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Abstract

We present a novel boundary-aware face alignment al-
gorithm by utilising boundary lines as the geometric struc-
ture of a human face to help facial landmark localisation.
Unlike the conventional heatmap based method and regres-
sion based method, our approach derives face landmarks
from boundary lines which remove the ambiguities in the
landmark definition. Three questions are explored and an-
swered by this work: 1. Why using boundary? 2. How to
use boundary? 3. What is the relationship between bound-
ary estimation and landmarks localisation? Our boundary-
aware face alignment algorithm achieves 3.49% mean error
on 300-W Fullset, which outperforms state-of-the-art meth-
ods by a large margin. Our method can also easily integrate
information from other datasets. By utilising boundary in-
formation of 300-W dataset, our method achieves 3.92%
mean error with 0.39% failure rate on COFW dataset, and
1.25% mean error on AFLW-Full dataset. Moreover, we
propose a new dataset WFLW to unify training and testing
across different factors, including poses, expressions, illu-
minations, makeups, occlusions, and blurriness. Dataset
and model are publicly available at \https://wywu.
github.io/projects/LAB/LAB.html

1. Introduction

Face alignment, which refers to facial landmark detec-
tion in this work, serves as a key step for many face appli-
cations, e.g., face recognition [[73]], face verification [48][49]
and face frontalisation [21]. The objective of this paper
is to devise an effective face alignment algorithm to han-
dle faces with unconstrained pose variation and occlusion
across multiple datasets and annotation protocols.

*This work was done during an internship at SenseTime Research.
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Figure 1: The first column shows the face images from different
datasets with different number of landmarks. The second column
illustrates the universally defined facial boundaries estimated by
our methods. With the help of boundary information, our approach
achieves high accuracy localisation results across multiple datasets
and annotation protocols, as shown in the third column.

Different to face detection [45] and recognition [73],
face alignment identifies geometry structure of human face
which can be viewed as modeling highly structured out-
put. Each facial landmark is strongly associated with a
well-defined facial boundary, e.g., eyelid and nose bridge.
However, compared to boundaries, facial landmarks are
not so well-defined. Facial landmarks other than corners
can hardly remain the same semantical locations with large
pose variation and occlusion. Besides, different annotation
schemes of existing datasets lead to a different number of
landmarks [28] 3} 66}, [30] (19/29/68/194 points) and anno-
tation scheme of future face alignment datasets can hardly
be determined. We believe the reasoning of a unique facial
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structure is the key to localise facial landmarks since human
face does not include ambiguities.

To this end, we use well-defined facial boundaries to rep-
resent the geometric structure of the human face. It is easier
to identify facial boundaries comparing to facial landmarks
under large pose and occlusion. In this work, we repre-
sent facial structure using 13 boundary lines. Each facial
boundary line can be interpolated from a sufficient number
of facial landmarks across multiple datasets, which will not
suffer from inconsistency of the annotation schemes.

Our boundary-aware face alignment algorithm contains
two stages. We first estimate facial boundary heatmaps and
then regress landmarks with the help of boundary heatmaps.
As noticed in Fig. [T} facial landmarks of different annota-
tion schemes can be derived from boundary heatmaps with
the same definition. To explore the relationship between
facial boundaries and landmarks, we introduce adversarial
learning ideas by using a landmark-based boundary effec-
tiveness discriminator. Experiments have shown that the
better quality estimated boundaries have, the more accu-
rate landmarks will be. The boundary heatmap estimator,
landmark regressor, and boundary effectiveness discrimina-
tor can be jointly learned in an end-to-end manner.

We used stacked hourglass structure [35] to estimate fa-
cial boundary heatmap and model the structure between
facial boundaries through message passing [11} 163] to in-
crease its robustness to occlusion. After generating facial
boundary heatmaps, the next step is deriving facial land-
marks using boundaries. The boundary heatmaps serve as
structure cue to guide feature learning for the landmark
regressor. We observe that a model guided by ground
truth boundary heatmaps can achieve 76.26% AUC on
300W [39] test while the state-of-the-art method [15] can
only achieve 54.85%. This suggests the richness of infor-
mation contained in boundary heatmaps. To fully utilise
the structure information, we apply boundary heatmaps at
multiple stages in the landmark regression network. Our
experiment shows that the more stages boundary heatmaps
are used in feature learning, the better landmark prediction
results we will get.

We evaluate the proposed method on three popular face
alignment benchmarks including 300W [39], COFW [5],
and AFLW [28]]. Our approach significantly outperforms
previous state-of-the-art methods by a large margin. 3.49%
mean error on 300-W Fullset, 3.92% mean error with 0.39%
failure rate on COFW and 1.25% mean error on AFLW-
Full dataset respectively. To unify the evaluation, we pro-
pose a new large dataset named Wider Facial Landmarks
in-the-wild (WFLW) which contain 10,000 images. Our
new dataset introduces large pose, expression, and occlu-
sion variance. Each image is annotated with 98 landmarks
and 6 attributes. Comprehensive ablation study demon-
strates the effectiveness of each component.

2. Related Work

In the literature of face alignment, besides classic meth-
ods (ASMs [34] 23], AAMs [13| 141} 33} 25], CLMs [29,
42|] and Cascaded Regression Models [7, 1S, 158} I8 72,
73, |18]]), recently, state-of-the-art performance has been
achieved with Deep Convolutional Neural Networks (DC-
NNs). These methods mainly fall into two categories, i.e.,
coordinate regression model and heatmap regression model.

Coordinate regression models directly learn the map-
ping from the input image to the landmark coordinates vec-
tor. Zhang et al. [70] frames the problem as a multi-task
learning problem, learns landmark coordinates and predicts
facial attributes at the same time. MDM [51] is the first
end-to-end recurrent convolutional system for face align-
ment from coarse to fine. TSR [31] splits face into several
parts to ease the parts variations and regresses the coordi-
nates of different parts respectively. Even though coordi-
nate regression models have the advantage of explicit infer-
ence of landmark coordinates without any post-processing.
Nevertheless, they are not performing as well as heatmap
regression models.

Heatmap regression models, which generate likeli-
hood heatmaps for each landmark respectively, have re-
cently achieved state-of-the-art performance in face align-
ment. CALE [4] is a two-stage convolutional aggregation
model to aggregate score maps predicted by detection stage
along with early CNN features for final heatmap regression.
Yang et al. [60] uses a two parts network, i.e., a supervised
transformation to normalise faces and a stacked hourglass
network [35] to get prediction heatmaps. Most recently,
JMFA [15]] achieves state-of-the-art accuracy by leveraging
stacked hourglass network [35] for multi-view face align-
ment and demonstrates better than the best three entries of
the last Menpo Challenge [66].

Since boundary detection was set as one of the most
fundamental problems in computer vision and there have
emerged a large number of materials [56, |52} 44, |65) 43]].
It has been proved efficient in vision tasks as segmenta-
tion [32} 27 22]] and object detection [36} 50} [37]. In face
alignment, boundary information demonstrates especial im-
portance because almost all of the landmarks are defined ly-
ing on the facial boundaries. However, as far as we know,
in face alignment task, no work before has investigated the
use of boundary information from an explicit perspective.

The recent advance in human pose estimation partially
inspires our method of boundary heatmaps estimation.
Stacked hourglass network [35] achieves compelling accu-
racy with a bottom-up, top-down design which endows the
network with capabilities of obtaining multi-scale informa-
tion. Message passing [IL1, |63]] has shown great power in
structure modeling of human joints. Recently, adversarial
learning [9, [10] is adopted to further improve the accuracy
of estimated human pose under heavy occlusion.
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Figure 2: Overview of our Boundary-Aware Face Alignment framework. (a) Boundary heatmap estimator, which based on hourglass
network is used to estimate boundary heatmaps. Message passing layers are introduced to handle occlusion. (b) Boundary-aware landmarks
regressor is used to generate the final prediction of landmarks. Boundary heatmap fusion scheme is introduced to incorporate boundary
information into the feature learning of regressor. (c) Boundary effectiveness discriminator, which distinguishes “real” boundary heatmaps
from “fake”, is used to further improve the quality of the estimated boundary heatmaps.

3. Boundary-Aware Face Alignment

As mentioned in the introduction, landmarks have diffi-
culty in presenting accurate and universal geometric struc-
ture of face images. We propose facial boundary as geo-
metric structure representation and help landmarks regres-
sion problem in the end. Boundaries are detailed and well-
defined structure descriptions, which are consistent across
head poses and datasets. They are also closely related to
landmarks since most of the landmarks are located along
boundary lines.

Other choices are also available for geometric structure
representations. Recent works [31, 47, 19] has adopted fa-
cial parts to aid face alignment tasks. However, facial parts
are too coarse thus not as powerful as boundary lines. An-
other choice would be face parsing results. Face parsing
leads to disjoint facial components which needs the bound-
aries of each component form a closed loop. However,
some facial organs such as nose are naturally blended into
the whole face thus are inaccurate to be defined as separate
parts. On the contrary, boundary lines are not necessary to
form a closed loop, which is more flexible in representing
geometric structure. Experiments in Sec 4.2 have shown
that boundary lines are the best choice to aid landmark co-
ordinates regression.

The detailed configuration of our proposed Boundary-
Aware Face Alignment framework is illustrated in Fig. 2.
It is composed of three closely related components:
Boundary-Aware Landmark Regressor, Boundary Heatmap
Estimator and Landmark-Based Boundary Effectiveness
Discriminator. Boundary-Aware Landmark Regressor in-
corporates boundary information in a multi-stage manner to
predict landmark coordinates. Boundary Heatmap Estima-
tor produces boundary heatmaps as face geometric struc-
ture. Since boundary information is used heavily, the qual-
ity of boundary heatmaps is crucial for final landmark re-
gression. We introduce adversarial learning idea [20] by
proposing Landmark-Based Boundary Effectiveness Dis-

criminator, which is paired with the Boundary Heatmap Es-
timator. This discriminator can further improve the quality
of boundary heatmaps and lead to better landmark coordi-
nates prediction.

3.1. Boundary-aware landmarks regressor

In order to fuse boundary line into feature learning, we
transform landmarks to boundary heatmaps to aid the learn-
ing of feature. The responses of each pixel in boundary
heatmap are decided by its distance to the corresponding
boundary line. As shown in Fig. 3, the details of boundary
heatmap are defined as follows.

Given a face image I, denote its ground truth annotation
by L landmarks as S = f s gf':l . K subsets S S are
defined to represent landmarks belongs to K boundaries re-
spectively, such as upper left eyelid and nose bridge. For
each boundary, Sj is interpolated to get a dense boundary
line. Then a binary boundary map B;, the same size as [, is
formed by setting only points on the boundary line to be 1,
others 0. Finally, a distance transform is performed based
on each B; to get distance map D;. We use a gaussian ex-
pression with standard deviation o to transform the distance
map to ground-truth boundary heatmap M. 30 is used to
threshold D; to make boundary heatmaps focus more on
boundary areas. In practice, the length of the ground-truth
boundary heatmap side is set to a quarter of the size of I for
computation efficiency.

( V)2
Mg = P FEED HDG) <3,
0, otherwise

In order to fully utilise the rich information contained

in boundary heatmaps, we propose a multi-stage boundary
heatmap fusion scheme. As illustrated in Fig. 2, A four-
stage res-18 network is adopted as our baseline network.
Boundary heatmap fusion is conducted at the input and ev-
ery stage of the network. Comprehensive results in Sec. 4.2
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