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HP-FLDet: A High Performance Multi-task Joint Face and Landmark Detector

Abstract

Face detection and landmark localization are usually the fundamental and important steps of facial analysis. The
accuracy degradation of any task has impacts on the accuracy and robustness of the downstream analysis. In most
facial analysis systems, face detection and landmark detection, as two independent tasks, are predicted sequentially
with single-task detectors respectively, which suffer from the higher complexity and poorer consistency. In contrast,
multi-task joint face and landmark detectors are more efficient and have more shared features. However, when two
tasks are predicted in one model, it is difficult to improve the accuracy of all tasks simultaneously, due to the different
requirements of the different targets to be detected. In our opinion, the multi-task detection model, integrating the
perception ability of both scale variation and detailed texture information for face and landmark detection, is arduous
but important in unconstrained settings.

In this paper, a High-Performance joint Face and Landmark detector(HP-FLDet) is proposed, which can predict facial
bounding boxes and landmarks in single stage and improve the accuracy of both face detection and landmark localization
simultaneously. In this detector, the context inception block and scale-aware multi-task strategies are designed to
resolve extreme scale variance and improve the perception ability of detailed texture information. It demonstrates
superior performance on both face and landmark detection datasets including AFW, PASCAL Face, FDDB, Wider Face
and AFLW. Especially, it achieves SOTA results on the most challenging WIDER FACE dataset with 0.970(Easy),
0.963(Medium), 0.921(Hard) mAP on the test subset, which outperforms all state-of-the-art rivals.

Keywords: Face detection, Landmark detection, Scale-aware, Multi-task, Single-stage, mixture dense regression, high

resolution heatmap.

1. Introduction

Face detection and facial landmark detection are two
essential and fundamental steps in many facial analysis
applications, such as recognition [1, 2], generation [3], ma-
nipulation [4], tracking [5], attributes analysis [6], etc. The
purpose of face detection is to locate facial bounding boxes
on images, while facial landmark detection seeks to predict
landmarks (i.e., nose, eye, etc.) in the facial regions. The
accuracy of them are vital import for the follow-up tasks.

In typical facial analysis systems, face detection and
landmark detection are two separate tasks. Their pro-
cess typically begins with the face detector [7, 8, 9] fol-
lowed by the landmark detector [10, 11]. Although these
approaches are historically successful, there are still limi-
tations. Firstly, the overall process is complicated as there
are two detectors and the landmarks need to be detected
on each face seperately. Secondly, detectors can’t benefit
from the shared supervision during the training. Thirdly,
it is difficult to jointly optimize the face detectors and
the landmark detectors. In most applications, landmark
detectors are trained based on the detected faces of spe-
cific face detector. When the corresponding face detector
is updated, the landmark detector is usually need to be
reoptimized [12, 13].

Different from single-task approaches, multi-task ap-
proaches can predict facial bounding boxes and landmarks
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with single model. Most multi-task detectors adopt the
multi-stage architecture [14, 15, 13], in which the face pro-
posals are obtained in the first stage and then the bound-
ing boxes are refined or the landmarks are detected on
the facial regions in the succeeding stages. Recently, some
multi-task detectors with single-stage architectures have
been proposed. Compared to the rivals with multi-stage
architectures, they are usually more practical with the
competitive face detection accuracy [16, 17, 18, 19]. How-
ever, they usually take landmark as a by-production and
have the lower landmark detection accuracy.

For all concerns above, a single-stage multi-task face and
landmark detector(HP-FLDet) is proposed by addressing
two key questions:

1.1. 1: How to integrate the global and local information
for both face and landmark detection in single stage.

As there are many tiny faces and large scale variations
in unconstrained settings, it is hard to achieve ideal accu-
racy for both face classification and landmark localization
simultaneously. In terms of face detection and facail land-
mark localization tasks respectively, the regression-based
detector usually achieves better results on face detection
task as it can get more global information for scale vari-
ation, while the heatmap-based detector has higher accu-
racy on facail landmark detection task as it can get more
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local detailed texture information for landmark localiza-
tion [13]. Therefore, a unified framework, intergrating
both global and local information, is improtant for single-
stage detectors to improve the accuracy of both the face
and the landmark detection.

In this paper, a multi-task detection framework is pro-
posed with the heatmap-based and the regression-based
detection heads as in Fig 2, inspiring by the bottom-up
pose estimation approaches [20, 21, 22] with two kinds
of detection heads (the heatmap-based head and the
landmark-grouping head). For the face detection task,
The heatmap-based head can evaluate the probability of
face centers on the grid points, and the regression-based
head can predict the faces’ offset and size against the grid
points. For the landmark detection task, heatmap-based
head gets detailed texture information for the landmarks’
localization, while the regression-based head provide the
supplemented global information.

1.2. 2: How to improve the accuracy of heatmap-based
anchor-free joint face detector.

From the previous work, there are some observations:
(1) Anchor-based face detectors [23, 7, 17, 24, 25] have
demonstrated the most promising accuracy, particularly
on the most challenging dataset Wider Face [26]. (2)
Almost all the state-of-the-art(SOTA) anchor-based face
detectors adopt multi-scale detection heads and deploy
many facial specific modules for dense anchor design [9]
and anchor mining [8, 23, 24], which may lead to anchor
misalignment and poor design generality easily. (3) Al-
though heatmap-based anchor-free detectors can achieve
SOTA results on the generic object detection [27, 28, 29],
yet most heatmap-based face detectors [30, 15] suffer from
low face detection accuracy [13]. By comparing widely
used face detection datasets, such as Wider Face, with
the generic object detection datasets, like MS-COCO [31],
it can be found that the face detection has more rigor-
ous tiny/small scale objects and larger scale variation, as
shown in Fig 1. Then, the drawbacks of existing heatmap-
based detectors are analysis comparing with anchor-based
detectors when addressing tiny faces. Firstly, heatmap-
based detectors usually adapt heatmap of 1/4 resolution
for object detection, which are sparse for the localization of
tiny faces and their landmarks, while anchor-based face de-
tectors can generate more face proposals with multi-scale
detection heads and divide-and-conquer solution. Sec-
ondly, most heatmap-based detectors pay less attention to
scale variation, while anchor-based face detectors proposed
many modules to preserve multi-scale context feature like
FEM [32] and PA [33], H/LFGP [34], and RFPF [35] etc.
In addition, the distance losses of heatmap-based detec-
tors are usually L1/12 distances, which are not consistent
with the evaluation metric IoU and not friendly for tiny
faces.

Based on the analysis above, we try to address the rigor-
ous tiny faces and scale variation problems with heatmap-
based method adaptively. The UCM module is proposed

to generate the higher-resolution heatmap with denser pro-
posals and more fine-grained localization of tiny faces and
their landmarks. Meanwhile, the context inception block
and adaptive scale-aware strategies are developed on the
detection heads for the scale variation problems. There-
fore, the proposed framework unifies two distinct detec-
tion tasks, seamlessly integrating global and local infor-
mation. This integration enhances the models’ perceptual
capabilities across scale variations and detailed texture de-
tails in both face and landmark detection tasks. Experi-
ments are conducted on both the face detection datasets
and the landmark detection datasets. In face detection
task, PFLDet demonstrates superior performance on all
widely-used datasets, including Wider Face, FDDB, AFW
and PASCAL Face, and achieve SOTA results on the most
challenging Wider Face dataset. In face landmark detec-
tion task, HP-FLDet outperform SOTA single-stage joint
detectors on sparse landmark detection task, and achieve
competitive results with single-task face landmark detec-
tors on dense landmark detection task.

To summarize our contributions:

o A multi-task single-stage face and landmark detec-
tor is proposed, which can detect face and their land-
marks with single model in single stage. Meanwhile, it
achieves high performance on both face detection and
landmark localization tasks, enhancing the detector’s
versatility and applicability across various scenarios.

e By systematically studying how to integrate the face
and landmark detection in single-stage with higher
accuracy, an adaptive multi-task detection framework
are proposed. The framework can integrate the global
and local information for both face detection and fa-
cail landmark detection tasks with targeted solutions
for tiny/small faces and large scale variation.

o For face detection, HP-FLDet achieve SOTA results
on common face detection datasets, especially on the
challenging Wider Face Dataset. For landmark de-
tection, HP-FLDet can achieve competitive results
on both sparse and dense facial landmark detection
datasets.

2. Related Work

2.1. Multi-stage and single-stage face detectors

Based on the detection pipeline, current detectors can be
divided into two categories: multi-stage and single-stage.
In this subsection, we will discuss the differences of multi-
stage and single-stage methods on both single-task face
detection methods and multi-task face and landmark de-
tection ones.
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Figure 1: Cumulative density of object size(the minimum
length/width) on face detection dataset Wider Face and generic ob-
ject detection dataset MS-COCO. Face detection has severer tiny-
scale problem. There are around 51%/24% faces smaller than 20
pixels on train/val set of Wider Face, while only 12% objects smaller
than 20 pixels on MS-COCO.

Single-task Face detectors. Inspired by multi-stage generic
object detectors, many multi-stage face detectors are pro-
posed, such as MTCNet [14] and MaskFace [13]. Al-
though with high face detection accuracy, multi-stage de-
tectors suffer from high complexity and latency. Mean-
while, single-stage face detectors [8, 24, 7] have sprung
up and been dominated recently. With Feature Pyramid
Network(FPN), context enhancement and anchor related
strategies, they can achieve high face detection accuracy
at higher inference speed compared with multi-stage de-
tectors.

Multi-task face and landmark detectors. For joint face and
landmark detection, multi-stage joint detectors offer a gen-
eral and flexible architecture with the ‘proposal and re-
finement’ mechanism in which the faces are detected in
the first stage and then the landmarks are detected or re-
fined in the following stages. For example, BB-FCN [15]
follows a coarse-to-fine cascaded pipeline. MOS [16] fuses
separate CNN with a landmark feature learning branch.
MaskFace [13] adopt a RolIAlign layer for landmark lo-
calization. By contrast, There are much fewer single-
stage joint face and landmark detectors as landmarks are
hard to be localized with facial context information in the
single-stage setting, especially for tiny faces. Almost all of
them [17, 18, 19] adapt the architecture of single-task face
detector and add a simple landmark regression branch.
These methods usually have higher face detection accu-
racy, but lower landmark localization accuracy compared
with multi-stage rivals.

2.2. Anchor-based and anchor-free detectors

Based on the design of detection heads, current detec-
tors can be categorized into anchor-based and anchor-
free detectors. Most SOTA face detectors belongs to
anchor-based detectors. Practically, the performance of
anchor-based detectors drop dramatically when objects
becoming smaller as the discrete anchor scales and an-
chor misalignment. Therefore, most SOTA anchor-based
face detectors focus on effective anchor design and sam-
ple strategies, such as scale compensation anchor match-

ing strategy [23], Pyramid Anchors(PA) [33], Data-Anchor-
Sampling [33], Improved Anchor Matching(IAM) and Pro-
gressive Anchor Loss(PAL) [32] and IoU-aware Branch [7],
to address these problems. Nonetheless, even with em-
pirical settings, proper anchor selection is still challenging
with the following misalignment phenomenon [8].

Compared with anchor-based methods, anchor-free
methods [27, 36, 37] can reduce anchor-related hyper-
parameters with more potentials of generalization ability,
and achieve high performance in genetic object detection
as their superior definition of positive and negative sam-
ples. However, there are much fewer anchor-free detec-
tors in the domain of face detection. LFFD [38] follows
center-based settings and regards the RFs as natural an-
chors, which can cover continuous face scales. Actually,
LFFD is still an anchor-based method with another way
to define anchors. CenterFace [18] transform face detec-
tion as a center estimation problem following [36]. Both
LFFD and CenterFace focus on light-weighted face de-
tection whose accuracy are lower compared with SOTA
anchor-based face detectors.

In this paper, a single-stage anchor-free joint face and
landmark detector is proposed, which can improve the
landmark detection accuracy in single stage by combining
structure and contextual information. We then analyze
and mitigate the problems of heatmap-based face detec-
tors when addressing tiny faces, and achieve competitive
face detection accuracy with anchor-based face detectors.

3. Methods

The framework of HP-FLDet consists of three parts in-
cluding backbone, context inception block, and multi-task
heads as in Fig 2. In this section, the overall structure will
be described with two parts: 1) context inception block,
2) multi-task face and landmark detection, and the scale-
aware strategies of both face and landmark detection tasks
accordingly.

3.1. Context Inception Block

Different from genetic object detectors, HP-FLDet pays
more attention to tiny faces and scale variation. As indi-
cated in the introduction section, high resolution heatmap
and context inception are import for high performance
face and landmark detection. Therefore, Context Incep-
tion Block (CIB) is proposed as in the left bottom side
of Fig 2. Given an input image I of size H X W X C, the
basic featuremap F € R 5 generated from the back-
bone of the feature extractor, then the Context Inception
Block extracts task-specific featuremaps Fy., € RExExC”
and Fy,, € R#*5%C" The Context Inception Block mainly
consists of two modules including the Context-aware Mod-
ule (UCM) and the task-specific SPP modules. Firstly, a
Context-aware Module (UCM) is designed for the genera-
tion of higher resolution heatmap. The UCM module up-
samples the basic featuremap F from 1/4 to 1/2 resolution



Feature Extractor

Context 12
Inception
Block
Context Inception Block
- — -+Bu|cBlod<s -+ | sep
, Conv 33 (Conv3x3
Upsample Maxpool
-: Concat o3 Concat SPP  Basic Blocks Courss Concat > Basic Blocks
(Conv 353
Conv 7x7,
et Seder Mool

Face Detection Head

Leenter m u . Face Center

ﬁj Y R Ee—

Landmark Detection Head

€ _ ¢, oM ¢MoM a0 ¢, 0, D

w Al o
FeatureMap | """ g B e

p(tilx:)

JAS

Lrips

LHkps

Figure 2: An overview of the proposed single-stage joint face detector HP-FLDet. The framework consists of one feature extractor on the
left side and two detection heads on the right side. The feature extractor generate feature maps, while the detection heads detect faces with
bounding boxes and landmarks. The context inception block(CIB) of the feature extractor is detailed on the left bottom side.

by paralleling with different depth of 3 x3 convolution lay-
ers. With higher resolution featuremap, the UCM module
helps the detection heads locate tiny faces and their land-
marks more precisely. Meanwhile, the paralleled multi-
context branches help the UCM module separate out the
more important contextual information from higher reso-
lution featuremap and get features from different recep-
tive fields with multi-scale context. Then, we employ two
SPP [39, 19] modules to enhance the scale-aware ability
and extract task-specific features by pooling multi-scale
versions of itself. Featuremaps Fg., and Fy,, are gener-
ated from separate SPP module for face and landmark
detection tasks respectively. In addition, considering the
large amount of tiny faces in face and landmark detection
task, the convolution kernels in SPP modules are revised
to smaller size adaptively to increase the overall face de-
tection performance.

3.2. Multi-task face and landmark detection

In this subsection, we will describe the overall design of
the multi-task joint detector, and the scale-aware strate-
gies of both face and landmark detection tasks accordingly.

Multi-task detection settings. For multi-task face and
landmark detection, each face is detected with a bound-
ing box and K landmarks. After feature extractor, fea-
turemaps Fgor and Fy,, are generated for face and land-
mark detection, respectively. With the face detection
heads on the top right side in Fig 2, each cell fset in
featuremap F,, generates two kinds of embeddings with
channel size C%(i € [0, 1]): C4 = 1 for center localization,
C‘lie’ = 4 for bounding box localization. With the face de-
tection heads on the bottom right side in Fig 2, each cell
fips in featuremap Fy,, generates two kinds of embeddings

with channel size Cl].(ps(i e [0, 1]): Céps = K +2 for heatmap-
based landmark localization, and C’f” ¥ = Mx(2K + 3) chan-
nels for regression-based landmark localization. K indi-
cates the number of predicted landmarks of each face.
M indicates the number of Gaussian distribution of mix-
ture dense network in equation (6). Therefore, the overall
multi-task loss is composed of 4 components including the
face classification, the facial bounding box localization, the
heatmap-based landmark localization and the regression-
based landmark localization as in equation (1).

L= Lcenter + /lbobeox + /lHkpsLHkps + /lepSLRkps (1)

where Leyer is the binary loss of face classification, Ly, is
the regression loss of facial bounding boxes, Ly, is the bi-
nary loss of landmarks localization, Lg, is the regression
loss of landmarks with Mixture Dense Regression, Ay,
Akps and Aggps are the corresponding coefficients. The de-
tailed explanations of both face detection and landmark
detection tasks in equation (1) are as follows.

Face detection. As in Figure 2, face detection includes two
branches: face classification branch and bounding box re-
gression branch. Face classification is performed on the
high-solution face detection heatmap instead of multi-scale
detection heads based on the feature pyramid. In face de-
tection head, cells on the heatmap with peak values are se-
lected as faces. As tiny faces have smaller perceived area,
cells with tiny faces are smoothed with adaptive Gaussian
radius on the heatmap. We set Gaussian radius with the
overlaps of predicted bounding box and the ground-truth
adaptively instead of same standard deviation. Face clas-
sification 108S Leener is calculated by the focal loss [29] as



in equation (2).
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where p; is the cells’ value on the heatmap, which indicates
their probability of face centers, @ and y are the hyperpa-
rameters of the focal loss, which are set to 2 and 4 in our
experiments. N, indicates the number of faces in the
image.

facial bounding box is generated by a face center with
corresponding height, weight and offset on the bounding
box regression branch. In most anchor-free object detec-
tors, the box regression loss are smooth L1 or L2 Loss,
which are not consistent with the regression evaluation
metric (IoU) and not friendly for tiny faces. Therefore,
we turn to GIoU Loss for the bounding box regression as
in equation (3), where A, and U are the intersections of
the detected bounding boxes and the ground-truth. GloU
Loss is selected as the loss function of face detection in-
stead of others, such as DIoU and CloU, as it is invariant
for face scales and there are no initial anchor-matching
problems, which is friendly for heatmap based anchor-free
face detection.
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GloU = IoU - (3)
In addition, the offset loss is added to adjust the center’s
localization slightly when remapping its position from the
original resolution to the lower resolution as in equation
(4), where xy and yy are the x and y coordinate of cell f, n
is the down sampling ratio of the face detection heatmap
compared with the original image.
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The overall loss of facial boxes Ly, is in equation (5).

N
1
Lpox = 1 = GIoU + N HZ:; Smooth L1 Loss <0f, 6_f) (5)

Landmark detection. Face landmarks are detected with
two branches: the heatmap-based landmark localization
branch and the regressed-based landmark localization
branch. The regression-based branch pays more atten-
tion to the structural information, while the heatmap-
based one can get more local contextual information. In
heatmap-based head, points are selected as landmarks
when they fall in the facial bounding boxes with peak
values. In most heatmap-based landmark detectors, the
ground truth heatmaps are smoothed by fixed Gaussian
kernels. It is not friendly for large scale variation, and may

introduce confusion when there are tiny/small faces, espe-
cially in the unconstrained settings. Therefore, since we
can get facial bounding boxes simultaneously, the Gaus-
sian kernel radius is set adaptively by fixed IOU ratio
(eg. 0.7) of the facial bounding box in our method. The
heatmap-based landmark detection loss Ly, is calculated
similarly with the face classification 1oss Leener in equation
(2).

In the cases when heatmap-based head cannot form
valid facial landmarks (all cells in the bounding box has
lower probability value), especially with large pose, expres-
sion, makeup, occlusion and low resolution, landmarks will
be generated with the regression-based branch alone. The
regression-based loss Lg,s is calculated according to the
Mixture Dense Regression [41], which is the first time that
MDN is adapted to the facial landmark detection task. For
the detected landmarks T € R?( and its ground truth 7,
The target of MDN is to formulate the probability density
of landmarks conditioned on the input. For a M compo-
nent mixture model (MDN,,), the probability density of
the ground truth landmarks T conditioned on input image
I is generated in equation (6) with component item m € M.

M
P11 =) anDgn( | 1) (6)
m=1

where @, is the mixing coefficient and indicates the prob-
ability of component m being responsible for generation of
landmarks. ¢,, denotes the density function of m-th mix-
ture component, which can be calculated in equation(7).
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where T, (I) is the input dependent pose parameters of the
component m. 9, (I) is the standard deviation of the com-
ponent m in the horizontal and vertical axes. In our im-
plementation, each point get the same §,, (/) and summed
up to 1. The regression-based loss Lgyps is generated in a
dense fashion where density estimation is done indepen-
dently at each output cell f € F as in equation ().

N M
LRkps = Z —IHZQm 1) bm (Tl | Il) (8)
i=1 m=1

where N is the number of images, while I; is the i-th input
image.

4. Experiments

In this section, experiments are conducted on both
face detection datasets (Wider Face [26], FDDB [42],
AFW [43], PASCAL Face [44]) and landmark detection
datasets (Wider Face and AFLW [45]) to evaluate the per-
formance of our method on face and landmark detection
tasks respectively.
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Figure 3: Precision-recall curves on the Wider Face validation and test subsets. The higher the better.

Wider Face contains 32203 images and 393703 labeled face
boxes with large variability of scale, pose and occlusion.
It is generated by three subset (train, validation and test)
with three levels of difficulty (easy, medium and hard).
[17] added 5 facial landmarks on the train subset for joint
face and landmark detection.

FDDB has 5171 faces in 2845 images. Original FDDB is
partly marked by ellipses. Therefore, the annotation with
additional labeled faces are adopted in [46] in this section.
AFW has 205 images with 473 faces with large variations
in both face viewpoint and appearance.

PASCAL Face consists of 851 images and 1335 faces from
PASCAL person layout dataset.

AFLW contains 21997 images with 25993 annotated faces.
Each face annotation includes a bounding box and 21 vis-
ible landmarks. the annotation with 5 landmarks are se-
lected for sparse landmark detection and 19 landmarks for
dense landmark detection.

4.1. Implementation Details

HRNet [47, 48] are selected as backbone, which is ini-
tialized by the pre-trained models of MS-COCO dataset.
The newly additional layers are initialized with ’xavier’.
For data augmentation, training patches are generated

by bounding boxes (generated by SSD-sampling [49] and
data-anchor-sampling [33]) resized by different scales re-
ferring to the SSE strategies [23]. During training, four
different schedules are set on the 120, 240, 360 and 400
epochs with SGD optimizer. Learning rate is initialized
with 2.5e-4 and drops by factor 10. For scale-aware super-
vision, we get the ground truth of face center and land-
marks on heatmap with the revised Gaussian kernel set-
ting, and take M = 3 as the number of Gaussian distribu-
tion in mixture dense network in equation (6,7,8) referring
to [41].

4.2. Evaluation on face detection.

In this subsection, HP-FLDet is compared with SOTA
face detectors on common face detection benchmarks in-
cluding AFW, PASCAL Face, FDDB and Wider Face.
All of our models are trained only with Wider Face and
evaluated with single-scale and multi-scale fusion strate-
gies [8, 33]. For the comparison on the Wider Face
and FDDB datasets, the official evaluation toolboxes are
adopted. For the comparison on the AFW and PAS-
CAL Face datasets, the evaluation toolbox from [50] are
adOpted.



Table 1: Performance on the validation subset and test subset of Wider Face.

Method Validation Set Test Set
Easy Medium Hard Easy Medium Hard
RefineFace [40] 0.972 0.962 0.920 0.966 0.958 0.914
TinaFace [7] 0.970 0.963 0.934 0.958 0.953 0.924
ASFD [24] 0.972 0.965 0.925 0.967 0.962 0.921
MaskFace [13] 0.972 0.965 0.915 0.964 0.957 0.910
MogFace-E [23] 0.976 0.969 0.919 0.970 0.962 0.915
MogFace [23] 0.972 0.965 0.938 0.963 0.959 0.926
HP-FLDet 0.977 0.969 0.927 0.970 0.963 0.921
HP-FLDet-H 0.973 0.967 0.938 0.961 0.956 0.928
—W j— —
(a) AFW (b) PASCAL Face (c) FDDB

Figure 4: Precision-recall curves for the AFW, PASCAL and FDDB datasets. The higher the better

The precision-recall curves of HP-FLDet are shown in
Fig 3, comparing with SOTA face detectors, on the most
challenging face detection dataset Wider Face. For a bet-
ter comparison, detectors with average accuracy of top-5
are selected and listed in Table 1. As in Fig 3 and Table 1,
HP-FLDet achieves SOTA results with 0.977(Easy), 0.969
(Medium), 0.927(Hard) mAP on the validation subset and
0.970(Easy), 0.963(Medium), 0.921(Hard) mAP on the
test subset. Furthermore, as the scale-level data augmen-
tation influence the models’ performance on Easy/Med
and Hard subset [23], we trained the hard-preferred model
referring to SSE [23] and show the hard-preferred results
as HP-FLDet-H in Fig 3 and Table 1. The results of HP-
FLDet-H demonstrate the ability of our method to deal
with tiny faces and scale variation.

The precision-recall curves of HP-FLDet and other
SOTA face detectors on the AFW, PASCAL and FDDB
datasets are shown in Fig 4. Methods are evaluated with
AP performance on the AFW and PASCAL datasets and
TPRQFP2000 (True Positive rate when the number of
False Positives Equals to 2000) on FDDB dataset. As
we could not generate the precision-recall curves of the re-
cent SOTA detectors on AFW and PASCAL Face datasets,
we additionally show the AP metrics collected from re-

lated papers in Table 2 and Table 3. As demonstrated in
Fig 4(a) and Table 2, our method achieves 99.94% AP,
which outperforming other rivals 0.1% AP at least on the
AFW dataset. As in Fig 4(b) and Table 3, our method
achieves SOTA results of 99.48% AP on the PASCAL Face
dataset. As shown in Fig 4(c), our method achieve 99.5%
TPR@FP2000 and outperform other rivals on the FDDB
dataset.
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Figure 5: Cumulative distribution for NME of 5 facial landmarks on
the AFLW. The higher the better.




Table 2: Performance on AFW (ranked by performance on Wider
Face)

Table 3: Performance on PASCAL Face (ranked by performance on
Wider Face).

Method ‘ Performance (AP) ‘ ’ Method ‘ Performance (AP) ‘
S3FD [46] 99.85 S3FD [46] 98.49
SRN [51] 99.87 SRN [51] 99.09
HAMBox [§] 99.90 HAMBox [§] 99.50
RefineFace [40] 99.90 RefineFace [40] 99.45
MaskFace [13] 99.90 MaskFace [13] 99.48
MogFace [23] 99.85 MogFace [23] 99.32
HP-FLDet 99.94 HP-FLDet 99.48

4.3. Evaluation on landmark detection.

In this subsection, we first compare our method with
SOTA single-stage joint face and landmark detectors on
sparse landmark dataset. Then, our method are compared
with SOTA single-task facial landmark detectors on dense
landmark dataset. We claim that we do not apply any test
time image augmentations as well as any kind of predic-
tions averaging for landmark evaluation.

For the evaluation on the sparse landmark detection,
HP-FLDet is compared with the single-stage joint face and
landmark detectors RetinaFace [17] and CenterFace [18] on
the AFLW dataset [45] with 5 facial landmarks. For fair
comparison, all of our models are trained only with the
Wider Face training set. All the compared detectors are
conducted with the officially pretrained models or models
with the best results. We plot the cumulative error distri-
bution (CED) curves of NME on the AFLW test set (4385
images) and AFLW full data set (21997 images) in Fig-
ure 5. If any of the methods cannot detect some faces, it
will affect only the upper part of the corresponding CED
curve to relive the domain discrepancy of face detection
and landmark detection datasets. For qualitative compar-
ison, we demonstrate the detection results of Centerface,
Retinaface and HP-FLDet in Fig 6. Both Fig 5 and Fig 6
show that our method outperforms these single-stage joint
face detectors by large margins. Additionally, we illus-
trate the detection result on a selfie of dense faces with
score threshold 0.4 in Fig 7. As shown in Fig 7, the facial
bounding boxes and the facial landmarks can be stably
predicted under the variations of pose, occlusion and res-
olution.

For the evaluation on the dense landmark detection, we
compare HP-FLDet with SOTA facial landmark detectors
on both full and frontal sets of the AFLW dataset with
19 facial landmarks in Table 4. During training and val-
idation, we use the same data settings with HRNet. For
validation, the obtained values of NME are given in the
case when faces are detected. The visualized results of our
method are shown in Fig 8.

As shown in Table 4 and Fig 8, our method can achieve
competitive results with single-task face landmark detec-

tors on dense landmark dataset. Note that even though
PDB(w/DA) and LAB(w/B) has higher accuracy, LAB
uses extra boundary information(w/B), PDB uses stronger
data augmentation strategies(w/DA).

Table 4: NME of 19 facial landmarks on AFLW test subset.

| Method | Fal | Fomt
TSR [52] 2.17 -
CPM+SBR [53] 2.14 -
SAN [54] 1.91 1.85
LAB(w/oB) [55] 1.85 1.62
HRNet [56] 1.57 1.46
LUVLiFace [57] 1.39 1.19
PIPNet [58] 1.42 -
PDB(w/DA) [59] 1.47 -
LAB(w/B) [55] 1.25 1.14
HP-FLDet 1.33 1.25

Table 5: Ablation experiments of face detection on the Wider Face
validation subset.

’ No. ‘ Modules ‘ Easy ‘ Medium ‘ Hard ‘
1 Baseline 0.905 0.898 0.841
2 Baseline+CIB 0.952 0.944 0.895
3 | Baseline+CIB4+MRS | 0.953 0.944 0.902

4.4. Ablation Studies

To achieve a better demonstration of the proposed
method, extensive ablation experiments are conducted to
examine how the proposed modules affect the performance
of face and landmark detection.
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Figure 6: Illustration of differences in localization of 5 facial landmarks for CenterFace, RetinaFace and our method on AFLW test set.

Table 6: Ablation experiments for dense landmark detection with
NME for 19 facial landmarks on AFLW test set.

‘ No. ‘ CIB ‘ Regression =~ MDN ‘ Full ‘ Frontal ‘

1 - Ni - 159 | 1.52
2 v N - 134 | 1.26
3 N - N 133 | 125

Firstly, the AP performance of face detection on the
Wider Face validation subset are compared with the pro-
posed modules in section 3, including the Context Incep-
tion block(CIB) and Multi-resolution Supervision strate-
gies(MRS). For more intuitive comparison of different
modules, the ablation studies of face detection are con-
ducted with the Single Model Single Inference on the Orig-
inal(SIO) schema [38] instead of multi-scale strategies. As
shown in Table 5, The context inception block can get
gains of nearly 0.05 mAP on Wider Face val subset com-
paring experiments 1 and 2. Meanwhile, the detection
accuracy can be improved by 0.01 mAP on the hard set
with multi-resolution strategies comparing experiments 2
and 3.

Then, we demonstrate how the heatmap-based head and
MDN-based head influence the performance of facial land-
mark detection. We adapt the same setting with subsec-
tion 4.4 and conduct four experiments with the combi-
nation of heatmap, MDN and ordinary regression based
heads as in Table 6. By comparing the results of exper-
iments 1, 2 and 3, we can see that both high resolution
heatmap and multi-task detection heads play roles in the
accuracy of landmark localization. What’s more, MDN
outperform ordinary regression head for landmark local-
ization as shown in experiment 3 and 4.

5. Discussion

To enhance the accuracy of both face and landmark de-
tection in a single-stage model, a high performance face
and landmark detectior HP-FLDet is proposed. This de-

tector, within a unified framework, ensures the consistency
of both face and facial landmark detection tasks in a sin-
gle stage. For the perception capability of the rigorous
tiny/small faces, we introduce the UCM module with a
higher-resolution heatmap, which can not only generate
more anchor proposals for face detection task, but also
obtain more local detail information for landmark local-
ization task. For the scale variation issue, the context
inception block and scale-aware strategies are proposed,
which can mitigate the limitations of scale perception im-
posed by the single-resolution heatmap. Experimental re-
sults demonstrate that our proposed framework achieves
high performance on both face detection and landmark
localization tasks.

One significant challenge of joint face detectors is to
detect the rigorous tiny/small faces. Although existing
detectors deploy specific modules for dense anchor design
and mining, their recall rates still need to be improved un-
der the challenging conditions. Our method, as illustrated
in Fig 3 and Fig 4, exhibits the higher recall rate under the
same precision compared with the competitors in face de-
tection tasks, especially on the extreme conditions like the
WIDER FACE hard sets (Fig 3 (¢) and (f)). This is due
to its heightened ability to perceive the tiny targets with
more detailed texture information and more anchor pro-
posals. At the same time, the accuracy of facial landmark
localization is improved with more detailed facial texture
information, especially on the corners of eyes and mouth in
occluded, lateral situations (Fig 6) and tiny faces (Fig 7).

Another challenge of joint face detectors is the scale vari-
ation problem. Even with FPN and context enhancement,
the existing detectors struggle with deep-level feature fu-
sion and misalignment problems. To improve scale aware-
ness on a single feature heatmap, the context inception
block and the scale-aware strategies are proposed in HP-
FLDet. Results in Table 5 and Table 6 demonstrate their
significant contributions to the accuracy improvement in
both face and landmark detection tasks, which achieve
nearly 5% mAP gains in face detection on the Wider Face
dataset (Table 5) and reduce the full landmark NME by
about 0.3 in facial landmark detection on the AFLW test
set (Table 6). Notably, HP-FLDet maintains balanced ac-
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Figure 7: Visualization of face and landmark detection result of our method with single stage.

Figure 8: Visualization of 19 facial landmarks predicted by our method on AFLW test set.
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curacy across different face sizes, outperforming competi-
tive methods like MogFace-E, particularly on the hard sets
(with improvements of nearly 0.7% in Table 1). The higher
and balanced accuracy indicates that the model can super-
vise detection on faces of different sizes, which can achieve
higher accuracy not only on the hard sets with more tiny
faces, but also on the easy and medium sets with more
large and normal sized faces simultaneously.

In the face detection task, HP-FLDet is compared with
the SOTA detectors on almost all of the common used face
detection datasets including Wider Face, FDDB, AFW
and ASCAL Face. HP-FLDet achieve superior perfor-
mance on all of these datasets compared with the ri-
vals, especially in challenging and difficult situations. The
proposed Context Inception Block and all of the Multi-
resolution Supervision strategies contirbute to these im-
provements when dealing with tiny faces and scale varia-
tion. In the landmark detection task, the performance of
HP-FLDet and the state-of-the-art methods are compared
on both sparse landmark dataset and dense landmark on
ALFW datasets. HP-FLDet shows superior performance
on both tasks in the unconstrained challenging settings
including large pose, facial expressions, low image qual-
ity and occlusions. As in Table 6, heatmap-based multi-
task detection framework combined with Context Incep-
tion Block and Mixture Dense Regression can contirbute
to all these challenging situations.

As a single-stage detector, HP-FLDet is more efficient
and practical than single-task or multi-stage detectors, of-
fering higher accuracy without the need for a second stage
for refinement or landmark detection. However, it still
has room for improvement as the up-sample operation in
UCM module increases the computational complexity of
the detector. In the future, the efficient of HP-FLDet can
be further improved by optimizating the UCM module or
deploying lighter backbones.

6. Conclusion

In this paper, a joint detection framework HP-FLDet
is proposed to perform face and landmark detection si-
multaneously within single stage. For face detection, the
heatmap-based detector can achieve competitive accuracy
with anchor-based rivals when dealing with scale variation
and tiny faces. For landmark detection, multi-task detec-
tion framework combined with high resolution heatmap
and mixture dense regression show superior performance
on both sparse and dense facial landmark detection tasks
in the unconstrained settings. With a single model in sin-
gle stage, our method can integrate structural and contex-
tual information and achieve SOTA results on both face
detection and landmark localization tasks, which makes
the face detector more useful, since landmarks are often
needed in many facial related applications.
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