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Abstract

Fashion landmark detection is a fundamental problem
in visual fashion analyze, which aims at locating the pre-
cise coordinates of functional key points defined on clothes.
Dozens of deep learning-based methods are proposed to
address this problem. How to extract adequate and effec-
tive features is a critical point for this challenging task.
In this paper, we propose the Dual Attention Feature En-
hancement(DAFE) module, which strengthens the extracted
features by adaptively reusing low-level image details and
emphasizing informative parts. First, DAFE enhances the
pixel-wise information through capturing the spatial details
from low-level features by the guidance of attention matrix,
which is generated from high-level ones. Second, DAFE
emphasizes task-related features by modeling long-range
relationships between channels. Experimental experiments
on Deepfashion and FLD datasets demonstrate that our
method achieves state-of-the-art performance, and our ap-
proach also achieves competitive results on Deepfashion2
Landmark Estimation Challenge'.

1. Introduction

The potential value of fashion analysis has attracted a lot
of attention in the community. Fashion landmark detection
is one of the fundamental yet challenging problems with
wide applications in visual fashion analysis, like clothes
category classification[12, 6], recommendation[8, 7] and
retrieval[10].

With the release of large-scale fashion datasets[12, 13,
5], deep learning-based models have achieved impressive
detection performance[12, 13, 18, 16]. Most current ap-
proaches pass the input image through a basic feature ex-
traction network and then enhance the features map for
this specific task, finally predict coordinates by estimating
heatmap for each landmark. However, deep stacked convo-

'The Deepfashion2 Challenge website is :
lri.fr/competitions/564

https://codalab.

Iution and pooling operations cause spatial detail loss and
channel feature redundancy.

Nowadays, a new aspect of the architecture design,
named attention has been studied extensively[17, 9, 2]. The
attention mechanisms help to strengthen the feature repre-
sentations by focusing on essential features and suppressing
unnecessary ones. These mechanisms have improved per-
formance in many fields. Our work integrates these power-
ful mechanisms into feature upsampling layers to enhance
the feature maps with lightweight computations.

In this paper, we propose the novel Dual Attention Fea-
ture Enhancement(DAFE) module, an effective module that
compensates for the loss of spatial detail and selects task-
related features while recovering the size of feature maps.
DAFE mainly contains two parts, Spatial Attentive Up-
sampling(SAU) block, and Channel-wise Attentive Selec-
tion(CAS) block. SAU selects the interesting spatial de-
tails in low-level feature maps by the guidance of spatial
attention matrix, which is generated by high-level features
through modeling long-range dependencies in the spatial
axis. Then SAU associates the high-level features with se-
lected low-level ones by skip connections. Moreover, chan-
nels of a feature map have different functions for a specific
task, both task-related and irrelevant types of features are
treated equally in the current works. To address this issue,
CAS emphasizes the task-related features and suppress oth-
ers by explicitly modeling interdependencies between chan-
nels. Benefiting from DAFE module, our network gener-
ates more adequate and effective features for landmark de-
tection. Quantitive evaluations on Deepfashion and FLD
datasets show the superiority of our model. Furthermore,
the model is extended to Deepfashion2 Landmark Estima-
tion Challenge and again achieves good performance.

In summary, there are three main contributions: First, we
propose a simple yet effective network for fashion landmark
detection based on Feature Pyramid Network. Second,
we design the Dual Attention Feature Enhancement(DAFE)
module to enhance the feature representations while recov-
ering the size of feature maps. Third, the proposed model
performs well on three large-scale fashion datasets.



Dual Attention Feature Enhancement

I}

=

Conv1lx1 ] [transposed conv]

Heatmap output

Image input

o
£
)
]
a
©
e}
=
(©)

Feature map Spatial attention matrix Channel-wise attention matrix

Figure 1. Illustration of our model that incorporates basic convolutional network for features extraction and stacked DAFE modules for
feature enhancement. DAFE generates spatial attention matrix and channel-wise attention matrix to select spatial details and task-related

feature channels respectively.

2. Related work
2.1. Fashion landmark detection

Extensive research efforts have been devoted exclusively
to fashion landmark detection and achieve excellent perfor-
mances. Liu et al.[12] first introduced the neural network
to the fashion landmark detection. They formulated the
detection as a regression task and designed FashionNet to
regress landmark coordinates directly. Liu et al.[13] de-
signed pseudo-labels to enhance in-variability of fashion
landmark. Inspired by the attention mechanism, Wang et
al.[16] propose an attentive grammar network with high-
level human knowledge to predict the positions of land-
marks globally. Simultaneously, [16] indicates that the re-
gression of the fashion landmark is highly non-linear and
very difficult to learn directly. Therefore, they learn to pre-
dict a confidence map of positional distribution for each
landmark. We also adopt this method to detect fashion land-
marks.

2.2. Attention mechanism

Since the attention mechanism has widely applied
in natural language processing[14, 15], it also achieved
good performance in the computer vision tasks of object
detection[1], image recognition[3] and pose estimation[4].
In these applications, attention mechanisms act the role of
enabling the neural network to focus more on useful infor-
mation and ignore the useless parts. In this way, the net-
work tilts the limited computational resources towards con-
cerned information. Especially in the field of computer vi-
sion, Hu et al.[9] through the squeeze and excitation mech-

anism to learn global information among the feature chan-
nels and perform feature recalibration. Respectively, Wang
et al.[17] proposed a generic Non-Local(NL) block that
can capture long-range dependencies directly between two
distance-independent image or video positions. Cao et al.
[2] simplified the NL block and proposed a global context
block combining the simplified NL block with SE block[9],
which is more lightweight and effective.

3. Our approach

In this section, we first present our detection framework
for fashion landmarks, then introduce our Dual Attention
Feature Enhancement(DAFE) module in detail.

3.1. Landmark detection framework

The goal of fashion landmark detection is predicting
the locations of n functional key points from an RGB
image(H x W x 3). We adopt the most widely-used frame-
work to tackle this problem, which estimates n key points
confidence maps(heatmaps) for n landmarks labeled in the
datasets and then chooses the locations with the highest val-
ues as the predicted key points.

As shown in Fig.1, we build the fashion landmark detec-
tion network following the intuition of the Feature Pyramid
Network(FPN)[11]. First, we use the ResNet-50 to cap-
ture multi-scale feature maps of the input image. Then,
we recover the size of feature maps by transposed convo-
lutions. To compensate for the loss of spatial detail and se-
lect task-related features, we design the Dual Attention Fea-
ture Enhancement(DAFE) module, which mainly contains
two parts, Spatial Attentive Upsampling(SAU) block, and



Table 1. The normalized error on Deepfashion-C dataset

Methods [ L.Collar | R.Collar | L.Sleeve | R.Sleeve | L.Waist | R-Waist | L.Hem | RHem | Avg.
FashionNet[12] .0854 .0902 .0973 .0935 .0854 .0845 .0812 .0823 .0872
DFA[13] .0628 .0637 .0658 .0621 .0726 .0702 .0658 .0663 .0660
DLAN[18] .0570 .0611 0672 .0647 .0703 .0694 0624 0672 .0643
AFGN[16] 0415 .0404 .0496 .0449 .0502 .0523 .0537 0551 .0484
Ours L0295 0297 .0363 L0361 0311 0313 .0394 10402 L0342

The best results are marked in bold.

Table 2. The normalized error on FLD dataset

Methods [ L.Collar | R.Collar | L.Sleeve | R.Sleeve | L-Waist | R-Waist | LHem | RHem | Avg.
FashionNet[12] 0784 .0803 .0975 .0923 0874 .0821 .0802 .0893 .0859
DFA[13] .048 .048 .091 .089 - - 071 072 .068
DLANI[18] 0531 0547 .0705 .0735 0752 .0748 .0693 0675 .0672
AFGN[16] .0463 .0471 .0627 .0614 .0635 .0692 .0635 0527 .0583
Ours 0366 0369 0587 0573 0485 0478 0504 0497 0482

The best results are marked in bold.

Channel-wise Attentive Selection(CAS) block. We stack
three DAFE modules to generate final feature maps. Finally,
the enhanced features are utilized to estimate heatmaps.

3.2. Dual Attention Enhancement(DAE) module
3.2.1 Spatial attentive upsampling block

We design the Spatial Attentive Upsampling(SAU) block
to recover the image size and spatial details based on the
NL block[17] and skip connections. SAU integrates the
low-level details into final feature maps, which from shal-
low layers in the feature extraction network. Moreover, it
utilizes the high-level feature maps to generate spatial at-
tention matrices to select informative spatial details. The
spatial attention computes the response at a position as the
importance of each region in the feature maps. Specifi-
cally, We define a feature map extracted by the network as
X € ROXHEXW ‘and Y € REXHXW is the corresponding
low-level feature map in the backbone network. The spatial
attention matrix M is generated by a 1 x 1 convolutional
operation C followed by a sigmoid function, as adopted in

[2]:

M = Sigmoid(CX) (1)

Assuming X € RO*HXW denotes the output of the
SAU block. The enhanced feature map can be expressed
as:

X =Uy(X) ®Up(M) * Y )

where U;(X) denotes transposed convolution operation,
Up(X) denotes bilinear upsampling operation and & de-
notes broadcast element-wise addition.

3.2.2 Channel-wise attentive selection block

The Channel-wise Attentive Selection(CAS) block is de-
signed to emphasize informative features and suppress use-

less ones in the dense feature maps. In this way, the net-
work pays more attention to useful information and im-
proves the utilization of computational resources. Specif-
ically, for a feature map after SAU operation, we define
it as X = {x;}_,, where C is the channel number and
x; € REXW j5 a feature slice. We use a global average
pooling to aggregate the global feature in every feature slice
together. The aggregated feature z € R€*1*1 is calculated
by:

1 H W
te= g7 2 D Xelir) 3)

i=1 j=1
where z. and x. are the c-th element of Z and X.

To compute the importance for each channel, we adopt
one 1 x 1 convolutions Cq, one ReLU, one 1 x 1 con-
volutions Cs sequentially, the channel-wise attention map
U € RE*X1 can be expressed as:

U = C,ReLU(C1Z) 4)

Given tlle channel-wise attention map, the enhanced fea-
ture map X € REXHXW ig calculated by:

X=X®U (5)

where ® denotes matrix multiplication.

4. Results

We compare our fashion landmark detection model with
four current deep learning-based models on Deepfashion
and FLD datasets. Deepfashion[12] is a large-scale clothes
dataset, which offers 289222 fashion images with category,
attribute, bounding box and landmark annotations. FLD is
a subset of Deepfashion, which has large pose and scale
variations. For fashion landmark detection, each image is
labeled with up to 8 fashion landmarks.

For the training, We first crop input image using labeled
bounding boxes and then the cropped image is resized to



320 x 320. We use the batch size of 64 images on 4 GTX
2080Ti GPUs. And we use Adam to optimize the loss func-
tion, the initial learning rate is set to le — 3 and decreased
by a factor of 0.1 every 10 training epochs. For the testing,
We resize the cropped image in the same way as training.
Our model generates a 7 x 80 x 80 landmark heatmap for
a single input image. The locations with the highest values
are regarded as the predicted positions.

In Table 1 and 2, we provide the quantitative evaluation
results of our proposed method. Our model achieves the
state-of-the-art at 0.0342 NE on Deepfashion and 0.0482
NE on FLD. Moreover, our method consistently outper-
forms other models on all of the fashion landmarks. We also
evaluate our model on Deepfashion2 dataset. It is the largest
fashion database to date, which contains 491K images of
801K items in total. Given half of the training dataset, we
achieve the overall detection AP 54.9 on validation set with-
out any bells and whistles.

5. Conclusion

In this paper, we tackle the fashion landmark detection
with the deep convolutional neural networks. The Dual At-
tention Feature Enhancement module is proposed to capture
more spatial details and select task-related features, which
contributes to making more accurate and precise landmark
detection. Overall, our model achieves state-of-the-art per-
formances on Deepfashion and FLD fashion datasets and
also performs well on the Deepfashion2 dataset.
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