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Abstract

Recently, facial landmark detection algorithms have
achieved remarkable performance on static images. How-
ever, these algorithms are neither accurate nor stable in
motion-blurred videos. The missing of structure informa-
tion makes it difficult for state-of-the-art facial landmark
detection algorithms to yield good results.

In this paper, we propose a framework named FAB
that takes advantage of structure consistency in the tem-
poral dimension for facial landmark detection in motion-
blurred videos. A structure predictor is proposed to
predict the missing face structural information tempo-
rally, which serves as a geometry prior. This allows
our framework to work as a virtuous circle. On one
hand, the geometry prior helps our structure-aware de-
blurring network generates high quality deblurred images
which lead to better landmark detection results. On the
other hand, better landmark detection results help struc-
ture predictor generate better geometry prior for the next
frame. Moreover, it is a flexible video-based framework
that can incorporate any static image-based methods to
provide a performance boost on video datasets. Exten-
sive experiments on Blurred-300VW, the proposed Real-
world Motion Blur (RWMB) datasets and 300VW demon-
strate the superior performance to the state-of-the-art meth-
ods. Datasets and models will be publicly available at
https://keqiangsun.github.io/projects/FAB/FAB.html.

1. Introduction
Facial landmark detection, or known as face alignment,

serves as a key component for many face applications, e.g.
face recognition, face verification and face augmented real-
ity. Previous researches [41, 45, 46, 39, 8, 9, 38, 25] mainly

Figure 1: The first column is the frames of Blurred-300VW. In
the second column, the results of state-of-the-art facial landmark
detection algorithm are given. The third column corresponds to a
naive combination of deblurring and facial landmark detection. In
the fourth column are the results of our proposed algorithm.

focus on detecting facial landmarks in static images. One
natural extension of image-based facial landmark detection
is video facial landmark detection, which tries to locate fa-
cial landmarks in sequential frames. Different from static
images, motion blur usually appears in videos, due to the
mismatch of the motion speed and shutter closing speed.
As shown in Figure 1, the missing of structure information,
i.e. edges or boundaries, in the motion-blurred videos makes
it difficult for the state-of-the-art facial landmark detection
algorithms to capture facial structure. The objective of this
paper is to devise an effective framework to handle facial
landmark detection in motion-blurred videos.

https://keqiangsun.github.io/projects/FAB/FAB.html


An intuitive method is to employ a deblurring algorithm
before facial landmark detection. It is straightforward that
the deblurred image would promote facial landmark de-
tection performance. State-of-the-art face deblurring algo-
rithms [35, 6, 15] tend to rely on facial structure (e.g. facial
landmarks and edges) from the input image as strong pri-
ors to restore the shape and details. Nevertheless, these face
structure would be unavailable when the landmarks cannot
be precisely predicted, e.g. in extremely blurry frames. In
conclusion, the facial landmark detection in motion-blurred
videos requires deblurred images, while face deblurring
tends to rely on face structure like facial landmarks. They
are mutually beneficial and interdependent, which makes it
a “chicken or egg” dilemma in motion-blurred videos.

In a video clip, face structure keeps temporal continuity
and consistency, and blurry frames usually intersperse along
the time dimension. This motivates us to predict a reliable
face structure according to previous structural information.
Inspired by this idea, we proposed a Structure Predictor to
predict current face structure. Specifically, given previous
facial edges, the predictor figures out the optical flow and
extends the motion to predict next face edges by assuming
the optical flow is linear.

Based on this, we designed a framework, composed of
three modules, i.e. structure predictor, structure-aware mo-
tion deblurring network, and replaceable facial landmark
detection network, as is depicted in Figure 2. These three
components work as an organic whole. The structure pre-
dictor predicts the current facial structure from previous
temporal cues. The deblurring network removes the mo-
tion blur with the assistance of the structure prior. With
the deblurred image, the landmark detector yields accurate
landmarks, which are used to predict the next face structure.

Since our framework is proposed for Face Alignment in
Blurred-videos, we call it “FAB”. FAB is designed with the
advantage of great flexibility. Each component of the frame-
work can be replaced with faster or more accurate back-
bone, which allows our framework to be updated easily and
meet more demands.

For a better evaluation, we proposed Blurred-300VW
and RWMB dataset with severe artificial and real-world mo-
tion blur respectively. Extensive experiments demonstrate
the effectiveness of our framework and the superior perfor-
mance to state-of-the-art methods on both datasets. In con-
clusion, the contributions of this paper are:

(1) A framework, in which a face deblurring network
and landmarks detector work as a virtuous circle and obtain
state-of-the-art performance in motion-blurred videos.

(2) A novel component, structure predictor, which uti-
lizes temporal information to provide reliable face structure.

(3) Two new datasets, (i.e., Blurred-300VW and
RWMB) which are more suitable benchmarks for video fa-
cial landmark detection tasks.

2. Related work

2.1. Facial Landmark Detection

Facial landmark detection in static images. The classic
model-based methods ASMs [27], AAMs [7, 17, 23, 32],
CLMs [19, 33], ESR [3], SDM [41], CFSS [46], and deep
convolutional neural wetwork methods, e.g. TCDCN [45],
FAN [1], DSRN [26], RFLD [25], SAN [8], LAB [38] have
obtained increasingly excellent performance in static im-
ages under different poses, light conditions, expressions,
etc. However, few works in the literature of face alignment
pay attention to the motion blur. They cannot maintain out-
standing performance in case of severe motion blur. Our
paper looks into blurry scenario and propose a framework
to remove the motion blur, and then promote all these state-
of-the-art facial landmark detection algorithms.
Facial landmark detection in videos. To overcome chal-
lenging problems like large pose and occlusion, facial land-
mark detection is naturally extended to videos leveraging
temporal information [4]. Xi et al. [30] propose a recur-
rent encoder-decoder network (RED), combined with spa-
tial and temporal recurrent learning, to explicitly model
the temporal dependency relationship on frames. Hao
et al. [21] construct the two-stream transformer network
(TSTN), where the temporal stream learns to capture the
continuous consistency across multiple frames in video
clips and the spatial stream is capable of locating land-
marks. These [40, 34, 30, 11, 21, 10] are typical works
employing temporal information in facial landmark detec-
tion. However, few works have ever noticed the motion blur,
a common problem and challenge in most videos. More-
over, face structure information has not been paid attention
to in these video-based methods. In our paper, we propose
a framework that leverages the temporal and structural in-
formation to tackle the problem of motion blur.

2.2. Motion Deblurring

Motion blur, which usually happens for the mismatch-
ing of the motion speed and shutter closing speed, could be
entailed with object movement, camera shake, etc. The un-
limited nature of motion makes deblurring a complex prob-
lem. Recent years have witnessed great progress in gen-
eral image deblurring [42, 43, 20, 29, 37, 44, 5]. Compared
with image deblurring, video deblurring [16, 18, 36] can uti-
lize temporal information to handle large motion blur with
fewer network parameters. However, these methods are not
specialized for face and therefore have not leveraged face
structural information.

Structure information could efficiently assist deblurring.
Prior knowledge, especially facial structure [15, 2, 35], has
been proven to be an effective face prior in corresponding
tasks such as super-resolution and deblurring. However, as
mentioned in [35], these methods fail when the input face



Figure 2: Framework. Given two previous face edges Et−2 and Et−1, hourglassHHH predicts the optical flow F between the two boundary
maps. Warping block WWW warps Et−2 and Et−1 into next boundary map Et according to the predicted optical flow F . Recent frames
It−2, It−1, It, concatenated with the predicted boundary map, are feed to the Boundary-aware Deblur NetworkDDD, which produces a sharp
face St. Taking the deblurred sharp image St as input, the replaceable facial landmark detection network predicts more accurate landmark
location Lt, which is interpolated to face edges and provides the face structural information for next loop.

images are not well aligned, e.g. side faces or extremely
large motion where semantic face parsing or landmark de-
tection fails. Considering all these drawbacks, we designed
the framework, which exploits temporal information to pro-
vide reliable structure information and furthermore removes
the blur deeply.

3. Method
As shown in the figure 2, the proposed FAB can be di-

vided into three conjoined components: structure predictor,
structure-aware deblurring network and replaceable facial
landmark detection network. The structure predictor pre-
dicts facial structure prior for the current frame from pre-
vious frames. With help from the predicted facial struc-
ture prior, the structure-aware deblurring network generates
a clear image. Given a clear input image, the facial land-
mark detection network produces accurate facial landmarks
for the current frame, which is fed back to the structure pre-
dictor for the next frame prediction. This makes the three
networks an organic whole to perform facial landmarks lo-
calization and deblurring simultaneously and benefit each
other in motion-blurred videos.

3.1. Structure Predictor
Structure predictor plays a key role in breaking the

”chicken or egg” dilemma between deblur and facial land-
mark detection problems. It takes input facial structure of
time t � 2 and t � 1 to predicts the facial structure of cur-
rent frame t. The motion caused by camera shake or object
motion can be modeled mathematically and are continuous

in a short time. Moreover, facial structure is a semantic
meaningful, clear and well-defined representation of face
regardless of the face texture. The motion between two fa-
cial structures is much easier to extract than motion between
two face images. These properties make short time facial
structure prediction a feasible problem.

A facial structure could be represented by landmarks,
edges, part segments, 3D models etc. Landmarks are not se-
mantically stable as they would drift along edges under dif-
ferent expressions and poses. The drift of landmarks adds
noises to face motion which is harmful in structure predic-
tion. On the other hand, complex annotation such as part
segments and 3D models contains richer information but the
large-scale dataset is hard to obtain. Thus we use face edges
as facial structure information. The edges are interpolated
from landmarks of each facial component.

Given two previous face edges Et�2 and Et�1, follow-
ing previous paper [22], we use an hourglass HHH to pre-
dict the optical flow F between the two boundary maps.
Directly predicting face edges Et is also feasible but can
hardly guarantee the sharpness property of the boundary
map. However, this property is essential for following the
deblur network. Then the warping block WWW would warp
Et�2 and Et�1 into the next boundary map Et according to
the predicted optical flow F :

HHH(Et�2; Et�1) = FFF (1)

WWW (Et�2; Et�1;FFF ) = Et (2)

where t means the current time.



The facial structure predictor is pre-trained using fa-
cial landmark detection video dataset like 300VW, then
�ne-tuned together with other networks. For pretraining,
the mean squared error (MSE) between the predicted and
ground truth face boundary map. The loss is de�ned as

L prd =
1

Npixel
� kE t � EGT k2 (3)

WhereNpixel means the total pixel number in the gener-
ated image, andEGT is the ground truth of the current face
edges. In the �nal experiment, we show that the motion of
edges can be predicted accurately.

3.2. Structure­Aware Motion Deblurring

Face deblurring is dif�cult itself. Face motion is incon-
sistent with the motion blur degree because of the use of
face detection/tracking. As is shown in �gure 3, the face
remains relatively static to the bounding box, but gradually
getting blurry. However, face edges are exempt from these
problems(see the second row of �gure 3), and thus much
easier to predict. With the reliably predicted structure prior,
the deblurring network entangles the textural and structural
information and reconstructed a deblurred face.

We disentangled a face into two parts,i.e. structure, and
texture. Given accurate structure prior, boundary map, the
deblur networkDDD reconstructs a sharp image, which meets
the boundary constraint and maintains the texture consis-
tency simultaneously. Face structural information guides
the motion deblurring of current frame. This process could
also be viewed as �lling the predicted structure with the tex-
ture from previous frames. Following state-of-the-art deblur
network design [18, 37], an batch of three recent frames,
I t � 2; I t � 1; I t are used as input. Then we concatenate the
predicted boundary map, as structure prior, with the batch
of frames as input to our deblur network. An encoder net-
work extracts needed information from inputs. Then we
use a dynamic temporal blending network, following [37]
and [18], to combine information across different frames.
Finally, a decoder is used to predicts the residual between
blurry frames and groundtruth.

DDD(E t ; I t � 2; I t � 1; I t ) = St (4)

Similar to facial structure predictor, we also pre-train
structure-aware deblur network using 300VW. First, blurred
videos are generated by using methods from [18]. Then the
ground-truth edges are used as structure prior to pre-train
this network. We employ the mean squared errorL rec be-
tween the deblurred image and the ground truth sharp im-
age:

L rec =
1

Npixel
� kSt � SGT k2 (5)

Figure 3:Face structural information is reliable. In the �rst row,
the face remains relatively static to the bounding box, but gradu-
ally getting blurry. However, as is shown in the second row, face
edges are exempt from these problems, and thus much easier to
predict.

3.3. Replaceable Facial Landmark Detection Net­
work

By using the deblurred sharp imageSt as input, the re-
placeable facial landmark detection network predicts the
landmark locationL t . The facial landmark detection net-
work can be any advanced network architecture. In this pa-
per, we use the residual network with pre-activation [13,
12]. And L1 distanceL align is used as the loss for facial
landmark detection. The network is �rst pre-trained on fa-
cial landmark detection dataset and �ne-tuned together with
the other two networks:

L align =
1

Npoint
� kL t � L GT k1 (6)

whereL GT means the ground truth facial landmark loca-
tion. Npoint is the number of landmarks.

The deblurred frames would lead to better performance
for facial landmark detection task regardless of what the fa-
cial landmark detection network is used in our framework.
Almost every single landmark localization networks would
have much better performance in motion-blurred videos.
Moreover, the more accurate facial structure would further
provide better information for structure predictor in the next
loop, which forms a virtuous circle.

3.4. Alternate Fine­Tuning

Structure predictor, structure-aware motion deblurring
network and facial landmark detection network mentioned
above constitute our main architecture. The three networks
are pretrained separately and �nally alternately end-to-end
�ne-tuned together to minimize the total loss:

L total = L str + L rec + L align (7)

where theL str L rec L align are calculated according to
Equation 3, 5 and 6 respectively.

During the end-to-end �ne-tuning, the three networks
bene�t each other to achieve better performance. The losses




