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Abstract
The human face displays expressions through the contraction of various facial muscles. The Facial Action Coding System

(FACS) is a widely accepted taxonomy that describes all visible changes in the face in terms of action units (AUs). In this

study, AUs are examined by finding the most active landmarks of the face and then examining the most representative

patch sizes of each landmark for the AU detection task. Sparse learning is employed to learn the most active landmarks for

each AU, and then the active landmark patches are fed to ViT and Perceiver mechanisms independently. Experiments

indicate that using active landmark patches with their most representative size improves the results when compared to

using all the landmarks, especially when it is used on more challenging datasets as a support for the attention mechanism of

the classifier. The results demonstrate that the proposed method improves the performance of the employed models and are

further supported by experiments conducted across different datasets.
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1 Introduction

Automatic face analysis in computer vision involves

extracting various types of information from a scene, such

as the location, pose, gender, ID, age, expression, and

identity. Face analysis aims to extract extensive informa-

tion for various applications such as automation [1], dis-

tance education [2], biometrics [3], security [4] and

forensics [5], robotics [6, 7], and many more. While the

human eye and brain effortlessly identify subtle distinc-

tions in facial features, computer vision systems encounter

challenges in recognizing and accurately interpreting such

variations. The accurate detection and interpretation of

these minor variations pose ongoing hurdles for computer

vision systems, highlighting the need for advancements in

robustness and adaptability to enhance their performance

across a spectrum of facial conditions.

The development of algorithms for detecting and

tracking faces, attributes, and facial expressions began in

the late 1980 s, when inexpensive computing power started

to become widely available. These systems were critical

for the automatic recognition of faces and related features

[8]. As computing power, storage capacity, and data col-

lection techniques have improved over time, it has become

easier to label, analyze, and process data, and to uncover

the regular and irregular relationships within it. These

advances, along with the development of new algorithms

for training neural networks, have led to the emergence of

deep learning, a method inspired by the human brain that

has greatly enhanced the accuracy of vision tasks such as

face analysis. The most commonly used deep learning

methods include convolutional neural networks (CNN),

recurrent neural networks (RNN), reinforcement learning

(RL), and generative adversarial networks (GAN).
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After its effectiveness in handling sequential data,

researchers started applying the relatively new and

groundbreaking Transformer model to individual images

by partitioning the images into smaller patches to form a

sequence of image patches. This approach, known as the

Vision Transformer (ViT), has proven to be successful in

tasks related to image classification [9]. ViT has gained

popularity for its performance on single image and

sequence classification tasks, and it has also been applied

to the task of detecting AUs [10], where a model is pro-

posed that combines the attention mechanism of ViT with

supervised learning in a multitask approach to extract AU

features and their correlations.

As ViT’s successor, Perceiver is a machine learning

model developed by [11] that aimed to be a general solu-

tion for a wide range of tasks with minimal changes to the

network architecture. Perceiver employs an asymmetric

and iterative cross-attention mechanism, which is different

from the self-attention mechanism used by ViT. One key

difference between the two models is that Perceiver is able

to handle a large number of unrelated tasks with a single

model, whereas ViT is typically designed for a specific

task. Perceiver has been demonstrated to be effective on a

variety of tasks, including language translation, image

classification, and even playing the game of Go. Its ability

to handle a wide range of tasks with a single model makes

it a promising approach for developing more general arti-

ficial intelligence systems.

ViT and Perceiver have been successfully used for

image classification tasks. However, they have typically

been employed with uniformly cropped grids. The pro-

posed approach combines them by learning active image

patches, thus avoiding noisy areas. Also, despite its success

in many unrelated tasks, Perceiver has not yet been applied

in the field of facial analysis, to the best of our knowledge.

The search for improving the detection of facial attri-

butes extends to the location of markers of different sizes.

The study acknowledges the challenges of fine facial tissue

identification and seeks to increase the accuracy of facial

attribute detection by considering the importance of larger

lines/displacement areas around facial landmarks. If we

understand that the optimal landmark size may vary for

different facial areas and how they are presented, the study

takes the approach of measuring the effects of landmarks of

varying sizes on cognitive processes, especially with the

ViT and Perceiver performance.

This research addresses the existing gap in computer

vision’s ability to interpret facial variations and contributes

to the field by proposing (i) developing a sparse learning

technique to identify the most active facial patches, and (ii)

determining their optimal representative sizes.

The remainder of this study is organized as follows:

Sect. 2 introduces related work and a thorough literature

review about facial analysis research under the scope of

this study. Section 3 introduces sparsity to the attention

networks to find the most representative facial patches and

their best representative sizes. Section 4 presents the

experiments conducted during the project and describes the

results, followed by the ablation study carried on cross-

datasets in Sect. 5. Section 6 summarizes and discusses the

proposed method, and finally, Sect. 7 points out the main

findings of the study, followed by implications for future

research and applications.

2 Related work

The process of analyzing faces in images or image

sequences typically begins with face detection, which

involves identifying and localizing the faces present in the

scene. This is similar to object detection but specifically

focused on finding faces. Once the faces have been

detected and bounding boxes have been generated around

them, preprocessing algorithms are applied to improve the

representativeness of the face images for further analysis.

These algorithms can be grouped into four categories:

frontalization, super resolution, alignment, and pose esti-

mation. Frontalization involves synthesizing a frontal view

of an input face image, while super resolution, also known

as hallucination, involves enhancing the resolution of a

face image. Alignment involves identifying the geometric

structure of a face using facial landmarks, and pose esti-

mation involves determining the head pose by estimating

the roll, pitch, and yaw angles.

In this section, the different stages of the face analysis

process are discussed, including preprocessing and differ-

ent facial analysis tasks that employ AU detection. The

order of these steps may vary depending on the specific

goals and requirements of the analysis. Some algorithms or

estimation steps may be combined in order to improve

accuracy or to meet the needs of a particular problem. The

remainder of the section will provide a structured overview

of deep learning techniques applied to face analysis in

computer vision, focusing on the last decade.
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2.1 Facial attribute estimation

Facial attributes are characteristics of a face that describe

its physical appearance. They can include various aspects

of a person’s face, such as age, gender, race, facial

expression, and physical features like glasses or facial hair

(Fig. 1). Facial attributes are important since they provide a

mid-level semantic understanding of a face that can be used

in a variety of applications. They can be used to improve

the accuracy of facial recognition systems by providing

additional information about the face being analyzed or in

biometric identification systems to verify a person’s iden-

tity. Facial attributes are also used in social media to per-

sonalize content recommendations or targeted advertising

and in security systems to detect anomalies or suspicious

behavior.

Rather than focusing on the identity of an image, the use

of attributes has been proposed as a way to describe an

image and shift the task of recognition from naming to

describing [12]. An image may contain one or more attri-

butes depending on the scene and attribute type. The

concept of attributes for face verification was introduced by

[13], who used attributes to verify faces in controlled set-

tings. Since this pioneering work, attributes have been used

in a variety of tasks using region-based algorithms [14],

multitask representation learning [15], or hypothetical

correlations [16].

Deep learning has been widely used in the field of facial

attribute detection, a task that involves identifying specific

characteristics or features of a face, such as the presence of

glasses or facial hair. There are two main approaches to

facial attribute detection: (1) localizing the region of

interest (ROI) where the attribute is present and (2) mod-

eling the relationships between attributes. The first

approach involves identifying the specific location on the

face where the attribute is present, while the second

approach involves modeling the relationships between

different attributes in order to detect them. In this section,

these two approaches will be examined in more detail, with

a focus on localizing the ROI and modeling attribute

relationships.

2.1.1 Localizing region of interest

Localizing the region of interest (ROI) refers to the process

of identifying the specific area or region of an image or

video that contains the desired attribute. This is often done

using techniques such as object detection or image seg-

mentation, which can identify and isolate the ROI in an

image or video. Localizing the ROI is important since it

allows a system to focus its processing resources on the

relevant area of the image or video, rather than having to

process the entire image or video. This can help to improve

the efficiency and accuracy of the attribute detection

process.

Identifying the locations of facial attributes allows fea-

ture extractors and attribute classifiers to focus on the rel-

evant regions or patches of the face. This is important for

tasks such as detecting the presence of ‘‘eyeglasses’’ or

identifying action units (AU) related to facial expressions.

The goal of these types of studies is to locate the areas of

the face where the desired attribute is likely to be found

and then apply a classifier to the identified region of

interest (ROI) to detect the corresponding attribute. This

approach can help to improve the efficiency and accuracy

of attribute detection by focusing on the relevant areas of

the face.

One of the initial explorations into deep learning for

attribute detection was conducted by [17] in the ‘‘Poselet’’

study, where a detector was employed to recognize the

appearance and configuration of body parts in images

depicting entire individuals. However, this methodology

primarily addressed the analysis of body images and poses

for the targeted body part, neglecting detailed facial

information. Subsequently, [18] proposed a facial attribute

algorithm based on poselets. In this approach, the entire

image served as input, and a convolutional neural network

(CNN) was enhanced with input layers utilizing semanti-

cally aligned part patches. The model acquired knowledge

of features specific to particular parts under specific poses,

thereby creating poselets. These poselets played a crucial

role in mitigating pose and viewpoint variations, enabling

the CNN to concentrate on appearance differences nor-

malized for pose.

Facial attribute detection techniques that focus on

localizing the region of interest (ROI) where the attribute is

mostly focusing have been widely used, but their accuracy

can be affected by the accuracy of face detection or

localization. In order to improve the discriminative power

of these techniques, it is important to not only focus on the

attribute-specific information but also to consider the

shared information and latent correlations among the

Fig. 1 Various facial attributes that can be detected and analyzed,

such as age, gender, facial hair, glasses, and emotional expressions as

well as AUs
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attributes. Many studies have attempted to address this

issue by developing methods that aim to localize the rel-

evant regions for attribute detection [19, 20]. However, the

accuracy of these approaches can still be heavily influenced

by the quality of face detection and localization.

2.1.2 Modeling the relationships

Relationship modeling in facial attribute detection refers to

techniques that aim to model the relationships between

different attributes in order to improve the accuracy of

attribute detection. This can be done by considering the

shared information and latent correlations between attri-

butes, rather than just focusing on the attribute-specific

information. Relationship modeling can be achieved

through various methods, such as using joint learning

approaches that consider multiple attributes at the same

time or using techniques that explicitly model the rela-

tionships between attributes, such as graphical models or

multitask learning approaches. By modeling the relation-

ships between attributes, it is possible to improve the dis-

criminative power of the attribute detection techniques,

resulting in higher accuracy.

ROI-based approaches try to identify specific areas of

the face where attributes are likely to occur and apply a

classifier to those regions. Relationship modeling tech-

niques, on the other hand, aim to describe the shared

information and latent correlations between different

attributes in order to improve classification. One way to

model these relationships is through the use of multitask

learning, which involves training multiple CNNs to predict

different attributes and generating attribute-specific feature

representations. This approach has been used in studies

such as [21], which showed that attributes within the same

group tend to share more knowledge with each other, while

attributes in different groups generally have less knowl-

edge sharing and may compete with each other. Another

study addressed the problem of imbalanced multi-label

classification by introducing a mixed objective optimiza-

tion network (MOON) that uses a regression-based

approach to predict the scores of multiple attributes and

reduce error [22]. This approach was found to be more

effective than using independent classifiers.

According to recent research, it appears that the trend in

attribute classification has been toward the use of graph

neural networks (GNNs) [23]. In GNNs, each node’s rep-

resentation is iteratively updated based on the representa-

tions of its neighbors, using a process called message

passing. This allows GNNs to capture the structure and

dependencies of the graph, as well as the relationships

between nodes. GNNs have been applied to a variety of

tasks, including natural language processing, social net-

work analysis, and recommendation systems. A major

limitation of current relationship modeling models is that

they rely heavily on human input, with researchers manu-

ally categorizing attributes. In the future, research should

focus on discovering relationships adaptively, without prior

information [24].

2.2 Facial action coding system

Facial Action Coding System (FACS) is a comprehensive

system for measuring and analyzing facial movements. It is

based on the premise that the movements of the human face

are largely controlled by the underlying musculature and

can be systematically studied and described. FACS is

widely used in the fields of psychology, neuroscience, and

computer science, where it has proven to be a valuable tool

for studying the nonverbal communication of emotions,

intentions, and behaviors. The system consists of a set of

codes that correspond to specific facial movements and can

be used to describe the changes that occur in the face

during different emotional states or when performing cer-

tain actions. FACS is considered the gold standard for

measuring and analyzing facial expressions and is widely

used in research, clinical practice, and other applications

where accurate and reliable measurement of facial move-

ments is required.

Originally introduced by [25] and subsequently refined

in [26], the Facial Action Coding System (FACS) stands as

a widely adopted framework for characterizing facial

movements. This taxonomy employs action units (AU) to

precisely delineate visually discernible muscle actions on

the face, providing a comprehensive descriptor for facial

expressions. The applicability of FACS extends across

various domains, including expression detection and

recognition [27], pain level assessment [28], analysis of

depression [29], monitoring fatigue [30], and the area of

deception detection [31]. Figure 2 shows some upper and

lower face AUs [26], their explanations, and muscular

basis.

Interestingly, AU detection, originally developed for

humans, can be adapted to analyze facial expressions in

other animal species as well, such as chimpanzees and dogs

[32]. In these cases, the AUs are often adapted to match the

unique facial anatomy of the species being studied. Also in

fields such as robotics [33] to enable robots to better

understand and respond to human emotions and behaviors,

in order to improve their ability to interact with and serve

humans using humanly gestures. Computer vision tech-

nology has made significant progress in detecting and

interpreting a wide range of combinations of AUs expres-

sed at different intensities, often exceeding the ability of

the human eye to detect even subtle changes in the face.

This has been made possible with the advancement of

computational power. This research exclusively
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concentrates on detecting action units (AUs) at the frame

level and does not address motion or sequence-based

detection. For a more comprehensive understanding of AU

detection studies spanning a wider scope, readers are

encouraged to explore surveys such as [34–36] and follow

the challenges outlined in works like [37–40]. These

resources provide in-depth insights into both historical and

contemporary AU detection investigations. FACS, as out-

lined by Ekman and Friesen [25], delineates a total of nine

action units primarily associated with the upper face and 18

with the lower face. The reader can refer to Fig. 2 for

illustrations featuring select examples of upper and lower

face action units, along with their muscular explanations.

3 Proposed method

Facial action units (AUs) provide a standardized system for

describing and classifying the various muscle movements

that make up facial expressions. These subtle to complex

movements are crucial for understanding and analyzing

facial expressions in research. To effectively process and

analyze such intricate sequential data, advanced machine

learning models are required. One such model that has

shown great promise in handling sequential data is the

Transformer.

The Transformer is a type of deep learning model that is

designed to process sequential data, such as natural lan-

guage, audio, or time series data. It is an attention-based

model that allows the model to focus on specific parts of

the input data while processing it, rather than considering

the entire input at once. The Transformer architecture was

introduced by [41] and has since been widely used in

natural language processing tasks. It has demonstrated high

performance across a wide range of natural language pro-

cessing tasks, including machine translation, language

modeling, and question answering, often achieving results

competitive with or surpassing previous state-of-the-art

methods. The original Transformer model was initially

designed for language translation tasks, where the encoder

takes a sequence of words (a sentence) in one language as

input. However, its applicability extends beyond language

processing and has been adapted for use in image

sequences [42] and audio applications [43], showcasing its

versatility as a universal solution for various tasks.

Based on the Transformer architecture, Vision Trans-

former (ViT) is a type of deep neural network architecture

that was introduced by [9]. It is specifically designed for

computer vision tasks, such as image classification, object

detection, and segmentation. ViT has been shown to

achieve state-of-the-art performance on a number of com-

puter vision benchmarks, and it has the potential to revo-

lutionize the way that computer vision tasks are

approached, which comes as no surprise to the task of AU

detection [10].

Being a variant of the ViT, Perceiver [11] is specifically

designed for the task of video action recognition. The main

difference between Perceiver and other Transformer mod-

els is that it uses a temporal encoding strategy that allows it

to capture long-range temporal dependencies in the video

data. This enables it to outperform other Transformer

models on tasks such as action recognition, as well as on

other video understanding tasks. The ViT model uses the

Transformer architecture with self-attention to process

sequences of image patches, while the Perceiver model

uses an asymmetric cross-attention mechanism that itera-

tively processes the data. One key difference between these

two models is that the Perceiver can handle a large number

of unrelated tasks with minimal modification to the model,

while the Transformer is less flexible in this regard.

In order to find the best scoring landmarks, sparse

learning has been employed. The details of the algorithm

are given in Algorithm 1.

Fig. 2 Upper and lower face action units (AUs) are shown with their corresponding muscle movement descriptions. Selected AUs as defined by

the Facial Action Coding System (FACS) are illustrated, depicting how specific facial muscle movements correspond to different AUs
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Suppose there are N samples belonging to S subjects,

where each sample i is represented by ðXðiÞ; Y ðiÞÞ pairs

where:

• XðiÞ is the K-dimensional feature vector representing the

ith sample; XðiÞ 2 RK

• XðiÞ consists of m-dimensional x
ðiÞ
j;c feature vectors;

x
ðiÞ
j;c 2 Rm; where j is the jth landmark index among p

landmark patches; j ¼ 1; . . .; p; and c is the size of the

patch representing the corresponding landmark;

c ¼ 1; . . .;C;

• Y
ðiÞ
l ¼ f�1;þ1g is the label vector for each landmark l

where l ¼ 1; . . .; L stating that the lth AU exists in the ith

sample or not.

The adopted multitask learning approach involves simul-

taneously learning a problem alongside some other related

tasks. In a conventional multitask learning scenario, the

objective is to acquire shared features among all tasks [44].

As a result, the learning formulation encourages numerous

weight vectors to be zero:

min
X

XN

i¼1

JðX; xðiÞ; yðiÞl Þ þ k
Xp

j¼1

xGj

�� ��
2

s: t: xGj

�� ��
2
6¼ 0

ð1Þ

where

• X is the K � dimensional vector to represent the

coefficients

• xGj
is a submatrix of X

• Gj denotes the jth landmark

• xGj
is the weight vector of the jth landmark patch

The subtask of Eq. 1 is to find the maximum weight that

belongs to the jth landmark patch. Logistic loss [45] is

employed as the cost function J(.) in this part of study. The

loss function is calculated for a single task l. Most of the

columns of x result in zero after using the regularization

term and thus the remaining columns indicating the cor-

responding features mean that the features are shared

across the binary AU detection task l. The algorithm iter-

ates for a maximum of S steps, where S is a predefined

upper bound on the number of iterations. This ensures the

algorithm terminates even if perfect convergence is not

achieved, balancing between optimization quality and

computational efficiency. The value of S can be tuned

based on the specific dataset and computational resources

available.

Some visual results of this experiment can be seen in

Fig. 4 where three different AUs’ active landmarks with

their representative patch sizes are demonstrated.

4 Experiments

The detection of facial action units (AUs) is a crucial task

in the field of computer vision, with applications spanning

expression recognition, human–computer interaction, and

affective computing. This section focuses on the experi-

mental evaluations conducted to assess the performance of

the proposed algorithms in the context of facial action unit

detection.

4.1 Settings

For the image representations and model hyperparameters,

the same preprocessing settings have been employed as in

the study [46]. Figure 3 illustrates the distinctions among

the image sequences that are fed into the networks where it

contains (a) The original face cropped from the entire

image using Viola-Jones. (b) Face image uniformly crop-

ped to 12 � 12 pixels, making 25 images in the sequence.

(c) Face image uniformly cropped to 6 � 6 pixels, making

100 images in the sequence. (d) Uniform patches of size

12 � 12 cropped around each facial landmark, making 68

images in the sequence. (e) Uniform patches of size 12 �
12 cropped around each representative facial landmark. A

patch size of 12 � 12 has been chosen as the ground set-

ting, since the state-of-the art uses the specific patch size

[47].

4.2 Database setup

Almost every experimental setup has been tested on two

lab-controlled datasets: dynamic facial expression and

spontaneous facial action (DISFA) [48], BP4D [49], and

one in-the-wild dataset: EmotioNet [50]. Each of these

datasets is manually labeled by experts and contains frame-

level labeling on 2D RGB frames. The details and exper-

imental settings of the datasets used in the experiments can

be found in [51].

4.3 Implementation details

The proposed method contains three major tasks: (i) using

sparsity to find the active landmarks for each AU, (ii)

finding the best patch size, and (iii) feeding ViT and Per-

ceiver networks with patches cropped around each active

landmark. The details of sparse learning can be found in

Algorithm 1.
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Algorithm 1 Patch size learning using sparsity

All the images are detected using the Viola-Jones face

detector [52] and cropped to a size of 64 � 64, keeping

their settings as RGB. For each AU, 12 � 12 images are

cropped from around the active patches, and the following

hyperparameters are set to the same value when imple-

menting the architectures to be consistent with all attention

experiments: Adam is used as the optimizer with a learning

rate of 0.0001, batch size is taken as 32, the number of

epochs is 50, and no early stopping is employed, the

dropout rate is set to 20%, and sparse categorical cross-

entropy is used as the loss function. Thirty-three percent of

the dataset is kept as the test set, after which data

augmentation is applied to the training set by just flipping

horizontally. The rest of the network architecture details

for ViT and Perceiver are as follows:

• ViT: the size of each Transformer unit is ð128 � 2Þ with

eight Transformer layers. The size of the dense layers of

the final classifier is set to ð2048 � 1024Þ.
• Perceiver: the size of the latent array and the embedding

size of each element in the data and latent arrays are

both set to 256 for each batch. The number of

Transformer heads is 8, the number of Transformer

blocks is 4, and lastly, the repetitions of the cross-

attention and Transformer modules are set to 2.

Fig. 3 Image patch approaches used in the experiments are compared.

Different methods of dividing facial images into patches are

displayed: a original face image, b 12 9 12 pixel uniform grid, c 6

9 6 pixel uniform grid, d 12 9 12 pixel patches around all facial

landmarks, and e 12 9 12 pixel patches around representative facial

landmarks
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Although it is not stated in the end-to-end pipeline, as a

regular approach, threefold subject-exclusive cross-vali-

dation is used for all spontaneous datasets, and just three-

fold cross-validation is used on EmotioNet since there is no

subject-relevant information in it. All of the recorded

scores are averages of the folds. No early stopping is

employed to be consistent with the results.

4.4 Results

The investigation into adaptable-sized landmark patches

for facial action unit (AU) detection, employing Vision

Transformer (ViT) and Perceiver attention mechanisms,

yielded compelling results. The study systematically

examined the impact of adaptable patch sizes around facial

landmarks on the performance of these attention models.

The objective was to discern whether the adaptability to

varying patch sizes enhances AU detection accuracy. The

findings underscore a notable improvement in results when

employing adaptable-sized patches, affirming the efficacy

of the approach.

The images are divided into patch sizes of 6 � 6 and

12 � 12 pixels, and uniform landmark patches of size 12 �
12 pixels, respectively, consistent with the state-of-the-art.

The same images are then experimented with sparse

landmarks of three different patch sizes, as well as the

proposed method. Frame-based F1-score is employed as

the evaluation metric, representing the average across three

folds (%). The average is calculated for each method, and

the % is omitted for simplicity in presenting all quantitative

results. Tables 1 and 2 show F1 scores of the proposed

method on three different datasets. Bold numbers indicate

the highest scores, and AUs that are not included in the

dataset are left blank.

Both for ViT and Perceiver, the experimental results

consistently demonstrated enhanced AU detection perfor-

mance when utilizing adaptable-sized landmark patches.

The adaptability to different patch sizes proved to be a

critical factor in capturing the minor facial muscle move-

ments associated with distinct action units. Notably, this

improvement was observed across diverse datasets, reaf-

firming the generalizability and robustness of the proposed

methodology.

The adaptability of attention mechanisms to adaptable-

sized patches showcased their effectiveness in discerning

the varying importance of different facial regions for AU

detection. ViT and Perceiver exhibited a heightened

capacity to focus on crucial regions associated with specific

AUs, showcasing the potential for these models to adapt to

the inherent complexity of facial expressions. The out-

comes of these experiments underscore the importance of

considering the spatial intricacies of facial features in the

design of attention-based models for facial expression

analysis.

Furthermore, the study observed that, as the complexity

of the dataset increased, the benefits of employing adapt-

able-sized landmark patches became more pronounced. In

challenging datasets where facial expressions are more

intricate and varied, the adaptability to different patch sizes

became an important factor in achieving superior AU

detection results. This observation reinforces the hypothe-

sis that, as the task becomes more demanding, the ability to

discern and utilize relevant information from adaptable-

sized patches becomes paramount.

Tables 1 and 2 results provide compelling evidence that

the incorporation of adaptable (size-variant) landmark

patches significantly enhances AU detection performance

for both ViT and Perceiver attention mechanisms. This

approach demonstrates the potential for advancing facial

expression analysis by tailoring attention mechanisms to

the spatial dynamics of facial features, paving the way for

more accurate and detailed expression recognition systems.

Some visual results of this experiment can be seen in Fig. 4

where three different AUs’ active landmarks with their

representative patch sizes are demonstrated.

5 Ablation study

In pursuit of a more comprehensive understanding of the

proposed methodology’s robustness and generalizability,

an ablation study was conducted, specifically focusing on

adaptable-sized sparse landmarks. This section investigates

the cross-dataset experiments designed to assess the per-

formance of Vision Transformer (ViT) and Perceiver

attention mechanisms when confronted with variations in

facial expressions across different datasets.

The cross-dataset experiments provide insights into the

transferability of the proposed methodology, addressing the

challenges posed by differences in illumination, pose, and

subject demographics across datasets. This investigation

not only serves to validate the models’ proficiency in

capturing diverse facial expressions but also contributes to

a deeper understanding of the potential challenges and

opportunities associated with deploying attention-based

models in real-world scenarios.

Tables 3, 4, and 5 contain cross-dataset experiments

among the available AUs across datasets with ViT and

Perceiver as the backbone. The first three rows contain the

sparse learning algorithm explained in Sect. 3 with dif-

ferent patch sizes cropped around each facial landmark,

and then the results of the adaptable-sized method. The

results contribute valuable insights to the broader discourse

on the applicability of attention mechanisms in facial

3784 Neural Computing and Applications (2025) 37:3777–3791
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expression analysis, laying the groundwork for more robust

and universally applicable expression recognition systems.

6 Discussion

Although ViT and Perceiver have both been successfully

used for image classification tasks, they have always been

employed with uniformly cropped grids and never been

combined by learning the active image patches to get rid of

the noisy ones. Also, despite its success in many unrelated

tasks and domains, Perceiver has yet to be introduced to the

field of facial analysis to our knowledge.

The subsequent evaluation, where these attention

mechanisms were applied to facial action unit detection

using patches strategically cropped around facial land-

marks using different patch sizes, led to different

observations:

• Vision Transformers and Perceiver are strong and

robust feature extractors, especially in controlled

datasets.

• In a conventional hand-crafted feature extraction pro-

cess combined with a classification method, the result

would definitely increase with less but more important

data, but with attention mechanisms and relatively clear

datasets like DISFA and BP4D, it has been seen that the

attention mechanism works almost perfectly when

compared to the whole image, meaning that using all

the landmark patches did not make a significant

increase for the reason that the network already focuses

on what is important.

• Although the experiments did not use a large variety of

patch sizes due to computational constraints, the

experimental results show that upper face AUs are

better recognized with smaller landmark patches, while

lower face AUs benefit from larger patches. This is

because upper face muscle movements are more subtle

and occupy less space than those of the lower face. It is

worth noting that the computational costs of our

proposed method are negligible compared to the

original method when using just three different patch

sizes.

• As the complexity of the task increases, the use of ViT

and Perceiver becomes more crucial in separating

meaningful data from noise.

• Using adaptable-sized patches improves the results in

every single experiment.

• ViT consistently outperforms Perceiver in all the

experiments, including cross-datasets.

7 Conclusion and future work

The detection of facial action units (AUs) is a crucial task

in the field of computer vision, with applications spanning

expression recognition, human–computer interaction, and

affective computing.

There are many landmarks triggering the AU, and it

does not always yield the best results when feeding all of

the landmarks to the network. In Sect. 3, a sparse learning

algorithm is employed to find the active landmarks for each

AU, and the attention networks have been exploited inde-

pendently to examine their success with the task of facial

action unit detection when only active landmark patches

are given to the networks. Even without using active

landmarks, ViT and Perceiver are strong and robust feature

extractors, especially in controlled datasets. The experi-

ments indicate that when the dataset is easier to handle, it

leads to better results when all landmark patches are fed to

the network instead of the whole face. As the task becomes

more challenging, the significance of filtering out noise

from the data increases with the use of ViT and Perceiver.

The investigation into adaptable-sized landmark patches

for facial action unit (AU) detection, employing Vision

Transformer (ViT) and Perceiver attention mechanisms,

yielded significant results. This study systematically

examined the impact of adaptable patch sizes around facial

landmarks on the performance of these attention models.

The objective was to determine whether flexibility in patch

size enhances AU detection accuracy. The findings

Fig. 4 Adaptable-sized landmark patches for three action units (AUs)

are visualized. The active landmarks and their representative patch

sizes are shown for: AU1 (inner brow raiser) with 26 patches, AU17

(chin raiser) with nine patches, and AU25 (lips part) with 25 patches.

This visualization demonstrates how different AUs utilize varying

numbers and sizes of patches based on the facial regions they affect
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demonstrate a notable improvement in results when uti-

lizing adaptable-sized patches, affirming the efficacy of this

approach. This outcome underscores the potential of

adaptive patch sizing in advancing facial expression anal-

ysis techniques.

The observations highlight that upper face AUs tend to

be better recognized with smaller landmark patches,

Table 3 Cross-dataset experiments between DISFA and BP4D using ViT and Perceiver as backbones

Train/test dataset Method AU1 AU2 AU4 AU6 AU12 AVG

Train w/DISFA ViT important patches of size 12 9 12 43.0 54.2 48.6 70.8 72.4 57.8

ViT important patches of size 18 9 18 40.7 52.9 47.4 71.6 75.4 57.6

ViT important patches of size 24 9 24 44.0 45.0 46.6 72.0 76.4 56.8

ViT adaptable patches 49.9 57.8 56.7 73.2 76.0 67.7

Test w/BP4D Perceiver Important Patches of Size 12 9 12 53.0 40.6 47.7 64.9 63.6 53.9

Perceiver Important patches of size 18 9 18 52.1 45.1 47.6 65.4 60.6 54.2

Perceiver important patches of size 24 9 24 51.0 50.1 47.3 65.2 68.9 56.5

Perceiver adaptable patches 53.8 46.9 49.6 68.8 67.1 57.2

ViT Important Patches of Size 12 9 12 41.0 50.9 40.1 76.0 78.5 52.6

ViT Important Patches of Size 18 9 18 42.9 53.7 39.3 79.4 71.8 57.4

ViT important patches of size 24 9 24 43.2 40.2 40.1 79.5 80.2 56.6

Train w/BP4D ViT Adaptable patches 52.6 63.3 47.8 80.9 79.3 64.8

Test w/DISFA Perceiver Important Patches of Size 12 9 12 43.9 40.4 39.5 59.1 58.7 48.3

Perceiver important patches of size 18 9 18 45.5 44.1 40.4 57.4 54.8 48.4

Perceiver important patches of size 24 9 24 50.6 47.2 39.0 54.9 58.1 50.0

Perceiver adaptable patches 45.5 55.5 41.1 61.4 68.0 54.3

These tables show the performance (F1-scores) of the proposed adaptable patch method and various fixed-size patch configurations when training

on one dataset and testing on another

Bold indicates the highest F1 scores within each experiment

Table 4 Cross-dataset experiments between BP4D and EmotioNet using ViT and Perceiver as backbones

Train/test dataset Method AU1 AU2 AU4 AU6 AU12 AVG

ViT important patches of size 12 9 12 42.5 41.2 45.4 71.8 64.6 53.1

ViT important patches of size 18 9 18 46.8 50.0 51.3 70.0 73.5 58.3

ViT important patches of size 24 9 24 47.5 51.8 50.3 71.9 75.4 59.4

Train w/BP4D ViT adaptable patches 48.9 54.0 51.9 70.5 74.2 59.9

Test w/EmotioNet Perceiver important patches of Size 12 9 12 50.4 51.2 52.1 55.1 52.3 52.3

Perceiver important patches of size 18 9 18 50.0 49.8 52.8 46.1 55.6 50.9

Perceiver important patches of size 24 9 24 48.2 53.1 51.4 48.4 57.5 51.7

Perceiver adaptable patches 49.5 48.4 54.0 52.1 59.4 52.7

ViT important patches of size 12 9 12 42.1 48.4 45.3 71.4 72.9 56.0

ViT important patches of size 18 9 18 41.5 44.0 52.1 71.3 76.3 57.0

ViT Important Patches of Size 24 9 24 41.6 42.2 60.5 71.2 79.7 59.0

Train w/EmotioNet ViT adaptable patches 52.3 46.9 60.9 73.9 78.8 62.5

Test w/BP4D Perceiver important patches of size 12 9 12 51.7 49.7 56.4 64.3 59.9 56.4

Perceiver important patches of size 18 9 18 49.9 46.2 54.5 66.7 63.9 56.2

Perceiver important patches of Size 24 9 24 45.0 54.4 54.5 63.6 67.6 57.0

Perceiver adaptable patches 52.8 55.2 55.4 66.6 70.9 60.2

These tables show the performance (F1-scores) of the proposed adaptable patch method and various fixed-size patch configurations when training

on one dataset and testing on another

Bold indicates the highest F1 scores within each experiment
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reflecting the relatively subtle movements of upper facial

muscles. Conversely, lower face AUs benefit from larger

patch sizes due to the more expansive movements of lower

facial muscles.

These combined discoveries represent a major

advancement in our understanding of how attention

mechanisms and data containing important landmarks

interact in the field of AU detection. This opens up new

avenues for future research, emphasizing the importance of

carefully examining the optimal patch sizes for each indi-

vidual facial landmark. Ultimately, this will greatly

enhance and fortify AU detection techniques. The study’s

findings have important implications for future research

and applications in AU detection and related fields.

Building upon the discoveries made in this study, future

research could explore various strategies to further enhance

the performance and applicability of AU detection meth-

ods, such as:

• Fine-tuning strategies may be explored for ViT to

further enhance its performance on specific target

datasets.

• Ensemble methods may be explored to combine

predictions from ViT and Perceiver for potentially

improved overall performance.

• Future research could investigate the integration of

fuzzy logic-based classifiers [53] with deep learning

approaches like ViT and Perceiver, potentially offering

new ways to handle ambiguity in facial expressions and

improve the interpretability of model outputs.

• The proposed method may be applied to other visual

datasets, such as medical images, biometric authenti-

cation, and autonomous vehicle perception.

• The proposed method may be extended to domains

other than visual data, such as sentiment analysis in

natural language processing (NLP), anomaly detection

in network security, or emotion recognition in audio

signal processing.

• The proposed method may further benefit from exper-

imenting with a wider range of patch sizes beyond those

already tested and proven effective.
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Table 5 Cross-dataset experiments between DISFA and EmotioNet using ViT and Perceiver as backbones

Train/test dataset Method AU1 AU2 AU4 AU6 AU9 AU12 AU25 AU26 AVG

Train w/DISFA ViT important patches of size 12 9 12 42.9 55.8 59.4 74.3 55.9 76.1 75.0 64.5 63.0

ViT important patches of size 18 9 18 42.9 55.4 57.4 70.2 43.8 78.3 76.3 66.8 61.4

ViT important patches of size 24 9 24 41.4 56.5 53.3 70.5 54.4 78.1 74.4 65.2 61.7

ViT adaptable patches 48.6 53.1 61.6 74.1 59.5 79.6 78.3 65.2 65.0

Test w/EmotioNet Perceiver important patches of size 12 9 12 49.5 49.3 52.8 55.1 50.1 59.8 51.0 58.3 53.2

Train w/EmotioNet Perceiver important patches of size 18 9 18 49.5 53.4 55.3 62.8 54.6 63.0 61.7 57.2 57.2

Perceiver important patches of size 24 9 24 47.9 54.0 50.8 64.7 55.6 56.5 60.4 53.0 55.3

Perceiver adaptable patches 49.6 57.5 52.2 61.0 54.6 72.4 67.0 59.0 59.1

ViT important patches of size 12 9 12 41.5 48.3 64.3 82.4 49.0 85.4 85.9 73.7 66.3

ViT important patches of size 18 9 18 43.6 46.1 56.3 85.5 55.3 87.0 87.8 68.3 66.2

ViT important patches of size 24 9 24 43.6 46.6 60.8 85.1 53.2 86.6 88.0 73.4 67.2

ViT adaptable patches 9.2 49.4 61.1 84.4 49.7 87.5 93.0 71.2 68.2

Test w/DISFA Perceiver important patches of size 12 9 12 48.6 45.2 44.6 61.8 42.9 59.6 60.8 44.9 51.0

Perceiver important patches of size 18 9 18 45.8 38.0 44.9 72.4 45.4 67.1 62.9 37.4 51.7

Perceiver important patches of size 24 9 24 48.3 46.1 40.0 65.4 44.3 72.0 62.6 41.3 52.5

Perceiver adaptable patches 44.5 50.2 50.8 78.2 54.2 74.4 79.4 44.9 59.6

These tables show the performance (F1-scores) of the proposed adaptable patch method and various fixed-size patch configurations when training

on one dataset and testing on another

Bold indicates the highest F1 scores within each experiment
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