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To be very specific in this paper, an Attentive Occlusion-adaptive Deep Network, hereafter referred as 

AODN, is proposed for facial landmark detection, consisting of the geometry-aware module, attention 

module, and low-rank learning module. Facial Landmark Detection (FLD) is a fundamental pre-processing 

step of facial related tasks. Occlusion, extreme pose, different expressions and illumination are the main 

challenges in facial landmark detection related tasks. Convolutional Neural Network (CNN) based FLD 

methods have attained significant improvement regarding accurate FLD but, to deal with occlusion is still 

very challenging even for CNN. It is because; probably occlusion misleads CNN on feature representation 

learning. If faces are partially occluded, the localization accuracy will drop significantly. The role of atten- 

tion in the human visual system is vital, and researchers proved its significance for the computer vision 

problem. Taking advantage of geometric relationships among different facial components and attention, 

we extended our already established Occlusion-adaptive Deep Network (ODN). We introduced the atten- 

tion module consisting of Channel-wise Attention (CA) and Spatial Attention (SA) to improve its abil- 

ity to deal with the occlusion and enhance feature representation ability simultaneously. The occlusion 

probability assists as adaptive weights of high-level features and minimizes the effect of the occlusion 

and assist in modelling the occlusion. Ablation studies prove the synergistic effect of each module. The 

summary of our trifold contribution is as follows: i) we introduced attention mechanism in our already 

established ODN model, to deal with occlusion more precisely, and get the rich feature representation 

to achieve better performance. ii) As per our best of knowledge, we are the pioneers to introduce CA 

and SA for FLD to model occlusion. iii) Our proposed methodology reduces the number of entire network 

parameters, which effectually decreases training time and cost. So, the proposed model is more suitable 

for scalable data processing. Experimental results prove the better performance of proposed AODN on 

challenging benchmark datasets. 

© 2021 Elsevier Ltd. All rights reserved. 
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. Introduction 

Facial points can be defined as the predetermined indication 

oints on a given face graph. Mainly, these points are placed 

round the familiar components of the face, e.g., ear, eyes, nose, 

outh, and chin. Usually, these points are located around or cen- 

re at some common facial components. The tasks related to facial 

nalysis can differ based on numbers, types, the required quantity 

f landmarks, and the use of these landmarks. Localizing of these 

andmarks have been done for facial analysis tasks, it is going to 

ake more attention of researchers during the last decade due to 

ts importance. FLD is a key step for many facial analysis tasks, 

.g., Facial action unit detection, face recognition, face expression 
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etection, face frontalisation, head pose estimation as well as 3D 

ace modelling [1] etc. The prospective behind FLD is to identify 

ome precisely predefined key-markers on facial components. Still, 

here exist several challenges regarding this detection, e.g., Occlu- 

ion, illumination, expressions, extreme poses and so on. 

Existing FLD methods can be categorised generally into 3 main 

roups: regression-based methods, template-based methods, and 

eep learning-based methods. The regression-based techniques 

earn the mapping from facial image appearance to landmark lo- 

ations, different from template-based methods, regression-based 

ethods do not usually build global shape models [2] . Regression- 

ased methods predict all facial landmarks jointly, but the shape 

onstraint and structured information is learned through the pro- 

ess [2] . 

Template-based methods leverage information about the facial 

ppearance and global facial shape, controlling facial appearance 

nd shape variations through statistical models [2] . Such models 

https://doi.org/10.1016/j.patcog.2021.108510
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
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Fig. 1. Examples of the occlusion by glasses, food, masks, hair, and hands, etc. From COFW dataset [14] . It can be easily observed that it is difficult to identify facial landmarks 

in presence of occlusion. 
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earn a parametric shape model through dataset which is already 

abelled, to model the changes in facial shape use Principal Com- 

onent Analysis (PCA). Furthermore uses PCA to build global facial 

hape and facial appearance. All this process helps to refine the 

tting algorithm. Some notable examples are: Active Shape Models 

ASM) [3] , ’Face detection, Pose estimation, and Landmark Localiza- 

ion’ (FPLL) [4] , Active Appearance Models (AAM) [5] , and Discrimi- 

ative Response Map Fitting (DRMF) [6] . The drawback of this kind 

f modes is, the reconstruction error effects whole face under oc- 

lusion, and as a result, all this leads model in hard circumstances, 

eing unable to locate facial landmarks. 

To solve computer vision problems, Deep Learning (DL) based 

ethods are getting a prominent place. Inspired by the popular- 

ty and effectiveness of DL based methods, FLD researchers also 

tarted to apply DL techniques to solve FLD related problems. In 

omparison to conventional methods, DL based methods gained 

igher performance [7] . Lately, CNN based models gained a promi- 

ent place in DL based solutions to deal with FLD related tasks. 

ut, to deal with occluded faces, is yet a challenge for CNN as well

8] , it is because of the decrease in localizing accuracy due to oc- 

lusion. When the face is partially occluded, it is still challenging 

o improve localizing accuracy because occlusion probably deceives 

NN during the learning of features. 

To deal with the occlusion problem, the important is to identify 

he occlusion and model it. It is very challenging because its occur- 

ence is random, irregular, and complex, as shown in Fig. 1 . In liter-

ture, there exist several attempts to solve the occlusion problem. 

u and Ji [9] proposed a supervised regression method to update 

he probabilities steadily of landmark visibility at each iteration. In 

018 Xing et al. [10] proposed an occlusion dictionary into the al- 

eady existing face appearance dictionary. The occlusion dictionary 

s learned and updated automatically in a data-driven manner. Liu 

t al. [11] proposed adaptive cascade regression besides of adap- 

ive exemplar-based shape model to estimate the occlusion level of 

ach landmark. Recently, in 2019 Zhu et al. [7] proposed BCNN-JBR. 

ecently Deng et al. [12] proposed integrated face bounding box 

rediction, 2D facial landmark localisation and 3D vertices regres- 

ion under a unified multi-level face localisation task with a com- 

on goal: point regression on the image plane. In BCNN-JBR, each 

art of the face is treated with a separate pipeline. The objective 
2 
s to share minimum information with other components pipelines 

o avoid correlative impact. As different facial components have a 

ifferent number of facial points as well as different levels of hard- 

ess to predict facial points. It is challenging to calculate the un- 

iased hardness due to a lack of balance benchmark dataset. Like 

f during the prediction of mouth hardness if the dataset has more 

r less number of images having different expressions, occlusions, 

oses than other parts. 

Earlier, we proposed Occlusion-adaptive Deep Network (ODN) 

13] for the FLD task to deal with occlusion. Originally ODN is 

urther divided into three modules, i.e., Distillation Module (DM), 

eometry-aware Module (GM), and Low-rank learning Module 

LM). We used DM to model occlusion based on the probabilities 

f the high-level features. The objective of GM is to identify the 

elations between features of different facial components. Further- 

ore, the DM’s aim is to recover the missing features. 

ODN outer performs than previous methods, but the current 

esults are not exactly as per our expectation. After investigating 

he reasons in detail, we identified that ODN doesn’t have enough 

ich feature representation and not suitable to model the occlu- 

ion more precisely. It is because Real-world images are affected 

y appearance and spatial distortion. It is because of the irregu- 

ar position of the camera according to the scene. It alters the di- 

ensions, which causes the geometry of the scene, and gradually 

erformance declines [15] . 

To address the problem of spatial distortion and obtain rich fea- 

ure representation, we introduced the attention mechanism into 

ur already established ODN model. To be very specific, we re- 

laced the distillation module with proposed attention module, 

onsist of Channel-wise Attention (CA) and Spatial Attention (SA). 

A focus on “what” is relevant and meaningful in a given facial 

mage, while the purpose of SA is to guide the network “where” to 

ocus. 

The summary of our trifold contribution is as follows: i) we 

ntroduced attention mechanism in our already established ODN 

odel, to deal with occlusion more precisely, and get the rich fea- 

ure representation to achieve better performance. ii) As per our 

est of knowledge, we are the pioneers to introduce CA and SA for 

LD to model occlusion. Experimental results prove the better per- 

ormance of proposed AODN on challenging benchmark datasets. 
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Fig. 2. Comparison of structure-aware module and local receptive field on capturing geometric relations of facial images. 

i

w

c

c

s

W

N

i

f

c

2

k

F

i

s

f

i

m

o

I

q

p  

o

b

c

o

F

c

s

t

t

w

w

s

2

s  

s

m

r  

D

i

t

v

[

a

u

f

a

q

A

d

r

p

p

I

t

ii) Our proposed methodology reduces the number of entire net- 

ork parameters, which effectually decreases training time and 

ost. So, the proposed model is more suitable for scalable data pro- 

essing. 

The remainder of the paper is organized as follows. Some ba- 

ic preliminary and background information is given in Section 2 . 

e elaborate our proposed Attentioned Occlusion-adaptive Deep 

etwork (AODN) solution in Section 3 . Mathematical optimization 

s presented in Section 4 . Detailed experiments of our proposed 

ramework are spelled-out in Section 5 . Section 6 draws the con- 

lusion of this paper. 

. Background and preliminary 

The primary objective of FLD is to identify some predefined 

ey-points of a given facial image on facial components. Although 

LD gained significant success during the last decade, the occlusion 

s still a significant barrier to achieve it perfectly. To solve occlu- 

ion, it is essential to determine how to model occlusion. From the 

acial appearance, model the occlusion is very difficult because of 

ts irregular occurrence, randomness, and complexity. 

In human perception, the role of attention is vibrant. The hu- 

an visual system usually extracts glimpses in parts and focuses 

n a specific part selectively to capture a fine visible structure. 

f we carefully observe the human visual system, due to a vast 

uantity of connections of cones, only foveolar visual acuity ap- 

roaches up to one hundred percent [16] . In CNN, either it is space

r time, the convolutional process just processes the local neigh- 

or dependencies. The long-range dependencies just only can be 

aptured by having a repetition of the same process. Repetition 

f the same process affects accuracy, time and cost. However, for 

LD related tasks, the geometric relation between different facial 

omponents belongs to long-range dependencies. Attention has a 
3 
ignificant role in capturing long-range dependencies [17] . Usually, 

he prospective behind attention is to tell network precisely where 

o focus, by calculating the response for a particular location as a 

eighted sum of the features at all positions. In this section, we 

ill discuss the structure of ODN and its weaknesses, followed by 

ome discussion about attention mechanisms. 

.1. Already established occlusion-adaptive deep network (ODN) 

Overall ODN structure can be divided into three modules, as 

hown in Fig. 3 : The LM followed by the DM and GM A shared

tructure matrix is generated by GM and DM to help LM to recover 

issing features. The purpose of the GM is to capture the geomet- 

ic structure of the facial image, as mentioned in Fig. 2 . The use of

M is to model occlusion probability. In ODN, occlusion probability 

s based on high-level features. In regular scenarios, irregular posi- 

ions of the camera affect facial images by spatial and appearance 

ariations because the images are collected in the wild [15] . 

To be very specific, to obtain ODN, we modified the ResNet-18 

18] structure. We edited its last residual block to get the GM, DM, 

nd LM. In ODN, the obtained feature map from previous resid- 

al block fed into the DM and GM. The objective is to get clean 

eature representation and geometric information, respectively. GM 

nd DM have two sperate pathways subnetworks. It is the same as 

uadratic kernel expansion to obtain rich feature representation. 

s already mentioned, the distillation module also consists of two 

ifferent sub-pathways networks. 

We observe that the distillation module doesn’t have enough 

ich feature representation and is not able to focus on occluded 

arts. Motivated by the success achieved by deep learning, we pro- 

ose in this paper a novel framework AODN to address this issue. 

n AODN, we introduce the attention module instead of the dis- 

illation module. Experimental results show that our model per- 
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Fig. 3. Structure of Occlusion-adaptive Deep Network [13] . 

Fig. 4. The diagram of the proposed Attentive Occlusion-adaptive Deep Network. 
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orms better than current state-of-the-art methods on benchmark 

atasets. 

.2. Attention for facial landmarks detection 

Attention has a very significant role to capture long-range de- 

endencies [17] . Usually, the prospective behind attention is, to tell 

etwork precisely where to focus, by calculating response for a 

articular location as a weighted sum of features at all positions 

19,20] . 
4 
Attention has a vital role in the human visual system. To im- 

rove the performance of CNN by using attention, in literature 

here exist several attempts. Li et al. [15] proposed the Spatial 

lignment Network (SAN) based on the hand-crafted method and 

earning-based method. The basic target problem of SAN is to deal, 

ppearance and spatial variations. But the problem with SAN is, 

f it uses a handcrafted method, the efficiency is very low. If it 

ses a learning base method, it is not steady. To improve network 

erformance AAN [21] and JAA-Net [22] also use spatial attention 

or FLD. As we already discussed, the purpose of SA is to tell net- 

ork ’where’ to focus, but still, the network is not aware of ’what’ 
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o focus. In image classification tasks CA and SA [16,17,23,24] to- 

ether achieved significant improvement. In ADN [24] , a separate 

etwork is used to model occlusion. Attention is used to get fea- 

ures as an additional layer. Different from ADN, we used CA and 

A to model occlusion and get rich feature representation simulta- 

eously. Furthermore, we used element-wise multiplication instead 

f simple addition to identify occluded parts and background prob- 

bility maps. The motivation behind element-wise multiplication 

s to get more vigilant features and distinguish more precisely be- 

ween regular components and occluded parts. We incorporate CA 

nd SA in our already established ODN [13] to improve the perfor- 

ance ( Fig. 4 ). 

. Attentive occlusion-adaptive deep network(AODN) 

As already mentioned, deep learning-based methods have a sig- 

ificant role to deal with computer vision issues. Mostly deep 

earning base methods use CNN and have proved its significance 

n deep learning-based models for FLD. In CNN, either it is space 

r time, the convolutional operation just processes the local neigh- 

our dependencies. The long-range dependencies just only can be 

aptured by having a repetition of the same process. Repetition of 

he same process affects accuracy, time, and cost. However, for the 

ask of FLD, the geometric relation between various facial compo- 

ents belongs to long-range dependencies. Usually, the prospective 

ehind attention is to tell network precisely where to focus, by cal- 

ulating the response of a particular location as a weighted sum of 

eatures at all positions [17] . 

The features of the occluded region are filtered by attention. 

he non-existence of some features doesn’t mean that, the face 

oesn’t have those features. This could be a biased explanation of 

he model. Most of the face features co-occur or are co-related 

ith each other. It can help to recover missing features because 

ome features have position relation, proximity or symmetry. So 

he existence of some features helps to recover missing features or 

eads towards other features. 

As defined in Fig. 4 , the overall structure of AODN can be di-

ided into three different modules and four sub-networks. The 

eometry-aware module is based on two sub-networks A and B. 

he attention module consists of sub-network C and D. The sub- 

etwork C exploits a residual block to implement CA and SA, re- 

pectively. The main objective is to model occlusion more pre- 

isely and get the rich representation of facial features. The aim 

f sub-network D is to avoid input signal decay, to obtain sta- 

le features. Furthermore, the output of C and D is integrated by 

lement-wise multiplication, to assign small weights to the back- 

round and occluded parts. Finally, as output from sub-network C 

nd sub-network D, for the holistic face, a weighted feature map 

clean features) can be obtained. To make it more sparse during 

ptimization, we take advantage of the L 1 regularisation technique 

n P 

′ 
, and P 

′′ 
to make it more robust, and sparse during opti-

ization. Finally, the output from both modules (geometry-aware 

nd attention) is concatenated to obtain a high dimensional single 

eature map, to obtain hybrid feature map of the facial graph. Fur- 

hermore, these hybrid feature maps are used as input of the low- 

ank learning module after down-sampling and flattering. Given 

he training set 
{(

I i , ̆S i 
)}

can be learned by (1) . 

in 

1 

N 

N ∑ 

i =1 

∥∥S̆ i − S 
∥∥2 

F + βRank ( M ) (1) 

Where S̆ and S represents ground-truth and corresponding pre- 

iction. S̆ = { s 1 , s 2 , . . . .s L } and S = W 

T 
f c 
M 

T X . The outputs of the

eometry-aware module is denoted as X . L and s are the numbers 

f landmarks and facial landmarks, respectively. β is used as a reg- 

larization factor to adjust the rank of M . W f c means, the parame- 
5 
ers of a fully connected layer. The AODN trained in an end-to-end 

anner the same as ODN. 

.1. Attention module 

As already discussed, feature representation has a significant 

ole to model occlusion more precisely and learn missing features 

ore proficiently. The effectiveness of CA and SA for image classi- 

cation related tasks has already been determined by Chen et al. 

16] , Woo et al. [17] , Park et al. [23] . Inspired by their work, we

ncorporated CA and SA to obtain rich feature representation and 

odel occlusion more accurately. The detailed structure and im- 

lementation details of CA and SA are shown in Figs. 5 , and 6 , re-

pectively. In AODN attention module consists of sub-network C, 

nd sub-network D. The sub-network C exploits a residual block 

o implement CA and SA, respectively. The main goal is to model 

cclusion more accurately and get the rich representation of facial 

eatures. The aim of sub-network D is to avoid input signal decay, 

o obtain stable features. Overall refined feature map can be de- 

ned as: 

 = Z 

′′ • Z (2) 

here F represents the final feature map after merging the resid- 

al map and the attention map. The Z 

′′ 
is a feature map obtained 

hrough the attention process, and Z represents the feature map 

f previous residual blocks. 

.2. Channel-wise attention and spatial attention 

Usually, researchers increase the width or depth of the corre- 

ponding network to get better feature representation during net- 

ork engineering. In deep networks, the increase in network pa- 

ameters affects the efficiency in terms of cost and time. Further- 

ore, the assembling of features accurately in reverse order is also 

 questing mark. To deal with this issue [16,23] used attention 

nd proved its effectiveness for image classification tasks. Same as 

he human visual system in network engineering, attention helps 

o get rich feature representation. Furthermore, attention tells the 

etwork about the specific area that needs to be focused on. To 

implify, we also used CA to guide the network ‘what’ is meaning- 

ul in a given facial image, and SA guide the network ‘where’ to fo- 

us. The objective behind this attempt is to ensure the sensitivity 

f network to informative features. As already discussed, channel 

ttention can be obtained by exploiting inter-channel relation to 

et similar features for the specific landmark. To simplify, CA and 

A can be written, as mentioned in (3) and (4) , respectively. 

 

′ = M c (Z) • Z (3) 

 c , Z denotes the channel-wise attention map, and the feature 

ap of prior residual blocks, respectively. 

 

′′ = M s (Z 

′ 
) • Z 

′ 
(4) 

 s is the spatial attention map and Z 

′ 
is the feature map obtained 

y channel-wise attention. 

The objective of CNN is to extract the features from a given im- 

ge. If an image W × H × 3 passes over convolutional layer with C 

hannels. CNN uses filters to scan the given image and produce a 
´
 × H́ × C feature map as output, it can be input of further convo- 

utional layers. Usually, filters act as a pattern indicator, i.e., high- 

evel filters indicate the syntactic fashion like objects, parts, and 

ow-level filters indicate the lower-level visual fashion like edges 

nd corners, etc. If we closely observe the CNN, it abstracts the 

eatures by stacking of multiple layers through a pyramid of vi- 

ual intellection. To simplify, we can say image features of CNN are 

ulti-layer, channel-wise, and spatial. In the context of FLD, the 

election of semantic features on-demand can be viewed as CA. 
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Fig. 5. A detailed implementation structure of channel attention. 

Fig. 6. A detailed implementation structure of spatial attention. 
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.2.1. Channel-wise attention 

In CNN, each channel of feature map performs as a feature 

etector. So, by exploiting the relationship between channels, the 

hannel attention map has been formed. As already discussed, the 

A aims to focus “what” is relevant and meaningful in a given fa- 

ial image. The purpose of SA is to guide the network “where” to 

ocus. The detailed structure of CA is as per Fig. 6 . To get a chan-

el attention map, we squeezed the spatial dimension of the in- 

ut feature map. To get distinct features of the given object to 

efine CA, we used max-pooling along with average-pooling. As 

ax-pooling guides network more precisely towards more distinct 

eatures. Mathematically, the channel attention map can be as per 

q. (5) . 

 c (Z) = σ (M LP ( A v gP ool ( Z ) ) + MLP ( MaxP ool ( Z ) ) ) 

= σ (W 1 (W 0 (Z 

c 
a v g )) + W 1 ( W 0 ( Z 

c 
max ) ) ) (5) 

We accumulated spatial information of feature maps through 

ax-pooling and average-pooling to obtain channel attention. 

ater, two separate context descriptor: Z 

c 
Max 

and Z 

c 
A v g , represents 

ax-pooled and average-pooled features correspondingly. As men- 

ioned in Fig. 5 , a shared network with both descriptors gener- 

tes channel attention map M c ∈ R 

1 ×1 ×C . The shared network con- 

ists of Multi-Layer Perceptron (MLP) with one hidden layer. We 

sed hidden activation size R 

1 ×1 × C 
r to reduce parameter overhead, 

here r stands for reduction ratio. We combined the output fea- 

ure vectors by element-wise addition after applying the shared 

etwork to each descriptor. Where σ means the sigmoid function 

nd W 0 ∈ R 

C 
r ×C and W 1 ∈ R 

C× C 
r , where W 0 , W 1 means the shared

eights of MLP. 

.2.2. Spatial attention 

We used the inter-spatial relationship of features to obtain 

patial attention map. The objective of SA is to direct the net- 

ork ‘where’ to emphasize more specifically, it is corresponding 
6 
o CA. We computed SA by applying pooling beside the channel 

xis. The detailed implementation structure of SA is illustrated in 

ig. 6 . We used max-pooling and average-pooling besides channel 

xis and concatenated both to obtain feature descriptors. Further- 

ore, to attain spatial attention map M s (Z) ∈ R 

H×W we use a con- 

olutional layer to direct the network ‘where’ to emphasize. We 

ombined channel information by using max-pooling and average- 

ooling operations, to generate two 2D maps: Z 

s 
a v g ∈ R 

H×W ×1 and 

 

s 
max ∈ R 

H×W ×1 . 

 s (Z) = σ
(

f 7×7 ([ A v gP ool (Z) ; MaxP ool (Z) ]) 
)

 s (Z) = σ
(

f 7×7 ([ Z 

s 
a v g ;Z 

s 
max ]) 

)
(6) 

.3. Fundamental relationship between three modules 

Our proposed attentive occlusion-adaptive framework has a 

ery close-knit relationship among three modules, i.e., geometry- 

ware module, attention module, and low-rank learning module. 

s mentioned earlier [13] , the human brain’s visual processing 

s involved with two streams: the ventral stream and the dorsal 

tream. The ventral stream takes charge of the discrimination and 

ecognition of objects while the dorsal processes the object’s spa- 

ial location information. Similar to this mechanism, our proposed 

ODN is related to two primary information: occlusion-awareness 

nd geometric relationships. To be specific, there exist invariable 

olid geometric relationships among different facial components, 

.g., symmetry, proximity, position relation and so on, which the 

eometry-aware module can capture. 

On the other hand, occlusion regions and irrelevant informa- 

ion from the background can be filtered by the proposed attention 

odule. Same as the human visual system in network engineer- 

ng, attention helps to get rich feature representation. Furthermore, 

ttention tells the network about the specific area that needs to 

e focused on. To simplify, we also used CA to guide the network 

what’ is meaningful in a given facial image, and SA guide the net- 



M. Sadiq and D. Shi Pattern Recognition 125 (2022) 108510 

w

s

i

p

r

a

o

h

t

t

s

w

4

m

m

A

W
o

r

T

w

p

l

S

m

t

‖

�  

|

H

t

∂

 

i  

Table 1 

The NRMSE 
(
×10 −2 

)
comparison results on common set 

and full set of 300W. 

Method Year Common Set Fullset 

Seq_MT [33] 2018 4.20 4.90 

PCD-CNN [32] 2018 3.67 4.44 

ODN [13] 2019 3.56 4.17 

ADN [24] 2019 3.52 4.14 

LGSA [35] 2020 3.36 4.06 

3FabRec [36] 2020 3.36 3.82 

ADC [37] 2020 2.83 4.23 

RetinaFace [12] 2020 2.74 3.91 

AODN 2020 3.27 3.76 

AODN + 2020 3.14 3.63 

Table 2 

The NRMSE 
(
×10 −2 

)
comparison results on 

Challenging set of 300W. 

Method Year Challenging set 

DSRN [41] 2018 9.68 

SBR [42] 2018 7.58 

SAN [34] 2018 7.55 

ODN [13] 2019 6.67 

ADN [24] 2019 6.60 

ADC [37] 2020 7.04 

RetinaFace [12] 2020 6.83 

AODN 2020 6.38 

AODN + 2020 5.91 
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ork ‘where’ to focus. The objective behind this attempt is to en- 

ure the sensitivity of network to informative features. Some lost 

nformation from one component can be speculated via other com- 

onents according to the geometric characteristics. In addition, the 

elation of opposite and complementary between attention module 

nd low-rank learning module is benefited to the feature learning 

f face. Although the hybrid features can improve performance, the 

ybrid features are not exhaustive and complete feature represen- 

ation of holistic face because the attention module filters the fea- 

ures of occluded regions. From the above, the structural relation- 

hip among the three modules boosts our proposed AODN to deal 

ith the occlusion problem. 

. Optimization 

The following minimization problem is to formulate AODN 

athematically: 

in 

1 

N 

N ∑ 

i =1 

∥∥S̆ i − S i 
∥∥2 

F + βR ank (M ) + γ ‖ 

M ‖ 

2 
F + α‖ 

W c ‖ 

2 
F 

+ λ
∥∥W f c 

∥∥2 
F + η

′ ∥∥P 

′ 
i 

∥∥1 
F + η

′′ ∥∥P 

′′ 
i 

∥∥1 
F , (7) 

Where S = F AODN ( I;W f c ;M ) , and F AODN (. ) is our proposed 

ODN. W c represents the parameter set of convolutional layer, and 

 f c represents the fully connected layer. M is the parameter set 

f LM. Frobenius norms control the shrinkage of all three given pa- 

ameter sets with the connected parameters (α, γ , λ) , respectively. 

he single-channel Feature map P 

′ 
, and P 

′′ 
from attention module 

ith parameter η is imposed by L 1 . 

Usually, the purpose of nuclear norm ‖ M ‖ ∗ is to resolve the 

roblems related to low-rank learning. It provides the tightest 

ower bound among all convex lower bounds of the rank function. 

o, Eq. (7) can be re-written as: 

in 

1 

N 

N ∑ 

i =1 

∥∥S̆ i − S i 
∥∥2 

F + β‖ 

M ‖ ∗ + γ ‖ 

M ‖ 

2 
F + α‖ 

W c ‖ 

2 
F 

+ λ
∥∥W f c 

∥∥2 
F + η

′ ∥∥P 

′ 
i 

∥∥1 
F + η

′′ ∥∥P 

′′ 
i 

∥∥1 
F , (8) 

By applying the property of circularity of trance and the defini- 

ion of nuclear norm as per [25] we can obtain 

M‖ ∗ = tr ( 
√ 

M 

T M ) 

= tr 
(√ (

U�V 

T 
)

T 
(
U�V 

T 
))

= tr ( 
√ 

V �2 V 

T ) 

= tr ( 
√ 

V V 

T �2 ) 

= tr ( 
√ 

�2 ) 

= tr (| �| ) (9) 

We apply Singular Value Decomposition (SVD) [26] to obtain U , 

, and V. We can find subgradient as given below in (10) , because

 � | is not differentiable on every point in its domain. 

∂ ‖ 

M ‖ ∗
∂M 

= 

∂tr(| � | ) 
∂M 

= 

tr(∂ | � | ) 
∂M 

= 

tr(| � | �−1 ∂�) 

∂M 

. (10) 

We know M = U�V T and ∂M = ∂U �V T + U ∂�V T + U �∂V T 

ence, U�∂ V T = ∂ M − ∂U�V T − U�∂V T . By multiplying U 

T on 

he left side and V on the right side of (11) , we will obtain 

 � = U 

T ∂ MV − U 

T ∂ U� − �∂ V 

T V, (11) 

In (11) U represents the unitary matrix, i.e, U 

T U = I. where I

s an identity matrix. The rank of the second term in (11) can be
7 
omputed as below: 

r(U 

T ∂U�) = tr((U 

T ∂U�) T ) = tr(�T ∂U 

T U) 

= −tr(�U 

T ∂U) = −tr(U 

T ∂U�) , (12) 

Equation (12) indicates that t r(�U 

T ∂U) , t r(� − �∂V T V ) = 0 . So

e can obtain tr(∂�) = tr(U 

T ∂M V ) . Hence, substituting it into

11) we can have 

∂ ‖ 

M ‖ ∗
∂M 

= 

tr(| � | �−1 ∂�) 

∂M 

= 

tr( | �| �−1 U 

T ∂MV ) 

∂M 

= 

tr(V | � | �−1 U 

T ∂M) 

∂M 

= (V | � | �−1 U 

T ) T 

= U�−1 | � | V 

T , (13) 

n the given objective function, in this way, we can attain the gra- 

ient of the rank function. 

∂ ‖ 

P ‖ 

F 
1 

P k 
= 

{ +1 P k > 0 

−1 P k < 0 

[+1 , −1] , P k = 0 

(14) 

here P k is k th element in P , and P be P 

′ 
or P 

′′ 
. Hence, we can

ay that it is a directed acyclic graph and the gradients of the re- 

ression loss (e.g., L 2 loss) can be optimized by back-propagation. 

urthermore, all parameters can be, in an end-to-end fashion. 

. Experiments 

In this section, we broadly assess the performance of the pro- 

osed framework on different benchmark datasets under various 

ettings for the task of FLD. First in Section 5.1 , we present some 

nitial details about the benchmark datasets and used experimental 

ettings. Then, Section 5.2 , the evaluation metric, and employment 

etails for the training of AODN. Following that, we investigate the 

ffect of several system parameters as well as the contribution of 

he different components to the FLD performance. In Section 5.3 , 
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Fig. 7. The NRMSE 
(
×10 −2 

)
comparison results on COFW dataset. 

Table 3 

The NRMSE 
(
×10 −2 

)
comparison results on 300VW 

dataset for all three categories. 

Method Year Cat. 1 Cat. 2 Cat. 3 

TSTN [43] 2017 5.36 4.51 12.84 

AAN [21] 2018 5.03 4.82 7.98 

ADN [24] 2019 4.75 4.34 6.72 

AODN 2020 4.69 4.26 6.67 

AODN + 2020 4.52 4.09 6.26 

Table 4 

The NRMSE 
(
×10 −2 

)
comparison results on AFLW Dataset. 

Method Year AFLW-Full AFLW-Frontal 

SAN [34] 2018 1.91 1.85 

DSRN [41] 2018 1.86 - 

ODN [13] 2019 1.63 1.38 

3FabRec [36] 2020 1.84 1.59 

DCSD [44] 2020 1.62 - 

RetinaFace [12] 2020 1.41 1.11 

AODN 2020 1.38 1.13 

AODN + 2020 1.12 1.03 

w

s

r

t

t

Table 5 

The ablation analysis on 300W Challenging set. 

Model NRMSE 

BRNet 7.21 

BRNet + GM+LM 6.90 

BRNet + GM+AM 6.72 

BRNet + AM+LM 6.68 

BRNet + GM+LM+AM(r = 8), (without L1) 6.51 

BRNet + GM+LM+AM(r = 32) 6.47 

BRNet + GM+LM+AM(r = 64) 6.46 

BRNet + GM+LM+AM(r = 16)+EWA 6.46 

BRNet + GM+LM+AM(r = 16) 6.44 

BRNet + GM+LM+AM(r = 8)+ EWA 6.41 

BRNet + GM+LM+AM(r = 8) 6.38 
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e present the ablation study to validate our framework. We re- 

ized and cropped all images (224 × 224) and perform a flip, scale, 

otation tasks and translation to do the data augmentation for the 

raining set. Same as ODN, we also pre-trained all our models on 

he ImageNet dataset [27] . 
8 
.1. Datasets 

To broadly assess the performance of the proposed framework 

n different benchmark datasets under various settings for the task 

f FLD, we use the ensuing diverse standard datasets: 300W [28] , 

FLW [29] , COFW [14] , Menpo [30] , and 300VW [31] . All these

atasets are benchmark datasets and publicly available for research 

urposes. We compare outcomes of our method with contempo- 

ary methods [7,13,21,24,32–34] . In the first step, we trained our 

odel on a 300W training set and tested our model on other 

atasets. In 2nd phase we trained our model on the Menpo train- 

ng set and tested on other datasets. To mention the result sepa- 

ately, we named AODN+ to model, trained on Menpo. 

• 300W is a re-known, widely used, and publically available 

dataset for FLD, to measure the effectiveness of the method. 
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Fig. 8. The CED curve on 300W challenging set. 

Fig. 9. The CED curve on 300W common set. 
It contains 3837 images from the common standing datasets: 

AFW [4] , LEN [38] , LFPW [39] with annotation of 68 landmarks. 

To train our proposed model, we divided the 300W dataset into 

two parts one for training and the other for testing purposes. 

For training purposes, we used 3148 images, rest 689 images 

used for testing. We divided the testing samples into three fur- 

ther subgroups: (a) Common set, having 554 images (330 im- 

ages of HELEN and 224 images of LFPW dataset); (b) Challeng- 

ing set, having 135 images taken from IBUG dataset; (c) Full set 

having, all 689 images of testing part. 
• COFW is a very famous publically available dataset having a to- 

tal of 1852 images (1345 images are for training purposes, and 

the rest of 507 are for testing purposes). We used COFW to 

measure the performance of our proposed model. So, we just 

used its testing part. We used the re-annotation of [40] (68 
9 
landmarks) because originally annotated with 29 subcategories. 

It is very famous due to its hardness as it has diverse variations 

of occlusion, expressions, pose, and shape. 
• AFLW is another publically available dataset having diverse 

21,997 images, with 25,993 faces. Images are obtained from 

Flicker and have various variations in environment, age, pose, 

and expression. It is also annotated initially with 21 landmarks 

but re-annotated with 68 landmarks for FLD purposes. 
• 300VW is a publically available dataset with 114 videos. All 

Videos are extracted into corresponding frames and annotated 

with 68 landmarks. We divided the 300VW dataset into two 

parts training and testing. For training purposes, we used 50 

videos, rest 61 used for testing. We the testing samples into 

three further subcategories. 
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Fig. 10. The CED curve on 300W Full set. 

Fig. 11. The CED curve on COFW dataset. 
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• Menpo dataset consists of 5658 semi-frontal and 1906 profile 

facial images for training. For testing purposes, it consists of 

5335 frontal and 1946 profile facial images. The training set is 

publically available, but testing data is not publically released 

yet. Profile facial images are annotated with 39 profile land- 

marks, and 68 landmarks are used for near-frontal faces. We 

use face images, annotated with 68 landmarks for our train- 

ing. Due to the unavailability of menpo test data, we used other 

publically available datasets for testing purposes. 

.2. Evaluation metric and implementation details 

We adopted two evaluation methods to evaluate the perfor- 

ance of AODN: the Cumulative Error Distribution (CED) curve, 
10 
nd Normalized Root Mean Squared Error (NRMSE). The NRMSE 

an be illustrated as: 

RMSE = 

1 

N 

N ∑ 

i =1 

∥∥S̆ i − S i 
∥∥

2 

L 
i 

(15) 

here L represents the number of landmarks, and 
 is inter-ocular 

istance. In our case, 
 is the width of the bounding box of the 

FLW dataset. We used different settings of parameters to measure 

he effectiveness, such as reduction ration r = 8, 16, 32, 64. After 

etailed analysis, we found r = 8 is best in our case to have bet-

er results. We also tried different combinations of CA and SA and 

ound better performance sequentially. We used all other required 

arameters the same as used in ODN. 
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Fig. 12. The comparison of number of total parameters in millions. 
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.2.1. Empirical analysis under normal circumstances 

To evaluate our proposed method under normal circumstances, 

e used two benchmark subsets of 300W (common set and 

ullset). Both subsets are benchmark datasets and have very fewer 

ariations in illumination, pose, and occlusion. Table 1 , consists of 

omparison results in terms of NRMSE 
(
×10 −2 

)
. We compared our 

esults with the current best models. We can see the results for 

he common set; for ODN, it is 3.56 AND is 3.52. AODN reduced 

rror from 3.56 to 3.27 for ODN and 3.52 to 3.27 for ADN, respec-

ively. For AODN+, it is 3.14, which proves the significant change of 

esults for the common set. Fig. 9 is about the CED curve against 

he common set. We can see in the CED curve AODN has signifi- 

ant improvement over other current state-of-the-art methods. The 

ame as the common set, we analyzed the proposed model for the 

ullset. Substantial change can be seen in Table 1 , for the Fullset 

lso. Fig. 10 is about the CED curve for the Fullset and has vigilant

mprovement in results in comparison to other given methods. 

.2.2. Empirical analysis for robustness against occlusion 

To deal with occlusion, the first step and more important step is 

o model occlusion more precisely. It is hard to deal with occluded 

aces than regular faces. The methods perform very well to identify 

acial landmarks on normal facial images, decrease accuracy when 

o deal with occluded faces. We performed several experiments to 

heck the robustness of AODN against occlusion. We used two di- 
11 
erse benchmark datasets: the challenging set of 300W and COFW 

o measure the effectiveness of AODN against occlusion. 

The comparison results for challenging set are given in Table 2 . 

e compare our results with the current state-of-the-art methods. 

t can be easily observed through the comparison table, AODN per- 

orms better and improves 
(
×10 −2 

)
from 6.60 to 6.38, which is a 

ignificant improvement for any model. Furthermore, for AODN+, 

t is 5.91, which also indicates a substantial increase after training 

n a large scale dataset. The results of the COFW are in Fig. 7 . The

esults of AODN for COFW are also awe-inspiring and have a sig- 

ificant improvement. Fig. 8 and Fig. 11 are about the CED curve of 

hallenging set and COFW, respectively. Significant improvement in 

oth CED curves can also be seen. 

.2.3. Empirical analysis for robustness against poses 

Experimental results proved the robustness of our proposed 

odel against normal circumstances, occlusion, Videos, as well as 

ifferent poses. To further verify the generalization of our pro- 

osed method against poses, we carry out experiments on the 

FLW dataset. Table 4 shows the results of our proposed model 

n both AFLW-Full and AFLW-Frontal. AFLW-Full dataset contains 

 large number of face images with challenging pose variations, 

hich are nearly three times the number of AFLW-Frontal. There- 

ore, the performance on AFLW-Full shows that our method is ca- 

able of handling arbitrary head poses. 
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Fig. 13. The visualization of some post-attention face images along with probability map from COFW dataset. The original images are in left column, while the visualization 

of probability map, and post-attention results are in middle column, and right column respectively. 
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.2.4. Empirical analysis for videos 

To measure the effectiveness of our model, we use the 300VW 

ataset, which is a benchmark dataset for FLD on video. We used 

he testing part or 300VW, as already mentioned. For the training 

f our model, we used 300W for AODN and menpo for AODN+, re- 

pectively. Experimental results of all three categories in compari- 

on to other current state-of-the-art methods are shown in Table 3 . 

t can be easily observed that our proposed method outer performs 

n comparison with other methods. For Cat. 1, it improves perfor- 

ance from 4.75 to 4.69 for AODN, and 4.52 for AODN+. Same as 

at. 1, for Cat. 2, and Cat. 3, the improvement in performance on 

ideo dataset is significant, which proves the significance of our 

roposed method over other methods against all three categories. 

.3. Ablation analysis 

As already discussed, AODN consists of three modules: the first 

ne is a geometry-aware module (GM), the second module named 

ttention module (AM) and the third is the low-rank learning mod- 

le (LM). Here we perform the ablation analysis to validate the ef- 

ectiveness of each module on challenging datasets. The geometry- 
12 
ware module that exploits the matrix outer product to capture 

acial geometric relationships among different components. 

Our proposed attention module simulates the mechanism of 

he human visual system to get rich feature representation. Fur- 

hermore, attention tells the network about the specific area that 

eeds to be focused on. For the sake of simplification, we also 

se chanel-wise attention to guide the network ’what’ is mean- 

ngful in a given image, and spatial attention guide the network 

where’ to focus. The objective behind this attempt is to ensure 

he sensitivity of network to informative features. Based on the 

aseline ResNet-18 and AODN, we analyze the whole model and 

roposed changes. Table 5 shows the importance of each module 

s well as the robustness of our model on the challenging set of 

00W. We evaluated all modules of our model as well as a differ- 

nt combination. We also performed our experiments against dif- 

erent reduction ratios, Element Wise Addition (EWA) as well as 

ifferent combinations of attention. From Table 5 , it can be easily 

bserved that our proposed model consists of the best combination 

f various modules. Fig. 12 shows the comparison based on the 

umber of network parameters in millions between AODN, ODN, 

nd CU-Net-8 [45] . We just selected the most recent methods for 
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Fig. 14. Qualitative detection results of the proposed approach for some sample faces from 300W full dataset. The ground-truth landmarks are marked in blue color (top 

row), while our predicted landmarks are in yellow color (bottom row). (For interpretation of the references to colour in this figure legend, the reader is referred to the web 

version of this article.) 
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[  
omparison purposes. After implementing the proposed changes, 

ODN has a significant difference in the number of network pa- 

ameters; it reduces 6.6 million to 6.46 million. This is also helpful 

n minimizing computation time and cost, especially in the case of 

calable computing. In Fig. 13 we displayed the probability map, 

nd visualization of some post-attention face images from COFW 

ataset. Fig. 14 is about the Qualitative detection results of the pro- 

osed approach for some sample faces from the 300W full dataset. 

he ground-truth landmarks are marked in white color (top row), 

hile our predicted landmarks are in yellow color (bottom row). 

. Conclusion and future work 

This paper has demonstrated attentive occlusion-adaptive deep 

etwork as another way to deal with FLD problems. To be very 

pecific, we introduced channel-wise attention and spatial atten- 

ion in our already established occlusion-adaptive deep network 

odel to improve its performance. To enhance the representation 

f interest, model occlusion, and handle spatial distortion, we in- 

orporated channel attention and spatial attention. The objective of 

hannel attention is to focus on ’what’ is informative in a given in- 

ut facial image, and spatial attention guides the network ’where’ 

o focus. The whole framework was tested on various benchmark 

atasets with different settings and compared against many state- 

f-the-art methods. Results proved that our proposed approach de- 

ects facial landmarks more accurately than existing methods. Tak- 

ng advantage of our model’s robustness, the implementation for 

acial expression recognition is in our next research plan. At last, 

e also intend to implement a parallel computing version for more 

fficient and fast processing. 
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