
Article Not peer-reviewed version

Mitigating Aging Bias in Facial

Expression Recognition through

Subgroup-Aware Data Augmentation

Zhengke Gao , Yan Fu * , Bing Ye , Le Chang , Qiyuan Zhu , Yancheng Liu , Alex Mihailidis

Posted Date: 1 June 2026

doi: 10.20944/preprints202605.2112.v1

Keywords: facial expression recognition; aging bias; data augmentation; affective computing

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC, OpenAlex.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/3661806
https://sciprofiles.com/profile/2435027
https://sciprofiles.com/profile/2201068
https://sciprofiles.com/profile/5360315
https://sciprofiles.com/profile/5175850
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


 

 

Article 

Mitigating Aging Bias in Facial Expression 

Recognition through Subgroup-Aware Data 

Augmentation 

Zhengke Gao 1, Yan Fu 1,*, Bing Ye 2, Le Chang 3, Qiyuan Zhu 1, Yancheng Liu 1  

and Alex Mihailidis 2,4 

1 School of Mechanical Science and Engineering, Huazhong University of Science and Technology , WuHan, 

430074, China 

2 KITE, Toronto Rehabilitation Institute, Toronto, ON, Canada 

3 Institute of Communication, Culture, Information and Technology, University of Toronto, Toronto, ON, 

Canada 

4 Institute of Biomedical Engineering, University of Toronto, Toronto, ON, Canada 

* Correspondence: laura_fy@mail.hust.edu.cn 

Abstract 

With the accelerating pace of global population aging, emotion-aware technologies have become 

increasingly important for improving the quality of life and psychological well-being of older adults. 

However, most facial expression recognition (FER) systems exhibit substantial performance 

degradation among elderly users due to the lack of age-diverse data and inadequate model 

adaptation. This study investigates age-related bias in FER and proposes a subgroup-aware data 

augmentation framework to enhance recognition robustness for older populations. We first retrain a 

ResNet-50–based age estimation model using the UTK-Face dataset to provide reliable age 

annotations for three benchmark FER datasets: RAF-DB, AffectNet, and ExpW. Subsequently, we 

introduce an age-adaptive augmentation strategy that applies stronger transformations to elderly 

facial images while maintaining moderate augmentation for younger ones. Experimental results 

demonstrate that the proposed approach significantly improves recognition accuracy and 

generalization in elderly subgroups without sacrificing performance in younger populations. This 

work provides a practical and scalable pathway toward age-inclusive affective computing, 

highlighting the importance of integrating demo-graphic priors into data processing pipelines for fair 

and trustworthy emotion recognition systems. 

Keywords: facial expression recognition; aging bias; data augmentation; affective computing 

 

1. Introduction 

The rapid progression of global population aging has brought increasing a�ention to the 

emotional and psychological well-being of older adults. By 2030, it’s estimated that the global 

population aged 60 and above will reach 1.4 billion, accounting for 16.7 percent of the total 

population. By 2050, the number will even increase to 2.1 billion [1]. With the growing prevalence of 

older adults living alone or in “empty-nest” households [2], the eldercare system faces new 

challenges: beyond meeting physical and medical needs, it must also address emotional support and 

psychological well-being [3–5]. As smart home technologies and companion robots [6–10]become 

increasingly integrated into everyday life, emotion-aware interaction has emerged as a crucial 

component of high-quality companionship. Intelligent systems must accurately perceive the 

emotional states of older users in order to trigger appropriate responses—such as providing comfort, 

issuing reminders, or notifying family members—thereby enhancing both quality of life and 

perceived security. 
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Existing emotion recognition techniques in clinical use can be broadly categorized into four 

modalities: speech, psychological questionnaires, physiological signals, and facial expressions [11]. 

Speech-based methods rely on verbal behavior and are sensitive to background noise [12][13]. 

Questionnaires, while accurate, require professional administration and active user participation 

[14]. Physiological approaches are objective and reliable but often depend on contact-based sensors, 

limiting their suitability for long-term home use [15]. By contrast, facial expression analysis offers a 

non-intrusive, real-time, and easily deployable solution, making it the predominant approach in 

home-based companion systems [16]. 

Recent advances in deep learning have significantly enhanced the performance of facial 

expression recognition (FER). Convolutional neural networks (CNNs) and vision transformers (ViTs) 

achieve accuracies exceeding 90% on widely used benchmark datasets [17–19]. However, these 

advances have not translated well to older populations. A major limitation lies in dataset 

composition: most public FER datasets lack explicit age annotations and contain fewer than 10% older 

adult samples [20]. Prior studies have further demonstrated that commercial emotion recognition 

systems exhibit substantial performance disparities across age groups [21], underscoring the 

insufficient adaptability of existing models for older users. 

Findings from psychology and cognitive science provide critical insights into this issue. Meta-

analyses have shown that older adults are particularly impaired in recognizing negative emotions 

such as anger, sadness, and fear [22][23]. Moreover, their interpretation of facial expressions relies 

more heavily on specific facial regions, notably the eyes and mouth corners [24]—regions that current 

deep learning models often fail to capture robustly. These observations suggest that AI-based 

emotion recognition systems, if they neglect class imbalance and region-specific cues in older 

populations, are prone to performance degradation. 

To address this challenge, this study proposes a subgroup-aware data augmentation framework 

that explicitly integrates age as a demographic prior into the facial expression recognition pipeline. 

Unlike conventional FER approaches that implicitly assume age-invariant facial representations or 

rely on uniform augmentation strategies, the proposed method directly accounts for age-dependent 

data scarcity and facial characteristics at the data-processing stage. By systematically differentiating 

augmentation intensity across age groups, the framework targets the structural causes of age-related 

performance degradation rather than treating it as a marginal optimization problem. This perspective 

elevates age bias from a secondary fairness concern to a core reliability issue, enabling emotion 

recognition systems to function more consistently and safely in real-world eldercare and human–

machine interaction scenarios. 

The effectiveness of the proposed approach is supported by a large-scale and multi-stage 

experimental design. This work involves retraining an age estimation model to improve labeling 

reliability, generating pseudo-age annotations for three widely used FER datasets (RAF-DB, 

AffectNet, and ExpW), and conducting extensive quantitative analyses of age–emotion distributions. 

Multiple controlled experiments are performed under identical network architectures and training 

protocols, including comparisons between age-biased and age-balanced subsets across five age 

groups. Model performance is evaluated not only in terms of mean accuracy but also stability and 

consistency through cross-validation, variance analysis, and feature-space visualization. This 

comprehensive experimental pipeline reflects a substantial empirical effort and enables a rigorous 

assessment of age-related bias and the proposed mitigation strategy. 

2. Related Work 

FER aims to automatically identify human emotions from facial cues and has achieved 

impressive accuracy on standard benchmarks through deep learning. However, despite technical 

advances, FER systems still exhibit significant performance disparities across demographic groups, 

particularly for older adults [25–27]. These disparities arise from both data- and model-level factors, 

resulting in a persistent technological gap between algorithmic progress and inclusive real-world 

performance [28–31]. 
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At the dataset level, most mainstream FER datasets are strongly biased toward younger adults. 

AffectNet, one of the largest FER datasets, contains fewer than 10% samples of older adults, and 

datasets such as FER2013 and The Real-world Affective Faces Database (RAF-DB) provide no explicit 

age annotations [10,19]. This underrepresentation leads to class imbalance and limits model 

generalizability to aging faces [20,32]. Additionally, the prevalence of low-quality, web-sourced 

images further introduces label noise and visual inconsistencies, amplifying the bias. Consequently, 

models trained on these datasets tend to underperform on older adults, revealing a data insufficiency 

gap that undermines cross-age adaptability. 

Beyond data limitations, existing algorithms also fail to adapt effectively to age-related facial 

variations. Traditional feature-engineering approaches, such as LBP or HOG combined with SVM, 

lack robustness to wrinkles, sagging, and texture changes that accompany aging. Deep learning 

architectures—including ResNet, VGG, and Vision Transformers—achieve high overall accuracy 

[17][18], yet their performance still degrades substantially on older faces [19]. This decline stems from 

both biased feature learning and insufficient sensitivity to age-specific cues—for example, older 

adults rely more on eye and mouth corners when interpreting emotions [24], but current models often 

fail to capture these localized features robustly. 

In response, researchers have attempted to mitigate demographic bias including gender, age and 

race, through improved data augmentation, re-weighting, and domain adaptation strategies [33][34]. 

While these methods modestly enhance fairness, they are typically developed in isolation and not 

tailored to specific subgroups such as older adults. Moreover, psychological studies suggest that age 

influences not only expression intensity but also region-specific salience [22][23]. Existing deep 

learning frameworks rarely integrate these human-factor insights, leaving a model adaptation gap in 

addressing the unique appearance and perceptual patterns of aging faces. 

Collectively, the above limitations highlight two intertwined technological gaps: (1) the uneven 

distribution of datasets reflecting the insufficient diversity and annotation of elderly samples; (2) the 

absence of mechanisms that adapt to age-dependent facial features and perceptual cues. 

To bridge these gaps, this study introduces a subgroup-aware data augmentation framework 

that incorporates demographic priors—specifically age—into the FER training process. By adjusting 

augmentation intensity and feature emphasis according to age group, the proposed method 

compensates for data scarcity among elderly samples and promotes feature learning aligned with 

their unique facial characteristics. This approach represents a practical step toward age-inclusive and 

fair affective computing, ensuring that emotion recognition systems remain robust across the full 

human lifespan. 

3. Materials and Methods 

3.1. Datasets and Age Groups 

To investigate the effect of age-related bias in FER, this study focuses on three widely used 

datasets that include elderly samples: RAF-DB, AffectNet, and Expression in the Wild (ExpW). 

RAF-DB [35] is a widely adopted benchmark for facial expression research, developed by 

researchers at the University of British Columbia. It contains 16,339 real-world facial images, each 

annotated by professional emotion analysts with seven basic emotion categories: happy, surprise, 

sad, fear, disgust, angry and neutral, covering the primary spectrum of human affective expressions. 

AffectNet [36] is currently the largest facial expression dataset available. It comprises over one 

million images collected via three major search engines, including both manually and automatically 

annotated samples. Each image is labeled under both discrete emotion categories and the valence–

arousal dimensional model. In this study, only the manually annotated subset containing 283,901 

images across seven basic emotions was utilized to ensure label reliability and consistency. 

ExpW [37] is another large-scale facial expression dataset commonly used in computer vision 

research. It includes 74,532 real-world facial images collected from Google search results, each 
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categorized into seven basic emotions. Notably, ExpW exhibits a higher proportion of positive 

expressions, reflecting the natural distribution of emotional expressions in everyday scenarios. 

Together, these datasets not only provide large-scale, in-the-wild facial expression samples but 

also encompass a wide range of age groups, making them suitable for analyzing age-related 

disparities in facial expression recognition. To enable quantitative evaluation of such disparities, this 

study further categorizes individuals into meaningful age groups that reflect both biological and 

psychosocial developmental stages [38–40]. 

Specifically, the age spectrum is divided into five life-course periods based on widely accepted 

gerontological and psychological frameworks: Childhood and Adolescence (0-17 years), Emerging 

and Early Adulthood (18-39 years), Middle Adulthood (40-64 years), and Late Adulthood, which is 

further subdivided into Young-old (65-84 years) and Oldest-old (85+ years). The distinction between 

the Young-old and Oldest-old primarily lies in health status and independence. While the Young-old 

are generally healthy, productive, and capable of independent living, the Oldest-old often experience 

chronic health issues requiring long-term or assisted care. These physiological and psychological 

differences are known to influence emotional expression and perception, underscoring the need to 

examine model behavior across distinct age cohorts [41][42]. 

3.2. Age Labeling 

After determining the materials, we performed age labeling on the aforementioned three 

datasets using DeepFace [43], a multi-a�ribute facial analysis framework that incorporates an age 

estimation module. The module is originally trained on the IMDB-WIKI dataset [44], which is 

composed of celebrity images. While IMDB-WIKI provides precise chronological age labels, its 

reliance on actors’ portraits raises concerns of bias: professional actors often appear younger than 

their actual age, potentially leading to systematic underestimation in age recognition. 

To evaluate this limitation, we further validated the DeepFace age module on the UTK Face 

dataset [45], which is more demographically balanced and includes a wide range of ages (0–116 years) 

with annotations for gender, race, and facial landmarks. Results revealed that the mean absolute error 

(MAE) of DeepFace age estimation reached 10.89 years on UTK Face, much higher than the 4.65 years 

reported on IMDB-WIKI. This discrepancy confirmed that IMDB-WIKI’s domain bias significantly 

affects age prediction. 

To address this issue, we retrained the age recognition model on UTK Face using a more robust 

ResNet-50 backbone [17]. Compared to the VGG-16 architecture adopted in DeepFace, ResNet-50 

employs residual learning and batch normalization, which effectively alleviate vanishing gradient 

problems and improve convergence stability during training [46][47]. Moreover, its deeper yet more 

efficient design enables stronger feature representation and better generalization to in-the-wild facial 

variations. These properties make ResNet-50 particularly suitable for age estimation tasks that 

involve substantial inter- and intra-class variability [48]. We conducted multiple training trials, fine-

tuned hyperparameters, and selected the model with the best performance. This retrained model was 

subsequently used for assigning age labels in the FER experiments, with detailed training 

configurations described in the following experimental setup section. 

3.3. Data Augmentation Method 

To mitigate class imbalance across age and emotion groups, we employed a two-level 

augmentation strategy. For individuals under 65 years, standard augmentation techniques such as 

random cropping, horizontal flipping, and color jitter were applied. For individuals aged 65 and 

above, stronger augmentation strategies were used to increase the effective diversity of limited 

elderly samples, including random rotation (±20°), Gaussian noise, and contrast adjustments. This 

design aimed to compensate for the underrepresentation of older adults while avoiding overfitting. 
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4. Results 

4.1. Age Prediction Model 

The UTK Face dataset, consisting of approximately 24,000 facial images, was di-vided into 

training and testing subsets. To balance the age distribution, no more than 200 samples were retained 

for each age in the training set, resulting in 12,000 training images and 3,000 testing images. This 

sampling strategy ensured representative evaluation while mitigating the inherent skew toward 

younger age groups. 

The original DeepFace age estimation module achieved a mean absolute error (MAE) of 10.89 

years on the UTK Face dataset. A more detailed analysis, as illustrated in Figure 1, reveals distinct 

variations in prediction accuracy across age intervals (grouped in 10-year bins). The model performed 

best in the 30–39 age range, with an MAE of ±4.3 years, fol-lowed by the 20–29 range at ±4.5 years. 

However, the prediction error increased sub-stantially toward both younger and older ends of the 

spectrum: MAE reached ±22.2 years for the 0–9 group, ±27.0 years for the 70–79 group, and peaked 

at ±40.2 years for the 90–99 group. 

A comparison between mean predicted and mean actual ages further revealed a consistent trend 

of bias. For samples under 30 years old, the model tended to overestimate age: in the 20–29 age group, 

the mean predicted age was 29.3 years, slightly higher than the true mean of 25.4 years. In contrast, 

for individuals aged 30 and above, the model systematically underestimated age, with the deviation 

widening as age increased—from 1.7 years lower in the 30–39 group to over 40 years lower in the 90–

99 group. 

These results indicate that the DeepFace model trained on the IMDB-WIKI dataset exhibits 

optimal performance for adults aged 20–39 years, but its accuracy declines sharply for both younger 

children and older adults. The trend highlights the domain bias of the IMDB-WIKI dataset, where 

training samples are dominated by celebrity portraits with limited age diversity, leading to 

systematic underestimation of advanced-age faces and overestimation of youthful ones. 

We retrained a new age estimation model based on ResNet-50 using the UTK Face dataset to 

improve robustness across diverse age groups. The model was fine-tuned by unfreezing the last 

convolutional block (Layer 4) and the fully connected layer. Learning rates of 1 × 10⁻⁴ and 1 × 10⁻³ 

were assigned to these layers, respectively. To better capture the ordinal nature of age, the regression 

task was reformulated into 99 binary classification subtasks, following an ordinal regression 

framework. 

The results showed a substantial improvement in age estimation performance under this 

training configuration, as illustrated in Figure 2. The final model achieved a MAE of 7.00 years on the 

test set, representing a significant enhancement compared to the un-modified DeepFace baseline. 

Across the 0–89-year range, the MAE remained consistently below ±10 years, with only the 90–99-

year interval exceeding this threshold at ±16.4 years. 

A comparison between the mean predicted and mean actual ages revealed that the new model 

demonstrated markedly higher sensitivity to age variations. Despite re-training the overall pattern of 

slight overestimation at younger ages and underestimation at older ages, the deviations were 

significantly reduced. Specifically, the model tended to overpredict for individuals aged 0–49 years, 

whereas for those aged 50 years and above, the predictions became slightly lower than the ground-

truth values. 
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Figure 1. Performance of the DeepFace Age Estimation Module on the UTK Face Dataset. 

 

Figure 2. Performance of the re-trained ResNet-50 age estimation model. 

4.2. Age–Emotion Distribution of FER Datasets 

Based on this improved age recognition model, we subsequently generated pseudo-age labels 

for the three facial expression datasets—RAF-DB, AffectNet, and ExpW—and analyzed their 

emotion-age distributions. 

The statistical analysis was conducted using age pseudo labels predicted by the re-trained 

ResNet-50 age recognition model. The results in Figure 3 indicate that across all three datasets, the 

vast majority of samples fall within the 18 and 64 year range, with emotions predominantly classified 

as happy and neutral. In the RAF-DB dataset (16k images in total), no samples above 85 years were 

found, and only fewer than 100 samples appeared in the 65 and 85 year range. Similarly, the emotion 

categories were dominated by happiness and neutrality. 

Although AffectNet and ExpW contain substantially larger total image counts and exhibit 

broader age coverage, the representation of elderly individuals remains limited. The emotion 

distributions in both datasets are likewise skewed toward positive and neutral expressions, reflecting 

the intrinsic bias of web-collected facial datasets and further underscoring the necessity of age-

balanced data for fair emotion recognition. 
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Figure 3. Age-emotion distribution across datasets: (a) RAFDB, (b)AffectNet and (c)ExpW. Across all datasets, 

samples are predominantly concentrated in the 18–64 years age range, while elderly samples (65+ years) account 

for less than 10% of the total. Emotion distributions exhibit a consistent bias toward positive (happy) and neutral 

expressions, with negative emotions (e.g., fear, disgust) being significantly underrepresented—especially in the 

Oldest-old group. Notably, RAF-DB lacks samples aged 85+ years, and both AffectNet and ExpW show limited 

coverage of elderly age groups despite their larger overall sample sizes. 

 

Figure 4. Emotion distribution across datasets: RAFDB, AffectNet and ExpW. 

 

Figure 5. Age distribution across datasets: RAFDB, AffectNet and ExpW. 
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4.3. Age–Emotion Distribution of FER Datasets 

This section aims to validate the core hypothesis: imbalanced data distribution leads to 

insufficient reliability of model accuracy, where majority demographic groups are over-represented 

in model learning while minority groups are neglected. To this end, we design a controlled 

experiment on the AffectNet dataset, using two differently sampled subsets to fine-tune the same 

ImageNet-pretrained ResNet-50 model, and compare the accuracy reliability of the model under the 

two data se�ings. 

We construct two subsets from the AffectNet dataset following strict sampling rules, ensuring 

that only the age distribution differs while other variables (emotion category ratio, image quality, 

annotation standard) remain consistent: 

 Original Age Distribution Subset (OADS) 

This subset retains the inherent age distribution bias of AffectNet. We perform random stratified 

sampling according to the original age group proportion, with the total sample size set to 15,000 to 

ensure sufficient data volume for ResNet-50 fine-tuning (thus avoiding overfitting), control 

computational costs, and maintain identical scales between the two differently distributed subsets to 

eliminate experimental biases caused by sample size discrepancies. Specifically, the 18–39 years old 

group (majority group) accounts for 43% of the samples, while the 65–84 years old (young-old) and 

85+ years old (oldest-old) groups (minority groups) account for 6% and 0.3% respectively, consistent 

with the age distribution characteristics of the full AffectNet dataset. 

 Balanced Age Distribution Subset (BADS) 

To eliminate the impact of age imbalance, we adopt a relatively balanced sampling strategy for 

each age group, in which 3,000 images were sampled from each of the first four age groups, while all 

973 images from the fifth age group were included. Thus, the subset also has a total sample size of 

12,973, with the first four age groups adjusted to 23%, and the 85+ years old groups accounting for 

7.5%. Stratified sampling is performed within each age group to maintain the original emotion 

category ratio, ensuring that the model’s learning of emotional features is not affected by changes in 

emotion distribution. 

 

Figure 6. Age distribution Comparison of OADS and BADS. 

A 5-fold cross-validation was conducted on the subset, using an ImageNet-pretrained ResNet-

50 model with a layered fine-tuning strategy: all layers were initially frozen, followed by unfreezing 

of layer4 and the replaced fully connected layer (7 output classes for emotions), with distinct learning 

rates of 1e-4 and 1e-3 applied respectively. Training images underwent resizing to 224×224, random 

horizontal flipping, and ImageNet-standard normalization, while validation images used the same 

resizing and normalization without augmentation; both processes adopted a batch size of 64 and the 
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Adam optimizer. The model was trained for a maximum of 50 epochs with early stopping 

(patience=5) triggered by validation accuracy, with cross-entropy loss as the optimization objective. 

For each fold, we recorded training loss and validation accuracy, calculated age-wise accuracy across 

the five age groups, and saved training logs, loss/accuracy curves, age-wise accuracy heatmaps, and 

the best-performing model weights for further analysis. 

 

Figure 7. Age-wise Recognition Accuracy and Stability Comparison Between OADS and BADS. For majority age 

groups (0–17, 18–39, and 40–64), both datasets achieve comparable mean accuracies, indicating that age 

balancing does not compromise performance on well-represented groups. In contrast, BADS yields clear 

improvements for elderly groups, particularly for ages 85+, where higher mean accuracy and substantially 

reduced variance are observed. 

Table 1 compares the age-wise emotion recognition performance of models trained on the OADS 

and the BADS. For majority age groups (0–17, 18–39, and 40–64), both datasets achieve comparable 

mean accuracies, with only minor differences within one standard deviation. This indicates that 

balancing the age distribution does not degrade the model’s ability to learn discriminative features 

for well-represented age groups. For elderly age groups, BADS shows clear advantages. The mean 

accuracy for the 65–84 group increases from 0.615 to 0.630, accompanied by a slightly lower standard 

deviation. A more significant improvement is observed for the 85+ group, where BADS raises the 

mean accuracy from 0.649 to 0.693 while dramatically reducing the standard deviation from 0.140 to 

0.025. The large standard deviation observed in OADS for elderly groups suggests unstable feature 

learning caused by severe data scarcity, where model performance varies strongly across folds. In 

contrast, the reduced variance in BADS indicates more consistent exposure to elderly samples during 

training, leading to more stable gradient updates and more robust age-specific feature 

representations. 

Table 1. Results of the comparative experiment. 

 OADS BADS 

Age groups mean std mean std 

0-17 0.677 0.008 0.663 0.020 

18-39 0.690 0.008 0.682 0.026 

40-64 0.674 0.020 0.671 0.015 

65-84 0.615 0.015 0.630 0.013 

85+ 0.649 0.140 0.693 0.025 

To further analyze how age distribution affects the learned feature representations, Figure 8 

presents t-SNE visualizations of the penultimate-layer features for representative folds whose overall 

performance is closest to the cross-validation average. When trained on OADS, emotion features 
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exhibit substantial overlap across categories, with several minority emotions being absorbed into 

dense regions dominated by majority classes. This phenomenon suggests that severe age imbalance 

encourages the model to learn overly averaged representations, resulting in unstable and less 

discriminative features for un-der-represented age groups. In contrast, models trained on BADS 

demonstrate a more structured feature space, where emotion clusters are more compact and locally 

separable. Although complete separation is not achieved—reflecting the inherent difficulty of facial 

expression recognition across age groups—the improved organization and reduced entanglement 

indicate more consistent feature learning. These qualitative observations are consistent with the 

reduced performance variance and improved mean accuracy for elderly age groups reported in Table 

2, confirming that age-balanced training facilitates more robust and stable emotion representations. 

Overall, these results verify that age distribution bias in FER datasets can undermine the 

reliability of model accuracy, particularly for under-represented age groups, thereby motivating 

further investigations into dataset processing strategies to alleviate age-related bias. 

 

Figure 8. t-SNE visualization of emotion feature representations learned from the OADS and the BADS. The 

plots show representative folds whose overall performance is closest to the cross-validation average. Each point 

corresponds to one facial image, colored by emotion category. Compared with OADS (left), BADS (right) exhibits 

more compact and structured emotion clusters, indicating more stable and consistent feature learning under an 

age-balanced training scheme. 

4.4. Baseline Models for Emotion Recognition 

The baseline model serves as the benchmark for comparison to evaluate the effectiveness of the 

proposed method. Therefore, it must be reasonable, convincing, and represent a conventionally 

acceptable model. To establish a benchmark for emotion recognition performance across different 

age groups, we selected ResNet-50 as the baseline architecture due to its stable performance and 

relative fairness among various widely used deep learning architectures. 

This model was first pre-trained on the ImageNet dataset and then fine-tuned on the RAF-DB, 

AffectNet, and ExpW datasets to ensure comparability with prior research. ImageNet is a seminal 

large-scale benchmark dataset in computer vision, consisting of over 14 million annotated images 

covering 1,000 core object categories (e.g., animals, daily objects, natural scenes), with labels 

structured based on the WordNet lexical semantic network. Its images span diverse scenarios, 

illumination conditions, and viewing angles, making it an ideal resource for learning universal visual 

features. The adoption of an ImageNet-pretrained model is justified by three key advantages. First, 

it enables generic visual feature transfer: during pre-training, the model acquires low-to-middle-level 

features (e.g., edges, textures, local contours) that are fundamental to all visual tasks, including FER. 

These features serve as a robust foundation for identifying emotion-related facial details such as eye 

wrinkles and mouth curvature, eliminating the need to learn such basic patterns from scratch on FER 

datasets. Second, it alleviates overfitting caused by limited and imbalanced FER data: datasets like 
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RAF-DB and ExpW suffer from scarce samples in underrepresented age-emotion subgroups (e.g., 85+ 

years old with negative emotions), and pre-training leverages ImageNet’s massive data scale to 

reduce the model’s reliance on small FER subgroups. Third, it ensures fair baseline comparability: 

using an ImageNet-pretrained ResNet-50 aligns with standard practices in FER research, allowing 

direct and reliable performance comparisons with state-of-the-art methods. 

The baseline model utilized the training set from RAF-DB and was improved using its test set. 

The original RAF-DB test set comprised 3,068 images but lacked images from the 85+ age group. 

Therefore, we supplemented it with the elderly segment from AffectNet and ExpW datasets to obtain 

a balanced test set. Specifically, we adopted a hierarchical unfrozen strategy: layer 4 unfrozen at the 

10th epoch, layer 3 at the 15th epoch, and layer 2 at the 20th epoch. Concurrently, we employed a 

hierarchical learning rate, with 1e-4 for fully connected layers and 1e-5 for convolutional layers. 

Additionally, we set the batch size to 64 and the total number of epochs to 40. 

4.5. Baseline Models for Emotion Recognition 

To address the discrepancies observed, we have designed a subgroup-aware augmentation 

strategy that is tailored to the unique challenges posed by elderly facial expressions. Unlike 

traditional augmentation methods, which apply uniform transformations to all samples, this 

approach adjusts the intensity of the augmentation based on the age group of the sample. 

First, we constructed a new balanced dataset for fine-tuning. This comprises 500 images selected 

from each age-emotion subgroup in AffectNet, supplemented with an additional 1,000 images from 

ExpW. We then employed a five-fold cross-validation approach, randomly partitioning the images 

into training, validation and test sets. 

Specific settings included: 

 Freezing scope: Unfreeze all layers in Layer 4; unfreeze the last two bottleneck layers in Layer 3; 

unfreeze all fully connected (FC) layers; freeze all other layers. 

 Optimizer: AdamW; 

 Heterogeneous learning rates: FC: 1e-3; Layer 4 and Layer 3: 1e-4; Weight decay: 1e-4; Epochs: 

40. Batch size: 32. 

 Early stopping was employed, with training halted if no improvement occurred over 5 epochs. 

For the under-65 age group, we applied standard augmentation techniques, such as horizontal 

flipping, random cropping, and mild brightness/contrast adjustments, to avoid over-regularization. 

For the Young-old and the Oldest-old groups, we used enhanced augmentation techniques to more 

accurately capture variability in facial features. These specific measures included random rotation 

(±25°), elastic deformation to simulate differences in facial muscles, Gaussian blur to reproduce 

variability in image acquisition, and targeted contrast enhancement to highlight texture around the 

eyes and mouth. 

This design stems from two key considerations. First, datasets containing elderly individuals are 

relatively scarce and often exhibit low intra-group diversity, limiting the ability of deep learning 

models to generalize across facial variations associated with aging. By applying stronger and more 

diverse augmentation strategies, data variability can be effectively expanded, thereby improving 

model robustness. Second, tailoring augmentation schemes to specific subgroup characteristics helps 

the model learn discriminative yet generalizable features, making it more adaptive to both young 

and elderly populations. 

Empirical evaluations confirm that the proposed subgroup-aware augmentation substantially 

enhances recognition accuracy for elderly users while maintaining stable performance for younger 

individuals. These results demonstrate the efficacy of incorporating demographic prior information 

into the data processing pipeline and suggest that age-sensitive augmentation provides a practical 

path toward fair and inclusive emotion recognition systems. 

As illustrated in Figure 9, the model trained on the hierarchically augmented dataset exhibits a 

marked improvement in facial expression recognition performance. The base-line model tended to 
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classify most facial expressions as neutral, achieving an accuracy of 82% for the happy class, 56% for 

neutral, and 52% for surprise, while almost entirely failing to correctly identify negative emotions 

such as anger, disgust, fear, and sadness. 

 

Figure 9. Normalized confusion matrix of baseline model (left) and promoted model (right). The baseline model 

shows a strong bias toward predicting neutral, achieving relatively high accuracy for majority emotions (e.g., 

happy, neutral, and surprise) while largely failing to recognize negative emotions such as anger, disgust, fear, 

and sadness. In contrast, the promoted model trained with subgroup-aware augmentation demonstrates 

substantially improved and more balanced recognition performance across all emotion categories, with notable 

gains for previously under-recognized negative emotions. 

In contrast, the enhanced model trained with the subgroup-aware augmentation demonstrated 

a significant performance gain across all emotion categories. Specifically, happiness achieved the 

highest recognition accuracy of 80%, followed by sadness (65%) and surprise (60%). Other emotions 

also showed notable improvements compared to the baseline, indicating that the proposed approach 

effectively balanced recognition capabilities across both positive and negative emotions. 

Figure 10 compares the emotion recognition accuracy of the baseline and the pro-moted models 

across joint emotion–age subgroups. For the baseline model, performance is highly uneven across 

both emotion categories and age ranges. While majority emotions such as happy and neutral achieve 

relatively high accuracy in younger and middle-aged groups, recognition performance degrades 

substantially for minority emotions, particularly anger, disgust, and fear. This degradation is most 

pronounced in elderly subgroups, where several emotion–age combinations exhibit near-zero 

accuracy, indicating severe instability and poor generalization caused by extreme data scarcity and 

biased feature learning. Although the highest accuracy is observed in the happy emotion for the 65–

84 age group, this result is not statistically reliable, as the test set contains only a very small number 

of samples in this subgroup. In fact, for ages above 64, only the happy (65–84) and sad (65–84) 

categories include any test samples, while all other emotion–age combinations have zero samples. 

Therefore, the reported 100% accuracy is achieved on an extremely limited sample size and does not 

reflect the true recognition capability of the model. Consequently, the analysis in this figure primarily 

focuses on emotion–age groups below 64 years old, where sufficient test data are available for 

meaningful evaluation. 
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Figure 10. Age-emotion distribution across datasets of baseline model (left) and promoted model (right). The 

baseline model exhibits pronounced performance imbalance across both emotion categories and age ranges, 

with severe degradation for minority emotions (e.g., anger, disgust, and fear), particularly in elderly groups, 

where near-zero accuracy is observed due to extreme data scarcity. Although a peak accuracy appears in the 

happy category for ages 65–84, this result is statistically unreliable, as only a very limited number of test samples 

are available for this subgroup, while most other emotion–age combinations above 64 contain no samples. After 

applying subgroup-aware augmentation, the promoted model achieves consistent performance improvements 

across nearly all age ranges, notably enhancing recognition accuracy for elderly groups and negative emotions, 

while reducing variance across age subgroups. Overall, the results indicate improved robustness and fairness 

under balanced training. 

After applying the subgroup-aware augmentation strategy, the promoted model demonstrates 

marked and consistent improvements across nearly all age ranges and emotion categories. Notably, 

recognition accuracy for elderly groups (65–84 and 85+) increases substantially, with previously 

under-represented emotions achieving non-trivial accuracy levels. The most significant gains are 

observed for negative emotions such as disgust and fear, whose accuracy improves across all age 

groups, indicating enhanced discriminative capability under balanced training. In addition, 

performance variance across age subgroups is visibly reduced, suggesting more stable and robust 

feature learning. The best overall performance is achieved in the happy category, where high 

accuracy is maintained consistently across all age groups. These results further confirm that 

mitigating age distribution bias effectively enhances both fairness and reliability in facial expression 

recognition models. 

5. Discussion 

This study examined the age-related bias in facial expression recognition and proposed a 

subgroup-aware data augmentation strategy to improve model performance, particularly for elderly 

populations. The findings highlight several key aspects of how age affects emotion recognition 

systems and demonstrate that integrating demographic priors into data preprocessing can effectively 

mitigate bias across age groups. 

5.1. Influence of Age on FER Performance 

The experimental findings presented in this study empirically validate the data gap and 

algorithmic gap identified in prior research on facial expression recognition (FER). Although modern 

architectures such as ResNet-50 are often regarded as relatively fair and balanced across 

demographics, our baseline results reveal a clear performance degradation among older adults. This 

disparity echoes previous reports that emotion interpretation varies systematically with age [21][22] 

and highlights how conventional FER systems, optimized on youth-dominated datasets, fail to 

generalize effectively to aging populations. 
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The observed data gap stems from the chronic underrepresentation of elderly individuals in 

most public FER datasets. As demonstrated in our dataset analysis, older faces constitute less than 

10% of available samples, and age annotations are often missing or inaccurate. Such imbalance 

constrains feature diversity and forces models to rely on biased distributions dominated by younger 

faces. Consequently, deep learning models exhibit reduced robustness when encountering the 

morphological and textural variations characteristic of aging—such as wrinkles, drooping muscles, 

and reduced expression in-tensity. 

In parallel, an algorithmic gap persists due to inadequate sensitivity to age-dependent cues. 

Physiological and psychological studies suggest that older adults depend more heavily on specific 

facial regions—particularly the eyes and mouth corners—for emotion decoding [24]. However, 

existing FER models, which typically learn spatially global features, seldom emphasize these 

localized regions. This mismatch leads to diminished feature salience and misclassification of subtle 

emotional expressions among older individuals. 

Together, these findings confirm that both data- and model-level deficiencies jointly undermine 

cross-age generalization in FER. Bridging these gaps requires an integrated approach that not only 

increases data diversity but also adapts the learning process to the perceptual and morphological 

characteristics of different age groups—a motivation that directly informs the subgroup-aware 

augmentation strategy proposed in this study. 

5.2. Effectiveness of Subgroup-Aware Augmentation 

The proposed subgroup-aware augmentation method effectively reduced these discrepancies 

by introducing adaptive augmentation intensity based on the age of each sample. For individuals 

aged 65 years and above, augmentations such as random rotation, elastic deformation, and targeted 

contrast enhancement improved both feature diversity and the salience of discriminative facial 

regions. These operations align with psychological evidence that older adults rely more heavily on 

the eye and mouth regions for emotion interpretation. 

Empirical evaluations demonstrated that models trained under this strategy achieved notably 

higher recognition accuracy for elderly faces while maintaining stable performance for younger 

groups. This outcome indicates that age-aware augmentation not only compensates for data 

imbalance but also encourages the network to learn age-specific cues that are often neglected in 

standard training pipelines. 

Consistent with findings from other bias-mitigation studies, the incorporation of data 

augmentation techniques enables the model to better internalize target features and improves 

performance on underrepresented demographic groups, thereby enhancing the fairness and 

inclusivity of facial expression recognition systems [49–52]. 

5.3. Implications for Fair Affective Computing 

The results have broader implications for fairness in affective computing. Among all potential 

sources of bias, datasets remain the most significant contributor. The present study reaffirms that 

most existing FER datasets are heavily skewed toward younger populations and positive emotions. 

Prior research has also revealed demographic im-balances related to race, gender, and other factors, 

reflecting systematic biases inherent in data collection processes [53–57]. These issues largely stem 

from the origins of the datasets—images collected through web searches or social media platforms 

naturally reflect user behavior, where younger individuals constitute the majority and positive 

expressions are more frequently shared [58,59]. Consequently, these datasets unintentionally encode 

social and demographic asymmetries into the training data. 

Creating fairly distributed and demographically balanced datasets is therefore a critical step 

toward achieving equitable emotion recognition. Until such resources become widely available, 

researchers must remain aware of these biases and employ corresponding mitigation strategies—

such as targeted augmentation, re-weighting, or domain adaptation—to alleviate the problem as 

much as possible [49,61]. 
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At the model level, current FER systems often claim generalizability across demographics, yet 

they overlook the structural imbalance embedded in their training data. By demonstrating that even 

modest modifications to the augmentation design can substantially improve inclusivity, this study 

provides a practical framework for developing fairer affective technologies. Such approaches are 

particularly vital for eldercare and home-companion applications, where accurate emotional 

understanding plays a key role in fostering trust, comfort, and user acceptance among older adults 

[42]. 

5.4. Limitations and Future Work 

Despite its contributions, this study has several limitations that warrant further investigation. 

First, the re-trained age recognition model, although substantially improved, still exhibited a mean 

absolute error (MAE) of approximately seven years, which may introduce uncertainty in age labeling 

near category boundaries. Future research could address this issue by incorporating multimodal 

validation methods—for example, combining predicted age with survey-based metadata or by 

developing new facial expression datasets that include richer demographic and contextual 

annotations to reduce labeling errors. 

Second, the current augmentation strategy was limited to visual-level transformations. 

Incorporating semantic-level augmentation, such as synthetic expression generation using diffusion 

models or GAN-based architectures, could further enhance robustness and compensate for 

underrepresented emotional or demographic groups. 

Third, while this study focused primarily on age-related disparities, other demo-graphic 

biases—particularly racial and ethnic biases—remain an open challenge in FER systems. Numerous 

studies have demonstrated that models trained on imbalanced datasets often exhibit lower accuracy 

for darker-skinned or minority ethnic groups, reflecting underlying representation gaps and 

potential algorithmic discrimination [54,61]. Future work could integrate race-balanced sampling, 

fairness-aware loss functions, or domain adaptation strategies to jointly mitigate both age and racial 

biases and promote more inclusive emotion recognition. 

Lastly, this study primarily focused on CNN-based architectures. Extending the subgroup-

aware training framework to transformer-based or hybrid architectures (e.g., ViT, ConvNeXt) would 

provide deeper insights into how model architecture interacts with demographic fairness and 

representation learning. 

6. Conclusions 

This study addressed a critical gap in facial expression recognition by focusing on age-related 

disparities and proposing a subgroup-aware data augmentation approach. Through retraining of the 

age estimation model and adaptive augmentation tailored to elderly facial characteristics, the 

framework achieved improved robustness and fairness across age groups. The results demonstrate 

that integrating demographic priors—specifically age-sensitive augmentation—effectively enhances 

recognition performance for older adults without compromising accuracy for younger users. 

Overall, this work provides a practical and scalable pathway toward age-inclusive affective 

computing, offering methodological insights for developing emotionally intelligent systems that can 

serve aging populations more equitably. Future research will ex-tend these findings to multimodal 

emotion recognition and real-world deployment in home-based assistive environments. 
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FER Facial Expression Recognition 

MAE Mean Absolute Error 
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