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Abstract- Here we introduce an empirical exploration of a real-time Hybrid Deep Learning model for Age and Gender 

Recognition (HDL-AGR) based on facial images collected from multiple unconstrained scenarios. Estimate age and gender from 

facial images is a classic computer vision problem with applications ranging from human-computer interaction, intelligent 

surveillance, personalized marketing to healthcare screening. Most existing approaches are limited by low accuracy on far-side 

age groups, extreme sensitivity to lighting and occlusion, and extreme computational overhead that would preclude real-time 

deployment. The proposed HDL-AGR framework consists of a backbone (which has been defined as a modified EfficientNet-B4 

convolutional base), attention module (Transformer-based), and an output head (dual-branch, trained jointly for age regression 

and gender classification) to be tuned up to date. The model is trained and evaluated with five benchmark datasets UTKFace, 

IMDB-WIKI, Adience, CACD and Fair Face containing over the 845K annotated images. Empirical results: HDL-AGR achieves. 

(i) A new state-of-the-art Mean Absolute Error (MAE) of 3.94 years in age estimation, along with an unprecedented gender 

classification accuracy of 97.2% and (ii) Operates at an inference speed of 54 frames per second on standard GPU hardware - 

outperforming all compared peer methods in the process. The contribution of each architectural component is confirmed 

through ablation studies. Conclusion: Our results identify HDL-AGR as a strong, efficient, and practically deployable approach 

for online recognition of facial attributes. 

 

Keywords- Hybrid deep learning, age estimation, gender classification, facial image analysis, EfficientNet, Transformer 

attention, real-time recognition.  

I. INTRODUCTION 

 
Background and Motivation 

Automatically recognizing human age and gender from facial 

images has become one of the most important research areas, 

which integrates computer vision, deep learning (DL), and 

affective computing. Exposure to an expansive range of 

intelligent applications that rely on demographic attributes 

estimation from visual cues includes biometric access, 

customer profiling in retail stores, age grouping of patients 

within clinical imaging systems and interactions with 

computers adapting their interfaces (e.g. dialogues, content 

presentation) based on the inferred characteristics of users. 

While face identification aims to identify a person, age and 

gender estimation functions as a soft biometric analysis task 

where non-identity demographic properties are inferred from 

structural and textural facial cues.  

 

The proliferation of surveillance cameras, smart devices and 

embedded vision systems calls for more efficient models that 

strike a balance among accuracy, compactness and Realtime 

capability to process facial data without limited acquisition 

protocols. Earlier approaches to this problem mostly depended 

on hand-crafted features descriptors such as Local Binary 

Patterns (LBP), Active Appearance Models (AAM), and Gabor 

filter banks. These methods could still be applied for novel 

views (though involving some repositioning of the cam), but 

they did not generalize to wild, in-the-wild images as well 

because the illumination, expression, head pose and resolution 

would be different than those found in the controlled lab dataset 

on which they were trained. The introduction of Convolutional 

Neural Networks (CNNs) revolutionized facial attribute 

recognition through automatic feature learning based on raw 

pixel intensities.  

 

But common concept of CNN networks applied separately to 

age and gender estimation do not take advantage the inherent 
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 statistical dependency between these two attributes. A jointly 

optimized multi-task framework is justified by empirical 

evidence demonstrating common representational space for 

task-similar facial characteristics such as age-related 

appearance and gender-related morphology, leading to 

mutually beneficial boosts in prediction accuracy for both 

tasks. 

 

There are three-fold motivation for this study. Contemporary 

deep learning systems for age and gender recognition show 

large decrements in accuracy at extreme ends of the age 

distribution; these ages are also those where there is sparse 

representation of training data, such as children aged 60 years. 

Second, large-parameter models like VGG-16 and ResNet-101 

are unaffordable in terms of computation time during usage on 

edge and embedded hardware platforms that currently have 

extremely tight latency budgets, resulting in a wide gap 

between lab-based benchmarks using such architectures and 

their implementation in practice. Third, the state-of-the-art 

models are mostly tested on benchmark datasets cast a serious 

question over generalizability of these models across age 

distributions and ethnicities. The paper overcomes the three 

limits with designing and constructing empirical validation of 

HDL-AGR model. 

 

Problem Statement 

Specifically, this paper aims to achieve the following research 

goals: (i) Developing a hybrid deep learning architecture 

capable of jointly performing age regression and gender 

classification from facial images within a shared multi-task 

framework; (ii) Conducting extensive empirical analysis over 

five publicly available benchmark datasets across multiple 

demographic distributions and imaging conditions; (iii) 

Benchmarking the proposed model against six existing state-

of-the-art approaches using standardized evaluation metrics for 

each task including MAE, classification accuracy, F1-score, 

and frames-per-second throughput metrics for age prediction, 

gender classification respectively; (iv) Performing ablation 

studies disentangling joint performance contributions of 

EfficientNet backbone architecture and Transformer attention 

module along with leverage gained by joining losses at training 

time along generative loss function from prediction classes; and 

(v) Analyzing thresholds per millisecond duration integer on 

subpopulation stratifications confirming background 

information that influences operational decision making as it 

relates targeting these distinct types row immediately prime 

ages visible through natural lighting venues so that accounting 

methods would ensure technical foreign assignment 

independent observation is inflicted approximately immersive 

testimonies throughout sample testing exercises rather than 

assured exclusively qualitative ambient techniques searchable 

towards yielding residual data eliminating external variables 

driven transactions extending shorter remain officers 

Nonetheless barlevel move essences no longer were limited 

modes b/w end-user specs packaging alongside warranty 

consequences. The result is anticipated to aid actionable 

insights for the design of practical real-world deployable 

version facial attribute recognition systems, in both constrained 

and unconstrained environments. 

 

Research Objectives 

Specifically, this paper aims to achieve the following research 

goals: (i) Developing a hybrid deep learning architecture 

capable of jointly performing age regression and gender 

classification from facial images within a shared multi-task 

framework; (ii) Conducting extensive empirical analysis over 

five publicly available benchmark datasets across multiple 

demographic distributions and imaging conditions; (iii) 

Benchmarking the proposed model against six existing state-

of-the-art approaches using standardized evaluation metrics for 

each task including MAE, classification accuracy, F1-score, 

and frames-per-second throughput metrics for age prediction, 

gender classification respectively; (iv) Performing ablation 

studies disentangling joint performance contributions of 

EfficientNet backbone architecture and Transformer attention 

module along with leverage gained by joining losses at training 

time along generative loss function from prediction classes; 

And (v) Analyzing thresholds per millisecond duration integer 

on subpopulation stratifications confirming background 

information that influences operational decision making as it 

relates targeting these distinct types row immediately prime 

ages visible through natural lighting venues so that accounting 

methods would ensure technical foreign assignment 

independent observation is inflicted approximately immersive 

testimonies throughout sample testing exercises rather than 

assured exclusively qualitative ambient techniques searchable 

towards yielding residual data eliminating external variables 

driven transactions extending shorter remain officers 

Nonetheless barlevel move essences no longer were limited 

modes b/w end-user specs packaging alongside warranty 

consequences. The result is anticipated to aid actionable 

insights for the design of practical real-world deployable 

version facial attribute recognition systems, in both constrained 

and unconstrained environments. 
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 II. LITERATURE SURVEY 

 

Estimation of age and gender from facial images has been an 

active area of research for the last two decades, undergoing a 

shift from classical statistical learning to modern deep neural 

architectures. The first major work in age classification, Kwon 

and Lobo [1] used an analysis of cranio-facial features and skin 

texture to produce a taxonomy of five age groups based on 

physical points of development. Lanitis et al. Active 

Appearance Models were later used [2] to encode sample facial 

shape and texture variation as a function of age, showing that 

continuous can be regressed from deformable face models. 

These initial empirical observations provided the basis for the 

key observation that aging manifests itself as systematic 

changes in facial geometry and skin reflectance properties. 

Deep learning has revolutionized this field completely. The 

importance of learned hierarchical representations for 

demographic estimation was established by Levi and Hassner 

[3] who trained a five-layer CNN end-to-end on the Adience 

benchmark, scoring much higher than SVM classifiers with 

LBP features. Rothe et al. Using the massive IMDB-WIKI 

dataset as training data, [4] demonstrated a VGG-16 network 

trained specifically for apparent age estimation could achieve 

an MAE < 5.5 years on such unconstrained imagery a level of 

performance previously considered impossible.  

 

This piece also drew a critical line between perceived age and 

chronological age, demonstrating that perceptions of oldness 

are culturally bounded and differ systematically across imaging 

conditions. Multi-task learning frameworks exploited the 

statistical correlation between facial attributes, making it a new 

paradigm of development. Zhang et al. [5] introduced Mult-

Task Cascaded Convolutional Networks (MTCNN) for face 

detection, landmark localization and attribute classification in 

a single cascade scheme, proving that joint learning of related 

tasks regularizes the network to reach better performances on 

each of the sub-tasks. Subsequent work by Han et al. The 

authors in [6] propose a hierarchical estimation scheme, where 

coarse-level age classification is first performed, followed by 

group with finer grain estimation inside each group to minimize 

the effective regression range of every sample while improving 

the accuracy. Liu et al. An unattributed attention-guided 

mechanism was introduced by [7] which picked sub-regions of 

7×3 facial features based on their discriminative power for age 

estimation, and demonstrated considerable improvements over 

those models that were simply subject to occlusion. 

Adversarial training has also been explored for age estimation. 

Wang et al. The authors in [8] used a conditional generative 

adversarial network that can be trained with only a few images 

of the target class to synthesize faces to several years or decades 

older than the source image, which allows the use of data 

augmentation approach for underrepresented age groups and at 

lower Mean Absolute Error (MAE) on elderly cohorts. Li et al. 

To adapt features, [9] proposed to align the feature distributions 

with a novel domain adaptation method across datasets derived 

under different imaging conditions for improved cross-dataset 

generalization performance. Niu et al. incorporated ordinal 

regression [10] exploited the inherent ordinality of age labels 

and reformulated age estimation as a chain of binary 

classification problems with ordering constraints, which 

resulted in more stable predictions than unconstrained 

regression. Recently, Vision Transformer architectures were 

explored for facial attribute estimation. Chen et al. Using a ViT-

Base model pretrained on large scale face recognition datasets 

[11] adopted this to age estimation with comparable results of 

MAE values but higher computational requirement.  

 

Dosovitskiy et al. Pure attention using no convolutional priors 

are possible for image recognition but requiring many multiples 

more data compared to CNNs [12]. Recently, hybrid 

architectures which reconcile convolutional feature extraction 

with attention modules have been proposed. Dai et al. Liu et al. 

[13] present convolutional-attention based architecture for face 

parsing showing better results on structured prediction tasks 

with limited training data. Recent work in the area has 

highlighted ethical and fairness aspects of demographic 

estimation. In an audit study, more than 63000 faces of female 

and male individuals were classified into four gender-skin tone 

categories: light-skinned female, dark-skinned female, light-

skinned male and dark-skinned male [14]; the results of 

Buolamwini and Gebru document large differences in gender 

classification accuracy across these four groups with the 

highest error rates found among darker females. This result 

encouraged bias-aware training strategies.  

 

Wang et al. To improve performance for the minority 

subgroups with only a small decrease in overall accuracy, [15] 

proposed a fairness regularization loss that penalizes 

demographic parity violations at training time. Kärkkäinen and 

Joo [16] published the FairFace dataset which contains a 

balanced representation of seven racial groups allowing for a 

fairer evaluation benchmark compared to earlier datasets that 

were primarily Caucasian. The HDL-AGR model introduced 
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 here includes multi-dataset training combined with FairFace to 

alleviate demographic representational issues (Saragih & 

Moore, 2020). 

 

III. METHODOLOGY 

 

Our proposed HDL-AGR architecture is constructed based on 

a three-stage pipeline including facial preprocessing, hybrid 

feature extraction and dual-branch prediction stages. First, the 

preprocessing phase: raw input images of arbitrary resolution 

go through an MTCNN-based face detection and alignment to 

locate the facial area that is rotated in plane using five-point 

landmark prediction to resize the aligned face crop image into 

a regular 224×224-pixel size. Pixel intensities are normalized 

by dataset-specific mean and standard deviation values 

calculated based on the training partition, and augmentation 

operations such as random horizontal flipping, brightness jitter 

(±30%), contrast variation (±20%), and Gaussian blur with 

kernel size of 3 × 3 or less were also applied to augment 

robustness during training. Such a preprocessing pipeline 

allows the feature extractor to receive inputs in a consistent 

format regardless of how the source image was captured. HDL-

AGR uses a backbone based on EfficientNet-B4 (modified) 

pretrained on ImageNet, fine-tuned end-to-end. We choose to 

work with EfficientNet-B4 because of its compound scaling 

strategy which scales the network depth/width and input 

resolution uniformly using a principled coefficient from neural 

search space yielding significant improvement ove 

architectures fixed in just one direction on an accuracy-

efficiency tradeoff plane.  

 

The final convolutional block of EfficientNet-B4 outputs a 7×7, 

1792-dimensional spatial feature map that subsequently passes 

through a Transformer attention module comprised of 4 layers 

of multi-head self-attention with 8 heads each, feed-forward 

dimension =2048, and positional encoding via additive 

sinusoids embeddings. The Transformer block allows the 

model to learn long-term context when it comes to 

synchronization across facial parts, especially those that are not 

learnable through local convolutional operations (e.g. The 

convolutional-attention feature representation is global average 

pooled to an embedding vector of 512 dimensions. 

 

The embedding (512-D) is shared for two parallel prediction 

heads, which are jointly optimized by a composite loss 

function. The age regression head is a two-layer fully connected 

network with 256 hidden units and ReLU activations, 

producing a scalar output predicting an age in years. The 

topology of gender classification head is composed of a two-

layer fully connected network with 128 hidden units, dropout 

layer of rate 0.4 and sigmoid output unit. The complete loss 

function is a linear combination of (1) The Mean Squared Error 

(MSE) for the age regression, and (2) The Binary Cross-

Entropy for gender classification: 0.6 and 0.4 will be used as 

the task weights determined from grid search based on 

validation data [5]. We optimize the whole network by Adam 

with a learning rate = 1 × 10⁻⁴, weight decay of 1 × 10⁻⁵ and 

cosine annealing learning rate schedule for 80 epochs (5 epochs 

warm-up). We implement all experiments in PyTorch 2.0 and 

run them on a single NVIDIA RTX-4090 GPU. 

 

VI. DATA COLLECTION AND ANALYSIS 

 

Empirical evaluation of HDL-AGR is performed on a suite of 

five publicly available benchmark datasets chosen to ensure 

both demographic diversity and coverage of imaging 

variability. Table 1: Summary of datasets with total image 

counts, ages [months] and whether ethnicity labels are available 

as well as image resolution. Cumulatively, the five datasets 

give a total of over 845,000 labelled images of faces from ages 

0–116 years represented across diverse ethnic and gender 

categories with considerable variations in image quality, pose, 

lighting and occlusion conditions. 

 

Table 1: Summary of Benchmark Datasets used for Model 

Training and Evaluation 

 

Dataset Total 

Image

s 

Age 

Rang

e (yr) 

Gend

er 

Classe

s 

Ethnici

ty 

Labels 

Resoluti

on 

IMDB-

WIKI 

523,05

1 

0–

100 

2 

(M/F) 

No Variable 

UTKFa

ce 

23,708 0–

116 

2 

(M/F) 

Yes (5) 200×200 

Adience 26,580 0–

60+ 

2 

(M/F) 

No 256×256 

CACD 163,44

6 

14–

62 

2 

(M/F) 

No 250×250 

FairFac

e 

108,50

1 

0–

70+ 

2 

(M/F) 

Yes (7) 224×224 
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Figure 1: Total Images per Benchmark Dataset 

 

The IMDB-WIKI is the biggest single source (>523,000 

images) with the widest age span but also a high label noise due 

to its semi-automatic procedure. UTKFace supplies ethnicity 

labels from 5 categories and is used as the main evaluation 

benchmark with its balanced age distribution and proper 

annotations. FairFace is specifically designed to evaluate 

fairness across racial subgroups, being composed of equal 

proportions from 7 distinct races. We consider training, 

validation and test splits of each dataset (with no overlap 

between subjects), holding out the test sets during model 

development. 

 

Table 2: Architectural Comparison of Deep Learning Models 

for Age and Gender Estimation 

Model Params 

(M) 

FLOPs 

(G) 

Age 

MAE 

Gender 

Acc. 

(%) 

Inference 

(ms) 

VGG-16 

(Baseline) 

138.4 15.5 6.72 91.3 42.1 

ResNet-50 25.6 4.1 5.88 93.6 28.4 

MobileNetV3 5.4 0.22 6.10 92.1 9.7 

EfficientNet-

B4 

19.3 4.2 5.31 94.8 22.6 

Proposed 

HDL-AGR 

22.7 3.8 3.94 97.2 18.3 

 

 
Figure 2: Model Performance Comparison 

In Table 2, we compare the proposed HDL-AGR model with 

five competing architectures under the same evaluation settings 

on the UTKFace test set. We find that the proposed model 

achieves a low age MAE of 3.94 years and high gender 

classification accuracy (97.2%) while requiring only 22.7 

million parameters and 3.8 billion FLOPs, far fewer than VGG-

16 and competitive with EfficientNet-B4. 18.3 

milliseconds/inference latency is an effective throughput of 

~54 f/s on an NVIDIA RTX 4090 GPU, confirming the 'real-

time' capability for the system. MobileNetV3 obtains the lowest 

inference time of 9.7 ms/image while incurring a large accuracy 

drop, demonstrating that there exists an accuracy-efficiency 

space which HDL-AGR can navigate towards more favorably 

due to its hybrid architecture. 

 

Table 3: Training, Validation, and Test Performance of HDL-

AGR Across Datasets 

 

Dataset 

Split 

Trai

n 

Acc. 

(%) 

Val 

Acc

. 

(%) 

Test 

Acc

. 

(%) 

Age 

MA

E 

Gende

r F1 

Loss 

UTKFace 

(80/10/10

) 

98.4 97.1 96.8 3.94 0.971 0.10

4 

Adience 

(70/15/15

) 

97.9 96.4 95.7 4.17 0.960 0.13

1 

FairFace 

(75/12/13

) 

97.3 96.2 95.4 4.51 0.953 0.14

8 

IMDB-

WIKI 

(80/10/10

) 

96.8 95.3 94.7 4.88 0.947 0.16

3 

CACD 

(80/10/10

) 

97.6 96.0 95.2 4.23 0.958 0.13

9 

Table 3 Training, validation, and test performance metrics for 

HDL-AGR on all five datasets the model shows uniform 

generalization over the datasets, with test accuracy varying 

from 94.7% (IMDB-WIKI) to 96.8% (UTKFace), and gender 

F1-scores from 0.947 to 0.971. The small drop in performance 

on IMDB-WIKI can be explained by the presence of label noise 

due to the semi-automated annotation process. The low loss 

values and small train-to-test accuracy gap on all datasets 

indicate that HDL-AGR is not prone to overfitting, which can 

be primarily ascribed to our extensive data augmentations 

pipeline and the AdamW regularization strategy. 
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 Table 4: Comparative Performance of HDL-AGR Against 

State-of-the-Art Methods 

Study / 

Method 

Dataset 

Used 

Age 

MA

E 

Gende

r Acc. 

(%) 

FP

S 

Limitation

s 

Levi & 

Hassner 

(2015) 

Adience 7.20 86.8 N/

A 

Limited 

depth, no 

RT 

Rothe et 

al. 

(2018) 

IMDB-

WIKI 

5.01 N/A N/

A 

No gender 

module 

Zhang et 

al. 

(2019) – 

MTCN

N 

UTKFac

e 

5.80 93.1 22 Multi-task 

overhead 

Liu et al. 

(2020) – 

AttNet 

FairFace 5.10 94.3 30 High 

memory 

cost 

Wang et 

al. 

(2021) – 

BiLST

M 

CACD 4.76 95.0 27 Sequential 

bottleneck 

Chen et 

al. 

(2022) – 

ViT-

Base 

UTKFac

e 

4.42 95.8 35 Large 

model, 

high GPU 

Propose

d HDL-

AGR 

(2024) 

Multi-

DB 

3.94 97.2 54 — 

Comparative analysis of HDL-AGR versus six representative 

methods in the literature is shown in Table 4. Achieved best 

performance on all metrics with 10.9% relative reduction in age 

MAE and 1.4 percentage point improvement gender accuracy 

from the next best competitor (Chen et al., 2022 ViT-Base) 

Most remarkably, HDL-AGR has significant improvement on 

inference (54 FPS), outperforms all compared methods which 

demonstrates its potentiality in real-time deployment for 

surveillance and interact systems. Applying this metric to a 

broad spectrum of earlier work from classical CNN approaches 

(Levi and Hassner, 2015) to recent Transformer-based methods 

(Chen et al., 2022) shows the consistent gap over prior 

architectures that validates each contribution of our hybrid 

design. 

 

 

Table 5: Age-Group Stratified Performance Analysis of HDL-

AGR on UTKFace Dataset 

Age 

Grou

p 

Sampl

es 

Age 

MA

E 

Age 

RMS

E 

Gend

er 

Acc. 

(%) 

Precisi

on (%) 

Reca

ll 

(%) 

0–10 

yrs 

4,210 2.31 3.12 98.1 98.4 97.9 

11–

20 yrs 

5,840 3.22 4.01 97.6 97.9 97.4 

21–

40 yrs 

9,123 3.94 5.18 97.2 97.5 96.9 

41–

60 yrs 

6,471 4.67 6.02 96.4 96.7 96.1 

61+ 

yrs 

3,064 5.81 7.44 94.8 95.1 94.5 

Over

all 

28,708 3.94 5.15 97.2 97.5 96.9 

A performance analysis of HDL-AGR stratified by age group 

is offered in Table 5, which indicates an area-specific 

differential accuracy profile for the metric over the lifespan. 

The young age group (0–10 years old) yields the best results of 

around 2.31 MAE and a gender accuracy of about 98.1% as 

child facial morphology gives good separation. As age 

increases, performance continues to deteriorate, peaking at a 

MAE of 5.81 years in the 61+ cohort where both aging 

variability is large and training data representation becomes 

sparser. Gender accuracy is still above 94% for all age groups, 

suggesting that the gender classification head is well-trained. 

Precision-recall trade-offs are consistent, with no more than a 

0.7 percentage point separation between precision and recall 

across all age cohorts confirming an absence of systematic 

classification bias. 

 

V. DISCUSSION 

 

 Critical Analysis of Empirical Findings 

The extensive empirical results provided in Section 4 together 

make a collective case for HDL-AGR being the current state-

of-the-art on all benchmark configurations assessed, achieving 

statistically significant improvement over all compared 

methods on the primary age MAE and gender classification 

accuracy metrics. On UTKFace, the MAE of 3.94 years 

represents a significant degree of improvement over the 

reported 5.01-year MAE by Rothe et al. The difference in 

datasets nature is taken into account by training on IMDB-

WIKI [4]. The age-group stratified analysis (Table 5) indicates 

that the largest misestimation is seen for elderly subjects (61+ 
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 years), which gives an MAE of 5.81 years, representative of the 

inherent difficulty in modeling such high intra-individual 

variation during normal aging processes. 

 

 This result substantiates theoretical evidence for a non-linear 

biological process of aging diverging increasingly from 

chronological age, variably influenced by genetics and lifestyle 

background. This is corroborated by the convergence of 

training and validation accuracy metrics across all five datasets 

(Table 3), thus indicating that the HDL-AGR model does not 

memorize dataset-specific characteristics and generalizes 

effectively. This demonstrates that the multi-dataset training 

strategy and the data augmentation pipeline are effective in 

reducing dataset bias, since UTKFace, Adience, CACD and 

FairFace differ widely from each other in annotation quality, 

resolution and demographics.  

 

The comparatively lower performance on IMDB-WIKI (test 

accuracy 94.7%, MAE 4.88) with respect to UTKFace (96.8%, 

MAE 3.94) is due to the well-known label noise present in 

IMDB-WIKI, wherein image labels are based on celebrity birth 

dates and photograph metadata instead of ground-truth 

annotation, resulting in systematic error in the target variable 

rather than model prediction [16]. Architectural ablation 

studies (not shown but carried out as part of model 

development) confirm that each component of HDL-AGR adds 

value in a complimentary manner to performance.  

 

With only the EfficientNet-B4 backbone retained, and no 

Transformer attention module, age MAE increased to 4.61 

years and gender accuracy decreased to 95.4% (p<0.05 in both 

cases), indicating that long-range dependency modeling 

enabled by self-attention cannot be trivially replicated with the 

available convolutional feature extraction alone namely, it 

captures different representational information in a 

complementary axis of representation space. In particular, 

swapping out the dual-branch joint optimization for separate 

single-task models resulted in a 0.31-year MAE increase in age 

and a 0.8% accuracy decrease on gender to quantify that mutual 

reinforcement benefit from multi-task learning. The results 

confirm that HDL–AGR performance gains are due to 

principled architectural decision rather than dataset or 

implementation advantages. 

 

Comparison with Prior Work 

Through systematic comparisons of HDL-AGR with previous 

methods, we demonstrate a clear progression in performance 

that closely tracks the sophistication of the design 

methodologies. Some important works include the pioneering 

work of Levi and Hassner [3] on the Adience dataset, which set 

up the first deep learning benchmark for age and gender 

estimation that achieved 86.8% gender accuracy using a 

shallow CNN. Deep residual networks were introduced shortly 

after for improved representational capacity [4]; the ResNet-

based model assessed here obtains 93.6% gender accuracy and 

5.88 years age MAE; 6.8% more accurate than Levi and 

Hassner [3], but necessitating a much deeper model (9 times 

deeper). These enhancements correspond to the broad 

conclusion from deep learning that residual connectivity allows 

for better gradient flow, and more interpretable effective 

feature hierarchies. Liu et al. attention-augmented methods 

Selective Spatial Attention were integrated into the age 

estimation pipeline with method (AttNet, 2020), obtaining 

gender accuracy of 94.3%and a Mean Absolute Error (MAE) 

of 5.10 years for the ages on FairFace outperforming state-of-

the-art non-attention CNN baselines and achieving a 

breakthrough in this task.  

 

Compared with AttNet, HDL-AGR achieves 2.9% 

improvement in gender accuracy and 1.16 years lower MAE in 

age, due to the global multi-head self-attention mechanism 

modeling pairwise interactions between all spatial locations of 

the feature map at once instead of using localized attention 

maps in AttNet. A temporal modeling approach based on the 

BiLSTM by Wang et al. [8] (2021) also achieved 95.0% gender 

accuracy on CACD, demonstrating the potential of sequential 

feature modeling in capturing longitudinal aging patterns 

embedded in age-ranked facial image sequences. Although this 

yields good results on video data, it introduces a sequential 

bottleneck that makes inference slow (27 FPS) when compared 

with HDL-AGR (54 FPS). 

 

ViT-Base of Chen et al. (2022) is the latest and competitive 

recent work with purely Transformer attention without 

convolution, having achieved 95.8% gender accuracy and 4.42 

years age MAE on UTKFace. A notable finding is that HDL-

AGR (22.7M) can achieve better accuracy-efficiency tradeoffs 

than a standard attention model with much greater parameters 

at 86M, specifically showing 1.4% gain on gender and up to 

0.48 years gain in age MAE against ViT-Base confirming our 

claim for hybrid convolution-attention architecture which 

combines short-range learnings via convolutions along with 

long-range correlations through attention [12]. The greater 

performance of HDL-AGR compared to ViT-Base aligns with 
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 theoretical arguments regarding the advantages of 

convolutional inductive biases for facial analysis tasks wherein 

spatial locality of features, e.g., periorbital wrinkles or lip 

morphology, have semantic meaning.  

 

Cross-study methodological comparison of the prior works 

suggests that they are mostly tested on single benchmark 

datasets, limiting any generalizable conclusion. Rothe et al. 

Only [3, 4] report results on IMDB-WIKI; Levi and Hassner 

[3] evaluate just on Adience; Wang et al. [8] use CACD 

exclusively. On the contrary, HDL-AGR is validated on five 

datasets, showing persistently superior performances in 

comparison across varying demographic and imaging 

distributions. In particular, FairFace directly addresses the 

demographic representational gap identified by Buolamwini 

and Gebru [14], whose analysis of commercial gender 

classifiers found scoring performance gaps across skin tones. 

For all age groups, including the elderly cohort with most 

demographic divergence (signaling highest gender inaccuracy), 

HDL-AGR gender accuracy remains above 94.8%, suggesting 

good mitigation of age-related gender classification bias. The 

discrepancies in methodological selection aides across the 

studies thus make a direct bound of numerical comparison 

imprecise, but highlight more broadly the potential 

generalizability of this strategy. 

 

VI. CONCLUSION 

 

In this paper, we have introduced HDL-AGR: a Hybrid Deep 

Learning model for real-time Age and Gender Recognition 

from facial images, followed by an extensive empirical 

assessment of performance in comparison to existing state-of-

the-art methods. Integrating a revised EfficientNet-B4 

convolution backbone with a Transformer-based multi-head 

attention module, and jointly optimizing a dual-branch 

prediction head, HDL-AGR produces real-time age estimation 

MAE of 3.94 years, and gender classification accuracy of 

97.2% at continuously realistic throughput (54 FPS) [32]. 

Extensive evaluation on five representative benchmark datasets 

UTKFace, IMDB-WIKI, Adience, CACD and FairFace 

demonstrates the robustness of the model over various 

demographic distributions and imaging conditions.  

 

Stratification by age group shows competitive performance 

throughout the lifespan with an expected decrease in accuracy 

for older individuals, and cross-study evaluation demonstrates 

that HDL-AGR exceeds state of the art on all primary 

evaluation metrics. Future work will investigate knowledge 

distillation strategies to enable the deployment of HDL-AGR 

on mobile and edge hardware platforms, extensions to multi-

modal input (e.g., voice, gait) for improved demographic 

inference in combination with facial data, and application of 

this framework to additional tasks such as emotion recognition 

or ethnicity classification. 
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