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Abstract: This research on Enhanced Age, Gender, and Race Estimation Using multi-task CNN presents a comprehensive 

evaluation of a multi-task deep convolutional neural network (CNN) model designed to simultaneously estimate age, gender, and 

race from facial images. The testing utilizes real-world datasets, such as UTKFace, Adience, and MORPH II, along with a synthetic 

dataset that simulates ideal conditions (100% prediction accuracy) for baseline validation. The evaluation includes Mean Absolute 

Error (MAE) for age estimation, classification accuracy for gender and race, and one-off age accuracy to account for predictions in 

neighboring classes. Confusion matrices and distribution analysis provide deeper insights into the model's performance across 

different demographic groups. Although datasets such as UTKFace, Adience, and MORPH II present challenges due to variations 

in age, gender, and distributions, the proposed model demonstrates strong and high predictive accuracy. The results show that the 

proposed model surpasses state-of-the-art approaches, achieving an age estimation MAE of 2.95, gender classification accuracy of 

98.3%, race classification accuracy of 93.1%, and one-off age accuracy of 90.7%. The addition of synthetic data proved beneficial 

in enhancing model robustness by mitigating demographic bias and improving prediction reliability. The findings of this study have 

practical implications for developing fair and reliable demographic estimation systems, with potential applications in security, 

human-computer interaction, and healthcare. Future work will focus on integrating attention mechanisms, fairness-aware learning, 

and domain adaptation techniques to enhance accuracy across diverse populations and uncontrolled environments. 

I. Introduction  

The estimation of demographic attributes such as age, gender, and race from facial images is a fundamental problem in computer 

vision, artificial intelligence, with applications in security, healthcare, and human-computer interaction, targeted, marketing, and 

demographic analytics[1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11], [12]. 

 In recent years, the use of deep convolutional neural networks (CNNs) has dramatically advanced the accuracy and robustness of 

such systems, outperforming traditional handcrafted feature-based approaches.[3], [4], [6], [7], [8], [13], [14], [15]. Despite these 

improvements, the performance of CNN-based methods can be adversely affected by factors such as dataset bias, demographics 

imbalance, occlusion, illumination variation, and pose changes, which limit model generalizability across diverse populations [1], 

[3], [13], [14], [16], [17], [18], [19], [20], [21], [22]. Multi-task learning(MTL) offers an effective measure for addressing these 

limitations by enabling shared feature representations across related works, thereby improving efficiency, consistency, and 

accuracy[7], [8], [14], [15], [16], [17], [18], [22], [23]. In this situation of facial attribute estimation, MTL-based CNNs can jointly 

combine age, gender, and race predictions, leveraging separate models[7], [8], [13], [16], [17], [18], [19], [20], [22], [23] [20].  

In this situation of facial attributes estimation, MTL-based CNNs can jointly optimize age, gender, and race predictions, leveraging 

their interrelated nature while reducing the computational cost compared has training separate models[10], [12], [13], [14], [17], 

[20], [22], [23], [24]. More than that, the incorporation of fairness–aware learning methods has been shown to mitigate demographic 

bias and improve equitable performance across groups [3], [16], [17], [22], [23], [24]. 

In this research study, an age, gender, and race using a Multi-task deep CNN is developed for once estimation of age, gender, and 

race. The proposed model is evaluated using well known real datasets, including UTKFace, Adience, MORPH II, and synthetic 

dataset designed to simulate ideal conditions for baseline validation[1], [7], [8], [14], [16], [17], [20], [22], [23], [25]. Model 

performance is assessed using Mean Absolute Error (MAE) for age estimation[13],[17],[20],[23],[25]. Classification accuracy for 
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gender, race prediction, and one-off accuracy to account for age group predictions in neighboring classes [8], [13], [14], [16], [17], 

[18], [20], [23], [27]. More to that, confusion matrices and distribution analyses are employed to gain insights into misclassification 

patterns and to identify potential biases[7], [8], [14], [20].  

Related work  

Facial demographic estimation ( age, gender, race ) has advanced significantly with deep learning, particularly CNNs and multi-

task learning (MTL) approaches. Early CNN-based models focused on single-attribute prediction, such as age estimation via 

regression or classification[10], [28]. The adaptation of deeper architectures (eg, ResNet, DenseNet) enables robust feature 

extraction and multi-attribute learning[29], [30], [31], [32]. To address the ordinal nature of age, hybrid classification –regression 

schemes and label distribution learning (LDL) have been proposed, improving robustness under label ambiguity[33], [34], [35], 

[36]. Additionally, attention mechanisms[37], [38]and residual connections[39], [40], [41], [42]have been integrated to enhance 

feature localization and discriminative power. 

Multi-task CNNs leverage shared low-level features while learning task-specific representations, achieving better efficiency and 

accuracy than single-task models[43], [44], [45], [46]. Recent designs use shared backbones (eg, ResNet50, MobileNetv3) with 

task-specific heads, reporting significant improvements in Mean Absolute Error (MAE) for age and accuracy for gender/race [47], 

[48], [49]. Performance gains have largely relied on large-scale datasets such as UTKFace, Adience, and MORPH II, which cover 

diverse demographics. However, cross-dataset evaluations show sharp accuracy drops, exposing datasets' bias and poor 

generalization[10], [50], [51]. Despite progress, key challenges remain: dataset bias and fairness issues, as demographic 

distributions are often imbalanced[52], [53], [54], [55]. Negative transfer in MTL when tasks conflict or data is limited[56], [57], 

[58], [59]. Limited robustness to real-world variations such as occlusion, pose, and lighting[60], [61], [62]. Few studies explicitly 

address bias mitigation or dataset generalization[12], [63], [64]. Recent trend including lightweight, bais-ware MTL architectures 

incorporating attention, feature disentanglement, and fairness regularization to enhance generalization while maintaining high 

accuracy[10], [12].      

Design of Multi-Task Deep CNN Model for Age, Gender, and Race Estimation.  

The task of estimating demographic attributes such as age, gender, and race from images has become a critical area in computer 

vision. This paper proposes a multi-task deep convolutional neural network (CNN) model designed to estimate these attributes at 

once. The model utilizes a shared feature extraction backbone with task-specific output heads for age regression, gender 

classification, and race classification. The primary goal is to develop an efficient, accurate model capable of predicting these 

attributes with high performance while leveraging the benefits of multi-task learning(MTL). By sharing the feature extraction layers 

between tasks, the model can learn joint representations that may improve overall performance, particularly when the tasks are 

correlated.   

Model architecture  

The proposed multi-task Deep-task CNN model consists of three main components are input, shared CNN backbone, and task-

specific output heads. The block diagram describes a multi-task deep convolutional neural network (CNN) designed to 

simultaneously predict age, gender, and race from an input image.  

 

Figure 1. Illustrates the model architecture for multi-task Age, Gender, and Race Estimation (This work 2025) 
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Figure 2.Shows the Details of the model architecture, Multi-Task Deep CNN Model for Age, Gender, and Race Estimation 2025 

Input image and processing:  

The multi-task deep learning system for facial attribute estimation with acquiring frontal-face images from sources such as digital 

photos, webcams, surveillance cameras, or datasets like UTKFace, Adience, and MORPH II. Before analysis, images undergo pre-

processing, including face detection and cropping using detectors like MTCNN or Haar cascades, to isolate the face and remove 

background clutter. This ensures the model focuses on relevant facial features. For CNN-based models, such as ResNet, the 

standardized input size is typically 224x224x3.  

𝑉𝑖𝑒𝑤𝑠  𝐼𝑚𝑎𝑔𝑒, 𝑆𝑖𝑧𝑒 =(H, W, C) =224,224,3                        (1) 

Normalization: pixel values of the image are normalized to a standard range, typically (0,1) or (-1, 1), depending on the pre-training 

of the backbone CNN. Normalisation is generally performed as 

Í =
𝑰−𝝁

𝝈 
        ( 2) 

Where I am the original image tensor, 𝜇 𝑎𝑛𝑑 𝜇 are the mean and standard deviation of the ImageNet dataset( if using pre-trained 

weights), and Í is the normalized image tensor  

Example using image statistics:  

𝜇 = (0,485,0.406,0.406), 𝜎 = (0.229,0.224,0.225) 

So each channel c is normalized as  

   𝑰𝑪
′ =

𝑰𝑪−𝝁𝑪

𝝈𝑪
          (3)      

Data Augmentation (optional): To improve generalization and reduce overfitting, augmentation techniques such as horizontal 

flipping, rotation, and random cropping can be applied during training. This pre-processing pipeline ensures that the input image is 

standardised and optimised for robust feature extraction in subsequent CNN layers.  
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Shared convolutional layers (Conv)  

The multi-task deep convolutional neural network (CNN) consists of shared convolutional layers in the first part of the network. 

These layers are designed to perform generalized feature representation from the input facial images that are useful for all tasks, 

age estimation, gender classification, and race classification. In feature extraction, the convolutional layer captures low-level 

features such as edges, corners, and textures. As the network goes deeper, skin tone patterns) excerpted. Parameter sharing, instead 

of training separate CNNs for each task, the model uses a shared backbone e.g., ResNet50). This idea allows the parameters in these 

layers to be learned jointly, reducing redundancy, and sharing layers helps the model leverage correlations between tasks, making 

it more robust and less prone to overfitting.  

The input image after pre-processing i 

  𝐼 =∈ ℝ𝐻𝑥𝑊𝑥𝐶       (4) 

where H, W, and C are the height, width, and number of channels, respectively.   

The convolutional operations in the shared layers are defined as   

 𝐹𝑘
(𝑖)

= 𝜎(𝑊𝑘
(𝑖)

∗ 𝐹(𝑖−1) + 𝑏𝑘
(𝑖)

)     (5) 

Where  𝐹𝑘
(𝑖)

 is the formula map of the k-th filter at layer I, 𝑊𝑘
(𝑖)

 is the convolution kernel.  𝐹(𝑖−1) is the input formula map from the 

previous layer, 𝑏𝑘
(𝑖)

 is the bias term, ∗ denotes the convolution operation, and 𝜎 is the activation function (e.g., ReLU).  

The first part of the model consists of convolutional layers (Conv) that extract hierarchical features from the input facial images. 

The feature extraction process can be mathematically expressed as follows.  

  𝐹 = 𝑓𝜃 (𝑋)                (6) 

These layers shared across all tasks, facilitating joint learning of features that are useful for predicting attributes.  

Task–specific heads: 

The network branches into three separate fully connected (FC) layers, called task-specific heads. Each head handles a different 

prediction task: age estimation, gender estimation, gender classification, and race classification. This setup enables the network to 

learn shared low-level and high-level facial features while capturing task-specific high-level representations. Below, we explain 

each head in detail with its corresponding mathematical formulation. (i) Estimation head (regression), The age estimation head is 

modeled as a regression problem, where the goal is to predict the continuous age value ŷ𝒂of the thoughts face. Unlike classifications, 

regression directly outputs a scalar value. The output of the age head is computed as  

   ŷ𝑎 = 𝑊𝑎𝐹 + 𝑏𝑎     (7) 

    Where:  

𝑊𝑎 ∈ ℝ𝑐×1 and 𝑏𝑎 ∈ ℝ are the trainable parameters(weights and bias) for the age estimation head. In practice, the feature map F is 

first flattened into a vector 𝑓 =, and the fully connected layer performs a linear transformation to estimate the age. This branch 

teaches age-related features such as wrinkles, skin texture, and facial structure, which are critical indicators for predicting 

chronological age. (ii) Gender classification Head (Binary classification) 

The gender classification head performs binary classification to predict whether the input face is male or female. This head applies 

a sigmoid activation function to map the output into a probability of 0 and 1.  The prediction expressed as: 

  ŷ𝑔 = 𝜎(𝑊𝑔𝐹 + 𝑏𝑔)                      (8) 

Where: 
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 σ(. ) =
1

1+e−x is the sigmoid function, which ensures that the output is a probability  

Wg ∈ ℝc×1 is the weight matrix of gender prediction,  𝑏𝑔 ∈ ℝ is the basis term, 𝐹is the shared feature vector obtained from the 

backbone, the output ŷ𝒈 𝛜[𝟎, 𝟏] is the probability of the input face being male (or female ) depending on the labelling scheme. This 

branch teaches gender-discriminative features such as jawline sharpness, eyebrow thickness, and other sexual dimorphism cues in 

facial morphology.   

The race classification head is formulated as a multi-class classification problem where the network predicts the probability of the 

input belonging to one of the K race categories. A softmax activation is applied to ensure that output probabilities across all classes 

sum to 1. The probability of class k is composed as 

 𝑃𝑟 (
𝐾

𝐹⁄ ) =
𝑒𝑥𝑝 (𝑊𝑟

𝑘𝐹+𝑏𝑟
𝑘)

∑ 𝑒𝑥𝑝 (𝑘
𝑗−1 𝑊𝑟

𝑗
𝐹+𝑏𝑟

𝑗
)
                ( 9) 

Where: 

 Pr (
K

F⁄ ) is the probability that the input belongs to the k-th race. 

𝑊𝑟
𝑘 ∈ ℝ𝑐×1 and 𝑏𝑟

𝑘 =∈ ℝ  

 ∑ exp (𝑊𝑟
𝑗
𝐹 + 𝑏𝑟

𝑗𝑘
𝑗−1 ) is the normalization term ensuring that probabilities sum to 1 

The network predicts the class with the highest probability 

    ŷ𝒓 = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑘𝑝𝑟(𝑘
𝐹⁄ )     ( 10) 

This branch teaches ethnicity-related features, such as skin tone, nose shape, and eye characteristics, across various races. The task-

specific heads in multi-task CNN serve several purposes, decoupling task learnings, while the backbone extracts shared facial 

features. Each head focuses on features most relevant to its task (e.g., age-related vs. gender–specific features), preventing 

interference between tasks. Separate branches of the network handle tasks that may have conflicting gradients during optimization. 

Improved performance – empirical studies show that multi-task learning with shared backbones and task-specific heads enhances 

overall accuracy and robustness compared to training separate models.  

Loss function and training strategy: The multi-task deep CNN, the losses from the three task-specific heads (age, gender, and race) 

must combined into a single multi-task loss function. This response ensures that the network jointly optimizes all tasks during 

training while maintaining a balance between them.  The network trained using a multi-loss that combines losses from all heads.  

    𝐿 = 𝜆𝑎𝐿𝑎 + 𝜆𝑔𝐿𝑔 + 𝜆𝑟𝐿𝑟         (11) 

 𝑳𝒂 is the age regression loss, 

  𝑳𝒈 is the gender classification loss, 

 𝑳𝒓  is the race classification loss, 

Where 

𝐿𝑎 =
1

𝑁
∑ |𝑦𝑎

𝑖 − ŷ𝑎
𝑖 |𝑁

𝑖=1 (𝑀𝐴𝐸𝑓𝑜𝑟 𝑎𝑔𝑒 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛)   (12) 

Where: 𝒚𝒂
𝒊  is the true age label for sample 𝒊.  

ŷ𝒂
𝒊  is the predict age  

N is the total number of training samples. 
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 𝐿𝑔 =
1

𝑁
∑ [𝑦𝑔

𝑖 𝑙𝑜𝑔ŷ𝑔
𝑖 + (1 − 𝑦𝑔 

𝑖 )𝑙𝑜𝑔 (1 − ŷ𝑔
𝑖 )]𝑁

𝑖=1 (Binary Cross-Entropy for gender (13) 

L=
𝐼

𝑁
∑ ∑ 𝑦𝑟

𝑖𝑘𝐾
𝐾=1

𝑁
1=1 𝑙𝑜𝑔𝑃𝑟(𝑘

𝐹𝑖⁄
)(categorical Cross-Entropy for race).  (14) 

Where weights 𝜆𝑎, 𝜆𝑔, 𝜆𝑟balance the contributions of each task.  

Data Augmentation and Pre-Processing Techniques.  

To enhance the robustness and generalization ability of the proposed Multi-task CNN model, a combination of face pre-processing 

and data augmentation is applied before feeding images into the network. Face detection and alignment ensure that the input to the 

model is a well-cropped, centered face, regardless of pose variations and background clutter. The techniques used in MTCNN 

(Multi-task cascaded convolutional networks) detect facial landmarks (eyes, nose, mouth corners) and align faces based on these 

key points. Alternatively, OpenCV Haar cascades or Dlib HOG-based detectors can be used when MTCNN is not available. The 

detected bounding box B (x, y, w, h) is used to crop and align the face so that: 

  𝐼𝑎𝑙𝑖𝑔𝑛𝑒𝑑 = 𝐴𝑙𝑖𝑔𝑛(𝐼, 𝐵)  (15) 

Resizing to 224×224, CCN architectures such as ResNet50 expect a fixed input size, and cropped faces resized using bilinear 

interpolation   

 𝐼𝑟𝑒𝑠𝑖𝑧𝑒𝑑 = 𝑅𝑒𝑠𝑖𝑧𝑒 (𝐼𝑎𝑙𝑖𝑔𝑛𝑒𝑑 224,224      (16) 

Histogram equalization (Illumination Normalization): The purpose was to handle variations in lighting conditions across images 

and convert to grayscale (if necessary), and apply histogram equalization to enhance contrast: 

   𝐼𝑒𝑞(𝑥, 𝑦) =
𝐶𝐷𝐹(𝐼(𝑥,𝑦))−𝐶𝐷𝐹𝑚𝑖𝑛

(𝑀×𝑁)−𝐶𝐷𝐹𝑚𝑖𝑛
× (𝐿 − 1)           (17) 

Where CDF is the cumulative distribution function of pixel intensities.   

Random Horizontal Flips: The purpose is to make the model invariant to left-right orientation and implementation with probability 

p=0.5p=0.5p=0.5, flip the image horizontally.  

Random rotations: the purpose is to handle variations in hand pose and implementation of the image randomly by 𝜃 ∈

[−100 + 100].  

Implementation Details (Pytorch framework) 

The proposed multi-task Deep CNN for age, gender, and race estimation implemented using the PyTorch framework, as shown in 

Table 1, shows a configuration to ensure stable and efficient training: framework-PyTorch; programming language and hardware-

GPU (NVIDIA CUDA), recommended for faster training. Backbone network: The model uses a pre-trained ResNet50 (trained on 

ImageNet) as the shared feature extractor. Only the final fully connected (FC) layer was replaced with task-specific heads for age 

regression, gender classification, and race classification[65]. 

  𝑓𝑠ℎ𝑎𝑟𝑒𝑑(𝑥) = 𝑅𝑒𝑠𝑁𝑒𝑡50𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛𝑒𝑑(𝑥)   ( 18) 

Optimizer: The Adam optimizer was used for adaptive learning  

    𝜃𝑡+1 = 𝜃𝑡 − 𝜂
𝑚𝑡

^

√𝑣𝑡
^+𝜖

   (19) 

 where 𝜂= 0.0001(learning rate), 𝛽1 = 0.9 and 𝛽2 = 0.999 

optimizer = torch.optim.Adam(model.parameters(), lr=0.0001, betas=(0.9, 0.999)) 
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Teaching rate, scheduler: A step LR scheduler used to decrease the learning rate if the model performance plateaus gradually.  

  𝑙𝑟𝑛𝑒𝑤 = 𝑙𝑟 × 𝑟⌊𝑒𝑝𝑜𝑐ℎ/𝑠𝑡𝑒𝑝−𝑠𝑖𝑧𝑒⌋             (20) 

Table 1:Learning rate   

Parameter Value 

Batch Size 32 

Epochs 50–100 

Views  Size 224×224 

Loss Balancing 𝜆𝑎=1.0, 𝜆𝑔 =0.5 𝜆𝑟 = 0.5 

Optimizer Adam 

Scheduler StepLR 

Loss Functions MAE for age, BCE for the gender, CE for race 

 

Figure 3.The schematic diagram showing the Training model of the multi-task CNN (This work, 2025) 

Multi–task loss Function: 

The total loss LLL is a weighted sum of the individual task losses: 

 𝐿 = 𝜆𝑎𝐿𝑎 + 𝜆𝑔𝐿𝑔 + 𝜆𝑟𝐿𝑟  ( 21 )                                           

where  𝜆𝑎𝐿𝑎= Mean Absolute Error(MAE) for age regression,  𝜆𝑔𝐿𝑔= binary Cross-Entropy (BCE) for gender classification and 

𝜆𝑟𝐿𝑟= Cross-Entropy (CE)for race classification.  

A logarithm Code  
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loss_age = criterion_age(pred_age, ages) 

loss_gender = criterion_gender(pred_gender, genders) 

loss_race = criterion_race(pred_race, races) 

loss = 1.0 * loss_age + 0.5 * loss_gender + 0.5 * loss_race 

Training strategy:  

Train for 50-100 epochs, depending on the dataset size, and use early stopping to prevent overfitting. Apply data augmentation 

during training to improve generalisation. These implementation details ensure that the multi-task network effectively learns shared 

facial features while balancing the contributions of the three tasks.    

II. Results and Evaluation Model Performance Analysis  

Datasets used  

In this study, four datasets- synthetic, UTKFace, Adience, and MORPH II-were employed with careful sampling for balanced 

evaluation. The synthetic dataset of 5000 images (ages 5-100 years) was randomly sampled to validate the pipeline under controlled 

labels. UTKFace 20000 images, ages 0-116 years, were stratified–sampled to ensure balanced evaluation of age, gender, and race 

representation. Adience (26000 images, grouped into 8 range: 0-2, 4-6, 8-13, 15-20, 25-32, 38-43,48-53, and 60+ years was spilt 

into folds following its protocol, capturing real- world unconstrained setting MORPH II 55000 images, ages 16-77 years was 

sampled to balance age groups and races for consistent longitudinal evaluation. Together, these datasets with stratified and protocol-

based sampling enabled robust, fair, and comprehensive testing of the proposed model.   

These datasets feed into the training process, followed by evaluation using metrics such as MAE, accuracy, one-off accuracy, and 

confusion matrices. The results are then analysed to identify model strengths, limitations, and areas for improvement.  

Sample images  

The sample images from the datasets are shown, which were used to train age, gender, and race estimation.  

 

Figure 4. Sample image from UTKFace, Adience, MORPH II, and Synthetic [12] 

Training and testing, setup 

The proposed multi-task CNN model is trained and evaluated using a standardised pipeline in Table 5, to ensure reproducibility 

and fairness across datasets. It also indicates that the model is trained with a batch size of 32 for 50 to 100 epochs, with input images 

resized to 224 × 224 pixels. Loss balancing weights are set to 1.0 for age and 0.5 for each of the gender and race tasks to prioritize 

age regression. The Adam optimizer is employed along with a step LR scheduler for learning rate adjustment. Mean Absolute Error 

(MAE) is used as the loss function for age estimation, binary cross (BCE) for gender classification, and cross-entropy (CE) for race 

classification.   
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Table 2. Shows the Training and testing setup  

Parameter Value 

Batch Size 32 

Epochs 50–100 

Views  Size 224×224 

Loss Balancing 𝜆𝑎=1.0, 𝜆𝑔 =0.5 𝜆𝑟 = 0.5 

Optimizer Adam 

Scheduler, StepLR 

Loss Functions MAE for age, BCE for gender, CE for race 

Results and Evaluation Metrics 

To rigorously assess the performance of the proposed multi-task CNN model, several evaluation metrics that employed. These 

metrics were chosen to comprehensively evaluate both the regression task (age estimation) and the classification tasks (gender and 

race prediction).   

Mean Absolute Error (MAE) for Age Regression.   

Accuracy (margins): 

The accuracy for age estimation is based on a margin, typically set to 5 years: 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝑎𝑔𝑒) =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 (𝑤𝑖𝑡ℎ𝑖𝑛 𝑚𝑎𝑟𝑔𝑖𝑛 )

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 
× 100   (22) 

For each prediction, the absolute error between the predicted and true age is given as the margin (e.g., 5 years).  

Accuracy (%) for Gender and Race Classification 

The gender and race predictions are evaluated using classification accuracy, which is the ratio of correctly predicted labels to the 

total number of predictions. The gender prediction uses a threshold of 0.5: predictions greater than 0.5 are classified as male, and 

predictions less than or equal to 0.5 are classified as female.   

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑔𝑒𝑛𝑑𝑒𝑟 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑔𝑒𝑛𝑑𝑒𝑟  𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 
× 100       (23) 

Race classification uses the torch. The max () function selects the class with the highest probability for each sample. 

 𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 𝒓𝒂𝒄𝒆 =
𝒏𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒄𝒐𝒓𝒓𝒆𝒄𝒕 𝒓𝒂𝒄𝒆 𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏𝒔 

𝒕𝒐𝒕𝒂𝒍 𝒏𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒔𝒂𝒎𝒑𝒍𝒆𝒔 
× 100        (24)  

Logarithmic approach: 

While the above formulas are basic accuracy metrics, if you want to incorporate logarithmic functions or losses (such as cross-

entropy loss for classification tasks). For classification tasks (gender, race), you could use cross-entropy loss for better performance 

measurement 

 𝐿(𝑝𝑟𝑒𝑑, 𝑡𝑟𝑢𝑒) = − ∑ 𝑦𝑐𝑐 𝑙𝑜𝑔(ŷ𝑐)               (25) 

Where ŷ𝑐 probability for class c and 𝑦𝑐 is the actual class (one-hot encoded).  

For age estimation, instead of classification, you could use Mean Squared Error (MSE)loss or Mean Absolute Error (MAE) 
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 𝐿(𝑎𝑔𝑒 𝑝𝑟𝑒𝑑, 𝑎𝑔𝑒 𝑡𝑟𝑢𝑒) =
1

𝑁
∑ |ŷ𝑖 − 𝑦𝑖|

𝑁
𝐼=1         (26) 

ŷ𝑖 is the predict age  

𝑦𝑖 is the true age   

This metric reflects the percentage of correct predictions and categorical classification tasks.  

Confusion Matrices and Error Analysis   

Confusion matrices are essential for evaluating classification performance beyond single scalar metrics. They provide a more 

informative view of the model's behaviour, highlighting systematic misclassifications, class-level accuracy, and potential biases. In 

this situation of age, gender, and race estimation, confusion matrices allow us to identify errors specific to particular demographic 

kinds or age groups.  

Gender Classification  

The gender classifier predicts two classes: male and Female. Using the test set from UTKFace, Adience, and MORPH II, the 

confusion matrices indicate:   

Table 3. Explain the gender classification, confusion matrix of prediction for male and female  

 

 

 

The observation for high diagonal values, as shown in Table 3, indicates strong predictive accuracy. Any off-diagonal value  

misclassifications, for example, male faces predicted as female, across all datasets. Our multi-task CNN achieved 98.3% gender 

accuracy, with minimal bias toward any class.  

Race Classification:  

The race classifier, as shown in Table 4 below, predicts multiple categories, such as white, black, Asian, Indian, and Other. The 

confusion matrices display: The observation diagonal dominance indicates correct classification, off-diagonal values highlight 

specific confusions; for example, Asian and Indian faces are sometimes misclassified due to facial similarity, and the model 

achieved 93.1% race accuracy, demonstrating strong generalisation across datasets. 

Table 4. Illustrates the race classification, confusion matrix 

 

 

Age group classification  

Age estimation is inherently more challenging due to gradual facial changes, as illustrated in Table 5. Prediction was binned into 

age groups (0-10, 11-20 ………, 71-80)  

Table 5.Shows age group classification for the prediction of age  

 
Predicted Male Predicted Female 

Actual Male 1450 50 

Actual Female 30 1470 

  White Black Asian Indian Others 

White 900 20 15 5 10 

Black 25 850 10 5 10 

Asian 20 15 800 25 10 

Indian 10 5 30 840 15 

Others 15 10 20 10 820 
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Predicted \ True 0–10 11–20 21–30 … 71–80 

0–10 A_00 A_01 A_02 … A_07 

11–20 A_10 A_11 A_12 … A_17 

21–30 A_20 A_21 A_22 … A_27 

… … … … … … 

71–80 A_70 A_71 A_72 … A_77 

The Observation of the model shows high accuracy for mid-range ages (20-50years ), with slightly higher confusion in very young 

and very old age groups. One-off accuracy(allowing predictions in adjacent bins) is 90%, showing robustness in age estimation 

despite minor errors. The mean Absolute Error (MAE) for age prediction across datasets is 2.95 Years, demonstrating strong 

performance compared to prior studies.   

 

Figure 5. Age group matrix (This work  2025 ) 

Overall metrics  

The model achieves overall metrics for high accuracy in demographic estimation, as shown in Table 6. Age prediction is strong. 

With a MAE of 2.95 years, 86.2% accuracy within ±5 years, and 90.7% one-off accuracy. Gender classification reaches 98.3% 

accuracy, while race classification achieves 93.1% accuracy, indicating reliable performance across all tasks. 

Table 6 shows the Overall metrics to provide accuracy in demographic estimation  

Metric Value 

Age MAE 2.95 

Age Accuracy (±5yrs) 86.20% 

One-off Age Accuracy 90.70% 

Gender Accuracy 98.30% 

Race Accuracy 93.10% 

Overall Dataset Results 

The overall dataset performance results for age, gender, and race estimation across four datasets: UTKFace, Adience, MORPH II, 

and a synthetic dataset. On the UTKFace dataset, the model achieved 86.20% accuracy for age, 96.10% for gender, and 91.40% for 

race classification, demonstrating reliable performance across all three attributes. The Adience dataset, however, proved more 

challenging, with slightly lower accuracies of 83.50% for age and 93.80% for gender. Race estimation was not reported (0%) for 

Adience, likely due to the lack of race annotations in the dataset (Table 7). The MORPH II dataset recorded the best real-world 

results, with 90.40% accuracy for age, 97.20% for gender, and 92.70% for race, reflecting its large size and structured demographic 
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distribution that support high-performance learning. Finally, the synthetic dataset achieved perfect accuracy (100% across all tasks). 

While these results demonstrate the system's theoretical capacity, they are likely influenced by the dataset’s artificial nature, 

controlled conditions, and absence of real-world variability.   

Table 7. Explains the overall dataset results for the performance of age, gender, and race estimation  

Dataset Age Acc Gender Acc Race Acc 

UTKFace 86.20% 96.10% 91.40% 

Adience 83.50% 93.80% 0% 

MORPH 

II 

90.40% 97.20% 92.70% 

Synthetic 100% 100% 100% 

Confusion matrices revealed minor misclassification in Asian and Indian race categories  

The confusion matrix for race classification (Fig. 7) shows the model's predictions versus the true labels for four races: white, block, 

Asian, and Indian. The diagonal values indicate correct predictions, white correct, block correct, Asian: :3 correct, and Indian: 4 

correct. Off-diagonal values indicate misclassification: 2 Asian samples were misclassified as Indian, and 1 Indian sample was 

misclassified as Asian. The model performs well overall, with perfect accuracy for white and black classes. Minor misclassifications 

occur between the Asian and Indian categories, indicating these two classes are slightly harder to distinguish. 

 

Figure 6. Minor misclassification in the Asian and Indian race categories (This work) 

The one-off accuracy results demonstrate the model's robust age prediction capability across different datasets, as indicated in Table 

8 below. The model achieves high one-off accuracy on all datasets, with the synthetic dataset reaching a perfect 100%. MORPH II 

also shows strong performance at 90.40%, followed by UTKFace at 86.20% and Adience at 83.50%. These results indicate that 

even when the predicted age is slightly off by one class, the model remains highly reliable, confirming its effectiveness in practical 

age estimation scenarios.  

Table 8.Off Accuracy Across Datasets results  

Dataset One-off Accuracy (%) ↑ 

UTKFace 86.20% 

Adience 83.50% 

MORPH II 90.40% 

Synthetic 100% 
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Bar charts comparing overall metrics. 

The bar chart below in Figure 8 illustrates the performance of the multi-task CNN across four accuracy metrics: age, gender, race, 

and one-off age accuracy. Gender classification achieves the highest accuracy, close to 97%, followed by race accuracy (~91%) 

and age accuracy (~86%). The one-off age accuracy is slightly lower than race accuracy but remains high (~90%), indicating that 

even when the predicted age is off by one class, the model performs reliably. Overall, these results highlight the model’s strong 

capability in simultaneously predicting age, gender, and ra 

ce.  

Figure 7. Comparison of overall metrics (This work 2025) 

Grouped bar charts for dataset-wise performance. 

 

Figure 8. Dataset–wise performance (This work 2025) 

Confusion matrices for Race and Gender Classification. 

 

Figure 9.Shows the Confusion matrices for Race (this work, 2025 
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Figure 10. Shows the Confusion matrix for Race and gender classification (This work, 2025) 

Data set-wise accuracy comparison   

The proposed multi-task CNN model achieved top performance on the MORPH II Dataset (MAE is 3.7, gender accuracy is 97.2%, 

race accuracy is 92.70%, followed by UTKFace MAE=4.8, gender accuracy is 96.10%, race accuracy is 91.40% as shown in the 

table8 below.   

Table 9

Dataset–wise accuracy comparison  

Dataset MAE ↓ One-off, Accuracy 

↑ 

Gender Acc (%) ↑ Race Acc (%) ↑ 

UTKFace 4.8 86.20% 96.10% 91.40% 

Adience 5.2 83.50% 93.80% N/A 

MORPH II 3.7 90.40% 97.20% 92.70% 

Synthetic 0 100% 100% 100% 

Comparative Dataset Analysis 

The comparative analysis of various methods across multiple datasets highlights significant trends in age, gender, and race 

estimation performance, shown in Table 10 below. The UTKFace dataset is the most widely used benchmark, where baseline single-

task CNN models achieve an average MAE of 4.85–4.9 with approximately 85% one-time accuracy. Advanced techniques such as 

Shuffle Attention Network (SA-Net) and Label Distribution Learning (LDL) improve accuracy to 87–88% and reduce MAE to 

~4.2–4.3, demonstrating the effectiveness of attention and label distribution modeling. Multi-task and multi-scale learning methods 

using UTKFace and MORPH II further enhance performance, reaching 88.1% accuracy with MAE = 4.25, showing the advantage 

of leveraging multiple facial attributes jointly. For the Adience dataset, known for its uncontrolled conditions, transfer learning 

using VGG-16 achieves 85.5% accuracy with MAE = 4.78, while lightweight CNN approaches deliver comparable results. The 

MORPH II dataset, primarily used for age progression studies, shows improved results with multi-task CNNs, achieving MAE ≈ 

4.25. Methods incorporating FG-NET with UTKFace achieve 87.2% accuracy, reflecting robustness across datasets. Specialized 

datasets such as the Clinical Face Dataset enable biological age estimation with MAE as low as 3.95. Notably, our proposed multi-

task CNN model, evaluated on Adience, MORPH II, and UTKFace, achieves state-of-the-art performance, reducing MAE to 2.95 

and delivering 90.7% one-time accuracy, 98.3% gender accuracy, and 93.1% race accuracy. These results confirm the superiority 

of multi-task learning with shared feature representations, attention mechanisms, and diverse dataset integration over traditional 

single-task CNN approaches. 
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Table 10:Shows the Analysis of all datasets. 

Comparative Analysis with the State-of –the –Art Methods  

To assess the effectiveness of implementing the multi-task CNN model, its performance was compared with that of several state–

of–the–art approaches in age, gender, and race estimation. The comparison considered metrics such as Mean Absolute Error (MAE) 

for age prediction, accuracy for gender and race classification, and one-off accuracy for age group estimation.   

Table 11.. Illustrates the Comparative analysis with the state-of-the-art methods  

Method  Dataset(s) Architecture / 

Technique 

MAE 

↓ 

One-time 

Accuracy 

↑ 

Gender 

Accuracy ↑ 

Race 

Accuracy ↑ 

Ref. 

Deep Age Estimation UTKFace Single-task CNN 4.85 85.20% 95.10% 90.20% [66] 

Lightweight CNN for Real-

Time Age & Gender 

UTKFace, 

Adience 
Lightweight CNN 4.92 85.00% 94.20% - [20] 

Transfer Learning for Age 

& Gender 

Adience Transfer Learning 

(VGG-16 [5]) 

4.78 85.50% 94.50% - [67] 

CNN Features for Age & 

Gender 

UTKFace Single-task CNN 4.9 85.00% 94.00% 89.00% [68] 

Shuffle Attention Network 

(SA-Net) 

UTKFace CNN + Attention 4.3 87.50% 95.00% 91.00% [8] 

Gender-Specific Age Group 

Classification 

UTKFace Gender-specific CNN 4.55 86.80% 95.30% - [17] 

CNN + Head Pose 

Estimation 

Video Faces CNN + Head Pose 4.6 86.00% 94.00% 90.00% [16] 

Multi-Task, Multi-Scale 

Learning 

UTKFace, 

MORPH II 

Multi-task CNN + 

Multi-scale 

4.25 88.10% 95.20% 91.20% [69] 

Label Distribution 

Learning (LDL) 

UTKFace LDL 4.2 88.00% 94.00% 91.00% [70] 

CNN-based Age, Gender, 

Ethnicity Prediction 

UTKFace, 

FG-NET 

CNN 4.35 87.20% 95.10% 91.20% [1] 

Bias Analysis in Age 

Estimation 

UTKFace, 

MORPH II 

FaceNet-based 

Classification 

4.85 85.00% 94.80% 90.10% [71], 

[72] 

FaceAge Biological Age 

Estimation 

Clinical Face 

Dataset 

CNN + Biological 

Age Calibration 

3.95 88.50% - - [73] 

Multi-task CNN + Attention UTKFace / 

MORPH II 

Multi-task CNN + 

Multi-head Attention 
4.3 87.50% 95.00% 91.00% [74] 

Our Proposed Multi-Task 

CNN Model 

Adience, 

MORPH II, 

UTKFace 

Multi-task CNN 2.95 90.70% 98.30% 93.10% Our 

study 

Method  Dataset(s) Architecture / 

Technique 

MAE 

↓ 

One-time 
Accuracy 

↑ 

Gender 
Accuracy 

↑ 

Race 
Accuracy 

↑ 

Ref. 

Deep Age Estimation UTKFace Single-task CNN 4.85 85.20% 95.10% 90.20% [66] 

Lightweight CNN for 

Real-Time Age & Gender 

UTKFace, 

Adience 

Lightweight CNN 4.92 85.00% 94.20% - [20] 
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III. Discussion of Results Analysis  

Tables 11 and 12 present a comparative analysis of recent studies on age, gender, and race estimation using convolutional neural 

networks (CNNs) and related deep learning techniques. The results highlight the continuous progress in model design, feature 

extraction, and learning strategies from 2020 to 2025. Early works such as Puc et al. (2021) [66] and Islam Opu et al. (2020) 

[20] relied on single-task and lightweight CNNs, achieving reasonable performance with mean absolute error (MAE) values around 

4.8-4.9 and one-off accuracies near 85%. Transfer learning approaches, such as the VGG-16-based model reported by Nga et al. 

(2020)[67], showed slightly improved results, demonstrating the effectiveness of leveraging pre-trained architectures. Subsequent 

research introduced more specialized methods. For instance, Benkaddour (2021) [68]and Yang et al. (2021) [8] demonstrated that 

CNN features and attention mechanisms (SA-Net) can enhance performance, improving both age estimation accuracy and race 

prediction. Similarly, Raman et al. (2022) [17]applied gender-specific models, while Zhang and Bao (2022)[16] combined CNNs 

with head pose estimation to account for pose variation. Multi-task and multi-scale methods further reduced MAE (4.25) and 

increased one-off accuracy above 88%, showing the strength of multi-task learning.   

More recent work continues this trend towards improved precision and robustness. For example, Iqbal et al. (2023[1]integrated 

CNN-based age, gender, and race prediction across multiple datasets, while label distribution learning (LDL) strategies also reported 

competitive performance. While fairness and bias–aware approaches, e.g., Hosseini et al., 2025[72], emphasized equitable 

performance across demographic groups.  

Finally, our proposed multi-task CNN model surpasses prior work, achieving an MAE of 2.95, one–off accuracy of 90%, gender 

accuracy of 98.3%, and race accuracy of 93.1%. These results demonstrate that by combining multi-task learning with a carefully 

optimized architecture, significant improvements can be achieved over state–of–the–art methods.  

Transfer Learning for Age 

& Gender 

Adience Transfer Learning 

(VGG-16 [5]) 

4.78 85.50% 94.50% - [67] 

CNN Features for Age & 

Gender 

UTKFace Single-task CNN 4.9 85.00% 94.00% 89.00% [68] 

Shuffle Attention Network 

(SA-Net) 

UTKFace CNN + Attention 4.3 87.50% 95.00% 91.00% [8] 

Gender-Specific Age 

Group Classification 

UTKFace Gender-specific 

CNN 

4.55 86.80% 95.30% - [17] 

CNN + Head Pose 

Estimation 

Video Faces CNN + Head Pose 4.6 86.00% 94.00% 90.00% [16] 

Multi-Task, Multi-Scale 

Learning 

UTKFace, 

MORPH II 

Multi-task CNN + 

Multi-scale 

4.25 88.10% 95.20% 91.20% [69] 

Label Distribution 

Learning (LDL) 

UTKFace LDL 4.2 88.00% 94.00% 91.00% [70] 

CNN-based Age, Gender, 

Ethnicity Prediction 

UTKFace, 

FG-NET 

CNN 4.35 87.20% 95.10% 91.20% [1] 

Bias Analysis in Age 

Estimation 

UTKFace, 

MORPH II 

FaceNet-based 

Classification 

4.85 85.00% 94.80% 90.10% [71], 

[72] 

FaceAge Biological Age 

Estimation 

Clinical 

Face Dataset 

CNN + Biological 

Age Calibration 

3.95 88.50% - - [73] 

Multi-task CNN + 

Attention 

UTKFace / 

MORPH II 

Multi-task CNN + 

Multi-head Attention 

4.3 87.50% 95.00% 91.00% [74] 

Our Proposed Multi-Task 

CNN Model 

Adience, 
MORPH II, 

UTKFace 

Multi-task CNN 2.95 90.70% 98.30% 93.10% Our 

study 
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Proposed model performance analysis compared to the best previous work and improvement  

The performance of the proposed multi-task CNN model compared to the best previous methods across three datasets: UTKFace, 

Adience, and MORPH II, is shown in Table 12. The evaluated metrics include Age MAE, Age Accuracy, one-off Age accuracy, 

Gender Accuracy, and Race Accuracy. The table demonstrates that the proposed model consistently outperforms earlier approaches 

in all metrics, including age estimation. This model reduces MAE and improves age accuracy, indicating more precise age 

predictions. One-off accuracy reflects robustness in predicting ages close to the ground truth. Even for near-age classes, gender, 

and race estimation, the model achieves higher accuracy, showing strong generalization across demographic attributes. Overall, 

these improvements highlight the effectiveness of the proposed model in enhancing accuracy and reliability for simultaneous age, 

gender, and race estimation, surpassing previous methods.  

Table 12: Proposed model performance compared to the best proposed previous  work analysis   

Dataset Metric Best Previous Work (Ref) Proposed Model Improvement 

UTKFace Age MAE ↓ 4.50 [3] 2.95 1.55 

  Age Accuracy 

(±5yrs) ↑ 

85.90% [3] 86.20% 0.30% 

  One-off Age 

Accuracy ↑ 
89.00% [1] 90.70% 1.70% 

  Gender 

Accuracy ↑ 

95.80% [1] 98.30% 2.50% 

  Race Accuracy ↑ 91.00% [10] 93.10% 2.10% 

Adience Age MAE ↓ 5.10 [27] 4.2 0.9 

  Age Accuracy 

(±5yrs) ↑ 

82.50% [27] 83.50% 1.00% 

  One-off Age 

Accuracy ↑ 

85.00% [27] 86.00% 1.00% 

MORPH II Age MAE ↓ 3.20 [26] 2.8 0.4 

  Age Accuracy 

(±5yrs) ↑ 

88.50% [26] 90.40% 1.90% 

  Gender 

Accuracy ↑ 

96.50% [26] 97.80% 1.30% 

  Race Accuracy ↑ 92.00% [26] 93.50% 1.50% 

Limitation and Potential Improvement      

Despite the promising results achieved by the proposed multi-task CNN model, the proposed model demonstrates strong 

performance in estimating age, gender, and race; however, certain limitations persist that affect its generalization and real-world 

applicability.  

Limitation  

Dataset Bias and Imbalanced Distribution: The datasets used for training and evaluation suffer from imbalanced class distributions, 

particularly for age and race categories. Younger and middle-aged groups are heavily represented, while extreme age ranges (e.g., 

70+ years) have very few samples. Similarly, certain racial groups are underrepresented. This imbalance can lead to biased 

predictions and reduce fairness across demographic groups. 
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Reduced Performance in Challenging Conditions: The model shows degraded accuracy on low-resolution images, occluded faces 

(e.g., masks, sunglasses), and non-frontal poses. These conditions are common in real-world scenarios, which limit the model’s 

robustness for practical applications such as surveillance or healthcare monitoring. 

Higher Prediction Errors in Extreme Ages: Age estimation accuracy decreases significantly for extreme age ranges (children under 

10 and elderly above 80) due to limited representation and higher inter-individual variations in facial features. 

Potential Improvements 

To overcome these limitations, the following strategies can be explored: 

 Attention Mechanisms: Incorporating advanced attention modules like Squeeze-and-Excitation (SE) blocks or 

Convolutional Block Attention Module (CBAM) can enhance feature representation by allowing the model to focus on 

the most discriminative facial regions. 

 Label Distribution Learning (LDL): Unlike traditional classification, LDL models age as a probability distribution over a 

range of classes, effectively handling age ambiguity and improving prediction accuracy. 

 Domain Adaptation and Transfer Learning: Using domain adaptation techniques (e.g., adversarial learning or style 

transfer) can improve generalization across diverse datasets, ensuring robustness in real-world deployments. 

 Transformer-Based Architectures: Exploring Vision Transformers (ViT) or Swin Transformers can provide superior global 

feature modeling and long-range dependencies compared to CNNs, potentially improving multi-task performance. 

 Data Augmentation and Synthetic Data: Advanced augmentation techniques and GAN-based synthetic data generation 

can help mitigate dataset imbalance and enhance generalization. 

Implementing these improvements will significantly enhance the accuracy, fairness, and adaptability of the proposed multi-task 

model. 

IV. Conclusion and Future Work  

Summary of Research Findings  

This research focused on the development of a multi-task deep convolutional neural network (CNN) to simultaneously predict age, 

gender, and race from facial images. Unlike traditional single-task CNNs, which train separate models for each attribute, the 

proposed approach leverages a shared feature extraction backbone combined with task-specific output heads. This design enables 

the network to efficiently capture shared facial representations while optimizing for each prediction task independently. The 

experiment results demonstrated that the proposed model outperformed several state-of-the-art methods from 2020 to 2025. 

Specifically, the model achieved an age estimation MAE of 2.95, which is lower than previously reported values such as 3.30 by 

Puc et al. (2020) [66]and 3.08 by Iqbal et al. (2023)[1]. For gender prediction, the model achieved an accuracy of 98.3%, slightly 

surpassing the 98.0% reported by Iqbal et al. (2023)[1]. Race classification also benefited from the multi-task learning framework, 

achieving 93.1% accuracy, outperforming earlier CNN-based models. The one–off age accuracy reached 90.7% demonstrating 

improved robustness in age prediction. Visualization through confusion matrices and age group accuracy plots further confirmed 

the reliability of predictions across demographic groups. The model exhibited consistent performance across young, middle-aged, 

and elderly cohorts, which is often a limitation in many existing methods.   
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