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Short Title of the Article

Highlights
• Help network search landmark positions in a more reasonable region
• Alleviate outliers and duplicate detection problems in fashion landmark estimation by loss function
• Easily applied to many popular CNN models without extra computation during inference
• Introduce the skeleton-like characteristic of fashion landmarks to strength the position constraint
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ABSTRACT
Fashion landmark estimation aims at locating functional key points of clothes, which has wide
potential applications in electronic commerce. However, due to the occlusion and weak outline
information, landmark estimation occurs outliers and duplicate detection problems. To alleviate
these issues, we propose Position Constraint Loss (PCLoss) to constrain error landmark loca-
tions by utilizing the position relationship of landmarks. Specifically, PCLoss adds a regulariza-
tion term for each landmark to regularize their relative positions, and it can be easily applied to
both regression and heatmap based methods without extra computation during inference. Un-
like existing approaches that propagate landmark information between feature layers by specific
network structures, PCLoss introduces position relations of landmarks in the label space without
modifying the network structure. In addition, we leverage the skeleton-like relation of clothing
to further strengthen position constraints between landmarks. Extensive experimental results
on DeepFashion, FLD and FashionAI demonstrate that our methods can effectively increase the
performance of mainstream frameworks by a large margin. We also explore the effectiveness of
PCLoss on human pose estimation task, and the experimental results on COCO 2017 prove the
generality of our methods on other key point estimation tasks.

1. Introduction
With the rapid development of online commerce, fashion image analysis, such as clothing retrieval[8, 9, 12, 15, 28],

classification[1, 2, 20, 25, 29, 32] and matching recommendation[13, 14, 25], shows great potential in online industry.
However, large deformation and appearance changes in different clothing categories, scales and shapes make fashion
image analysis difficult. To capture shapes and structures of clothes, a more discriminative representation, fashion
landmark, has been proposed to support these high-level applications. Similar to human joints, fashion landmarks are
functional key points defined on clothes, such as the cuff, neckline and waistline. As clothes are non-rigid and have
large deformation, the fashion landmark estimation still remains challenging.

Even with big training data[6, 7, 18, 19, 20, 21, 34] and advanced network architectures, fashion landmark esti-
mation still has several problems: (1) Outliers: the estimator is confused by the high response area of background
or occlusion, resulting in some outliers in the predicted result as shown in Figure 1(a). (2) Duplicate detection: the
estimator repeatedly detects a certain key point due to large deformation or weak outline information in clothing as
shown in Figure 1(b).

There were some researches[3, 5, 29, 33] that attempted to alleviate above problems by leveraging position re-
lationships between landmarks. Cao et al.[3] proposed the concept of Part Affinity Fields (PAFs) to measure the
association of body parts, and used different branches of network to learn heatmaps and PAFs respectively. Chu et
al.[5] designed geometrical transform kernels for the network to capture landmark relations in different feature chan-
nels. Wang et al.[29] designed two fashion grammars to describe landmark relations, and proposed a Bidirectional
Convolutional Recurrent Neural Network (BCRNN) to perform the message passing over the fashion grammars. Yu
et al.[33] proposed layout-graph reasoning layers to introduce structural landmark relationships to the network. These
methods unanimously focused on the optimization of network structures and tried to learn the relations between land-
mark positions at feature level. However, such practices relied on specific network structures, which would limit the
generalization of models and increase the inference complexity.
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Figure 5: Visualization of skeleton-like structure. (a) The skeleton-like structure based on the 24 landmark model. (b)
The skeleton-like structure based on the 8 landmark model. According to the skeleton-like characteristic introduced in
§3.2, the landmarks can be divided into two parts. In each part, landmarks satisfy the skeleton-like constraint. Specifically,
on the 24 landmark model, the middle landmarks like front center and crotch will be shared by both parts as shown in (a).

3.3. Optimization Based on Skeleton-Like Relation
Fashion landmarks are similar to human joints, satisfying the skeleton-like and symmetry relations. Since the sym-

metry characteristic is the relation between landmark pairs, it is not suitable for the PCLoss. Therefore, we introduce
the skeleton-like characteristic to further optimize the loss design.

Based on prior knowledge, landmark positions will have large variances when the human pose changes. If we
connect a key point with all landmarks defined on clothes, PCLoss will be too sensitive to the pose variation. To
optimize the position constraints, for a certain landmark, we filter the unimportant points and just connect it with more
relavant landmarks.

As Figure 5, we divide fashion landmarks into two parts and the landmarks from each part satisfy the skeleton-like
relation. After the optimization, each landmark will have a stronger position correlation with others. According to the
skeleton-like relation, we divide fashion landmarks into two parts as follows

Pl = {pl1 , pl2 , … , plM }
Pr = {pr1 , pr2 , … , prM }

(9)

where Pl and Pr are landmark positions in left part and right part, and each part containsM landmarks. The partition
rule is illustrated in Figure 5. Notably, in the structure of 24 landmark models, the middle points, like front center and
crotch, will be shared by two sets.

Then, we reuse Eq. (5)− (7) to calculate PCLoss Lllan and Lrlan for Pl and Pr, respectively. After that, the final
PCLoss after optimization can be formulated as

LPC = fk{Lllan} + fk{Lrlan} (10)
With skeleton-like optimization, each landmark is only associated with others that satisfy the skeleton-like relation

and the position constraints between landmarks will become stronger. In addition, we have also considered other
strategies to divide landmarks. For example, we have ever divided landmarks into top and bottom part, but it can only
achieve few improvements due to the imbalanced division mode (e.g. when the clothes type is blouse, it only contains
top landmarks and the bottom part is useless). But with skeleton-like strategy, landmarks will be divided into left and
right part, and there will always be valid landmarks in each part in spite of clothes types.
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Figure 6: Visualization of fashion landmark estimation. Our results are labeled by red dotted rectangles. (Best viewed in
color)

3.4. Overall Loss Function
In this paper, we evaluate the effectiveness of PCLoss in two kind of models: regression based models and heatmap

based models. In regression based models, the L2 loss and PCLoss are both used to train the network as
Lreg = �r � L2(p̂, p∗) + �r � LPC (p̂, p∗) (11)

where the L2 loss is used to measure the distance between the predicted landmark coordinate p̂ and the ground truth
landmark coordinate p∗, and the LPC is the position constraint loss proposed in this paper. �r and �r are the balancingweights of the two losses.

Similar to the Lreg , heatmap based methods adoptMSE and PCLoss to train the network as
Lℎeat = �ℎ � MSE(ℎ̂, ℎ∗) + �ℎ � LPC (p̂, p∗) (12)

where theMSE loss is applied to calculate the error between the predicted heatmap ℎ̂ and the ground truth heatmap
ℎ∗. �ℎ and �ℎ are the balancing weights in Lℎeat.Notably, since PCLoss is larger than L2 loss and MSE loss, the hyper parameters �r and �ℎ should be smaller
than �r and �ℎ to keep balance.
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