some in-
teresting correlation can be learned. Thus even without raw
input data for some of the regions, our EAC-Net might still
be able to detect the remaining AUs on a partially occluded
face. Second, if the AUs are detectable from partial faces, it
is necessary to extend our investigation to which parts of a
face convey more information than others for AU detection.
Third, we are also interested in knowing if it is possible
to predict all AUs without the primary parts of the face
visible for some AUs. If this is true, this will imply that the
AUs mainly perceivable from the occluded parts might be
guessed based on the learned AU correlations in our model.

Fig. 6: Occluded faces for AU detection.

Given above reasons, we conduct the following exper-
iment on AU detection with occluded faces. As shown in
Figure 6, we used our EAC-Net model directly to test on the
BP4D faces where only upper, lower, left and right half-face
are visible, respectively. By investigating the model perfor-
mance, we would like to know which parts of the faces are
more important in determining AU states. To make sure the
results is better than a random guess, we also ran the test
with the test data where whole faces are occluded. For a fair
comparison with our previous AU detection results using
the EAC-Net on original face images in BP4D, the same
settings with BP4D training are used. In our experiment, we
not only detect the “perceivable” AUs on the occluded faces
but also try to predict the “unperceivable” ones, such as
predicting the lower face AUs from the upper face images.

The occluded face AU detection results are shown in
Table 10. In the table, “Lower” means only lower half of
the face are used for testing, the same goes for “Upper”,
“Left”, and “Right”. For “None”, we simply set all the pixel
values to be 0s and feed the zero image into the EAC-Net.
For a “None” face, the input to the EAC-Net will be a zero
image, therefore the outcome of the EAC-Net is also a fixed
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TABLE 9: MSE and PCC evaluation of AU intensity estimation

MSE evaluation PCC evaluation
AU bs-geo [38] bs-app [38] sCNN [41] iEAC bs-geo [38] bs-app [38] sCNN [41] MLKR [39] iEAC

AU6 1.004 1.366 1.287 0.864 0.698 0.644 0.664 0.763 0.766
AU10 0.897 1.209 1.249 0.82 0.757 0.686 0.735 0.752 0.779
AU12 0.738 1.092 0.928 0.851 0.816 0.768 0.788 0.865 0.820
AU14 1.227 1.526 1.686 1.24 0.650 0.521 0.591 0.477 0.516
AU17 0.806 0.819 0.757 0.57 0.184 0.225 0.329 0.548 0.671
Mean 0.934 1.202 1.181 0.869 0.621 0.569 0.621 0.681 0.71

TABLE 10: F1 score comparison of AU detection on partially
occluded faces of BP4D dataset

AU Lower Upper Right Left None EAC
1 31.8 27.4 31.4 25.2 27.7 39.0
2 30.0 31.6 34.6 32.4 4.5 35.2
4 21.8 29.1 21.1 28.7 22.8 48.6
6 70.5 54.9 39.7 52.9 64.8 76.1
7 72.3 74.4 66.4 70.1 58.6 72.9
10 77.0 64.6 60.9 62.6 52.6 81.9
12 75.0 67.6 57.9 59.9 56.9 86.2
14 58.5 51.6 48.2 45.7 44.5 58.8
15 15.0 14.8 7.3 18.4 3.8 37.5
17 58.1 39.3 38.7 37.8 6.0 59.1
23 28.6 18.9 27.1 12.5 13.14 35.9
24 16.3 13.0 4.3 7.6 4.9 35.8

Avg 46.3 40.6 36.5 37.8 29.8 55.9

result, which means that the occurrence rate of each AU is
the only factor for the ”recognition” score. The occurrence
rate will have impact on the recall and precision score of AU,
thus determine the F1 score of AU prediction. For columns
Lower and Upper, since some AUs cannot be seen when
running such a test on occluded faces, we use underlined
numbers to note certain AUs results are “guessed” by the
EAC-Net model. Some interesting conclusions can be made
based on the results. Here are several observations:

(1) We can predict the “unseen” AUs status with
partial faces. Comparing our “unseen” AU predictions
(underlined numbers in Table 10) to a totally unavailable
result, we can see that the EAC-Net always provides better-
than-random-guess results with the four kinds of half oc-
cluded face images, although there are obvious differences
among the four cases.

(2) It seems that the lower half of a face is the most useful
part for AU detection. If we only look into the lower part of
each face for AU detection, the EAC-Net model can produce
comparable results to the DRML [22] and FVGG result and
yield much better performance than the one from the other
three parts (i.e., upper, left, and right). Even for some unseen
AUs, like AU1(Inner brow raiser), AU2 (outer brow raiser),
AU4 (Brow lower), the results are similar to or better than
the results generated from “Up” face where these areas are
seen.

(3) We also notice that the face AU correlation is impor-
tant in single AU detection. For some obviously indepen-
dent AUs like AU7 (Lid tighter), the appearance features
may be enough and the “visibility” of that part can produce
the best result (74% for AU7 in Upper faces). But for AUs
like brow related and lip related ones, they are more de-
pendent on the occurrence of some other AUs. For example,
results could be different on detection of AU17 and AU 23

with the lower part or entire face being used. Including the
upper face information can help infer whether the AUs of
”chin raiser” and ”lip tighter” are active.

(4) The upper/lower half-faces overall can generate
better results than left/right half-faces, which means the
proposed EAC-Net might not learn the symmetrical rela-
tionship of the face very well. This is an interesting finding
that inspires us to design a model with such a function in
our future work.

From the occluded faces experiment, we can see the
proposed EAC-Net can predict reliable AU results with only
half faces, especially with lower half face images. This may
be a good sign for some scenes where only lower faces can
be seen, such that the upper faces are occluded by sun
glasses and hats. Knowing the correlation of AUs plays
an important role in AU detection for design better AU
detection models.

5.5 pEAC: EAC-Net on Faces with Large Head Poses
In our previous experiments, we have found that our EAC-
Net not only exhibits excellent performance in near frontal
static face images for AUs detection, but also its ability
in dealing with AUs detection and prediction on partially
occluded facial images. However, in real-world scenarios,
it is rare for people to show their spontaneous expressions
without changing head poses. In our algorithm design sec-
tion, we have hypothesized that our approach is adaptive to
facial poses since we have created the attention map and the
local convolutional networks are based on facial landmarks.
To verify whether the proposed approach can really predict
AUs with large head poses, we evaluate our algorithm on a
newly derived dataset with different views of face images,
which were generated from the BP4D database as the FERA
2017 challenge dataset [34].

The dataset used in the FERA 2017 challenge was gen-
erated from BP4D and BP4D+ [35]. BP4D+ is an expanded
version of BP4D with more subjects in multi-modality. In
our previous experiments, we employed the 2D version of
BP4D to train the E-Net and EAC-Net. In fact, the BP4D and
BP4D+ have also captured a 3D face model for each face
image frame. In the FERA 2017 challenge, in order to create
an AU dataset with multiple poses, the 3D face model of
each face is rotated by pitch angles of -40, -20, and 0 degrees,
and yaw angles of-40, 0, and 40 degrees, respectively, from
its frontal pose, so in total there are nine poses for each
face in total. Figure 7 shows one example, and Table 11
lists the pitch and yaw angles of each of the nine poses. As
a result, nine videos with corresponding nine head poses
are generated for each video sequence of a subject from the
BP4D dataset.
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Fig. 7: Nine head poses of a face in the BP4D AU dataset with large head poses from FERA 2017 data [34].

TABLE 11: Pitch and yaw angles for the 9 poses, and the detected frames using pEAC-Net from the validation
(development) dataset (For each pose, there are around 11,000 images)

Poses 1 2 3 4 5 6 7 8 9
Angles (yaw, pitch): degrees (-40, -40) (-40, -20) (-40, 0) (0, -40) (0, -20) (0, 0) (40, -40) (40, -20) (40, 0)

Detected frames: % 66.87 98.18 99.99 99.96 100 100 88.67 98.14 99.46

TABLE 12: AU detection results on BP4D images with large
head poses: all 9 poses

FERA Baseline Our pEAC-Net
AU F1 Accuracy F1 Accuracy

1 15.4 57.0 27.2 90.3
4 17.2 52.0 33.2 88.3
6 56.4 67.6 69.9 85.3
7 72.7 64.2 80.8 85.4
10 69.2 63.8 83.4 88.3
12 64.7 66.0 80.2 88.2
14 62.2 62.2 62.1 78.6
15 14.6 30.7 25.1 90.7
17 22.4 48.5 34.2 78.2
23 20.7 37.3 26.1 89.1

Avg 41.6 54.9 52.2 86.3

In our experiment, we train our EAC-Net by extracting
the provided videos with 9 poses from the FERA 2017
training set. We note the EAC model trained on face images
with large head poses as pEAC-Net. The number of images
for training is about 260,000, and similar balancing strategy
as we used in Table 2 is applied for boosting up the numbers
of samples of the under-represented AUs. We use the same
training configurations as we did in frontal view BP4D AU
detection.

For comparison purpose, the FERA 2017 organizers [34]
have provided AU detection baseline results on both its vali-
dation and test datasets, which are both from BP4D+. How-
ever, at the moment, only the performance results of the
baseline approach on the validation (development) dataset
is available to researchers. Therefore we only compare the
results of our EAC approach with the baseline results on the
validation dataset. We also use the landmarks provided by
the challenge organizers, so the configurations of the dataset
for testing on the validation dataset are the same with the
baseline approach.

To further investigate whether our model can avoid face
frontalization by directly applying AU detection to face
images with large head poses, we have also aligned 1,000
randomly selected images from each of the 9 poses. We
applied the pEAC-Net trained on face images with large
head poses to the aligned face images in an attempt to
verify if the alignment would improve or degrade the AU
detection performance.

The overall F1 and accuracy scores on all the nine poses

are reported in Table 12, against the results of the baseline
approach on the FERA development dataset. Table 13 and
Table 14 show the F1 scores and accuracy values on face
images of the nine individual poses, respectively. To make
it easier to compare, the baseline results for all the 9 poses
on the validation dataset are also listed. Table 15 lists the
F1 and accuracy results of AU detection with aligned BP4D
face images within 9 pose views.

From the results, we have several interesting observa-
tions as follows:

(1) Based on the pEAC-Net AU detection results on the
BP4D face images with large head poses, the pEAC-Net
shows its ability to detect AUs from facial images with
different poses. Comparing to the baseline approach, there
is a 10.6% improvement in F1 score. Although it is not fair to
compare this with the EAC-Net results on the frontal view
data of BP4D, we can see the performance improvement is
at the same level. This shows that the pEAC-Net is able to
detect AUs on face images with large head poses.

(2) The dataset of BP4D face images with large head
poses provides 9 fixed view angles. We test our pEAC-Net
on the 9 poses and find that in all the 9 angles, the pEAC-Net
can make a better AU prediction than the baseline approach.
Same to the finding from the baseline approach, the best
single view result that our pEAC-Net has achieved is also on
the pose #5, which is the F1-score at 58.3% for the 20-degree
pitch angle from the frontal view. This is interesting and
might be due to the appearance of facial expressions when
viewed from 20-degree angle being better than the frontal
view in 3D space, while the face is not largely occluded.
Note that this finding is also similar or compatible to the
finding for non-frontal view facial expression classification
reported in [36], where the similar performance was also
achieved for 30-degree view as compared to the other view
angles in recognizing six prototypic facial expressions from
the static 3DFE database [37].

(3) Another observation we can make is that with larger
angle orientations, the performance is generally becoming
worse due to more information loss. However, our pEAC-
Net performs relatively much more robust to view angle
changes: the lowest F1 scores of our pEAC-Net are compa-
rable to the highest F1 scores with the baseline approach.

(4) The aligned face AU detection experiment gives us
many valuable insights into our pEAC-Net model. Our
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TABLE 13: Comparison of F1 scores between the FERA baseline and our pEAC-Net on faces with the 9 poses

FERA Baseline Our pEAC-Net
AU 1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9

1 10.3 15.0 13.6 19.3 19.6 17.1 18.0 14.5 12.3 18.8 37.5 22.2 10.1 40.0 66.7 40.1 33.3 40.0
4 15.0 15.9 14.8 19.1 19.0 18.3 20.2 20.2 17.5 7.0 40.0 33.3 40.0 30.7 66.7 25.0 18.2 8.0
6 50.5 55.7 13.4 68.9 74.7 72.4 56.0 53.2 49.3 66.7 66.7 72.2 60.8 68.2 80.0 69.2 75.0 52.1
7 72.1 72.9 41.3 74.6 79.7 78.7 71.6 74.7 75.8 66.7 62.9 73.1 75.7 85.7 85.7 83.7 84.7 73.3
10 55.4 71.0 64.2 77.7 77.6 75.0 63.9 67.9 65.9 85.0 69.2 76.9 83.3 90.9 75.0 62.8 92.3 82.8
12 52.2 67.8 18.4 78.6 80.9 77.1 59.6 63.8 60.1 74.3 68.5 85.1 74.2 86.7 66.7 64.3 84.2 72.0
14 51.5 56.3 9.0 67.5 72.4 74.4 61.9 67.0 67.8 66.7 51.1 51.2 68.9 59.3 50.0 60.0 61.2 74.1
15 13.1 15.0 14.2 14.6 14.6 14.6 14.3 15.9 15.2 57.1 5.1 36.4 25.0 28.6 10.2 7.0 40.0 11.8
17 17.3 25.1 23.5 24.2 24.6 24.1 22.0 21.1 19.5 23.5 36.4 34.7 35.3 46.2 50.0 58.8 21.4 44.4
23 22.7 22.9 19.9 20.8 19.6 16.6 20.1 20.1 20.8 44.4 36.3 7.3 57.1 47.1 6.3 9.0 46.2 11.7

Avg 36.0 41.8 23.2 46.5 48.2 46.8 40.8 41.8 40.4 50.3 46.9 48.5 52.1 58.3 54.1 46.4 55.7 46.2

TABLE 14: Comparison of accuracy scores between the FERA baseline and our pEAC-Net on faces with the 9 poses

FERA Baseline Our pEAC-Net
AU 1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9

1 25.2 35.9 32.9 56.3 58.0 50.0 72.9 90.2 91.5 82.0 80.0 72.0 88.0 82.0 98.0 94.0 92.0 88.0
4 30.0 37.2 14.3 45.6 55.4 62.7 50.1 81.0 92.0 90.0 82.0 84.0 94.0 82.0 94.0 88.0 82.0 70.0
6 73.2 72.7 69.6 81.3 82.9 79.1 66.7 47.3 35.7 82.0 80.0 80.0 82.0 72.0 94.0 84.0 76.0 78.0
7 60.6 64.2 53.9 69.5 73.8 72.8 61.0 60.4 61.7 74.0 60.0 72.0 82.0 80.0 98.0 86.0 82.0 84.0
10 56.3 65.0 71.1 74.9 72.2 67.5 61.2 56.0 50.3 88.0 68.0 76.0 88.0 88.0 96.0 74.0 90.0 90.0
12 62.7 70.7 60.9 81.0 81.1 76.4 63.6 53.9 43.6 82.0 78.0 86.0 82.0 84.0 96.0 80.0 82.0 86.0
14 61.8 62.6 51.6 71.2 73.0 73.0 60.8 53.3 52.4 76.0 54.0 58.0 82.0 56.00 98.0 76.0 62.0 86.0
15 39.8 21.8 10.2 67.8 21.5 12.1 36.8 28.5 37.8 94.0 88.0 86.0 88.0 90.0 94 92.0 88.0 70.0
17 69.9 46.8 24.6 74.1 59.8 52.2 46.4 30.6 32.3 74.0 58.0 70.0 78.0 72.0 88.0 86.0 56.0 70.0
23 27.1 27.5 55.4 50.8 46.6 59.4 34.9 18.9 15.4 90.0 86.0 80.0 94.0 82.0 94.0 90.0 86.0 70.0

Avg 50.7 50.5 44.4 67.3 62.4 60.5 55.4 52.0 51.3 83.2 73.4 76.4 85.8 78.8 95.0 85.0 79.6 79.2

TABLE 15: AU detection results on BP4D faces with large head poses using pEAC-Net with a face frontalization pre-
processing

F1 Score Accuracy
AU 1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9

1 19.3 13.9 13.3 6.8 25.0 31.3 18.2 0 0 50.0 26.0 22.0 46.0 40.0 56.0 82.0 70.0 60.0
4 25.0 0 33.3 14.2 25.0 42.1 6.1 14.3 37.8 52.0 62.0 60.0 52.0 64.0 78.0 38.0 52.0 70.0
6 58.3 60.0 65.0 73.5 74.1 63.1 69.1 51.1 45.7 60.0 68.0 72.0 64.0 72.0 72.0 66.0 54.0 62.0
7 80.4 76.7 73.9 88.8 80.5 78.9 87.4 82.7 70.4 68.0 66.0 62.0 80.0 70.0 68.0 78.0 74.0 58.0
10 83.7 78.9 72.2 89.2 85.3 86.1 85.7 76.5 77.8 76.0 68.0 60.0 82.0 78.0 80.0 78.0 68.0 68.0
12 72.4 79.3 73.1 85.3 78.6 84.7 73.1 65.5 74.1 68.0 76.0 66.0 78.0 74.0 82.0 66.0 60.0 70.0
14 36.4 29.2 48.0 30.4 42.6 33.3 44.4 53.1 31.8 44.0 42.0 48.0 36.0 46.0 44.0 40.0 54.0 38.0
15 31.3 0 22.2 33.3 11.11 28.6 25.6 27.8 16.0 56.0 78.0 72.0 60.0 68.0 70.0 42.0 48.0 56.0
17 30.2 21.8 34.6 18.5 49.1 27.5 28.6 37.9 17.8 26.0 14.0 32.0 12.0 38.0 26.0 20.0 28.0 26.0
23 22.2 10.0 10.5 40.0 33.3 37.5 6.9 34.1 7.7 58.0 62.0 66.0 58.0 52.0 60.0 46.0 46.0 52.0

Avg 45.9 37.0 44.6 48.1 50.5 51.3 44.5 44.3 37.6 55.8 56.2 56.0 56.8 60.2 63.6 55.6 55.4 56.0

pEAC-Net can directly work on face images with large
head poses and predict better AU results on all the nine
poses than the results with an alignment pre-processing
step. This shows the orientation invariant ability of our
pEAC-Net model in dealing with head pose variations on
AU detections, although large pose may still affect the
AU detection due to information loss. As a comparison,
alignment is not only time consuming (from only 30 ms to
2500 ms per image) but probably also degrades the fidelity
of original facial expressions.

6 CONCLUSIONS

In this paper, we have proposed a region of interest based
approach for AU detection. We design the enhancing net (E-
Net) to force the neural network to pay more attention to
AU interest regions on face images. We have also proposed
the cropping net (C-Net) to ensure that individual networks

learn features in “aligned” facial areas. This makes our EAC-
Net – the integration of the E-Net and C-Net – more robust
to facial shifts and orientation differences.

We have evaluated our proposed E-Net and EAC-Net
against the state-of-the-art approaches. The AU detection
results show that our approach can achieve better perfor-
mance on commonly used AU datasets. With deep pre-
trained models and a “smarter” way to focus on interest
regions, the proposed approach shows its power in AU
detection on multiple datasets including BP4D and DISFA.

We have further tested our EAC-Net on BP4D occluded
face data and found that our learning model is able to
detect, and to a certain extent, predict AUs even with half
faces visible, especially for lower-half faces. In order to
investigate if our EAC-Net can perform well when captured
faces are in large head poses, we have trained and tested
our EAC-Net on a BP4D AU dataset – from the FERA 2017
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challenge – with face images showing large head poses. By
comparing to the challenge baseline results, we can see our
EAC-Net model leads to significant improvement in overall
AU detection as well as in each individual pose of the 9
views. We also compared the AU detection results with and
without pre-processing for face alignment, and the results
show that the alignment even worsens the AU detection
performance, meanwhile increasing the processing time.

We believe that the idea of using the AU centers to
generate attention maps should be also important in other
face computing problems, such as facial expression recog-
nition, attention monitoring and pain detection. In all these
applications, some regions of a face convey more impor-
tant information, therefore paying more attention to these
regions will probably make the performance better. The
attention map idea can also be generated to other non-facial
applications where domain knowledge is either available or
can be learned.

In a follow-on work, we have been exploring the integra-
tion of temporal information into the EAC-Net framework
using LSTM [42] to deal with the wild video AU detection
problem. In the future, we will extend our work to find-
ing more responsive areas for the enhancing and cropping
nets rather than manually locating the positions at present.
Automatic generation of attention maps may be possible by
adding a RCNN detection net; this will also be our future
work.
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