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Abstract. Facial landmark detection is an essential prerequisite for
many face applications, which has attracted much attention and made
remarkable progress in recent years. However, some problems still need
to be solved urgently, including improving the accuracy of facial land-
mark detectors in complex scenes, encoding long-range relationships
between keypoints and facial components, and optimizing the robust-
ness of methods in unconstrained environments. To address these prob-
lems, we propose a novel facial landmark detector via multi-scale trans-
former (MTLD), which contains three modules: Multi-scale Transformer,
Joint Regression, and Structure Loss. The proposed Multi-scale Trans-
former focuses on capturing long-range information and cross-scale rep-
resentations from multi-scale feature maps. The Joint Regression takes
advantage of both coordinate and heatmap regression, which could boost
the inference speed without sacrificing model accuracy. Furthermore, in
order to explore the structural dependency between facial landmarks,
we design the Structure Loss to fully utilize the geometric information in
face images. We evaluate the proposed method through extensive exper-
iments on four benchmark datasets. The results demonstrate that our
method outperforms state-of-the-art approaches both in accuracy and
efficiency.

Keywords: Facial landmark detection - Vision transformer -
Multi-scale feature + Global information

1 Introduction

Facial landmark detection aims to find some pre-defined locations on human face
images, which usually have specific semantic meanings, such as the eyebrow or
pupil. It has become one of the most fundamental tasks in computer vision and is
used for many real-world applications. Thanks to the development of deep learn-
ing and computer vision techniques, facial landmark detection algorithms have
achieved significant progress in accuracy and efficiency over the past decades.
Since 2012, methods based on deep neural networks have been the dominant
solution for many fields in computer vision. Similarly, facial landmark detectors
based on deep learning show significant advantages over traditional methods in
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terms of accuracy, generalization, and robustness. Recently, several facial land-
mark detection algorithms [1-3] with excellent performance have been proposed.
For instance, Feng et al. [2] proposed the Wing-Loss to increase the contribu-
tion of the samples with small and medium size errors to the training of the
regression framework. The designed Wing-Loss enables coordinate-based meth-
ods to achieve promising performance under wild environments. Xia et al. [3]
leveraged coordinate regression and Transformer to explore the inherent rela-
tionships between facial keypoints and achieve impressive results.

In order to achieve excellent performance, existing mainstream methods
attempt to utilize a more complex backbone for learning discriminative repre-
sentations, such as ResNet [4], HRNet [5], etc. Other approaches involve complex
data augmentation technologies [6], while some methods [1,3] focus on optimizing
the regression schemes with the carefully designed detection head or vision trans-
former. Although these approaches perform well on public benchmark datasets,
they are still hard to apply in unconstrained environments and complex scenes.
One issue is that most works take deep convolution networks (CNN) as the
backbone to extract features for input samples, which may pay more atten-
tion to local information but ignore some meaningful global representations and
long-range relationships. Additionally, these frameworks often overlook essential
prior knowledge of human face images, such as structural information and geo-
metric relationships of different facial components. That may limit the model’s
performance, especially on occluded and blurred face samples. Moreover, the
commonly used approaches struggle to balance accuracy and inference speed.

To address the above issues, we present a novel facial landmark detector via
Multi-scale Transformer named MTLD. The proposed method mainly consists
of three modules: Multi-scale Transformer, Joint Regression, and Structure Loss.
In order to optimize the disadvantages of the facial landmark detector based on
CNN, we proposed the Multi-scale Transformer for face alignment by making
full use of multi-scale feature maps to capture the global representations and
explore long-range relationships between different facial keypoints. The Joint
Regression can be regarded as coordination regression, which would generate a
group of heatmaps with the output multi-scale feature maps of backbone during
the training stage, then apply them as an auxiliary heatmap loss to accelerate
convergence. Notable, the heatmap loss is only used in the training stage, so it
would not affect the model inference speed. The proposed Joint Regression takes
full advantage of both heatmap and coordinate regression, which can improve
the accuracy of facial landmark detectors without scarifying the inference speed.
Prior knowledge of the human face’s structural information can improve the
accuracy of facial landmark detection models. However, current methods do not
make full use of this information. Therefore, we designed a loss function called
Structure Loss to constrain the specific information between facial keypoints.
This loss function aims to improve the continuity and consistency of predicted
localization, especially in occluded and blurred environments. In summary, the
primary contributions of this paper are as follows:
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— We propose a Multi-scale Transformer for facial landmark detection to
enhance model performance by processing multi-scale feature maps, which
can capture global information and long-range relationships between differ-
ent facial keypoints.

— We introduce the Joint Regression, which applies the auxiliary heatmap loss
to accelerate convergence and forces the model to learn more discriminate
representations. Additionally, we design the Structure Loss to constrain the
structural correlations between keypoints, thus significantly improving the
model performance under occlusion, blur, large pose, etc.

— We conduct extensive experiments to verify the model effectiveness in four
benchmark datasets, including 300W, WFLW, COFW, and AFLW. The
results demonstrate that our method obtains competitive results and fast
inference speed compared to state-of-the-art methods.

2 Related Work

2.1 Facial Landmark Detection

Facial landmark detection is a crucial technique in numerous applications involv-
ing face recognition and emotion estimation. Therefore, optimizing the perfor-
mance of facial landmark detectors can make excellent benefits for these related
tasks. Currently, CNN-based facial landmark detectors in this field primarily
fall into coordinate and heatmap regression. Coordinate-based methods directly
map the input face samples into 2D coordinates, which usually enjoy a faster
inference speed. However, the accuracy of coordinate-based methods still needs
to be improved. Therefore, Feng et al. [2] introduced a new loss function, termed
Wing-Loss, which improved the accuracy of the coordinate regression method,
especially for face samples under the occlusion and blur situations. Heatmap-
based methods utilize CNNs to encode face images into a group of heatmap
representations, each indicating the probability of a landmark localization. Now,
most high-performance facial landmark detectors are based on heatmap regres-
sion. For instance, HRNet [5] maintained multi-resolution representations in par-
allel and exchanged information between these streams to obtain high-accuracy
prediction results.

2.2 Vision Transformer

Transformer is a deep-learning model originally designed for machine transla-
tion. Now, transformer-based models have been shown to significantly enhance
the performance of many natural language processing tasks. Inspired by the suc-
cess of sequence-to-sequence tasks, there is growing interest in exploring the use
of Transformer models for various computer vision tasks. For example, DETR [7]
proposed a novel object detection system by combining CNN and Transformer,
which predicts bounding boxes via bipartite matching. ViT [8] directly extracted
representations from flatted image patches with a pure transformer encoder for
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image classification. In this study, we utilize the transformer to take full advan-
tage of multi-scale feature maps, which can help the model to establish the global
information and long-range relationships between different facial keypoints, thus
improving the model performance.
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Fig. 1. Overview of the proposed MTLD. Firstly, given a human face image, our frame-
work extracts multi-scale feature maps with the CNN-based backbone. Then, these
multi-scale feature maps are processed by two parts simultaneously: one generates
heatmaps from the multi-scale feature maps, while the other maps these representa-
tions into 2D coordinates. The generated heatmap serves as the auxiliary loss for model
training. The proposed multi-scale transformer can fully use cross-level feature maps
to extract global information and long-range relationships. Specifically, the heatmap
loss is employed in model training and discarded in inference.

3 Method

3.1 Overview

As shown in Fig. 1, we propose a facial landmark detector based on the deep
learning module named MTLD. Our method consists of three parts: Multi-scale
Transformer, Joint Regression, and Structure Loss. The Multi-scale Transformer
can enhance model performance by processing multi-scale feature maps gen-
erated from a CNN-based backbone. Joint Regression provides a new scheme
for facial landmark detection, which takes advantage of heatmap and coordi-
nate regression. Meanwhile, Structural Loss can constrain the correlation among
different facial keypoints, making the model pay more attention to geometric
information.
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Fig. 2. (a) Detailed structure of the Feature Pyramid Attention. (b) Detailed structure
of the Landmark Decoder.

3.2 Multi-scale Transformer

The architecture of our MTLD builds upon the CNN and vision trans-
former, which is used for exploiting more discriminative representations for
facial landmark detection. The introduced network architecture consists of four
parts: CNN-based backbone, Feature Pyramid Attention (FPA), Feature Fusion
Encoder, and Landmark Decoder. The CNN-based backbone encodes the multi-
scale feature maps from input samples, while the FPA obtains cross-scale rep-
resentations from them. The Feature Fusion Encoder tries to merge and encode
the output features from Feature Pyramid Attention to get feature tokens. Then,
the Landmark Decoder utilizes landmark queries and feature tokens to predict
the coordinates of each facial landmark.

CNN-Based Backbone. In the proposed method, we select the output of the
last three stages in the CNN model as multi-scale feature maps. Generally, these
feature map contains a large amount of multi-scale semantic and spatial infor-
mation. Classical CNN models can be directly used in the proposed framework
without modification, such as VGG, ResNet, and MobileNet. For instance, we
use ResNet-18 as the backbone to illustrate some details. Specifically, given an
RGB image I € REXWX3 a5 input, we can get three feature maps s3, s4, and
s5, with the stride of 8, 16, and 32, respectively. Then, these multi-scale feature
maps are fed into FPA to get refinement cross-scale representations.

Feature Pyramid Attention (FPA). Encoding multi-scale feature maps can
efficiently improve model performance in complex computer vision tasks, such as
object detection, instance segmentation, and image generation. Inspired by [9],
we introduce a Feature Pyramid Attention formed by the vision transformer to
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enhance the power of model to utilize multi-level features and capture the long-
range relationships between keypoints and facial components. The proposed FPA
is shown in Fig.2-(a). FPA uses the multi-scale feature maps s; € {ss, s4, 5}
generated by CNN-based backbone to output multi-scale feature memory M. In
order to make full use of these multi-scale representations, the it FPA would
use the (i-1)* FPA’s output as input.

The input of FPA includes three parties: queries ¢, keys k, and values v.
The g should maintain the relative position by positional embedding p, which is
defined as ¢; = s; + p;. We can get the v by Hadamard product with the prior
FPA’s output m;_1, which can be expressed as v; = s; om;_1. The k still needs
the positional embedding to align semantic meaning as k; = v; + p;. Finally, the
output of i** FPA can be calculated as:

where, the LN denotes the layer normalization, and FFN is a feed forward net-
work. The ¢; is represented by: t; = LN(s; + MHA(q;, ki, v;)), the MHA infers
the multi-head attention.

Feature Fusion Encoder. In our method, we employ FPA to encode the global
information and long-range relationships from multi-scale feature maps. How-
ever, the FPA might pay much attention to high-level representations but ignore
some details information contained in these multi-scale feature maps. Therefore,
we introduce the Feature Fusion Encoder consisting of multiple transformer
encoders to combine and improve these representations from the CNN-based
backbone and FPA. The Feature Fusion Encoder can map the input representa-
tions into cross-region feature tokens involving rich local and global information.

Landmark Decoder. The proposed MTLD can directly output the coordinates
of facial keypoints with Landmark Decoder. The detailed structure is shown
in Fig.2-(b). First, the Landmark Decoder would process the input landmark
queries with a self-attention module to make them interact with each other.
Then, each landmark query extracts discriminate representations from the input
multi-scale feature tokens. Finally, we employ a group of MLPs as the detection
head to predict the coordinate results for each facial landmark. In our setting,
all the detection heads should output prediction results. Therefore, the first
detection head output rough positions, then the subsequent ones can gradually
refine the previous results in a coarse-to-fine manner.

3.3 Joint Regression

We propose a novel face alignment scheme named Joint Regression to address
the challenging problem of balancing the model accuracy and inference speed.
The proposed Joint Regression can be viewed as a combination of heatmap and
coordinate regression, which takes full advantage of them. Our framework first
employs the CNN-based backbone to encode the input face samples into a group
of mulita-scale feature maps. Then, these feature maps would be processed in
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two parts simultaneously: one generates heatmaps from the multi-scale feature
maps, while the other maps the representations into 2D coordinates.

We employ several convolutional layers at the top of the CNN-based backbone
for converting the input multi-scale feature maps into a set of heatmap repre-
sentations Fyg € REXWiXNn where Hy, and W) represent the height and the
width. The N, denotes the number of facial keypoints. The extracted heatmap
representation can be seen as the probability of landmark location. Inspired by
heatmap regression, we employ the Lo loss function to compare the ground-truth
heatmap Ly and predict ones Fyg. The Ly, is defined as:

»Cheat = ||LH - FH”% (2)

Notable, the heatmap loss can only be used for auxiliary supervision during the
training stage and removed when the model testing and deployment. Therefore,
it would not affect the inference speed and model efficiency.

At the same time, the selected multi-scale feature maps generated by the
CNN-based backbone are also fed to the designed Multi-scale Transformer, which
can map them into 2D coordinates of facial landmarks. We adopt L; loss to
minimize the error L.yo-q between the predicted results and 2D ground truths:

Ecoo’rd = HLC - JC||17 (3)

where, the Lc and J¢ denote the 2D annotations and predicted results, respec-
tively.

3.4 Structure Loss

The human face contains large amounts of geometric information, which are
beneficial to improve model performance, especially face under occlusion, blur,
lighting, and extreme pose. In order to make full use of these dependencies,
we propose Structure Loss to exploit the structural information among facial
landmarks effectively. Specifically, the location of facial landmarks is relatively
fixed, such as the pupil locates in the center of the iris. Therefore, the structural
information can be used to infer the location of adjacent facial keypoints and
prevent some abnormal prediction results. The proposed Structure Loss aims
to ensure that the distances between predicted keypoints are the same as those
calculated from the ground truth. We formulate the Structure Loss as follows:

Catrue = 3 O 1T = 3503 — L — Ly 3], @

iEN jEC

where J and L denote the prediction result and ground-truth labels, respectively.
The N indicates the total number of facial landmarks, and i represents the 3"
landmark. C is a collection, which contains M closet landmarks to the i*” one,
and j denotes the j** landmarks in C. In our setting, the number of adjacent
landmarks Num. is 5. Structure Loss is beneficial to enhance the stability and
robustness of facial landmark detection approaches.
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3.5 Training Objective

We formulate the goals of MTLD and get the overall training objective, which
is computed by:

[/total - )\h[/heat + )\cﬁcoord + )\sﬁstruca (5)

where A\p, Ac, and A; denote the balancing parameters used to reweight these
above loss functions.

Table 1. Facial landmark detection results about NME (%) on 300W, AFLW, and
COFW. Lower is better. Red denotes the best, and blue indicates the second best.

Method Backbone 300W AFLW COFW
Full | Comm. | Chal. | Full | Fron.

LAB [6] ResNet-18 3.49 | 2.98 5.19 |1.85 |1.62 |3.92
Wing [2] ResNet-50 4.04 | 3.27 7.18 | 1.47 |- 5.07
ODN [10] |ResNet-18 | 4.17 |3.56  6.67  1.63 1.38 -
HRNet [5] | HRNet-W18|3.32 | 2.87 5.15 |1.56 |1.46 |3.45
AWing [11] | Hourglass 3.07|2.72 [4.52 |- - -
PIPNet [1] | ResNet-101 |3.19 |2.78 4.89 142 |- 3.08
SDFL [12] | ResNet-18 3.28 | 2.88 493 | - - 3.63
SLPT [3] |ResNet-34 |3.20 278 493 - - 411
MTLD ResNet-18 3.28 | 2.81 496 |1.42 [1.31 |3.25
MTLD ResNet-50 3.20 | 2.75 494 11.401.30 | 3.06
MTLD ResNet-101 | 3.15|2.74 4.85 | 1.39]1.28 | 3.04

4 Experiments

4.1 Implementation Details and Datasets

In the training phase, all input images need to be cropped by bounding boxes,
then resized to the size of 256 x 256. The data augmentations are applied for
model training, including random rotation, occlusion, scaling, horizontal flip-
ping, and blurring. We adopt pre-trained ResNet-18 as the default CNN-based
backbone. In order to get more accurate results, we also conduct experiments
based on ResNet-50 and ResNet-101. The total epochs are 150, and the mini-
batch size is 64. We choose Adam as the optimizer with an initial learning rate
is 3.0 x 10~*, and then decay by 10 at 70" and 120*" separately. The imple-
mentation of our method is based on PyTorch with one NVIDIA Tesla A100
GPU.
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Table 2. Facial landmark detection results about NME (%) on WFLW test and 6
subsets: pose, expression (expr.), illumination (illu.), make-up (mu.), occlusion (occu.)
and blur. For the NME and FR, lower is better.

Method backbone Test | Pose | Expr. | Illu. | Mu. | Occl. | Blur
LAB [6] ResNet-18 | 5.27 [10.24|5.51 |5.23 |5.15 |6.79 | 6.32
Wing [2] | ResNet-50 |5.11 [8.75 |5.36 |4.93 |5.41 |6.37 |5.81
HRNet [5] | HRNet-W18 | 4.60 | 7.94 |4.85 |4.55 [4.29 |7.33 | 6.88
Awing [11] | Hourglass | 4.36 | 7.38 |4.58 |4.32 |4.27 |5.19 | 4.96
PIPNet [1] | ResNet-101 |4.31 |7.51 |4.44 |4.19 |4.02|5.36 |5.02
SDFL [12] | ResNet-18 4.35 | 7.42 14.63 4.29 [4.22 |5.19 | 5.08
SLPT [3] |ResNet-34 4.20|7.18 |4.52 [4.07|4.17 |5.01 |4.85
MTLD ResNet-18 | 4.47 | 7.80 |4.54 |4.40 |4.31 |5.52 |5.23
MTLD ResNet-50 |4.39 | 7.70 |4.41 |4.22 |4.15 |5.43 | 5.12
MTLD ResNet-101 |4.25|7.29 |4.37 [4.10 4.03 5.31 [4.91

In order to evaluate the performance of our proposed method, we conduct
extensive experiments on four benchmark datasets: 300W [13], COFW [14],
AFLW [15], and WFLW [6]. Most of the experiment setting about datasets
follow [5]. We adopt the normalized mean error (NME) to evaluate the perfor-
mance of our approach on the benchmark dataset. Specifically, the inter-ocular
distance is used as the normalization distance for 300W, COFW, and WFLW,
while using the face bounding box as the normalization distance in AFLW.

4.2 Main Results

We compare our proposed method with several state-of-the-art approaches on
four benchmark datasets in terms of NME. To further explore the effectiveness
of the backbone, we conduct experiments with different CNN modules, includ-
ing ResNet-18, ResNet-50, and ResNet-101. Some visualization results of our
proposed MTLD on 300W and WFLW are shown in Fig. 3.

300W. We compare the proposed MTLD with other state-of-the-art methods
on 300W and its subsets. Table1l shows that MTLD with ResNet-18 obtains
comparable results with existing approaches. We can find that our method with
ResNet-101 achieves the second best detection accuracy on 300W-Full, Common,
and Challenging sets, which is only slightly behind AWing [11].

AFLW. The AFLW dataset is a challenging benchmark for evaluating facial
landmark detectors. We compare the proposed MTLD with the existing methods,
and the results are shown in Table 1. Obviously, our framework with ResNet-
18 gets 1.42% NME, which is comparable with SOTA methods. Furthermore,
MTLD with ResNet-50 or ResNet-101 outperforms all the existing methods on
AFLW-Full and AFLW-Frontal datasets.
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Fig. 3. Visualization results of our method. (a) Results on 300W. (b) Results on
WFLW.

COFW. In Table 1, we report the comparison results with existing SOTA meth-
ods on the COFW dataset. The results indicate that MTLD with ResNet-18
obtains 3.25% NME, which is slightly higher than Wing-Loss [2] and HRNet [5].
Furthermore, the MTLD with ResNet-101 gets 3.04% NME and outperforms the
previous methods by a significant margin.

WFLW. The WFLW dataset is more challenging than 300W and COFW, which
provides many face images with various senses. We conduct experiments on
WFLW and six subsets. Table2 demonstrates NME results about the SOTA
methods and MTLD with different backbones. We observe that MTLD with
ResNet-18 achieves comparable performance to the SOTA methods equipped
with more complex models, such as Hourglass and HRNet. Furthermore, MTLD
with ResNet-101 achieves SOTA performance on one subset and second best
results on four subsets.

4.3 Ablation Study

In this section, we conduct several experiments to verify the effectiveness of the
proposed module. Then, we evaluate the model size, computational cost, and
inference speed of MTLD. Besides, we also design experiments to explore the
appropriate number of adjacent landmarks in Structure Loss.

Effectiveness of Proposed Modules. In this section, we investigate the effec-
tiveness of these modules and conduct experiments on the 300W-Full dataset
with NME. For easy comparison, we make the coordinate regression framework
with ResNet-18 as the baseline model. Then, add different modules proposed
in this paper and analyze their impact on the results. The results are shown in
Table 3. We observe that each proposed module is beneficial to improve model
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Table 3. The NME (%) of different modules on 300W-Full dataset, including: Base-
line (Base.), Multi-scale Transformer (MST.), Heatmap Loss (Heat.), Structure Loss
(Sturc.). Lower is better.

Base. | MST. | Heat. | Struc. | NME
v 4.02
v v 3.39
v v v 3.34
v v v 3.30
v v v v 3.25

accuracy. The designed MTLD equipped with Multi-scale Transformer, Heatmap
Loss, and Structure Loss can achieve 3.25% NME in the 300W-Full dataset.
Specifically, the Multi-scale Transformer can significantly boost the model per-
formance.

Table 4. The comparison of different approaches in backbone, model size (Param)
computational cost (GFLOPs), and inference speed (fps) on CPU and GPU.

Method Backbone Param | GFLOPs | CPU | GPU
LAB [6] ResNet-18 24.1M | 26.7G 2.1 16.7
Wing [2] ResNet-50 91.0M | 5.5G 8.0 130.0
HRNet [5] | HRNet-W18 | 9.7M |4.8G 4.4 |11.7
PIPNet [1] | ResNet-18 | 12.0M | 2.4G 35.7 | 200
MTLD ResNet-18 12.6M | 2.7G 45.8 | 213.5
MTLD ResNet-50 27.3M | 5.8G 13.5 |112.2
MTLD ResNet-101 |46.0M | 10.7G 76 |66.5

Model Size and Speed Analysis. To further evaluate the model’s effective-
ness, we compare the model size (Params), computational cost (FLOPs), and
inference speed (FPS) of our MTLD with SOTA methods. Specifically, the input
samples are resized to 256 x 256, and models are implemented with PyTorch. To
compare the inference speed, we evaluate these frameworks on CPU (Intel i7-
9700@3.00GHz) and GPU (Nvidia Tesla A100), respectively. Results are shown
in Table4, which indicates that our proposed method with ResNet-18 gets 45.8
FPS and 213.5 FPS on CPU and GPU, respectively. Compared with existing
methods, MTLD obtains comparable performance while maintaining a fast infer-
ence speed.

Number of Adjacent Points. To explore the appropriate collection number
of adjacent points in Structure Loss, we conduct experiments on the 300W-Full
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dataset in terms of NME. The results are shown in Table 5. It can be observed
that when the Num. is set to 5, our method can deliver the best performance.

Table 5. The NME (%) results of our method with different number of adjacent points
on 300W-Full dataset. Lower is better.

Num |0 1 3 5 8 10 |15 |20 |30
NME | 3.29|3.28 | 3.26 | 3.25 | 3.27 | 3.27 | 3.30 | 3.36 | 3.45

5 Conclusion

In this paper, we propose a facial landmark detector named MTLD, which
includes three modules: Multi-scale Transformer, Joint Regression, and Struc-
ture Loss. Specifically, the carefully designed Multi-scale Transformer enables
the model to capture the global dependencies between keypoints and facial com-
ponents from multi-scale feature maps. The Joint Regression takes advantage of
heatmap and coordinate regression, which can achieve superior accuracy results
and faster inference speed compared with existing methods. In order to make full
use of geometric information contained in the human face, the proposed Struc-
ture Loss can force the model to pay more attention to the correlation between
landmarks. Additionally, we validate the efficiency and effectiveness of different
modules in this paper. Extensive experiments on several benchmark datasets
show that MTLD can outperform previous works and offer a better trade-off
between accuracy and efficiency.
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