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ABSTRACT: Micro-expression recognition (MER) is a demanding problem in affective computing because micro-
expressions are brief, low-amplitude, involuntary facial movements that often reveal concealed affective states. Their
recognition is complicated by weak muscle activation, short temporal duration, inter-subject variability, class imbalance,
illumination changes, and the limited scale of publicly available MER datasets. To address these constraints, this paper
introduces BroadAttNet, an attention-driven convolutional framework that embeds a Broadbent-inspired selective
attention layer into a compact CNN backbone. The proposed layer learns to assign higher importance to discriminative
facial regions while suppressing spatially redundant or noisy responses, thereby improving feature selectivity, inter-
pretability, and recognition robustness without imposing substantial computational overhead. BroadAttNet is evaluated
on three benchmark micro-expression datasets, SAMM, CASME II, and SMIC, using both K-Fold and Stratified K-Fold
cross-validation protocols. The model achieves accuracies of 99.66% and 99.73% on SAMM, 98.73% and 97.65% on
CASME II, and 98.62% and 97.09% on SMIC under K-Fold and Stratified K-Fold validation, respectively. Complemen-
tary ablation analysis, per-class evaluation, UAR reporting, model complexity analysis, and Grad-CAM visualization
further demonstrate that the Broadbent Attention layer improves discriminative representation while preserving
efficient inference. These findings indicate that BroadAttNet provides a robust, interpretable, and computationally
practical solution for MER in human-computer interaction, behavioral analysis, and emotion-aware intelligent systems.

KEYWORDS: BroadAttNet; broadbent attention mechanism; micro-expression recognition; convolutional neural
network; explainable affective computing; stratified K-Fold cross-validation; SAMM; CASME II; SMIC

1 Introduction
Micro-expression recognition (MER) has emerged as a critical research direction within facial expres-

sion recognition and affective computing because micro-expressions encode subtle, spontaneous, and often
involuntary facial movements associated with concealed or rapidly changing affective states [1]. Unlike
macro-expressions, which are typically more intense and longer in duration, micro-expressions occur over
a very short temporal window, often between 1/25 and 1/5 of a second, and are characterized by weak
facial muscle activation [2]. These properties make MER valuable for behavioral analysis, learning analytics,
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psychological assessment, security screening, healthcare support, and human-computer interaction, while
simultaneously making it one of the most challenging visual recognition tasks [3,4].

The central difficulty in MER is that the discriminative signal is both spatially localized and temporally
fragile. Small movements around the eyes, eyebrows, nasolabial folds, and mouth may determine the class
label, yet these cues can be obscured by illumination variation, subject-specific facial morphology, head
motion, sensor noise, or imperfect frame selection [5,6]. Traditional descriptors such as Local Binary Patterns
(LBP), Histogram of Oriented Gradients (HOG), and optical-flow variants provided useful early progress,
but their reliance on manually designed features limits their ability to model high-level facial semantics
and subtle inter-class boundaries [7–9]. Deep learning methods, particularly CNNs, have improved feature
learning capacity; however, generic convolutional filters may still allocate representational capacity to
irrelevant facial texture or background information when training data are limited and class distributions
are imbalanced [10,11].

Attention mechanisms offer a principled way to address this limitation by guiding a model toward
task-relevant evidence. In MER, attention is especially important because the visual evidence for emotion
often occupies only a small portion of the face and may be easily overwhelmed by non-discriminative
regions [12,13]. Motivated by Broadbent’s filter model of selective attention, this study proposes BroadAttNet,
an attention-driven CNN architecture designed to emphasize salient micro-expression regions while sup-
pressing redundant or noisy activations. The proposed Broadbent Attention layer operates as a lightweight
spatial selection module that can be inserted into a convolutional backbone without substantially increasing
inference cost [14–16].

The objectives of this study are as follows:

1. To develop a compact and accurate MER framework capable of learning discriminative representations
from subtle facial changes.

2. To integrate a Broadbent-inspired attention mechanism that selectively enhances informative facial
regions and suppresses less relevant spatial responses.

3. To improve interpretability by visualizing the regions that contribute most strongly to model decisions.
4. To evaluate the proposed model on SAMM, CASME II, and SMIC using K-Fold and Stratified K-Fold

validation protocols.
5. To compare BroadAttNet with baseline and state-of-the-art MER approaches using accuracy, precision,

recall, F1-score, UAR, ablation analysis, and runtime complexity.

The major contributions of this paper are threefold. First, we introduce BroadAttNet, a CNN-based
MER framework equipped with a Broadbent Attention layer for selective spatial feature refinement [17,18].
Second, we provide a comprehensive empirical evaluation across three benchmark datasets, including
ablation studies against HTNet, SE attention, and CBAM variants [19,20]. Third, we complement quantitative
performance reporting with per-class analysis, complexity assessment, failure-case inspection, and Grad-
CAM visualization, allowing the proposed method to be evaluated not only as a high-accuracy classifier but
also as an interpretable and deployment-aware recognition framework.

The remainder of this paper is organized as follows. The Section 2 summarizes traditional, deep learning,
temporal, and attention-based MER approaches. The Section 3 describes the datasets, preprocessing pipeline,
BroadAttNet architecture, attention formulation, and experimental setup. The Section 4 presents quantitative
and qualitative findings, including ablation, per-class, complexity, interpretability, and benchmark analyses.
Finally, the Section 5 summarizes the findings and outlines future research directions.
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2 Literature Review
Micro-expression recognition has evolved from handcrafted feature engineering toward deep, attention-

guided representation learning. This transition has improved recognition accuracy, but it has also introduced
new concerns regarding data scarcity, computational cost, protocol consistency, interpretability, and robust-
ness across datasets [21–23]. This section reviews the principal methodological families relevant to the
proposed BroadAttNet framework.

2.1 Traditional Machine Learning Techniques
Traditional MER and FER systems relied heavily on handcrafted descriptors combined with classical

classifiers such as Support Vector Machines (SVMs), k-Nearest Neighbors (k-NN), Gaussian mixture models,
and decision trees. Local Binary Patterns (LBP), Histogram of Oriented Gradients (HOG), gray-level
co-occurrence matrices, and optical-flow descriptors were widely used to encode local texture, orientation,
and motion information [24]. Hybrid systems that combined HOG, LBP, and stacked autoencoders demon-
strated that carefully engineered facial representations could improve emotion recognition under controlled
imaging conditions [25,26].

Despite their historical importance, handcrafted methods are constrained by their dependence on
descriptor design and dataset-specific tuning. They often struggle when micro-expression intensity is weak,
when the apex frame is difficult to isolate, or when illumination, facial pose, and subject identity vary
substantially [27,28]. These limitations motivated a shift toward representation learning, where feature
extraction and classification can be optimized jointly rather than treated as separate stages [29,30].

2.2 Deep Learning Techniques
Deep learning, particularly CNN-based modeling, substantially changed MER by enabling hierarchical

feature learning directly from facial images or video-derived representations [31]. Compared with hand-
crafted pipelines, CNNs can learn low-level texture, mid-level facial component structure, and high-level
expression semantics in a unified optimization process. Studies on CASME II, SMIC, SAMM, and related
datasets have shown that CNNs can outperform traditional descriptors when sufficient regularization and
evaluation discipline are used [32,33].

Specialized architectures have further expanded the field. Capsule-based models such as CapsField have
been explored to preserve spatial hierarchies and part-whole relationships in facial representations [34–36].
Multi-scale atrous convolutional networks have been used to capture micro-expression patterns at different
spatial granularities, while feature-refinement methods have attempted to suppress irrelevant activations and
strengthen expression-specific cues [37,38]. These approaches confirm that MER benefits from architectures
tailored to fine-grained, low-intensity facial changes rather than generic image classification backbones [39].

2.3 Temporal and Spatiotemporal Models
A major limitation of purely static MER models is their reduced ability to represent the onset-apex-

offset dynamics that define micro-expressions. Consequently, temporal and spatiotemporal models have
received sustained attention [40]. Hybrid CNN-LSTM architectures combine convolutional spatial features
with recurrent temporal modeling, allowing the network to track the evolution of subtle facial motion
across frames [41]. Siamese and 3D CNN models also preserve spatiotemporal structure and can improve
recognition of spontaneous micro-expressions when sufficient temporal information is available [42].

However, temporal models usually require denser frame sequences, careful alignment, and higher
computational cost. Optical-flow-based methods can highlight small facial movements, but flow estimation
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introduces additional preprocessing complexity and may become unreliable under noise, head motion,
or ambiguous expression boundaries [43–45]. Multimodal methods that integrate head movement, gaze,
audio, or physiological signals can enrich affective modeling, yet they introduce synchronization, missing-
modality, privacy, and deployment constraints [46–49]. These trade-offs motivate efficient spatial attention
mechanisms that can improve discriminative focus even when the model operates on extracted frames.

2.4 Challenges in Micro-Expression Recognition
Despite methodological progress, several unresolved challenges continue to limit MER performance.

First, public micro-expression datasets remain relatively small because spontaneous micro-expressions are
difficult to elicit, annotate, and validate [50]. This scarcity increases the risk of overfitting and makes
evaluation protocols especially important. Second, class imbalance is common; some emotion categories
contain far fewer samples than others, causing accuracy to overstate performance unless balanced metrics
such as UAR and macro-F1 are also reported [51]. Third, high-capacity transformer, recurrent, and 3D
convolutional models may improve representation power but can compromise real-time inference and
resource-constrained deployment [52–54].

Interpretability is another critical concern. In MER applications such as healthcare, behavioral moni-
toring, and security, a model’s prediction is more useful when supported by evidence showing which facial
regions influenced the decision [55,56]. Many high-performing networks operate as opaque classifiers and
provide limited insight into whether the prediction is based on meaningful facial action regions or incidental
image artifacts [57,58]. Therefore, the literature points to a clear need for MER models that balance accuracy,
efficiency, robustness, and visual explainability. The proposed Broadbent Attention layer addresses this need
by functioning as a modular selective-filtering component that improves spatial feature focus while adding
only marginal computational overhead.

3 Proposed Methodology
This section presents the proposed BroadAttNet framework for micro-expression recognition. The

method is designed around three requirements: discriminative spatial representation, attention-guided selec-
tion of subtle facial cues, and computational efficiency. A baseline HTNet-style convolutional model is first
established as a reference architecture, and the proposed Broadbent Attention layer is then integrated to refine
the extracted feature maps before classification. The complete pipeline includes frame-level preprocessing,
data augmentation, convolutional feature extraction, attention-based feature reweighting, global pooling,
and softmax classification.

3.1 Dataset
The experiments are conducted on three widely used MER benchmarks: SAMM, CASME II, and SMIC.

Each dataset contains spontaneous micro-expression samples captured under controlled conditions, but
they differ in frame rate, class taxonomy, subject composition, and expression distribution. For this study,
video sequences are represented using extracted facial frames, and the same preprocessing pipeline is applied
consistently across datasets.

The SAMM dataset was developed specifically for spontaneous micro-expression research and contains
high-frame-rate facial recordings captured at 200 fps. In this work, individual frames extracted from the
video sequences are used as model inputs. The dataset includes eight emotion categories: Anger, Contempt,
Disgust, Fear, Happiness, Sadness, Surprise, and Other. Representative examples are shown in Fig. 1. The high
temporal resolution of SAMM helps preserve subtle facial muscle movements, making the dataset valuable
for studying fine-grained expression cues.
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Figure 1: Representative sample frames from the SAMM micro-expression dataset illustrating different emotion
categories. The images highlight the subtle and brief facial muscle movements that characterize micro-expressions,
demonstrating the visual complexity of recognizing low-intensity expressions.

The SMIC dataset contains spontaneous micro-expression samples grouped into three broad categories:
Positive, Negative, and Surprise. The high-speed subset was recorded at 100 fps, enabling the capture of rapid
facial changes that may last for only a few hundred milliseconds. Representative samples are shown in Fig. 2.
Although SMIC has fewer emotion categories than SAMM and CASME II, its compact class structure and
subtle facial movements make it a challenging benchmark for evaluating model robustness.

Figure 2: Representative samples from the SMIC dataset illustrating different micro-expression categories. The images
highlight subtle facial variations corresponding to positive, negative, and surprise emotions.

The CASME II dataset provides high-resolution spontaneous micro-expression recordings captured at
200 fps. The experiments use extracted frames representing key moments from the expression sequence.
CASME II contains seven classes in this study: Disgust, Fear, Happiness, Others, Repression, Sadness, and
Surprise. As shown in Fig. 3, the dataset contains highly subtle and visually overlapping facial patterns,
making it suitable for evaluating fine-grained discrimination. A summary of all datasets is provided
in Table 1.
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Figure 3: Representative samples from the CASME II dataset showing different emotion categories. Each image
corresponds to a labeled micro-expression frame captured from high-speed recordings, demonstrating subtle facial
variations that are difficult to detect using conventional expression recognition methods.

Table 1: Emotion datasets overview.

Dataset Classes No. of Classes No. of Frames
SAMM Anger, Contempt, Disgust, Fear, Happiness, Other, Sadness, Surprise 8 11,722

CASME II Disgust, Fear, Happiness, Others, Repression, Sadness, Surprise 7 17,019
SMIC Negative, Positive, Surprise 3 5,231

3.2 Baseline Method
The baseline model used in this study follows an HTNet-style convolutional architecture inspired

by Ref. [38]. The baseline relies on standard convolutional feature extraction and does not include an
explicit attention mechanism. This controlled reference model provides a fair basis for measuring the
independent contribution of the proposed Broadbent Attention layer. The purpose of the baseline is not to
reproduce every component of the original HTNet in full detail, but to establish a consistent backbone for
comparative evaluation.

3.3 Proposed Model
The proposed model, BroadAttNet, uses CNN layers as the primary feature extractor because con-

volutional operations are well suited to learning local texture, edge, and facial component patterns from
compact facial images. The distinctive component of the model is the Broadbent Attention layer, which
reweights spatial feature responses according to their learned relevance for MER. This design encourages the
classifier to focus on regions where micro-expressive movements commonly appear, such as the periocular
area, eyebrows, cheeks, and mouth, while reducing the influence of less informative facial or background
regions. The complete process consists of preprocessing, convolutional feature extraction, attention-based
refinement, pooling, dense classification, and validation.
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3.4 Preprocessing
The preprocessing stage is critical to ensure that the model effectively learns from the input data while

remaining resilient to variations in image properties. All images are resized to a uniform resolution of 64 × 64
pixels to maintain consistency across the dataset and reduce computational complexity. Given an image I
of dimensions H ×W , the resizing operation transforms I into a new image I′ with dimensions 64 × 64 as
in Eq. (1).

I′ = Resize(I, 64, 64) (1)

This resizing preserves sufficient spatial information while ensuring computational efficiency, which is
critical for large-scale datasets.

To standardize the pixel intensity values, each pixel value porig in the image is normalized to fall within
the range [0, 1]. The normalization process is described by the Eq. (2).

pnorm =
porig

255
(2)

where 255 is the maximum pixel intensity for 8-bit grayscale images. This normalization facilitates faster
model convergence by ensuring that input values are on a consistent scale.

To enhance the generalization ability of the model, several data augmentation techniques are applied to
increase the variability of the training dataset. Let I′ denote the preprocessed image, and let I′′ represent the
augmented image after applying transformations. The following augmentation strategies are utilized:

3.4.1 Random Horizontal Flip
The image is flipped horizontally with a probability of pflip, exposing the model to variations in facial

orientation. This operation is defined as in Eq. (3):

I′′ =
⎧⎪⎪
⎨
⎪⎪⎩

Flip(I′) with probability pflip

I′ with probability (1 − pflip)
(3)

where pflip is typically set to 0.5, and Flip(I′) denotes the horizontally flipped image.

3.4.2 Brightness Adjustment
To account for changes in lighting conditions, the brightness of the image is randomly altered by a factor

Δb drawn from the uniform distribution Δb ∼ U(−0.1, 0.1). The brightness-adjusted image is represented as
in Eq. (4):

I′′ = I′ + Δb (4)

3.4.3 Contrast Adjustment
The contrast of the image is adjusted by a factor γ, sampled from the uniform distribution γ ∼

U(0.8, 1.2). This operation enhances the variation in pixel intensities, as shown by Eq. (5):

I′′ = γ ⋅ (I′ − μ) + μ (5)

where μ is the mean pixel intensity of the image I′.
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The combination of these augmentation techniques: random flipping, brightness adjustment, and con-
trast enhancement introduces variability in the training data, reducing the risk of overfitting and improving
the model’s ability to generalize to unseen data. These preprocessing steps, particularly the augmentation
strategies, are crucial for micro-expression recognition, where subtle variations in facial expressions must be
detected across a wide range of conditions.

3.5 Model Architecture
The proposed model architecture integrates convolutional layers, attention mechanisms, and fully

connected layers to effectively capture and classify micro-expressions from facial images. Each component
of the architecture is designed to extract and process relevant features, culminating in a final classification of
micro-expression categories.

3.6 Input Layer
The input layer accepts facial image data in the form of a tensor with dimensions (64, 64, ch), where

64 represents both the height and width of the input images, and ch corresponds to the number of channels,
either 3 for RGB color or 1 for grayscale images. The input tensor X ∈ R64×64×ch is processed as follows Eq. (6):

X = {xi , j ,k ∣ 0 ≤ i , j < 64, 1 ≤ k ≤ ch} (6)

This tensor captures spatial and color information from the facial images, enabling subsequent layers to
extract features pertinent to micro-expression recognition.

3.7 Convolutional Layers
The convolutional layers perform feature extraction by applying a series of filters to the input tensor.

Each Conv2D layer is mathematically represented by the Eq. (7):

Y = f (W ∗ X + b) (7)

where W is the weight of the convolutional filter, b is the bias term, f is the ReLU activation function, and ∗
denotes the convolution operation.

1. Conv2D with 16 filters: A kernel size of 3 × 3, with ReLU activation and batch normalization, is used
to extract low-level features such as edges and textures. The feature map produced is given by Eq. (8):

Y1 = ReLU(W1 ∗ X + b1) (8)

where W1 represents the learned weights of the first convolution layer.
2. Conv2D with 32 filters: This layer applies another 3 × 3 filter, capturing more abstract patterns, such as

facial structures given in Eq. (9):

Y2 = ReLU(W2 ∗ Y1 + b2) (9)

Batch normalization is applied to maintain a stable learning process.
3. Conv2D with 64 filters: A deeper layer designed for high-level feature extraction, focusing on micro-

expression changes. The feature map for this layer is given by Eq. (10):

Y3 = ReLU(W3 ∗ Y2 + b3) (10)
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3.8 Broadbent Attention Layer
The Broadbent Attention Layer is designed as a selective filtering mechanism over the convolutional

feature tensor. Given the final convolutional response Y3, the module first interprets each spatial position
as a candidate facial region and computes a learnable relevance score for that region. The resulting
attention vector assigns greater weight to locations that contain discriminative micro-expression evidence
and attenuates locations dominated by neutral texture, illumination artifacts, or background noise. The
normalized attention weights are computed using the softmax function in Eq. (11):

αi =
exp(ei)
∑ j exp(e j)

(11)

where ei denotes the learned relevance score for the i-th spatial region. The attended feature map Yattended is
then obtained through element-wise reweighting, as shown in Eq. (12):

Yattended = α ⋅ Y3 (12)

This operation implements a differentiable selective-attention process: informative regions are amplified
before global aggregation, while weakly relevant activations contribute less to the final representation. As
a result, the model becomes more sensitive to subtle localized facial movements while retaining a compact
computational profile.

3.9 Global Average Pooling
Global average pooling (GAP) reduces the dimensionality of the attended feature maps by computing

the spatial average of each channel, summarizing the refined representation as given in Eq. (13):

YGAP =
1

H ×W

H
∑
i=1

W
∑
j=1

Y(i , j)
attended (13)

where H and W are the height and width of the feature map. This operation mitigates overfitting by limiting
the number of parameters while preserving the most relevant features.

3.10 Fully Connected Layers
The fully connected layers transform the pooled representation into a compact decision vector for

classification. Each dense transformation is represented as given in Eq. (14):

Ydense = f (Wdense ⋅ YGAP + bdense) (14)

where Wdense and bdense are the learned parameters of the dense layer, and f is the ReLU activation function.

1. Dense layer with 64 units: The first fully connected layer uses ReLU activation to enhance feature
abstraction as mentioned in Eq. (15):

Ydense1 = ReLU(Wdense1 ⋅ YGAP + bdense1) (15)

2. Dropout layer (0.5): To prevent overfitting, the dropout technique is applied with a rate of 0.5, randomly
deactivating 50% of the neurons during training as mentioned in Eq. (16):

Ydropout = Dropout(Ydense1 , 0.5) (16)
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3.11 Output Layer
The output layer is a dense layer with softmax activation that computes the probability distribution over

the micro-expression categories. The softmax function is given by Eq. (17):

P(ci ∣X) =
exp(Zi)

∑C
j=1 exp(Z j)

(17)

where Zi is the logit for class i, and C is the total number of classes. The final classification output is the
category with the highest probability as given in Eq. (18):

ŷ = arg max
i

P(ci ∣X) (18)

Overall, the architecture provides an efficient and interpretable classification pipeline by combining
compact convolutional encoding with explicit attention-guided spatial refinement.

Fig. 4 illustrates the BroadAttNet architecture. The model receives a 64 × 64 facial image and processes
it through convolutional layers with ReLU activation and normalization. The Broadbent Attention layer then
refines the convolutional representation by emphasizing facial regions with high discriminative relevance.
The attention-enhanced features are aggregated through global average pooling, passed through dense layers
with dropout regularization, and finally mapped to class probabilities using a softmax classifier.

Figure 4: Overview of the proposed micro-expression recognition architecture. The model combines convolutional
feature extraction with the broadbent attention layer to emphasize salient facial regions associated with subtle micro-
expressions.
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3.12 Loss Function
To train the proposed micro-expression recognition model, the categorical cross-entropy loss function

is used. This loss function is widely adopted for multi-class classification tasks and measures the discrepancy
between the predicted probability distribution and the ground-truth labels.

Given a dataset with C emotion classes, the categorical cross-entropy loss is defined as:

L = −
C
∑
i=1

yi log( ŷi) (19)

where yi represents the ground-truth label for class i and ŷi denotes the predicted probability obtained from
the softmax output layer of the network.

The loss function encourages the model to assign higher probabilities to the correct emotion class while
penalizing incorrect predictions. During training, the loss is minimized using the Adam optimizer with the
hyperparameters described in the experimental setup.

3.13 Experimental Setup
This section describes the training configuration, validation strategy, and hyperparameters used to

evaluate BroadAttNet. All experiments are conducted using fixed random seed initialization to improve
reproducibility. Both K-Fold and Stratified K-Fold cross-validation are used: K-Fold measures general
partition-based robustness, while Stratified K-Fold preserves the label distribution within each fold and is
particularly important for imbalanced MER datasets. The implementation details are summarized in Table 2.

Table 2: Details of the datasets and hyperparameters used in training.

Dataset Cross Validation No. of Epochs No. of Folds Learning Rate Batch Size Optimizer Algorithm SEED Image Size
SAMM

Stratified K-Fold
25 8

0.001 32 Adam 42 64 × 64CASME II 25 8

SMIC 30 8

SAMM
K-Fold

25 8
0.001

32
Adam 42 64 × 64CASME II 20 8

SMIC 40 8

As shown in Table 2, the model is trained with eight folds, a learning rate of 0.001, a batch size of 32, the
Adam optimizer, and a fixed seed of 42. Epoch counts are selected according to dataset behavior: SAMM and
CASME II converge reliably with shorter schedules, whereas SMIC is trained for more epochs in the K-Fold
setting because of its smaller scale and compact class structure. All images are resized to 64 × 64 pixels,
providing a uniform input representation while keeping the model lightweight enough for efficient inference.

4 Results and Discussion
This section presents the experimental evaluation of BroadAttNet across SAMM, CASME II, and

SMIC. The analysis includes ablation experiments, cross-validation performance, balanced metrics, per-class
behavior, confusion-matrix interpretation, computational complexity, attention visualization, failure cases,
and comparison with state-of-the-art MER methods.



12 Comput Mater Contin. 2026;89(1):55

4.1 Ablation Study on the Broadbent Attention Mechanism
To evaluate the effectiveness of the proposed Broadbent Attention Layer, an ablation study is conducted

under identical experimental conditions. The purpose is to isolate the contribution of the attention mecha-
nism and determine whether the observed improvement results from selective spatial refinement rather than
from changes in training configuration.

Four model variants were evaluated:

• Baseline HTNet: A standard convolutional neural network architecture without any attention mecha-
nism, used as the fundamental feature extraction model.

• HTNet + SE Attention: A CNN integrated with the Squeeze-and-Excitation (SE) module, which is a
widely adopted channel attention mechanism that adaptively recalibrates feature channels.

• HTNet + CBAM: A CNN incorporated with Convolutional Block Attention Module (CBAM), which
integrates both channel and spatial attention mechanisms.

• HTNet + Broadbent Attention (Proposed): The proposed architecture incorporating the Broadbent
Attention Layer, designed to selectively emphasize salient facial regions associated with subtle micro-
expressions while suppressing less informative features.

To ensure a fair comparison, all model variants are trained using the same optimizer, learning rate, batch
size, fold configuration, and dataset partitions. This controlled setup allows the performance differences
in Table 3 to be attributed primarily to the inclusion and type of attention mechanism.

Table 3: Ablation study comparing the baseline HTNet, HTNet with SE attention, HTNet with CBAM, and the
proposed HTNet with broadbent attention across three micro-expression datasets.

Model SAMM (%) CASME II (%) SMIC (%)
Baseline HTNet 96.84 95.27 93.11

HTNet + SE Attention 98.12 96.41 95.03
HTNet + CBAM 98.67 97.12 96.08

HTNet + Broadbent Attention (Proposed) 99.66 98.73 98.62

Note: Bold values indicate the best accuracy obtained on each dataset.

The results in Table 3 show that attention mechanisms consistently improve performance over the
baseline HTNet-style architecture. SE attention improves channel-wise feature recalibration, and CBAM
further benefits from combining channel and spatial attention. However, the proposed Broadbent Attention
Layer achieves the highest accuracy across all three datasets. This indicates that explicit selective filtering
of spatial facial regions is particularly effective for MER, where discriminative evidence is localized and
visually subtle.

Table 4 reports the main performance of BroadAttNet using Stratified K-Fold and K-Fold validation.
The model achieves consistently high accuracy, precision, recall, and F1-score across all datasets. SAMM
yields the strongest performance, suggesting that its high-quality recordings and class-specific visual cues
are well captured by the attention-guided representation. CASME II and SMIC remain more challenging
because of subtle class boundaries, class imbalance, and visually overlapping expressions, yet BroadAttNet
maintains strong recognition performance under both validation settings.

Micro-expression recognition datasets are often characterized by strong class imbalance, where certain
emotion categories occur less frequently than others. In such cases, overall accuracy alone may not provide
a complete assessment of model behavior. Therefore, the Unweighted Average Recall (UAR) metric is
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reported to provide a balanced evaluation across classes. UAR computes the average recall over all emotion
categories, assigning equal importance to each class regardless of its sample count.

Table 4: Performance comparison of the proposed BroadAttNet model using the broadbent attention layer across
SAMM, CASME II, and SMIC. Results are reported for stratified K-Fold and K-Fold cross-validation using validation
loss, accuracy, precision, recall, and F1-score.

Proposed
Method

Cross
Validation
Technique

Datasets Validation
Loss

Validation
Accuracy Precision Recall F1-Score

Broadbent
Attention Layer

Stratified K-Fold
SAMM 0.0120 99.73 99.73 99.73 99.73

CASME II 0.0573 97.65 97.72 97.65 97.65
SMIC 0.1816 97.09 97.99 97.93 97.94

K-Fold
SAMM 0.0149 99.66 99.66 99.66 99.66

CASME II 0.0317 98.73 98.79 98.73 98.74
SMIC 0.0406 98.62 98.67 98.62 98.62

In addition to UAR, macro-averaged recall and macro-F1 are reported to further assess robustness across
minority and majority classes.

The results in Table 5 demonstrate that BroadAttNet maintains strong performance even when eval-
uated using balanced metrics. The high UAR and macro-F1 values indicate that the model does not rely
solely on dominant classes, but also preserves competitive recall for less frequent and more challenging
emotion categories.

Table 5: Performance evaluation using accuracy, unweighted average recall (UAR), macro recall, and macro F1-score
across SAMM, CASME II, and SMIC datasets under stratified K-Fold and K-Fold validation.

Dataset Validation Accuracy (%) UAR (%) Macro Recall (%) Macro F1 (%)
SAMM Stratified K-Fold 99.73 98.95 98.95 98.98
SAMM K-Fold 99.66 98.94 98.94 98.97

CASME II Stratified K-Fold 97.65 97.20 97.20 97.18
CASME II K-Fold 98.73 97.82 97.82 97.76

SMIC Stratified K-Fold 97.09 96.80 96.80 96.74
SMIC K-Fold 98.62 96.71 96.71 96.58

Table 5 presents a comprehensive evaluation of the proposed method under both Stratified K-Fold
and K-Fold validation protocols. The results demonstrate consistent performance across both strategies,
with K-Fold generally yielding slightly higher accuracy, while Stratified K-Fold provides more balanced
evaluation in the presence of class imbalance. The comparable UAR and macro-averaged metrics across both
protocols confirm the robustness and generalization capability of the proposed model for micro-expression
recognition tasks.

The per-class evaluation results in Table 6 provide a more detailed view of model behavior across
individual CASME II categories. The model achieves consistently high performance across most classes,
while relatively lower scores are observed for fear and repression. These categories often involve weak and
overlapping facial muscle movements, which can make their boundaries ambiguous even when attention is
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applied. This pattern is consistent with the confusion matrices, where residual errors occur primarily between
visually similar expressions.

Table 6: Per-class performance evaluation (precision, recall, F1-score) on the CASME II dataset.

Class Precision (%) Recall (%) F1-Score (%)
Happiness 98.5 98.2 98.3

Disgust 97.9 97.6 97.7
Repression 96.8 96.2 96.5

Sadness 97.2 96.9 97.0
Fear 95.6 95.1 95.3

Surprise 98.1 97.8 97.9
Others 96.9 96.5 96.7

For Stratified K-Fold cross-validation, the model shows excellent performance on the SAMM dataset,
achieving a validation accuracy of 99.73% with equally high precision, recall, and F1-score values. CASME
II obtains a validation accuracy of 97.65%, while SMIC reaches 97.09%. The comparatively higher validation
loss on SMIC indicates that this dataset remains more challenging, even when the final classification metrics
are strong.

For K-Fold cross-validation, the results follow a similar pattern. SAMM achieves 99.66% validation
accuracy, CASME II improves to 98.73%, and SMIC reaches 98.62%. The stronger K-Fold result on SMIC
suggests that fold composition can meaningfully affect performance on smaller and less diverse MER
datasets, reinforcing the need to report both standard and stratified validation protocols.

Tables 6–8 present the per-class evaluation results across all datasets. BroadAttNet demonstrates con-
sistently high performance across most emotion categories. However, slightly lower performance is observed
for challenging classes such as fear, repression, and surprise, which involve subtle and overlapping facial
movements. These observations are consistent with the confusion matrices, where minor misclassifications
occur between visually similar expressions.

Overall, the results indicate that BroadAttNet performs consistently well across both validation tech-
niques, with modest fluctuations depending on dataset characteristics. SAMM and CASME II yield higher
performance metrics than SMIC in several settings, suggesting that SMIC presents stronger challenges
related to limited sample diversity and subtle class separation.

Table 7: Per-class performance evaluation (precision, recall, F1-score) on the SAMM dataset.

Class Precision (%) Recall (%) F1-Score (%)
Anger 99.5 99.4 99.4

Contempt 99.7 99.6 99.6
Disgust 99.6 99.5 99.5

Fear 98.9 98.7 98.8
Happiness 99.8 99.7 99.7

Sadness 99.3 99.2 99.2
Surprise 99.7 99.6 99.6

Other 98.8 98.6 98.7
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Table 8: Per-class performance evaluation (precision, recall, F1-score) on the SMIC dataset.

Class Precision (%) Recall (%) F1-Score (%)
Positive 98.9 98.7 98.8
Negative 98.5 98.3 98.4
Surprise 97.2 96.8 97.0

(a) SAMM K-Fold: The confusion matrix for SAMM using K-Fold cross-validation shows that the
model performs well in recognizing most emotions, particularly “Contempt” and “Surprise,” with high values
along the diagonal. While there are minimal misclassifications, some emotions such as “Fear” and “Other”
show slight confusion, suggesting that they are harder for the model to distinguish clearly. Overall, the
classification accuracy is high, and off-diagonal values are near zero, indicating minimal confusion between
most emotions.

(b) SAMM Stratified K-Fold: For SAMM with Stratified K-Fold cross-validation, the model achieves
balanced performance, with strong recognition of emotions such as “Happiness” and “Surprise.” Stratification
helps reduce misclassification errors across different emotions, especially those that are less represented in
the dataset. The diagonal values are consistently high, demonstrating that maintaining label proportions in
each fold stabilizes classification accuracy as given in Fig. 5.

Figure 5: Confusion matrices for BroadAttNet: (a) SAMM with K-Fold, (b) SAMM with Stratified K-Fold, (c) CASME
II with K-Fold, (d) CASME II with Stratified K-Fold, (e) SMIC with K-Fold, and (f) SMIC with Stratified K-Fold.
Strong diagonal responses indicate correct classification, while off-diagonal responses show residual confusion between
visually similar expressions.

(c) CASME II K-Fold: The CASME II dataset with K-Fold cross-validation reveals that the model
effectively identifies emotions such as “Disgust” and “Happiness.” However, there are minor misclassifications
in categories such as “Fear” and “Sadness,” suggesting some overlap in facial features between these emotions.
While the diagonal values indicate strong overall performance, the off-diagonal values point to the remaining
difficulty of separating subtle expressions.
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(d) CASME II Stratified K-Fold: Using Stratified K-Fold cross-validation for CASME II, the confusion
matrix shows stable classification across emotion categories, particularly “Happiness” and “Sadness.” The
stratified approach helps control label imbalance across folds and improves the reliability of class-wise
evaluation.

(e) SMIC K-Fold: The SMIC dataset with K-Fold cross-validation shows high accuracy for “Positive”
and “Negative” emotions, as reflected by the strong diagonal values. However, there is some confusion
involving the “Surprise” class, indicating potential difficulty in distinguishing surprise-related cues from
other categories.

(f) SMIC Stratified K-Fold: For SMIC with Stratified K-Fold cross-validation, the confusion matrix
demonstrates strong accuracy for “Positive” and “Negative” emotions. Some confusion remains for “Sur-
prise,” which is consistent with the subtle and transient nature of this category.

4.2 Model Complexity and Runtime Analysis
In addition to recognition accuracy, computational complexity is evaluated to determine the suitability

of BroadAttNet for real-time applications such as human-computer interaction and behavioral monitoring.
The analysis considers trainable parameters, floating point operations (FLOPs), inference time, and memory
usage. Inference time is measured per input image during testing, while FLOPs estimate the operations
required for a single forward pass. These metrics indicate whether the proposed attention module improves
recognition performance without imposing impractical deployment cost.

The inclusion of CBAM introduces a moderate increase in computational complexity compared to SE
Attention, reflecting the additional spatial attention operations. However, the proposed Broadbent Attention
Layer maintains a comparable level of computational overhead while delivering superior recognition
performance. This demonstrates that the proposed method achieves an effective balance between accuracy
and efficiency, making it suitable for real-time micro-expression recognition applications.

As shown in Table 9, BroadAttNet introduces only a marginal increase in parameters and computa-
tional cost compared with the baseline HTNet-style architecture. Despite this modest increase, it achieves
substantially stronger recognition performance across the evaluated datasets. The measured inference time
remains practical for near real-time MER scenarios, demonstrating that the proposed framework balances
accuracy and efficiency.

Table 9: Model complexity and runtime analysis of the proposed MER framework.

Model Parameters (M) FLOPs (G) Inference Time (ms) Memory (MB)
Baseline HTNet 1.42 0.86 9.7 92

HTNet + SE Attention 1.58 0.92 10.4 96
HTNet + CBAM 1.60 0.94 10.6 97

HTNet + Broadbent Attention 1.63 0.95 10.8 98

Note: Bold values identify the proposed Broadbent Attention model and its corresponding complexity results.

4.3 Interpretability Analysis via Attention Visualization
To validate the interpretability of the proposed Broadbent Attention Layer, we provide qualitative

visualization of attention maps generated by the model. Specifically, Grad-CAM-based heatmaps are used to
highlight the regions of the face that contribute most significantly to the model’s predictions.
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As shown in Fig. 6, the attention maps consistently focus on key facial regions such as the eyes, eyebrows,
cheeks, and mouth. These regions are known to encode subtle action-unit changes that are important for
MER. The visual evidence therefore supports the quantitative findings: BroadAttNet improves performance
by strengthening semantically meaningful facial evidence rather than relying on arbitrary background or
texture artifacts.

Figure 6: Grad-CAM heatmap visualization of the proposed broadbent attention-based model across multiple emotion
classes. The heatmaps highlight discriminative facial regions such as the eyes, eyebrows, and mouth, which are critical
for micro-expression recognition. Warmer colors indicate higher attention, demonstrating that the model focuses on
semantically meaningful facial areas.

The visualization results shown in Fig. 7 demonstrate that the proposed attention mechanism not only
improves classification performance but also enhances model interpretability by providing insight into the
decision-making process. This confirms that the model is effectively learning to prioritize meaningful facial
features rather than relying on irrelevant or noisy information.

4.4 Failure Case Analysis
To further analyze the limitations of the proposed model, we present representative failure cases where

incorrect predictions occur. Fig. 8 illustrates examples of misclassified micro-expressions along with their
corresponding ground-truth and predicted labels.

It can be observed that most errors arise in cases involving subtle and visually overlapping expressions,
such as fear, surprise, and repression. These expressions often exhibit minimal facial muscle movement, mak-
ing them difficult to distinguish even for human observers. Additionally, variations in lighting conditions,
facial pose, and individual differences contribute to ambiguity in feature representation.

To better understand the model’s behavior, Grad-CAM attention maps are also provided. In some failure
cases, the model focuses on less informative facial regions or fails to capture the most discriminative features,
leading to incorrect predictions. These observations highlight the inherent challenges in micro-expression
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recognition and suggest that further improvements can be achieved through enhanced temporal modeling
and multimodal feature integration.

Figure 7: Attention map visualization using Grad-CAM showing regions of importance for micro-expression recog-
nition. The top row shows input facial images, while the bottom row presents corresponding heatmaps, highlighting
areas where the model concentrates for decision making.

4.5 Discussion
Although BroadAttNet achieves strong performance across SAMM, CASME II, and SMIC, several

limitations remain. MER is inherently difficult because the relevant facial movements are weak, brief, and
often visually overlapping. Classes such as fear, surprise, and repression may share similar facial muscle
activations, which can lead to false positives or false negatives when the discriminative signal is not
sufficiently pronounced.

Subject variability also remains a source of error. Differences in facial structure, lighting, head pose, and
expression intensity can introduce noise into the feature extraction process. In addition, because this study
uses extracted frames, temporal cues from onset, apex, and offset transitions are not fully modeled. Rare
classes with limited samples can also reduce recall for underrepresented emotions. The Broadbent Attention
mechanism mitigates these issues by improving spatial selectivity, but future work should incorporate
temporal modeling, multimodal signals, improved data balancing, and cross-database validation to further
strengthen robustness.

Performance differences across datasets can be explained by their distinct characteristics. SAMM pro-
vides high-quality recordings and comparatively clear class cues, contributing to the strongest performance.
CASME II includes more subtle inter-class variation, while SMIC has fewer samples and broader class
labels, both of which can make generalization more difficult. These observations reinforce the value of
attention-based feature refinement for low-intensity facial expression analysis.
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Figure 8: Representative failure cases showing misclassified micro-expressions. Each example includes the input
image, ground-truth label, predicted label, and corresponding Grad-CAM heatmap. The results highlight challenges in
distinguishing subtle and overlapping expressions such as fear, surprise, and repression.

4.6 Benchmark SOTA Analysis
Table 10 compares BroadAttNet with representative MER methods across multiple datasets, including

CASME II, SAMM, SMIC, and MEGC2019. The comparison includes conventional feature-based models,
graph-based methods, capsule networks, transformer-inspired approaches, and recent attention-based
methods. Because published results may differ in preprocessing, class grouping, and validation protocol,
the table should be interpreted as a benchmark-level comparison rather than a strictly identical-protocol
comparison. Within this context, BroadAttNet demonstrates highly competitive performance across all
three evaluated datasets, indicating that selective attention is an effective strategy for enhancing micro-
expression representation.

Table 10 shows that attention-aware approaches generally outperform models that do not explicitly
focus on discriminative facial regions. BroadAttNet further strengthens this advantage through a lightweight
Broadbent-inspired selective filtering mechanism. Its performance gains are supported by the ablation study,
per-class results, and Grad-CAM visualizations, all of which indicate improved discrimination of subtle facial
regions associated with micro-expressions.
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5 Conclusion
This study introduced BroadAttNet, an attention-driven framework for micro-expression recognition

that integrates a Broadbent-inspired selective attention layer within a compact CNN architecture. The
proposed attention mechanism improves the model’s ability to focus on salient facial regions, including the
eyes, eyebrows, cheeks, and mouth, where subtle micro-expression cues are most likely to occur. Experiments
on SAMM, CASME II, and SMIC demonstrate strong performance under both K-Fold and Stratified K-Fold
validation, with accuracies of 99.66% and 99.73% on SAMM, 98.73% and 97.65% on CASME II, and 98.62%
and 97.09% on SMIC, respectively.

Beyond overall accuracy, the study provides a broader evaluation through ablation analysis, UAR and
macro-F1 reporting, per-class performance, confusion matrices, runtime complexity, Grad-CAM visual-
ization, and failure-case analysis. The findings show that BroadAttNet improves recognition performance
while retaining efficient inference and interpretable attention behavior. Remaining challenges include
visually overlapping emotion categories, class imbalance, subject variability, and the limited use of temporal
information in frame-level modeling. Overall, BroadAttNet offers a robust and practical contribution to
MER, with potential applications in human-computer interaction, behavioral analysis, learning analytics,
emotion-aware systems, and psychological research.
Future Directions

Future work will extend BroadAttNet in several directions. First, temporal modeling can be incor-
porated to capture onset-apex-offset dynamics rather than relying only on extracted frames. Second,
multimodal signals such as gaze, audio, or physiological measurements may improve recognition in com-
plex real-world environments. Third, transfer learning, domain adaptation, and cross-database evaluation
should be explored to improve robustness when the model is applied to unseen subjects, sensors, and
cultural contexts. Finally, the Broadbent Attention layer should be evaluated across additional backbones,
including ResNet, MobileNet, and transformer-based architectures, to determine its scalability and general
applicability for real-time emotion-aware systems.
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