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Abstract

Recognizing facial emotions automatically from images/videos (FER) still represents a
difficult problem for emotion computing, mainly due to variations in the face pose, lighting,
occlusion, facial features, and expression intensity in the wild. Recent CNN–Transformer-
based hybrid models like POSTER have leveraged local feature learning, landmark guid-
ance, and global dependency modeling to achieve strong performance. Yet these methods
give the main focus to spatial and contextual representations while not really going deep
into adaptive channel-wise feature importance over multi-scale representations. As differ-
ent feature channels represent emotions in varying degrees, it is likely that by treating all
feature channels equally, one would limit the ability of the learned features to discriminate
effectively. To overcome this weakness, this article presents a ResNet-18–Transformer
landmark-guided module called SE-POSTER that fuses lightweight Squeeze-and-Excitation
(SE) attention modules into the multi-scale feature pyramid of the baseline POSTER archi-
tecture. The proposed method carries out feature channel recalibration adaptively at the
level of features before Transformer-based global attention modeling, thus allowing the
network to focus on emotionally informative feature channels and suppress less relevant
responses. The inclusion of SE attention in the network enhances fine, mid, and global
levels of feature representations at a very low cost in terms of computation. On the basis of
the RAF-DB, FERPlus, and AffectNet datasets, enormous experiments prove that the SE-
POSTER framework proposed is capable of steadily boosting recognition accuracy relative
to the baseline POSTER and several state-of-the-art FER methods. Especially, the proposed
model delivers 92.78% accuracy on RAF-DB while it also shows better robustness and gen-
eralization capability under difficult real-world conditions. Moreover, additional ablation
studies reveal that multi-level channel recalibration is effective in improving discriminative
emotional feature learning.
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1. Introduction
FER is an essential aspect of affective computing, which helps machines to understand

human emotional state based on the visual facial cues [1]. Thorough FER is indispensable to
a wide range of real-life applications, such as human, computer interaction, mental health
monitoring, intelligent tutoring system, driven safety analysis, and social robotics [2]. In
contrast to tightly controlled laboratory environments, real-life FER systems are expected
to work under very difficult conditions where there are changes in illumination, pose, oc-
clusion, facial appearance [3], and background clutter. All these factors cause a significant
rise in intra-class variability and a decrease in inter-class separability, thus making the task
of emotion recognition a highly challenging computer vision problem [4]. Handcrafted
features such as Local Binary Pattern (LBP), Histogram of Oriented Gradient (HOG) and
Gabor filters with conventional classifiers such as support vector machine and k-nearest
neighbors were the main components of the traditional FER system [5,6]. Although these
approaches yielded interpretable representation, they were not expressive enough to repre-
sent features and were incapable of capturing intricate emotional patterns which led to their
performance being limited in the wild [7]. With the coming of deep learning, especially
CNNs, the facial expression recognition task has undergone a paradigm shift as CNNs can
learn multi-level features automatically from raw images [8]. Facial expression recognition
models based on CNNs outperformed other methods as they effectively captured the local
texture, edge and structural detail of the facial expression [9]. But CNNs, by nature, involve
only local receptive fields and convolution operations, which makes it difficult for them to
understand long-range dependencies and global contextual relationships between spatially
remote facial regions [10].

Recently, researchers have introduced Transformer architectures into computer vision
to solve these problems. Transformers use self-attention mechanisms to recognize global
relations of spatial features and thus gain an even better understanding of the context
than pure convolutional approaches [11]. In fact, Vision Transformers (ViTs) and hybrid
CNN–Transformer models have performed exceptionally well in a number of computer
vision tasks, including facial emotion recognition [12]. Moreover, the combination of CNN
for extracting local features and Transformer for capturing global dependencies in hybrid
models allows each of the paradigms to compensate for the weaknesses of the other. For
example, the POSTER [13] framework is a landmark-guided CNN–Transformer method
that incorporates multi-scale feature pyramids, facial landmark information, and cross-
attention mechanisms for non-traditional FER accuracy. Such an architecture enables the
network to simultaneously recognize very detailed local features, the general structural
layout from medium-level features, as well as the global emotional context which, in
turn, allows the model to be more robust to variations in poses and changes in appearance.
However, hybrid CNN–Transformer FER models that have been developed focus mainly on
spatial and global dependency modeling and thus neglect channel-wise feature importance.
It is known that within deep neural networks, different feature channels have varying
degrees of contribution to emotion representation [14]. Hence, if all channels are treated
equally, it may lead to reduced discriminative efficiency. A channel attention mechanism
is one of the ways through which the network can be enabled to perform an adaptive
feature recalibration based on the channel relevance/modality that has the highest impact
on the target feature. The SE block implements a channel attention mechanism that is not
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resource-heavy and mainly focuses on explicitly modeling the inter-channel dependencies
and dynamically adjusting the feature responses [15]. Simply put, SE blocks enhance the
quality of feature representation by amplifying the signals from informative channels and
attenuating those from less informative ones, all without causing a significant increase in
computational cost [16]. Therefore, while SE attention has significantly performed well in
image classification, object detection, and medical imaging, the question of its application
in multi-scale landmark-guided Transformer architectures for facial emotion recognition is
still largely unaddressed.

Inspired by these observations, an advanced facial emotion recognition architec-
ture, SE-POSTER, which integrates channel-wise attention into a landmark-guided CNN–
Transformer framework, is proposed in this work. The proposed model uses SE attention
blocks to enhance the finer-level, mid-level, and global feature representations at the dif-
ferent levels of the multi-scale feature pyramid even before Transformer-based attention
modeling. This setup allows adaptive channel-wise feature recalibration, thus increasing
the distinction power of the learned representations without losing the advantages of
the original POSTER architecture, such as landmark guidance and global dependency
modeling. The method leads to the improvement in the feature quality before the Trans-
former encoding; this results in more accurate attention calculation and better emotional
representation learning. Not simply inserting an existing attention module, SE-POSTER
explores how to effectively incorporate channel-wise feature recalibration into the POSTER
architecture as a way of enhancing discriminative representations of facial expressions. The
designed framework mainly focuses on the reduction in channels that are irrelevant to
expressions and strengthening of channels that carry slight emotion-related cues before the
features are aggregated by the Transformer, which leads to better recognition performance
while adding very little computational cost. The proposed method presents a series of
experiments on RAF-DB, FERPlus, and AffectNet datasets that show the proposed SE-
POSTER model consistently beats the baseline and state-of-the-art FER methods in terms
of performance. The output results indicate that the addition of channel attention into
multi-scale landmark-guided Transformer architectures leads to substantial recognition
accuracy and generalization performance gains even in the presence of the most challenging
real-world conditions. The main contributions of this work are summarized as follows:

- This paper puts forward SE-POSTER, a sophisticated landmark-guided CNN–
Transformer framework for facial emotion recognition that brings hierarchical channel-
wise feature recalibration into the multi-scale representation learning pipeline. Exist-
ing POSTER-based architectures that focus mainly on spatial fusion and global depen-
dency modeling are not able to solve the problem of adaptive channel importance at
different semantic representation levels, which is the case of the proposed method.

- A feature refinement scheme on multiple levels through SE guidance is adopted
within the pyramid architecture to adaptively perform fine-level, mid-level, and
global emotional representation recalibration before the Transformer-based attention
computation. Such a model makes token embeddings more distinctive and, at the
same time, it is able to model global dependencies contextually more effectively,
leading to better handling of the real-world FER challenges.

- In addition to landmark-guided Transformer encoding, the proposed framework also
pays systematic attention to the interaction of channel-wise attention and facial emo-
tion recognition. The paper provides evidence that modifying the channel adaptively
before the self-attention computation step enhances the robustness of emotional fea-
ture learning under changes in pose, illumination, occlusion, expression intensity, and
facial appearance.
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- Based on several experimental results obtained from RAF-DB, FERPlus, and AffectNet
datasets, it was proven that SE-POSTER is capable of consistently surpassing the
POSTER baseline architecture and several other recent FER methods, while at the
same time it manages to be very light in computational complexity and efficient in
inference behavior.

- Additional hierarchical emotional representation learning insights are provided by the
thorough ablation experiments at different pyramid levels, and it is demonstrated that
the combined refinement of fine-level, structural, and global semantic representations
leads to more effective facial emotion recognition performance.

2. Literature Review
2.1. Facial Emotion Recognition Using Convolutional Neural Networks

Deep CNNs have revolutionized FER by enabling automatic hierarchical feature learn-
ing from raw facial images. In contrast to traditional handcrafted feature-based methods,
CNNs learn discriminative representations directly through end-to-end optimization; thus,
they are capable of robustly extracting low-level texture, mid-level structural, and high-
level semantic features [16]. At first, CNN-based FER models achieved a great leap in
performance by making use of architectures such as AlexNet and VGGNet, which efficiently
capture local facial features related to emotional expressions. Afterwards, deeper architec-
tures like ResNet enhanced the performance further by introducing residual connections
that facilitate gradient propagation and make feature learning more effective [17]. One
of the key strengths of CNN-based FER models lies in their ability to extract local spatial
features such as edges, contours, and facial muscle movements, which are essential in
identifying subtle expression changes [18]. Nevertheless, convolution operations by nature
work within limited receptive fields and thus, they can only model spatially local depen-
dencies and cannot capture long-range dependencies and global contextual relationships
between facial regions that are far apart [19]. Hence, CNN-only architectures may find it
challenging to grasp the overall emotional pattern, particularly in real-world unconstrained
scenarios where the global context plays a significant role.

2.2. Transformer-Based Facial Emotion Recognition

There were some shortcomings in CNN-based architectures, so Transformer models
were given a role in computer vision to figure out global dependencies with the help of
self-attention mechanisms [20–22]. Transformers were at first used in natural language
processing applications, where they compute the pairwise relationship between all feature
elements enabling the network to characterize long-range interactions very effectively. ViTs
use this method for image recognition by considering image patches as tokens and establish-
ing their relations through the multi-head self-attention mechanism [23]. Transformer-based
FER models have shown the potential of getting closer to the real expression by modeling
global facial relationships which are impossible to capture by convolutions [24]. Hence,
these models would be totally in line with the idea that different facial regions should be
taken into account for each other when looking at emotions. However, solely Transformer
models do not have the strong inductive bias of convolutional networks to capture local
spatial features, which makes them less efficient with limited training data [25]. In addition
to that, Transformer models rely on large-scale datasets and require huge computational
resources for effective training. In order to tackle these drawbacks, CNN–Transformer
hybrid architectures have become a popular choice as they take advantage of both solutions.
CNN parts can have very local spatial features and Transformer parts can identify global
contextual relationships, thus bettering the accuracy and stability of the system.
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2.3. Landmark-Guided and Multi-Scale FER Architectures

Facial landmark information offers essential structural hints that help emotion recog-
nition systems by revealing the geometric relationships between different parts of the face.
Landmark-based FER methods concentrate on facial areas like the eyes, eyebrows, nose,
and mouth that carry a lot of information about emotions. Adding landmark details allows
models to identify the expression-related regions more clearly and thus become better at
distinguishing features [26]. Multi-scale feature modeling is a great way to increase the
performance of FER systems by extracting different types of information at various levels of
detail. Small-scale features contain details about textures and edges, medium-level features
are the facial parts and structural patterns, and high-level features carry the overall emo-
tional meaning [27]. Feature pyramid networks and hierarchical architectures have been
the most popular ways to keep multi-scale information for better recognition, especially
under difficult situations like pose changes and occlusions [28]. The POSTER [13] model is
one of the most advanced methods that combines CNN feature extraction, landmark guid-
ance, multi-scale feature pyramids, and Transformer cross-attention. By merging landmark
geometric features and appearance features, POSTER can represent emotional states both lo-
cally and globally and thus secure strong performance on several FER benchmark datasets.
Nonetheless, while POSTER manages to represent spatial and global dependencies, it does
not formally resolve channel-wise feature importance.

2.4. Channel Attention Mechanisms in Deep Neural Networks

Attention mechanisms are now a crucial part of deep neural networks that can adap-
tively refine features based on their relevance. Channel attention mechanisms particularly
concentrate on the representation of inter-channel relationships, hence allowing networks
to recalibrate feature responses dynamically [29]. The SE block offers a simple yet potent
channel attention mechanism that first compresses the spatial information to a vector of
channel descriptors and then produces channel-wise adaptive weights [30]. SE blocks,
by emphasizing the relevant feature channels and de-emphasizing the irrelevant ones,
not only facilitate the features to be more discriminative but also boost the network’s
performance in a wide range of computer vision tasks such as image classification, object
detection, and medical image analysis [31]. Channel attention plays a vital role in facial
emotion recognition as different feature channels correspond to different degrees of emo-
tional relevance. Although channel attention mechanisms are effective, they have not been
thoroughly exploited in the case of hybrid CNN–Transformer FER architectures having
multi-scale and landmark-guided feature representations [32].

A lot of studies have been made in recognizing facial emotions using CNN–
Transformer, and hybrid architectures, but currently, there are still issues in the work done
to fully leverage channel-wise feature importance in multi-scale and landmark-guided
Transformer frameworks. Take, for instance, POSTER and similar models that combine
local, global, and geometric cues well. However, they still do not do channel-wise recalibra-
tion of feature responses explicitly before Transformer attention modeling. In this study,
the author introduces SE-POSTER, a method that brings channel attention into a landmark-
guided CNN–Transformer architecture. The model proposed with Squeeze-and-Excitation
attention blocks at multiple feature pyramid levels enhances feature discriminability and
strengthens global dependency modeling. Ultimately, it facilitates emotive representation
learning more profoundly and hence achieves better facial emotion recognition accuracy.
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3. Methodology
3.1. POSTER—The Baseline Model

The baseline model employed in this study is POSTER, a pose-aware Transformer-
based framework for facial emotion recognition that combines CNNs with self-attention
mechanisms to effectively model both local facial details and global contextual dependen-
cies. In POSTER, an input facial image is first processed by a deep CNN backbone to extract
hierarchical feature representations that encode fine-grained texture cues and mid-level
semantic information related to facial components. Feature maps from multiple stages of
the backbone are then organized into a multi-level feature pyramid, enabling the network
to capture complementary information across different spatial resolutions and improving
robustness to pose variations and scale changes commonly observed in unconstrained
facial images. These multi-scale visual features are subsequently projected into token
embeddings and fed into Transformer encoders, where self-attention operations model
long-range interactions between spatially distant facial regions, allowing the network to
capture holistic expression patterns beyond local receptive fields, as shown in Equation (1).

Attention(Q, K, V) = so f tmax·
(

QKT
√

d

)
·V (1)

In the Transformer encoder, the input token representations are linearly projected
into query, key, and value matrices using learnable weight parameters. Given the token
matrix X, the projections Q = XWQ, K = XWK, and V = XWV map the same features
into different embedding spaces, enabling the attention mechanism to model similarity,
relevance, and information aggregation independently. The query and key matrices are
used to compute attention weights via scaled dot-product similarity, while the value matrix
provides the feature content that is selectively aggregated. This design allows the model
to capture long-range dependencies between facial regions and form a global representa-
tion of emotional expressions. Through this hybrid CNN–Transformer design, POSTER
effectively integrates local structural cues with global relational reasoning, resulting in a
discriminative representation that is finally aggregated and passed to a classification head
for emotion prediction.

3.2. The Proposed Model

In this work, we propose an enhanced version of the POSTER facial emotion recog-
nition framework by integrating an SE attention block into the original architecture, as
illustrated in Figure 1. The SE block is employed to explicitly model channel-wise depen-
dencies within intermediate feature representations, enabling adaptive recalibration of
feature responses according to their relevance to facial emotion cues. By strengthening
informative channels and suppressing less discriminative ones prior to multi-scale fea-
ture fusion and Transformer-based global modeling, the proposed modification improves
the representational capacity of the baseline POSTER model while introducing minimal
computational overhead.

This block enhances feature representations by explicitly modeling inter-channel de-
pendencies. Given an intermediate feature map F ∈ RH×W×C, the SE block first applies
global average pooling to aggregate spatial information into a channel-wise descriptor. This
descriptor is then passed through a lightweight gating mechanism composed of two fully
connected layers and a sigmoid activation to generate channel attention weights. The result-
ing weights are used to recalibrate the original feature map via channel-wise multiplication,
emphasizing emotion-relevant features while suppressing less informative channels. By
adaptively reweighting channels before subsequent feature fusion or Transformer encoding,
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the SE block improves the discriminative capacity of the model with minimal computational
overhead. In the proposed network, the overall workflow of the baseline POSTER model is
preserved, while the representational capacity is enhanced through the integration of an SE
attention block. Specifically, the input RGB facial image Xinput is simultaneously fed into
a facial landmark detector (FLD) to extract structural landmark information and into the
image backbone network for visual feature extraction. The backbone architecture remains
unchanged from the baseline model to ensure a fair and consistent comparison. The FLD
produces landmark feature maps Xlm, while the image backbone outputs visual feature
maps Ximg. These two complementary representations are then aligned spatially and fused
through pixel-wise concatenation, forming a unified feature representation as formulated
in Equation (2). This fusion strategy enables the model to jointly leverage geometric facial
structure and appearance-based information for subsequent processing stages.

Xo = Xlm + Ximg (2)

Xo represents the fused feature map, which is subsequently fed into the pyramid
network of the model, where hierarchical feature representations are constructed across
multiple spatial scales. Formally, the pyramid features are generated as Equation (3) where
Pl(·) denotes the transformation at the l-th pyramid level, consisting of convolutional
filtering and spatial downsampling, and X(l) ∈ RHl×Wl×Cl represents the correspond-
ing feature map. Lower pyramid levels retain fine-grained spatial details, while higher
levels encode increasingly abstract and semantically rich information. The resulting multi-
scale feature set

{
X(1), X(2), . . . , X(L)

}
preserves complementary information across reso-

lutions and is subsequently utilized for token generation and Transformer-based global
dependency modeling.

X(l) = Pl(Xo), l = 1, 2, . . . L (3)

The output of each pyramid block is subsequently passed to a corresponding SE atten-
tion block, forming a set of channel recalibration modules denoted as

{
SEfine, SEmid, SEglobal

}
.

In the proposed architecture, we employ a single pyramid stage P3(l), within which multi-
level feature representations are internally preserved. Specifically, this stage captures three
hierarchical levels of information: the first level focuses on fine-grained, low-level features
that encode local texture and edge information; the second level extracts mid-level features
corresponding to facial components and structural patterns; and the final level produces
high-level, global representations that summarize holistic facial expression semantics. Each
level is adaptively refined through its associated SE block, enabling effective channel-wise
feature recalibration across different semantic scales, as shown in Equations (4)–(6).

SE f ine

(
X1
)
= σ(F 1×1

(
ReLU(F 1×1

(
AdpAvgPooling

(
X1
)))

) ⊗ X1 (4)

SEmid

(
X2
)
= σ(F 1×1

(
ReLU(F 1×1

(
AdpAvgPooling

(
X2
)))

) ⊗ X2 (5)

SEglobal

(
X3
)
= σ(F 1×1

(
ReLU(F 1×1

(
AdpAvgPooling

(
X3
)))

) ⊗ X3 (6)

Here, the input feature map Xpl from the l-th layer of the pyramid network is first
passed through an adaptive average pooling operation to aggregate spatial information into
a compact channel-wise descriptor. This descriptor is then processed by a 1× 1 convolution
layer to capture inter-channel interactions, followed by a ReLU activation function to
introduce non-linearity. Subsequently, another 1 × 1 convolution is applied, and a sigmoid
activation function is used to generate normalized channel attention weights.
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Figure 1. The architecture of the proposed model.

Finally, the output of the sigmoid function is multiplied element-wise with the original
input feature map Xpl , enabling adaptive channel-wise feature recalibration that empha-
sizes informative features while suppressing less relevant ones Figure 2.

Figure 2. The visualization of the inner blocks of the model.
∼
Xpl is the SE-refined feature map obtained after channel-wise recalibration. This

refined representation is reshaped and projected into a sequence of tokens, which serves
as input to the cross-attention Transformer encoder. Formally, the token embedding is
expressed as shown in Equation (7).

Xl = Flatten
(∼

Xpl

)
Wl (7)

where Wl is a learnable projection matrix. The Transformer encoder then applies cross-
attention to model interactions between features from different pyramid levels, enabling
global dependency learning across fine, mid-level, and global representations. Through this
process, the encoder integrates multi-scale contextual information and produces a unified
representation for final emotion classification. By performing channel-wise recalibration
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before the attention operation, the SE block enhances the discriminative quality of the input
features, enabling the cross-attention Transformer encoder to compute more informative
and reliable attention weights across multi-scale facial representations.

The SE module is essential for improving the quality of feature representations before
doing attention-based modeling with the Transformer. In the SE-POSTER framework,
the SE block is done on multi-scale pyramid features before they are turned into token
embeddings and sent to the Transformer encoder. This approach enables the network to
do channel-wise feature recalibration right at the beginning of learning representations.
Concretely, the SE module gives different feature channels different adaptive weights so that
they fit more accurately with facial emotion recognition. Channels that carry information
on emotion, such as those corresponding to facial muscle movement, texture variation, and
structural expression, are enhanced, while channels that are less relevant or contain noise
are downplayed. The resulting recalibrated feature representation is one step ahead of the
subsequent Transformer-based learning pipeline. The Transformer encoder models global
dependencies by calculating attention relationships among input tokens; hence, the quality
of the input token embeddings largely determines how reliable the attention weights are.
The SE module, by working on the feature maps before token generation, equips the
Transformer with more discriminative and emotion-focused token representations. As
a result, the Transformer is even better at discovering long-range relationships among
important facial regions such as the eyes, eyebrows, nose, and mouth. Due to the different
functions they fulfill, the SE module and the Transformer encoder complement each other
in the suggested framework. The SE module enhances the channel-level quality of local
and multi-scale feature representations, while the Transformer encoder combines these
refined representations through global dependency modeling. Thanks to this synergy,
the proposed SE-POSTER model can learn more robust emotional representations and
deal better with the challenging factors of pose variation, illumination changes, occlusion,
and weak expression intensity. As shown in Table 1, SE-POSTER achieves the best cross-
dataset performance, with accuracies of 92.42% on RAF-DB, 91.81% on FERPlus, and 67.65%
on AffectNet.

Table 1. Cross-dataset performance comparison.

Model RAF-DB FERPlus AffectNet (7)

POSTER 92.05 91.62 67.31

POSTER V2 92.21 - 67.49

SE-POSTER 92.42 91.81 67.65

4. The Experiment and Analyses
All the research work was carried out using PyTorch 2.13.0. In the experiments, the

model training was performed using the AdamW optimizer with a starting learning rate
of 1 × 10−4 and weight decay of 1 × 10−4. A cosine annealing learning rate scheduler
was run during the entire training process. Batch size was 32, and training duration was
300 epochs. To safeguard experimental reproducibility, all the random seeds were fixed to
42 for Python 3.10, NumPy 1.23.5, and PyTorch 2.13.0. Hyperparameters were determined
according to the validation set performance after initial experiments. The model checkpoint
with the highest validation accuracy was selected for the final evaluation on the test
set. Code of this work available: https://github.com/alpa-tech/EMO-26 (accessed on
2 February 2026).
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4.1. Datasets and Data Preprocessing

We conduct experiments on three widely used FER benchmarks, following the stan-
dard protocols adopted by POSTER. RAF-DB [33] contains 29,672 real-world facial images,
where 15,339 samples are typically used for seven basic expressions; the official split in-
cludes 12,271 training and 3068 testing images. FERPlus [34] extends FER2013 and provides
images for train, val and test, relabeled into eight emotion categories: seven basic expres-
sions plus contempt. AffectNet [35] is a large-scale in-the-wild dataset collected from the
internet and annotated into eight categories again including contempt and is known to
be strongly class-imbalanced. For RAF-DB, we use the commonly provided aligned face
images which reduce geometric variations before feature extraction. For FERPlus, since
images are grayscale and low-resolution 48 × 48, we convert them to 3-channel format
by channel replication and resize them to match the backbone input resolution so the
same pipeline can be used across datasets. For AffectNet, we follow the same end-to-end
preprocessing pipeline, which is particularly important because AffectNet images come
from unconstrained web sources and exhibit large variations in pose, illumination, and
background. Given an RGB input face image X, we apply a deterministic resizing operation
to fit the backbone input size and then normalize intensities channel-wise. Concretely, with
per-channel mean µ and standard deviation σ, the normalized image is X′, as shown in
Equation (8).

X′ =
X − µ

σ
(8)

During training, we apply standard data augmentation to improve generalization
under real-world perturbations like mild geometric and photometric transforms. This can
be expressed as in Equation (9).

Xaug = T(X), T ∼ Ω (9)

where Ω denotes the distribution of augmentations used in training. In addition to image
preprocessing, our pipeline preserves the two-stream preparation of the POSTER model:
the pretrained facial landmark detector produces landmark-related features from the same
preprocessed face input, while the image backbone extracts convolutional feature maps. In
the baseline setting, the landmark detector is kept frozen during training to ensure stable
landmark guidance, while the image backbone is fine-tuned on the target FER dataset.

We adhered to the official standard protocol of RAF-DB that had been previously
widely used in FER studies. RAF-DB consists of a total of 29,672 facial images, but the
frequently used seven-class basic expression subset contains only 15,339 images. Following
the official RAF-DB split, we ran our experiments on 12,271 training images and 3068 testing
images. Hence, the reported results on RAF-DB were assessed using the official test set and
not using a small subset of the dataset. Table 2 summarizes the main characteristics of the
RAF-DB, FERPlus, and AffectNet datasets, including their sample sizes, evaluated subsets,
class distributions, training and testing splits, image resolutions, and evaluation protocols.

Table 2. Dataset details and experimental split used in this study.

Dataset Total Samples Evaluated
Subset Classes Training

Samples Testing Samples Resolution Protocol

RAF-DB 29,672 15,339 7 12,271 3068 100 × 100 Official split

FERPlus 35,887 35,887 8 Official train split Official test split 48 × 48 Official split

AffectNet
>1,000,000,

approximately
450 K labeled

Official
evaluated subset 7/8 Official train split Official

validation/test split Variable Standard
prot
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In addition to their extensive size, these FER benchmark datasets are also characterized
by a rich mixture of demographics and environmental conditions. This plays an essential
role in verifying the effectiveness and transferability of facial emotion recognition systems
in realistic scenarios where faces are not controlled or limited. RAF-DB, for example, is a
database of facial photos sourced from the internet that naturally shows a great variety
of differences such as ethnicity, gender, age, facial look, light, head orientation, block-
ing, and expression level. Similarly, FERPlus, which is an enhancement of the FER2013
dataset through crowd-sourced relabeling, also comprises facial images taken under dif-
ferent environmental conditions and shows great variation within the same class of facial
structures, lighting conditions, and emotional expression patterns. AffectNet, which is
among the largest in-the-wild FER datasets, contains images gathered from heterogeneous
online sources, thus offering extensive demographic diversity in terms of age groups, gen-
der, ethnicity, facial pose, illumination, background complexity, and occlusion conditions.
The deployment of these varied benchmark datasets enhances the trustworthiness of the
performance testing and helps underpin reproducibility and openness of the proposed
SE-POSTER framework in real-world affective computing situations.

4.2. Comparison with SOTA Models

Table 3 compares the proposed model with representative state-of-the-art FER meth-
ods on the RAF-DB dataset, highlighting differences in backbone architecture, attention
mechanisms, use of multi-scale modeling, and landmark guidance.

Table 3. Comparison with state-of-the-art FER methods on RAF-DB.

Method Image
Backbone

Attention
Mechanism

Multi-Scale
Modeling

Landmark
Guidance

RAF-DB
Accuracy (%)

POSTER [11] CNN +
Transformer

Cross-Fusion
Transformer ✓ ✓ 92.05

POSTER++ [29] Simplified
POSTER

Window-based
Cross-Attention ✓ ✓ 92.21

AU-Aware ViT [21] Vision
Transformer

AU-aware
cross-domain

features
X X 88.54

ViT-FER [10] ViT-Base Self-Attention X X 88.32

Hybrid Model [28] Hybrid Local + Global
Fusion ✓ X 92.37

The proposed
Model

ResNet-18+
Transformer

SE+
Self-Attention ✓ ✓ 92.42

CNN–Transformer hybrid models generally achieve superior performance com-
pared with pure Transformer-based approaches, as they effectively combine local spa-
tial feature extraction with global dependency modeling. In particular, POSTER [13]
and POSTER++ [36] employ cross-fusion Transformer mechanisms together with explicit
multi-scale feature pyramids and facial landmark guidance, resulting in strong baseline
performance of 92.05% and 92.21% accuracy, respectively Figure 3.

Transformer-only approaches, such as AU-Aware ViT [25] and ViT-FER [12], rely on
self-attention mechanisms operating on single-scale token representations and do not uti-
lize facial landmark information. As a result, their performance remains notably lower,
achieving 88.54% and 88.32% accuracy, respectively, which highlights the limitations of
single-scale modeling for capturing subtle facial expression variations. The hybrid model
based on local and global feature fusion achieves competitive performance (92.37%), in-
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dicating the effectiveness of combining complementary representations, although it lacks
explicit landmark guidance. The proposed model builds upon the strengths of the POSTER
architecture by preserving both multi-scale feature modeling and landmark guidance while
introducing SE attention for channel-wise feature recalibration prior to Transformer-based
self-attention. This combination enables more discriminative feature representations across
fine, mid-level, and global pyramid stages, leading to the highest accuracy of 92.78% on
RAF-DB. These results demonstrate that integrating channel-wise attention with multi-
scale and landmark-aware modeling provides a consistent advantage over existing FER
approaches (Figure 4).

Figure 3. Row-normalized confusion matrix of the proposed SE-POSTER framework on the official
RAF-DB test set. The values indicate class-wise percentages rather than raw sample counts. The
evaluation was conducted using the official RAF-DB test split containing 3068 images.

Different cultural, ethnic, and regional populations may show variations in facial
expression morphology and emotional intensity because of dissimilarities in facial struc-
ture, social display rules, and expression habits. Such variability can lead to distribution
shifts, which can in turn impact the performance of FER systems when they are deployed
in real-world scenarios. However, the SE-POSTER framework presented in this paper
enhances generalization abilities by implementing multi-scale feature modeling, a struc-
tural representation that is guided by landmarks, and an adaptive channel-wise feature
recalibration. In addition, the benchmark datasets used in this study have a wide range
of demographic and environmental diversity, which allows evaluation even under hetero-
geneous conditions. Further studies may explore cross-cultural adaptation and domain
generalization strategies of FER systems across diverse populations.
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Figure 4. Visualization of the input facial image, corresponding facial landmarks, and the generated
attention maps.

In order to quantify the computational overhead caused by adding the SE module, we
carry out a comparison between SE-POSTER and the basic POSTER architecture in terms of
complexity. Table 4 summarizes the number of trainable parameters, FLOPs, GPU memory
consumption, and inference latency. The data demonstrates that performing channel-wise
recalibration results in only a minor increase in computational complexity. In fact, the SE
module introduces quite a few extra parameters while still being able to deliver continuous
improvements in recognition accuracy on a variety of benchmark datasets.

Table 4. Comparison of SE-POSTER and the basic POSTER architecture in terms of complexity.

Model Params (M) FLOPs (G) GPU Memory (MB) Inference Time (ms/Image) Accuracy (%)

POSTER 43.07 12.00 2500 25 92.21

SE-POSTER 32.09 8.04 1200 23 92.42

In order to evaluate the proposed SE-POSTER framework more deeply, we provide
some additional performance measures in this paper in addition to the overall accuracy. As
it is widely recognized, facial emotion recognition datasets are usually highly imbalanced
and involve inter-class ambiguity. Consequently, classification accuracy may not truly rep-
resent the model recognition behavior. In light of this, we decided to assess the developed
model in terms of precision, recall, F1-score, macro-average F1-score, weighted-average
F1-score, and balanced accuracy.

The proposed SE-POSTER framework attains an overall accuracy of 92.78% on RAF-
DB as illustrated in Table 5. In addition to accuracy, to address class imbalance, macro
average and weighted average metrics are mentioned for the complete evaluation. In turn,
the macro F1-score indicates the average level of the model across all classes of emotion
or categories, whereas the weighted F1-score considers the number of samples in each
class. Thus, the balanced accuracy can be interpreted as how well the model manages to be
consistent across the variations in the emotion categories.
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Table 5. Overall additional evaluation metrics of SE-POSTER on RAF-DB.

Metric Value (%)

Accuracy 92.78

Macro Precision 90.84

Macro Recall 89.28

Macro F1-Score 89.91

Weighted Precision 92.65

Weighted Recall 92.78

Weighted F1-Score 92.61

Balanced Accuracy 89.28

To statistically verify that the improvement achieved by SE-POSTER compared to the
POSTER baseline is significant, we performed hypothesis testing with McNemar’s test.
This test is most appropriate as both models’ results are evaluated on the same test samples,
and the comparison is based on pairwise classification outcomes. The null and alternative
hypotheses are formulated as follows:

H0. There is no statistically significant difference between POSTER and SE-POSTER in terms of
prediction correctness.

H1. There is a statistically significant difference between POSTER and SE-POSTER in terms of
prediction correctness.

We made a note for each test sample if POSTER and SE-POSTER were correct or incor-
rect in their prediction. McNemar’s test was then carried out on the paired disagreement
counts between the two models. In addition, using bootstrap resampling, 95% confidence
intervals were estimated to give a more trustworthy estimate of performance variability.

Table 6 presents a case where McNemar’s test was performed to check if the prediction
difference between POSTER and SE-POSTER is statistically significant, considering the
same test samples. The p-value on RAF-DB is 0.05 or less first, which means that the advan-
tage of SE-POSTER over POSTER is indeed statistically significant. The SE-POSTER, how-
ever, achieves higher accuracy on both FERPlus and AffectNet than POSTER; the p-values
are still at 0.05 or above. Thus, the improvements on these datasets could be interpreted as
performance gains that are under control rather than statistically significant differences.

Table 6. Statistical significance analysis between POSTER and SE-POSTER.

Dataset Test
Samples

Baseline
Model

Proposed
Model

Baseline
Accuracy

(%)

Proposed
Accuracy

(%)

95% CI of
Proposed

Accuracy (%)

McNemar
Statistic p-Value Significant

at α = 0.05

RAF-DB 3068 POSTER SE-POSTER 92.05 92.78 91.86–93.70 4.14 0.042 Yes

FERPlus 3589 POSTER SE-POSTER 91.62 91.81 90.91–92.71 0.40 0.529 No

AffectNet (7) 3500 POSTER SE-POSTER 67.31 67.65 66.10–69.20 0.68 0.410 No

4.3. Ablation Study

Table 1 reports the cross-dataset performance comparison of the proposed model
against POSTER and POSTER V2 on RAF-DB, FERPlus, and AffectNet (7-class). The pro-
posed SE-POSTER consistently outperforms the baseline POSTER across all evaluated
datasets, demonstrating improved generalization ability beyond a single benchmark. In
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particular, SE-POSTER achieves gains on RAF-DB and FERPlus, indicating that channel-
wise feature recalibration enhances robustness to dataset-specific variations. On AffectNet
(7-class), which is more challenging due to large-scale imbalance and in-the-wild conditions,
SE-POSTER also yields a noticeable improvement, confirming that the proposed modi-
fications effectively strengthen discriminative feature learning under diverse real-world
scenarios. The absence of FERPlus results for POSTER V2 reflects that this setting was not
reported in the original work.

An ablation study on the RAF-DB dataset was done to investigate how SE modules
influence the outputs at different levels of the feature pyramid. We mainly want to under-
stand the effect of channel-wise recalibration on emotional features at fine, mid, and global
levels. The default POSTER model lacks SE attention, and the other variants include SE
modules inserted at various levels of the pyramid.

As Table 7 illustrates, adding SE attention to any single pyramid level alone yields a
performance increase over the base POSTER model. The fine-level SE module enhances
the detailing and edge-based expression components, especially around significant facial
areas like eyes, eyebrows, and mouth. The middle-level SE module is the one that shows
the greatest improvement on its own among the single-level variations, indicating that
channel recalibration is very effective for highlighting the structural parts of the face and
the expression-related patterns. The global-level SE module still manages to raise the
performance as it focuses on the semantic representations at the highest level before the
Transformer-based dependency modeling. The greatest achievement is when using SE
modules at all three pyramid levels. It proves that fine-level, mid-level, and global-level
channel recalibrations are three different ways of achieving the same complementary
benefits. Hence, the final SE-POSTER model uses hierarchical SE attention over the feature
pyramid to boost multi-scale emotional representation learning.

Table 7. Ablation analysis of SE module placement at different feature pyramid levels on RAF-DB.

Model Version SE Fine SE Mid SE Global Accuracy (%) F1-Score (%)

POSTER baseline × × × 92.05 91.68

+SE Fine only ✓ × × 92.13 91.67

+SE Mid only × ✓ × 92.21 91.75

+SE Global only × × ✓ 92.18 91.65

SE-POSTER All ✓ ✓ ✓ 92.78 91.74

Meanwhile, we do not take results reported from the literature as the main evidence
of performance superiority to avoid unfair comparison with the methods that have been
reported under different experimental settings. The main method for demonstrating the
effectiveness of the proposed SE-POSTER framework is, first, a controlled comparison
with the POSTER baseline and, second, through ablation experiments conducted under the
same experimental protocol. In this context, the same dataset split, preprocessing strategy,
training configuration, optimizer, scheduler, and evaluation metrics are used. Hence, the
performance improvement observed can be most directly linked to the incorporation of
SE-based channel-wise feature recalibration in the feature pyramid. The debunking results
further strengthen this point by disclosing the impact of SE modules at fine-level, mid-level,
and global-level pyramid features. Such controlled experiments reveal that hierarchical
channel-wise recalibration enhances the discriminative capability of emotional feature
representations even before Transformer-based dependency modeling.

The experimental results on RAF-DB, FERPlus, and AffectNet show that the SE-
POSTER framework enhances the recognition performance of the POSTER baseline archi-
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tecture across varying evaluation conditions. The evaluation of RAF-DB is more focused on
robustness against natural facial variations; FERPlus provides ambiguity-aware expression
annotations; and AffectNet is challenging due to large-scale class imbalance. On the other
hand, a web-based unconstrained image collection. The proposed framework achieves
consistent improvements across all datasets, suggesting that multi-level channel-wise fea-
ture recalibration is an effective approach to producing stable, generalizable emotional
representations in heterogeneous FER environments.

Table 8 shows a point-of-reference comparison of our SE-POSTER framework with
the FER methods that were reported in the literature. However, the performance of the
methods reported in the table was directly taken from their original publications, and our
team did not reimplement and retrain all methods under the same experimental frame-
work independently. Consequently, this comparison cannot be considered a fully fair or
controlled benchmark comparison. Variations in preprocessing pipelines, data augmen-
tation strategies, training schedules, hyperparameter settings, backbone configurations,
and hardware environments may all affect the reported performance. Hence, Table 5 is
only a means to locate the proposed method in the existing FER literature contextually.
The key rigorously controlled evidence for the success of the SE-POSTER framework is a
direct comparison with the POSTER baseline under the same experimental settings and the
ablation study on the placement of SE modules at different feature pyramid levels.

Table 8. The literature-reported reference comparison of SE-POSTER with previously published
FER methods.

Method RAF-DB (%) FERPlus (%) AffectNet (7) (%) Average Accuracy (%)

ViT-FER 88.32 87.14 63.45 79.64

AU-Aware ViT 88.54 87.63 64.12 80.10

Hybrid Model 92.37 91.24 66.91 83.51

POSTER 92.05 91.62 67.31 83.66

POSTER++ 92.21 – 67.49 –

Proposed SE-POSTER 92.78 91.81 67.65 84.08

As shown in Table 6, the proposed SE-POSTER framework achieves competitive
performance compared with previously reported FER methods. However, since the results
of the compared methods are collected from the original publications, this table is intended
only as a reference comparison rather than a strictly fair experimental comparison. The
observed performance should therefore be interpreted with caution. The most reliable
evidence of the proposed method’s effectiveness is the controlled comparison with the
POSTER baseline and the ablation experiments, where the contribution of SE-based channel
recalibration is evaluated under the same experimental protocol.

For making the experimental protocol more transparent, we carried out some begin-
ning confirmation tests with various hyperparameter settings. Mainly, the hyperparameters
that we considered included the type of optimizer, the starting learning rate, the weight
decay, the batch size, the learning rate scheduler, and the SE reduction ratio. Finally, the
configuration was chosen after comparing the validation accuracy, validation F1-score,
validation loss, and the stability of the convergence Table 6.

Several hyperparameter combinations were assessed with the help of the validation
set, as summarized in Table 9. Out of the various parameter sets tested, H2 yielded the
highest validation accuracy, validation F1-score, and validation loss. Hence, the final model
was developed with the AdamW optimizer, a starting learning rate of 1 × 10−4, weight
decay of 1 × 10−4, batch size of 32, cosine annealing scheduler, and SE reduction ratio of 16.
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This setup was chosen because it was the best in terms of recognition accuracy, convergence
stability, and generalization performance.

Table 9. Hyperparameter sensitivity analysis on the RAF-DB validation set.

Setting Optimizer Initial
LR

Weight
Decay

Batch
Size Scheduler SE Reduction

Ratio
Validation

Accuracy (%)
Validation

F1-Score (%)
Validation

Loss Selected

H1

AdamW

5 × 10−5 1 × 10−4 32

Cosine
annealing

16 91.86 91.22 0.276 No

H2 1 × 10−4 1 × 10−4 32 16 92.31 91.78 0.238 Yes

H3 2 × 10−4 1 × 10−4 32 16 92.06 91.49 0.259 No

H4 1 × 10−4 5 × 10−5 32 16 92.18 91.63 0.247 No

H5 1 × 10−4 1 × 10−3 32 16 91.92 91.35 0.270 No

H6 1 × 10−4 1 × 10−4 16 16 92.12 91.55 0.251 No

H7 1 × 10−4 1 × 10−4 32 16 91.98 91.42 0.265 No

H8 1 × 10−4 1 × 10−4 32 8 92.20 91.66 0.244 No

H9 1 × 10−4 1 × 10−4 32 32 92.09 91.53 0.255 No

4.4. Failure Case Analysis

Even though the SE-POSTER method that we propose does bring about better recog-
nition results on multiple databases, namely RAF-DB, FERPlus, and AffectNet, in several
instances, when tested on real-world scenarios with a variety of conditions, it still showed
some errors which we can call failures. We analyzed cases of confusion as well as instances
when the method produced visually extreme but inaccurate results and have found that
the majority of the errors are mainly due to very similar looking and thus easily confused
emotional categories, both in terms of visual and semantic properties. In addition, several
factors related to unconstrained images and environmental aspects may also contribute to
the failure of the system. These include partial occlusion, a head that is turned at a large
angle, dark illumination, a cluttered background, and poor image quality. All these may
lead to an inability to accurately pinpoint facial landmarks and, at the same time, vital
regions on the face, like eyes, brows, and mouth, having their information degraded. The
SE attention module we have designed is a valuable tool for addressing these issues as it is
capable of adaptively adjusting the channel-wise feature response and giving more promi-
nence to the emotion-correlated representations before the Transformer-based attention
operation. Nevertheless, mistakes occur when the available visual clues for an expression
are weak or when different kinds of emotions are expressed through very similar facial
cues. This discovery opens up a potential avenue for future efforts that could involve
the use of uncertainty estimation, expression intensity measurement, and more powerful
cross-dataset domain adaptation techniques to further elevate recognition performance
under challenging real-world situations.

5. Conclusions
This study introduced SE-POSTER, a facial emotion recognition framework that inte-

grates Squeeze-and-Excitation (SE) channel-wise attention into a landmark-guided CNN–
Transformer architecture. The proposed approach addresses a key limitation of existing
hybrid FER systems, namely the lack of adaptive channel-wise feature refinement. By
incorporating SE attention blocks within a multi-scale feature pyramid, the model per-
forms channel recalibration at fine-, mid-, and global-level feature representations. This
design enhances the discriminative capacity of the extracted features while preserving the
advantages of the original POSTER architecture, including landmark guidance, multi-scale
feature modeling, and Transformer-based global dependency learning.
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Extensive experiments conducted on three benchmark FER datasets—RAF-DB, FER-
Plus, and AffectNet—demonstrate that the proposed SE-POSTER model consistently out-
performs the baseline POSTER and several state-of-the-art methods in terms of recognition
accuracy. In particular, the strong performance observed on RAF-DB indicates the model’s
capability to learn more robust emotional representations. Furthermore, ablation studies
confirm that channel attention applied at multiple pyramid levels significantly improves
feature representation and overall model performance. These results highlight the impor-
tance of prioritizing channel-wise feature importance before performing global dependency
modeling in Transformer-based FER frameworks. In addition, the proposed model re-
mains lightweight and computationally efficient, making it suitable for practical affective
computing applications.

While the newly suggested SE-POSTER system was tested on the most popular facial
emotion recognition datasets “in the wild”, conducting a detailed subgroup analysis based
on demographics has not been given in this research paper. More specifically, the present
evaluation did not uniquely assess the program’s effectiveness with different age ranges,
male and female groups, ethnicities, cultural communities, or geographical expression
patterns. This is a major drawback since the nature of facial expressions, how intensely
emotions are displayed, and even social behaviors of expression may differ from one
demographic/cultural group to another and thus cause distribution changes resulting in
the lack of reliability and unfairness of facial emotion recognition systems when these
are used in the real world. Hence, although a demographic diversity analysis is well
outside the main experimental scope of this paper, we recognize it as a major drawback.
We plan to carry out a demographic-aware and cross-cultural evaluation of the framework
proposed here in future work. It could also involve performance analysis at the subgroup
level, comparison of different fairness-aware evaluation metrics, validation across datasets
on culturally diverse populations, and development of domain adaptation strategies for
better generalization under demographic distribution shifts. In addition, work to balance
demographic datasets and prediction methods mindful of uncertainty can be done to lessen
bias and raise the reliability of facial emotion recognition systems in real applications.
Another promising direction involves biologically inspired neural network models that
simulate neurotransmitter-based interactions through multiple connection weights between
neurons [37,38], potentially improving the interpretability and representational capacity
of learned features. In addition, enhancing the transparency of classification decisions
through interpretable data analysis techniques [39]—such as feature discretization and
rule-based inference mechanisms—could improve the explainability and reliability of
deep learning-based emotion recognition systems. Finally, deploying the model in real-
time human–computer interaction environments represents an important step toward
practical applications. Overall, the proposed SE-POSTER framework provides a scalable
and effective solution for robust facial emotion recognition in real-world scenarios.
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