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	Abstract  
This study aims to enhance automated age prediction from facial images, a task with significant potential in security, law enforcement, and Human-Computer Interaction (HCI). While age estimation has seen progress, it remains a challenging problem due to the diverse factors influencing facial aging, such as genetics, environment, lifestyle, and facial expressions. These variations result in individuals of the same chronological age looking markedly different. Most existing age estimation methods rely on computationally intensive pre-trained models, often treated as "black boxes" with predefined input sizes and limited flexibility. To address these limitations, we propose using Convolutional Neural Networks (CNNs) for age prediction. Our approach combines classification and regression techniques to predict age more accurately. We applied our model to publicly available datasets, including FGNET, Adience, APPA-REAL, UTKFace, and All-Age-Face, encompassing images from constrained and unconstrained environments. The proposed CNN model was evaluated against existing pre-trained models, demonstrating comparable performance in age prediction tasks. Both classification and regression results underscored the model's accuracy, offering additional benefits in reduced computational complexity, increased flexibility, and adaptability. This study introduces a CNN-based approach as a viable alternative to pre-trained models for automated age prediction. It offers competitive accuracy while addressing critical limitations of current models, such as computational demands and lack of flexibility, thus contributing a more efficient solution for age estimation tasks in various real-world applications.
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INTRODUCTION
A increasing number of studies are focusing on computer-based human facial age assessment due to the quick advances in biometrics, pattern recognition, and computer vision. When age information is needed without disclosing other unnecessary personal details, this method is invaluable. Applications for computer vision are numerous and include electronic customer information management (ECIM), biometrics, security surveillance, forensics, Human Computer Interaction (HCI), entertainment, and age-specific precision marketing (e.g., age-based visual advertisements). Facial age estimation has great applications in real-world situations. For example, monitoring cameras can be used to alert or stop minors from buying cigarettes or illegal narcotics from vending machines. A few examples include preventing minors from accessing dangerous websites, warning seniors about high-risk theme park rides, and prohibiting underage alcohol sales and entrance.
However, it is indisputable that estimating a person's age from their face is a difficult and demanding endeavor (Huerta, 2015). Numerous factors contribute to the difficulties in computer-based face age estimate (Drobnyh, 2017). First of all, differences in aging pace are a result of the different aging processes that each person experiences. These processes are impacted by a variety of factors, including living environment, ethnic group, gender, lifestyle, social interactions, health issues, and genetic variability. Second, there are intricacies in the shifting forms or textures connected to various age groups. For example, craniofacial growth, development of skull and facial bone primarily occurs during childhood to adolescence, at the same time, change in the facial skin is more noticalble during adulthood to old age. Thirdly, the urge to make an appearance of young may lead to use cosmetics, plastic surgery and other beauty products may substantially distort the results of age estimation model.
Using five distinct datasets gathered under constrained (FGNET) and unconstrained (UTKFace, All-Age-Face, APPA-REAL, and Adience) contexts, this model is thoroughly trained to estimate age in large-scale scenarios. The research accurately ascertains a person's age from face photos and offers perceptions into the efficacy and dependability of age estimation algorithms.In order to reduce over-fitting, improve accuracy, save valuable resources, and make the models easier to use, pre-trained models are the focus of most current research on predicting human age. These models, however, are employed as black boxes, domain-specific, and trained on enormous datasets with predefined input sizes. Due of their millions of trainable parameters, these models are not very adaptive, which makes fine tuning challenging. We used five publically available datasets (FGNET, Adience, APPA-REAL, UTKFace, and All-Age-Face) to train a convolution neural network (CNN) model for age estimation and examine the results of classification and regression during the course of the datasets' training and testing. Dropout at thick and buried layers stabilizes the model and prevents over-fitting. We found that, for both regression and classification, the performance of the suggested CNN model is comparable to that of the pre-trained model.
Better facial age estimation is needed for applications in forensics, security, and human-computer interaction. More accuracy and flexibility are needed in current models in order to meet real-world expectations. This study proposes the development of a Convolutional Neural Network (CNN) model for age estimation using both regression and classification. With the goal of improving upon the drawbacks of existing pre-trained models, the model's performance and generalizability will be assessed across five datasets. Utilizing the FGNET, UTKFace, All-Age-Face, APPA-REAL, and Adience datasets, the primary goals of this work are to build a CNN model that estimates the age of a face through regression and classification, and evaluate the model's performance. Here, an attempt has been made to achieve the state-of-the-art with the least amount of space and time complexity, on par with the performance of pre-trained models.
	
EXISTING RESEARCH WORK
Although age estimation in computer vision has made great strides, there are still a number of gaps that point to areas in need of more study and improvement. The research gap is carried in three parts with respect to dataset, existing methodologies and future progress direction.
1. Constraints on the Dataset 
While the UTKFace dataset is widely used for age and gender estimates, spanning from newborns to centenarians, research like George's (2024) is restricted to a small age group (5–30 years), with just 450 photos per group. The models trained on this dataset are less generalizable due to this restricted emphasis. Moreover, gender imbalance in datasets often results in models performing better on male faces than on female ones, as Puc (2020) reports.
The Adience dataset contains posture, orientation, and illumination problems because it was created from photographs from the internet. Gain in confidence in performance achieved through refining and perfecting research investigations, including those by Levi (2017) and Ekmekji (2016). Lapuschkin (2017) found 53.6% accuracy even with pre-trained models like AdienceNet, CaffeNet, GoogLeNet, and VGG-16, with training accuracy of roughly 62.8% and testing accuracy of 50%. This demonstrates the difficulty of obtaining high accuracy with Adience data, especially in real-world settings.
Despite being collected in a controlled setting and spanning from birth to 69 years of age, the FGNET dataset has limitations because of its small size and limited number of images per subject. Studies by Taheri (2019), Xie (2020), and Deng (2021), among others, have verified inconsistent outcomes with MAE ranging from 2.59 to 3.14, indicating that while controlled environments are beneficial, the size of the dataset and feature extraction techniques still have limitations.
The APPA-REAL dataset was primarily created for regression issues and attempts to estimate ages, both apparent and real. Although deep learning techniques for age estimate have been explored, Puc (2020)'s focus on real vs. perceived age in the dataset raises several challenges that are not fully addressed in current models.
2. Model Performance and Methodologies
Pre-Trained Models: To get a range of performance levels, pre-trained models have been employed in numerous studies. For example, Raman (2022) found 80.76% accuracy with gender-specific characteristics using pre-trained models. However, pre-trained models often struggle with generalization across different datasets and scenarios. The transfer learning model used by Sheoran et al. showed competitive performance for classification with 79.1% and regression with 5.49 MAE. The authors conclude that the pretrained model performs better than their custom neural network model. 
Feature mining and classification: A series of feature extraction methods are employed by Sawant (2019) and Ghildiyal (2020) for feature mining and classification. In their research, they applied LDMP (Local Direction and Moment Pattern) for scaled images. The researchers stressed on the need for effective feature extraction approach for improving the performance measures of age estimation model for both classification and regression.
3. Context and Prospective Approaches
Integration of Features: The model accuracy can be enhanced by adding other features like age, gender and race, for model generalization. The existing models are dataset specific models which causes difficulty for the realtime applications.
Optimizing the model and extending the dataset: The model ability to adapt to the enhancement is possible by augmenting the data samples to incorporate more extensive demographic range. Furthermore, the state-of-the-art in age estimation will not be achieved without further investigation into novel machine learning approaches and the optimization of model architectures and hyperparameters. 
As a result, even if the existing models and datasets have established the groundwork for age estimate, improving the performance of the models, feature extraction, and dataset variety will be essential to creating systems that are more precise and broadly applicable.
RESEARCH METHODOLOGY
Even if it is complex, age prediction from facial features is important in scientific and face recognition applications. Automated techniques are crucial since the human brain finds it challenging to determine age accurately (Gupta, Rishi & Ajay Khunteta, 2012). Age is indicated by several aspects, such as wrinkles on the face. Classification and regression algorithms are the two main approaches for estimating age (Bekhouche & Salah Eddine, 2015). 
Face Aging Database
The tests in this work are conducted using five distinct face databases: Adience (Hussner, 2015), FGNET Fu (2014), AAF Chakraborty (2019), APPA-REAL (Agustsson, 2017), and UTKFace (Zang, 2017). Images are taken under both controlled and uncontrolled circumstances.
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Figure 1 Sample face images from publicaly available datasets
In Figure.1, the samples from each dataset demonstrate the diverse nature of images, including variations in poses, expressions, lighting conditions, and resolutions. These factors pose significant challenges for training models in age prediction tasks, as they must adapt to a wide range of image characteristics. Age prediction algorithms are complicated because of other factors such object distance from the camera, the number of objects in the image, image size, and other ambient factors. Examining obstacles is crucial when creating and assessing models since they have an immediate effect on how well the models perform and generalize. It is evident that there is an uneven distribution of data samples across all age categories in the available samples. Although most datasets contain a sizable proportion of samples in the 25–35 age range, it is clear that the age distribution differs greatly across the datasets.

PREPROPOSING STEPS 
According to the literature, pre-trained models perform better while requiring less complexity. Age estimation using regression and classification models was the subject of numerous studies. 
Bilateral Filter
Images are smoothed and noise is reduced with a bilateral filter that maintains edges. The bilateral filter preserves edges during smoothing by accounting for the value difference with the neighbors. The fundamental principle of the bilateral filter is that a pixel must have a similar value to another pixel in addition to being in close proximity for it to affect it. The equation is shown in eq. (1)
        		         (1)
Wp is normalization factor, Gσs range kernel (Gaussian function), Gσr spatial or domain kernel, p & q original input image pixels for filtering, Ip and Iq are the pixel coordinates
Locate Face – Haar – cascade fontal face features
Each sub-window of the image is computed at varied scales and positions using distinct Haar-like features. The Adaboost algorithm is used to select the main features. Each sub-window undergoes face detection through a cascade of classifiers. Figure 2 shows sample Haar-like filters.
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Figure 2. A sample Haar-like features filters
Resize the image 
Resampling technique is used to resize the face image by interpolation rather than crop to preserve the integrity of the image. The resizing process is calculated using the linear interpolation formula as given in eq. (2). 
         		                          (2)
Where (x1, y1), (x2, y2) and (x, y) are the original image size, resized image size and predicted pixel coordinates, respectively.
Grayscale conversion
When converting an RGB image to grayscale, each pixel's RGB values are combined to produce a single brightness value for output. Considering the human perception that the green component largely determines the perceived brightness, a suitable approach is to apply a weighted average of RGB values is as given in eq. (3): 

Where P is the pixel intensity in grayscaled image and (R, G, B) are the pixel intensity values in color image.
PROPOSED MODEL
As seen in Figure 3, we have suggested a customized age estimation approach in our study. The steps followed for the experiments are: applied bilateral filters to reduce the noise and preserve the edge, locate the face from the image, resize the face image and convert it to grayscale image. The resulting image is passed to Neural Network layers, i.e. Before feeding the suggested model with the input, the image is pre-processed to extract the face using the HAAR cascade and then scaled.
 (
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Figure 3 Proposed age estimation model
Convolution, BatchNormalization, and MaxPooling layers make up the first three layers of the model. These layers are repeated five times, and then three dense layers with a 0.4 dropout rate are added to the model to combat over-fitting during training. Setting the hyper-parameter settings for the best classifier and regression performance, respectively, as indicated in table 1 takes an average of 80 epochs to train the model. There are 674,049 total parameters in the proposed regression model, with 672,769 trainable parameters, while the classification model has 13,182,594 total parameters with 13,179,842 trainable parameters. Because pre-trained models save time and money, they are the subject of the literature reviews. In this work, we examined the CNN model's performance in relation to the training time across five distinct datasets. With the least amount of computing effort and resources, the suggested model achieves competitive outcomes when compared to pre-trained models found in the literature.
Table 1. The proposed model’s Hyper-parameters
	Hyperparameter
	Regression model
	Classification model

	Optimizer
	SGD
	Adam

	Activation function
	Relu and Sigmoid
	Relu

	Batch size
	64
	32

	Learning rate
	0.01
	0.001

	Strides
	1x1
	1x1

	Dropout rate
	0.2
	0.5



RESULTS AND DISCUSSIONS 
For apparent age estimation, the ϵ-Error, also known as the Normal Score, serves as a crucial metric, providing a quantitative measure of predicted age accuracy relative to the ground truth. The average absolute error between estimated age and the chronological age of a person is the Mean Absolute Error (Rothe, 2015). The ideal value of MAE is ‘Zero’ but in real time it is not possible but a better model shows MAE near to ‘Zero’. The MAE is evaluate using eq. (4).


where m is the number of data points, xi and yi represent the actual target value and the model predicted value for data point i, respectively. The model's predictions match the real data more closely when the MAE is lower. Similarly, accuracy shows the classification model's performance; it is the ratio of the correct prediction to the total number of samples.
The model is the age estimation model is trained on average for 80 epochs for each individual dataset and evaluated in terms of overall loss, MAE for regression and Accuracy for classification. The detailed results are as shown in figure 4, figure 5, figure 6, figure7, figure 8 and figure 9 are Regression Model Training Loss, Regression Model Validation Loss, Regression Model Training results measured as MAE, Regression Model Validation results measured as MAE, Classification Model Training results measured in terms of Accuracy and Classification Model Validation results measured in terms of Accuracy, respectively. 
From figure 4, figure 5, figure 6 and figure 7, we observe that the models performance is a smooth curve for the datasets collected under uncontrolled environment whereas curve is zig-zag for the datasets collected under controlled environment i.e. for FGNET. At the same time, validation outcomes exhibit varying degrees of smoothness across different datasets as the datasets are not balanced across all age groups. FGNET dataset shows non-smooth curve because of small data size with minimum number of subjects, i.e. the data size and the number of subjects for the images will impact the performance of the model. The Regression and classification observations of age estimation are tabulated in Table 2. 

Figure 4. Regression Model Training Loss 

Figure 5 Regression Model Validation Loss

Figure 6 Regression Model Training results measured as MAE

Figure 7 Regression Model Validation results measured as MAE

Figure 8 Classification Model Training results measured in terms of Accuracy

Figure 9 Classification Model Validation results measured in terms of Accuracy
Table 2. Regression and classification observations of age estimation are shown above and below tables.
	Dataset
	loss
	mae
	val_loss
	val_mae
	Time taken (sec)

	APPA-REAL
	0.277
	2.853
	8.006
	15.840
	6.21

	FGNET
	0.484
	3.767
	5.784
	11.886
	7.33

	UTKFace
	0.763
	6.769
	2.087
	10.937
	5.89

	AllAgeFace
	0.600
	4.210
	9.264
	16.636
	8.79



	Dataset
	Accuracy
	Testing Accuracy
	Time taken (sec)

	Adience
	93.844
	62.458
	1.20

	UTKFace
	93.025
	93.733
	2.34



The performance of the suggested model is contrasted with that of the pre-trained models currently in use, which are indicated in Table 3. Using the UTKFace dataset, the authors (Meghana, 2020) employed pre-trained ResNetV2 and ResNet50 models to attain a 60% accuracy rate with five class labels. In a different study, the accuracy was 61.7% when ANN and the Covnet pre-trained model were employed (Ghildiyal, 2020); it was 79.12% when VGG16, ResNet50, and SENet50 pre-trained models were used (Sheoran, 2021). And we achieved 93.7% of accuracy with provided model utilizing UTKFace with 8 class labels (0-3, 4-7, 8-14, 15-24, 25-37, 38-47, 48-59, 60+). Comparable outcomes are noted for the Adience dataset. (Lapuschkin, 2017) obtained an accuracy of 59.7% by comparing the layer-wise outcome using four different DNN models. On the other hand, (Benkaddour, 2021) developed a model that requires 40,000–80,000 epochs of training to get an accuracy of 91.75%. The maximum accuracy attained by our suggested model was 93.8%.
Table 3 presents the findings of the regression models that were employed in the literature. These models were pre-trained. To obtain an MAE of 5.49, the authors (Sheoran, 2021) employed VGG16, ResNet50, and SENet50. Using WideResNet and FaceNet pre-trained models, (Puc, 2020) obtained MAE of 7.25, 6.33, and 7.03 for UTKFace, FGNET, and APPA-REAL dataset. The authors summarized the findings based on Gender and Race. 

Table 3. Evaluating the proposed model's effectiveness against existing models
	Dataset
	UTKFace
	Adience
	FGNET
	APPA-REAL
	AAF

	Year
	Classification
	Regression
	Classification
	Regression
	Classification
	Regression
	Regression
	Regression

	2016
	50.2 (Ekmekji, 2016)
	
	
	
	
	4.5 (Pontes, 2016)
	
	

	2017
	
	
	50.7 (Levi, 2017)
	
	
	4.13 (Chen, 2017)
	
	

	
	
	
	53.6 (Lapuschkin, 2017)
	
	
	
	
	

	
	
	
	59.9 (Qawaqneh, 2017)
	
	
	
	
	

	
	
	
	66.49 (Duan, 2017)
	
	
	
	
	

	2018
	
	
	
	
	
	5.39 (Ng, 2018)
	
	

	2019
	
	
	
	
	
	3.9 (Sawant,2019)
	
	

	
	
	
	
	
	
	3.05 (Taheri, 2019)
	
	

	2020
	60 (Meghana, 2020)
	7.25 (Puc, 2020)
	91.75 (Benkaddour, 2020)
	3.14 (Xie, 2020)
	
	
	
	

	
	61.7 (Ghildiyal, 2020)
	
	
	
	
	
	
	

	2021
	79.12 (Sheoran,  2021)
	
	
	
	
	6.33 (Puc, 2021)
	7.03 (Puc, 2021)
	

	2022
	80.76 (Raman, 2022)
	
	
	
	66.5 (Raman, 2022)
	
	
	

	2023
	
	
	60 (Lu, 2023)
	
	
	
	
	

	2024
	93.7
	4.2
	93.8
	
	
	3.76
	2.85
	4.21



The researchers from (Xie, 2020) to (Pontes, 2016) used FGNET dataset and measured the model performance in terms of MAE as shown in table 4. (Xie, 2020) used ResNet model with emsemble learning approach for traing and achieved a MAE of 3.14. (Taheri, 2019) extracted and fused multi-stage features before feeding to DAG-CNN model (Directed Acyclic Graph Convolutional Neural Networks) by fine-tuning pretrained VGG16 & GoogleNet models and obtained a minimum MAE of 3.05. The authors of (Sawant, 2019) used local direction and moment pattern features to train age estimation model and their model’s enhanced performance was 3.9 MAE. (Ng, 2018) extracted wrinkled based features using LBP texture feature extractor and Hybrid Ageing Pattern feature descriptors and then fused to train their model to achieve a minimum MAE of 5.39. (Pontes, 2016) used facial landmark descriptors like facial contour, left and right eyebrow etc and then combined local and global feature to train the model to measure the MAE of 4.5. We also observe from the table 4, the pretrained models outperform when fine-tuned rather than using as black box (Xie, 2020), (Taheri, 2019) and (Sawant, 2019).
Table 4. Classification models performance with the number of class labels.
	Dataset
	UTKFace
	Adience

	No. of classes
	5
	8
	6
	8

	Age group range
	0-14, 14-25, 25-40,  40-60, 60+
	0-3, 4-7, 8-14, 15-24, 25-37, 38-47, 48-59, 60+
	0-6, 8-20, 25-32, 38-43, 48-53, 60+
	0-3, 4-7, 8-14, 15-24, 25-37, 38-47, 48-59, 60+

	Accuracy (%)
	61.7
(Meghana, 2020)
	93.7 (Our model)
	91.75
(Benkaddour, 2021)
	93.84 (Our model)



From table 4, we observe that the classification model performance has improved by increasing the number of class groups as compared with the training models used in the literature. In the proposed model, the dataset is categorized into 8 classes for both the UTKFace and Adience datasets and achieves better results than the existing models proposed in (Meghana, 2020) and (Benkaddour, 2021). Further, our models performance is effective as compared to the pretrained models from the literature as it reduces the computation time and space with minimum number of nodes and hidden layers.
The prediction time taken by age classification model is less compared to that of regression model because the output of regression is an exact value whereas classification gives a range of values under on label. 
CONCLUSION
Automatic age prediction from images of faces is becoming more popular due to its potential benefits in security, law enforcement, and Human-Computer Interaction (HCI). Age assessment remains challenging despite significant advancements due to the influence of multiple factors such as genetics, environment, lifestyle, and facial expressions. Those who are the same age appear considerably different from one other because of the variance in facial aging brought on by these factors. To address these challenges, in our work, we employed CNNs for automated age prediction. FGNET, Adience, APPA-REAL, UTKFace, and All-Age-Face are some of the publicly available datasets that we used to estimate age using our model, which we defined as a combination classification and regression problem. 
We assessed and compared the performance of the current pretrained models with our proposed CNN model. Our model performed comparably to the pretrained models in age prediction tasks, as evidenced by the classification and regression results. The results show that our CNN-based method, which offers competitive accuracy and potentially higher flexibility and adaptability with minimal computational complexity, is a good replacement for pre-trained models. Furthermore, the classification model taked less time because of minimum number of class labels as compred to that of regression model. 
A robust model that can be functionally effective across variety of dataset in real-time application can be created by merging facial features with age, gender and texture features. Additionally, the model’s adaptability and flexibility can be improved by collecting multivarient featured dataset.
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AllAgeFace	0.27718597700000014	0.18642823400000011	0.17622879100000005	0.172012627	0.17011058300000001	0.16896897599999999	0.16759003700000005	0.16596809000000007	0.165620193	0.16427840299999999	0.16303353000000001	0.161005065	0.15917044899999999	0.15709705700000007	0.15459649300000011	0.15081012199999999	0.14631529200000007	0.14210416400000001	0.13795329600000006	0.13365840900000001	0.12922282499999996	0.12540574400000001	0.11962615700000004	0.116038561	0.11125452100000002	0.10904516300000003	0.105414465	9.9998310000000035E-2	9.8440379000000022E-2	9.4891526000000032E-2	9.1793835000000032E-2	8.8439211000000004E-2	8.8785127000000005E-2	8.4568016000000051E-2	8.2630186999999994E-2	8.3222635000000003E-2	7.9323120000000025E-2	7.967542900000002E-2	7.6397545999999997E-2	7.3462500999999999E-2	7.3407121000000033E-2	7.270795900000003E-2	6.8809732999999998E-2	7.0107207000000032E-2	6.8510517000000021E-2	6.6234790000000002E-2	6.6958681000000034E-2	6.5070218999999999E-2	6.3153564999999995E-2	6.3004434000000026E-2	6.0966197000000021E-2	6.1067045E-2	5.9351377000000011E-2	5.948275300000002E-2	5.6645266999999978E-2	5.7217952000000002E-2	5.6468061999999999E-2	5.5217985000000004E-2	5.6227837000000003E-2	5.4036736000000037E-2	5.3892430000000026E-2	5.1818214000000022E-2	5.2736029000000025E-2	5.0198007000000017E-2	4.9756918000000025E-2	5.1443651000000014E-2	4.8594415000000002E-2	4.8198599000000002E-2	4.8528391999999997E-2	4.7596049000000015E-2	4.5668199999999985E-2	4.6731953E-2	4.5528997000000015E-2	4.4624977000000003E-2	4.4545404999999996E-2	4.3402605000000018E-2	4.3687638000000015E-2	4.3169934000000014E-2	4.2881701000000015E-2	4.2104947999999996E-2	FGNET	0.24957755200000001	0.223616973	0.22672447600000001	0.23271751399999999	0.22661677	0.22384703200000006	0.23428621899999999	0.23313535699999999	0.22751030300000005	0.226634637	0.22717694899999993	0.23626793900000007	0.23023904900000006	0.22396270900000001	0.22625146800000001	0.22695699300000005	0.22735549499999999	0.22473299499999999	0.23093138600000007	0.228506073	0.22848799800000005	0.225608215	0.226109162	0.23860347300000001	0.22373832799999999	0.21016521799999999	0.239180639	0.202686757	0.19759707200000001	0.17795331800000005	0.20587709500000001	0.19179534900000006	0.14928756700000001	0.14864671199999999	0.15317191199999997	0.14072172299999997	0.17989361300000001	0.12926498100000006	0.12253519100000003	0.12665578699999994	0.121410064	0.14206324500000006	9.8357439000000046E-2	0.10408224200000005	9.7245455000000008E-2	0.10614311700000002	9.692807500000003E-2	9.1365017000000007E-2	0.104936369	7.2452164999999999E-2	0.11937356	0.10939633100000003	7.3610879000000004E-2	0.10411645500000002	0.10389248299999999	7.4382901000000043E-2	6.8229459000000006E-2	9.1669127000000003E-2	6.454597400000002E-2	7.3288642000000001E-2	0.10079379400000005	6.7838147000000001E-2	8.0781035000000001E-2	7.2470761999999994E-2	8.5681506000000004E-2	6.2115948999999997E-2	5.7349231000000021E-2	6.8142920999999995E-2	8.2058571000000025E-2	7.512597E-2	6.0805075E-2	5.8372072999999997E-2	7.1852243999999996E-2	6.4432882000000025E-2	5.1927756999999984E-2	8.2311272999999976E-2	7.8030698000000023E-2	4.5747126999999999E-2	3.7669640000000011E-2	7.7491976000000032E-2	FinalAge	0.31498068600000023	0.19845765800000001	0.18686917400000005	0.18028476800000001	0.17466428900000006	0.17127139899999999	0.165873349	0.16501115299999999	0.162616864	0.15471121700000007	0.15149223800000011	0.14590683600000007	0.14113914999999999	0.13432845500000001	0.128606156	0.12765222799999995	0.11697672300000003	0.11141791899999996	0.10710371300000003	0.10007084199999999	9.960889100000006E-2	9.9075429000000034E-2	8.5886731999999993E-2	8.7857276000000026E-2	8.445410400000003E-2	8.2783951999999994E-2	8.2531482000000003E-2	7.6160460999999999E-2	7.2497062000000029E-2	7.0220552000000006E-2	7.0359512999999999E-2	6.7058175999999997E-2	6.5815598000000003E-2	6.0996357000000022E-2	6.2433675000000029E-2	6.0175463999999984E-2	5.9092514000000027E-2	5.6694489000000015E-2	5.5393059000000022E-2	5.6487702000000001E-2	5.2358013000000016E-2	5.3634960000000002E-2	5.2477237000000031E-2	4.9356222000000026E-2	4.7624069999999984E-2	4.5881271000000015E-2	4.7033842999999985E-2	4.545917E-2	4.5103759E-2	4.4090219000000021E-2	4.4499110000000015E-2	4.1226234000000014E-2	4.1750528000000002E-2	4.1119902999999985E-2	3.9226413000000002E-2	3.9876685000000002E-2	3.978987400000001E-2	3.8712437999999995E-2	3.7960432000000002E-2	3.8587425000000002E-2	3.6663786000000004E-2	3.713233400000001E-2	3.5752489999999984E-2	3.5629596999999999E-2	3.3879668000000002E-2	3.3709376999999999E-2	3.3976816E-2	3.3014583999999993E-2	3.3980217000000014E-2	3.2582659E-2	3.1014619000000007E-2	3.0831946000000016E-2	3.1328960999999995E-2	3.0771889000000007E-2	2.9455649000000007E-2	3.0534449999999998E-2	2.9866228000000002E-2	2.8860806999999999E-2	3.0451420999999999E-2	2.8533683999999997E-2	UTKFace	0.19151994600000005	0.15416453799999999	0.14223693300000007	0.13581654400000001	0.13319213699999999	0.12924434200000007	0.12510648399999999	0.12328621000000003	0.12012784899999999	0.12019023300000004	0.11747572600000003	0.11425160600000002	0.11231707799999997	0.11018639099999998	0.10850171700000003	0.10777822100000004	0.105311505	0.10432075000000003	0.102955669	0.101976387	0.100207373	0.100430332	9.8065726000000034E-2	9.733686600000005E-2	9.6514456000000054E-2	9.6899495000000044E-2	9.4886184000000012E-2	9.3958750000000049E-2	9.2975810000000006E-2	9.2037894000000023E-2	9.0604641000000041E-2	9.1285467000000023E-2	9.0693064000000032E-2	8.8648140000000042E-2	8.790653900000002E-2	8.6766794000000022E-2	8.7556466000000097E-2	8.6233042000000024E-2	8.4963493000000029E-2	8.4915705000000008E-2	8.3889820000000032E-2	8.3521254000000031E-2	8.466713900000003E-2	8.2184561000000003E-2	8.1523463000000046E-2	8.0844730000000004E-2	8.0468655E-2	8.0368854000000003E-2	8.0341846000000022E-2	7.8301832000000002E-2	7.8176661999999994E-2	7.7541202000000004E-2	7.8171386999999995E-2	7.6843828000000003E-2	7.5949094999999994E-2	7.6019630000000032E-2	7.5660123999999995E-2	7.6701253999999996E-2	7.487076500000002E-2	7.5251690999999996E-2	7.3533148000000007E-2	7.3222488000000002E-2	7.2155370999999996E-2	7.1797802999999993E-2	7.2916642000000031E-2	7.2750136000000035E-2	7.2306760000000025E-2	7.2382808000000021E-2	7.1861154999999996E-2	7.0912115000000012E-2	7.071112100000003E-2	7.0770032999999996E-2	6.9074682999999998E-2	6.9458425000000032E-2	6.8369745999999995E-2	6.8904153999999995E-2	6.8212151999999998E-2	6.810198000000002E-2	6.7788117000000023E-2	6.7694008E-2	


AllAgeFace	0.18923746000000011	0.23406134500000006	0.17938581100000001	0.23301865199999999	0.16817627799999996	0.19518543799999999	0.16643023500000007	0.16636115300000001	0.16682660599999993	0.18761348700000011	0.172580659	0.16921521700000006	0.17454883500000007	0.17847754099999999	0.17615225900000001	0.18509702400000005	0.17981754200000005	0.18693020900000007	0.18890677400000006	0.192572355	0.19044436500000006	0.19704142199999999	0.19224931300000006	0.19056417	0.19597181699999994	0.18439143900000007	0.18781031700000006	0.18394993200000015	0.18879775700000007	0.20768795900000001	0.19301168599999999	0.19235981999999993	0.20142659500000001	0.191515505	0.19616831800000001	0.19054716799999999	0.19086146400000001	0.18777547800000005	0.19373835600000006	0.19077009	0.18880014100000006	0.19136402	0.19203282899999993	0.194740579	0.19474920600000006	0.18932119000000006	0.18718101100000001	0.18813483400000006	0.19027851499999995	0.18423050599999999	0.18910670299999999	0.18719950299999999	0.18883565099999999	0.18498164400000006	0.18265639200000006	0.18519253999999999	0.18885125200000005	0.18890513500000011	0.18672966999999999	0.18972963100000007	0.18878568700000006	0.19207581899999995	0.208652645	0.200385228	0.20162054899999995	0.18938028800000006	0.191342548	0.190429509	0.18749798800000012	0.186323658	0.18331608200000007	0.18080432699999999	0.181030571	0.18025399700000005	0.18045756199999999	0.18996919700000012	0.18069207700000001	0.18153941600000006	0.18534856999999999	0.18256129300000007	FGNET	0.21036358199999999	0.16384869799999999	0.140504718	0.14394693100000011	0.14187966299999993	0.14714816200000005	0.20179884100000006	0.21127642699999999	0.21593104300000007	0.21898496200000006	0.22206550799999997	0.232500598	0.23705375200000001	0.22424928800000007	0.19045780600000001	0.21215514799999999	0.17922616000000005	0.23198421299999999	0.23159976299999999	0.240106821	0.239254728	0.23392193000000006	0.23477466399999997	0.17200963200000005	0.18831326100000007	0.22348128300000006	0.23635256299999993	0.22183843000000006	0.23117156299999994	0.23670093700000006	0.23096644900000007	0.23311249900000006	0.181631878	0.21459571999999999	0.21110005700000001	0.22559647299999999	0.21115803699999999	0.20721723100000011	0.18835036499999999	0.207887128	0.18621371700000006	0.20296382900000001	0.21894168900000008	0.18173372700000001	0.21081131700000005	0.20253427299999999	0.21498544500000011	0.21209310000000006	0.16440932500000005	0.13920816799999999	0.13404466200000001	0.14349053800000006	0.161679342	0.17624087599999999	0.19740013800000006	0.17509347200000006	0.13292042900000001	0.20723007600000001	0.14466853399999999	0.20937843600000006	0.13703079500000001	0.19046603100000006	0.15930058100000005	0.13390742200000005	0.17202989799999999	0.167351842	0.13085859999999994	0.13718545400000001	0.20156692000000001	0.19583231200000001	0.128690258	0.18774199500000008	0.11886400000000003	0.14693783200000007	0.17468307899999994	0.13442224300000005	0.13073957	0.139679313	0.144651428	0.15014182000000001	FinalAge	0.177690864	0.178553671	0.25562816900000013	0.18031904100000007	0.18905045100000006	0.20597054100000001	0.18396839500000012	0.20464596199999999	0.18492132400000005	0.17694525400000011	0.18366703400000006	0.17437014000000001	0.17776188300000006	0.174600109	0.18188938500000004	0.17539823100000007	0.17134089799999999	0.17348896000000005	0.17553129800000006	0.18390183200000007	0.17478053299999999	0.17601712000000005	0.17290820200000007	0.17109011099999999	0.172777757	0.17280605399999999	0.16899761599999999	0.16770575900000001	0.167920813	0.17085354	0.16498194599999999	0.17433902600000001	0.17149800100000007	0.17975574699999999	0.17764833600000007	0.17714814800000006	0.17295685399999999	0.16800604799999999	0.169640973	0.16731835900000006	0.18244405100000011	0.16304193400000005	0.170581818	0.163577467	0.17038145699999999	0.163239509	0.17443890900000006	0.163596675	0.164846927	0.16630208499999999	0.162690848	0.16310833399999999	0.16847813100000006	0.16534909600000006	0.16407957699999995	0.16949556800000001	0.16307978300000001	0.15998633200000012	0.16373722299999999	0.16248810299999999	0.16217479099999996	0.16233702	0.16125749100000006	0.16154754199999999	0.16434946700000005	0.160310969	0.163720012	0.15840293500000008	0.15894842100000012	0.15994310400000011	0.163168699	0.160274312	0.168857127	0.16218772499999995	0.16253562299999993	0.16119320700000001	0.16174688900000006	0.16207171999999995	0.16335935900000001	0.16100490100000001	UTKFace	0.18645814100000008	0.20032866299999993	0.169882163	0.14024554200000006	0.15932832699999999	0.13358162299999995	0.13905669700000001	0.14767602099999994	0.13253858700000001	0.14144220900000007	0.14839774400000005	0.12595988799999999	0.18575261500000001	0.12451204700000003	0.20451851200000001	0.142889023	0.13880841399999999	0.12589140200000001	0.12285481400000001	0.15446202500000006	0.129332155	0.12870033100000006	0.11863517800000004	0.14207223099999999	0.12742683299999999	0.12712162699999988	0.12876968100000005	0.11670473200000005	0.12546268099999999	0.119824313	0.128198177	0.120834991	0.14486645200000006	0.11853310500000003	0.13173891600000001	0.114924312	0.13351498500000006	0.12920157599999996	0.11408864000000002	0.12663306299999993	0.12974315900000005	0.12101697200000003	0.11844073200000002	0.12418321500000003	0.12967373399999996	0.117117546	0.11014642600000002	0.11095993199999997	0.123749383	0.19200131300000001	0.132101685	0.112324908	0.12349041600000002	0.18239589000000006	0.18082740899999999	0.10937524600000004	0.11166889200000001	0.11238371599999998	0.11619462800000004	0.11939527100000005	0.11904510100000003	0.11767944700000002	0.115127563	0.12577681199999993	0.11348553	0.111681238	0.111931585	0.12229189300000003	0.13630613699999999	0.12048927700000002	0.14704875600000006	0.162073404	0.11075464600000003	0.11531241199999998	0.11902248100000003	0.114314608	0.11076214200000004	0.11540576100000002	0.12248358099999999	0.121376991	


UTKFace	0.78546929399999998	0.8492059110000002	0.88170736999999977	0.896744549	0.90750807499999997	0.91711074099999979	0.92344218499999975	0.92423361500000001	0.92534160600000026	0.926080287	0.92755764699999999	0.92892944800000021	0.92850738799999977	0.92750489700000005	0.93009024900000004	0.92845457799999997	0.92961537800000005	0.92750489700000005	0.92903500800000005	0.93024849899999995	0.928190768	0.92834907800000022	0.92718833700000003	0.92856013799999981	0.92813801799999995	0.92776870700000003	0.92908775799999999	0.92639684700000002	0.92866563800000024	0.92676621699999995	0.9298264380000002	0.92613303700000005	0.92956262799999978	0.92845457799999997	0.92724108700000019	0.92840182800000004	0.92866563800000024	0.92703002700000003	0.92618584599999998	0.92687171700000026	0.92824357700000004	0.92692452700000005	0.92840182800000004	0.9277159570000002	0.92787420700000023	0.92623859600000003	0.9278214570000004	0.92660790699999995	0.92940431800000001	0.92850738799999977	0.92929881800000025	0.928190768	0.92824357700000004	0.92956262799999978	0.9277159570000002	0.92892944800000021	0.92724108700000019	0.92919325800000019	0.92766314699999997	0.928032517	0.92824357700000004	0.92935156799999996	0.92602753599999998	0.92787420700000023	0.92871838799999973	0.9278214570000004	0.92813801799999995	0.92497229599999997	0.926080287	0.92829632799999973	0.92850738799999977	0.92898219799999981	0.92739933700000021	0.92713552700000001	0.92813801799999995	0.92882394800000001	0.92666071700000019	0.9278214570000004	0.92887669799999995	0.92528885599999999	Adience	0.52760499700000019	0.58294200899999982	0.63434445900000025	0.65833228799999999	0.68270087200000029	0.70465797200000024	0.71836525200000023	0.73156493899999997	0.73308795700000018	0.73791092599999997	0.75542581100000028	0.7518720630000002	0.75631427799999995	0.75809115200000032	0.75390279300000018	0.7632948160000006	0.74552607500000001	0.76481789400000022	0.7686254380000006	0.73803782500000004	0.76659476800000004	0.75009518900000005	0.76608705500000018	0.78563267000000003	0.7696408030000006	0.75034904500000021	0.76113718699999999	0.74019545300000045	0.76443713899999999	0.77522528200000029	0.76710241999999995	0.76342177400000022	0.77573293400000021	0.78080976000000002	0.78461736399999982	0.78880566400000018	0.75707578700000022	0.63421755999999996	0.59766465400000002	0.75161820700000026	0.73245334600000001	0.7636755700000003	0.7616449000000004	0.71988832999999997	0.73994159700000028	0.74946057799999999	0.7712907790000002	0.78563267000000003	0.75745654099999982	0.77585989200000061	0.79629397400000002	0.79045563900000004	0.79769003400000038	0.80276685999999997	0.79883235699999999	0.79045563900000004	0.75732958300000019	0.79578626200000002	0.7989592550000002	0.83157759899999972	0.796928525	0.84604644799999995	0.839573562	0.83640056799999996	0.66315519800000022	0.82066249800000002	0.80162459600000024	0.84617334600000005	0.83627361100000019	0.85328090199999973	0.854550064	0.86381518800000001	0.85201168100000002	0.84274655600000026	0.86330753599999999	0.87561875600000039	0.86330753599999999	0.86635357099999999	0.87308031300000022	0.8779032830000002	


UTKFace	0.63833332099999973	0.84066665200000024	0.70533335200000002	0.907000005	0.91533333099999981	0.91833335199999977	0.9273333549999998	0.9313333629999998	0.93300002800000004	0.93533331200000003	0.93533331200000003	0.93500000200000022	0.93466669300000005	0.93699997700000026	0.93599999000000023	0.93566667999999997	0.93566667999999997	0.93599999000000023	0.93533331200000003	0.93566667999999997	0.93599999000000023	0.93533331200000003	0.93366664600000004	0.93599999000000023	0.93599999000000023	0.93500000200000022	0.93733334499999976	0.93500000200000022	0.93466669300000005	0.93733334499999976	0.93733334499999976	0.93533331200000003	0.93566667999999997	0.93633335799999973	0.93633335799999973	0.93500000200000022	0.93633335799999973	0.93533331200000003	0.93466669300000005	0.93699997700000026	0.93633335799999973	0.93566667999999997	0.93733334499999976	0.93633335799999973	0.93666666700000001	0.93666666700000001	0.93599999000000023	0.93599999000000023	0.93500000200000022	0.93466669300000005	0.93666666700000001	0.93666666700000001	0.93466669300000005	0.93566667999999997	0.93500000200000022	0.93699997700000026	0.93533331200000003	0.93500000200000022	0.93533331200000003	0.93599999000000023	0.93666666700000001	0.93666666700000001	0.93300002800000004	0.9343333239999998	0.93566667999999997	0.93533331200000003	0.93533331200000003	0.93500000200000022	0.93500000200000022	0.93599999000000023	0.93466669300000005	0.93699997700000026	0.93599999000000023	0.93566667999999997	0.93666666700000001	0.93633335799999973	0.93733334499999976	0.93633335799999973	0.93566667999999997	0.93566667999999997	Adience	0.52767902600000038	0.55662774999999998	0.54697817599999998	0.56627732499999983	0.57237178099999997	0.54647028399999997	0.54748600699999983	0.55865919600000025	0.55815136399999998	0.55205690899999982	0.53986793799999999	0.53224986800000018	0.53072625399999995	0.534281373	0.53529709599999997	0.56119859200000022	0.53682070999999998	0.54088371999999996	0.53478920500000005	0.54291516499999981	0.53986793799999999	0.54037582900000003	0.52869474900000002	0.53631287799999983	0.56475371100000005	0.54189944300000026	0.56780093899999995	0.52767902600000038	0.51955306499999976	0.54748600699999983	0.55104112599999999	0.56576943400000024	0.56119859200000022	0.53478920500000005	0.52260029300000022	0.53885221500000002	0.55459624499999982	0.49923819300000011	0.52767902600000038	0.54088371999999996	0.55561196800000001	0.54088371999999996	0.532757759	0.55104112599999999	0.53885221500000002	0.57084816700000018	0.55764347300000028	0.53732860100000002	0.54342305700000004	0.54494667100000005	0.53682070999999998	0.55713558200000002	0.54748600699999983	0.55053329499999981	0.55358052299999982	0.56069070100000018	0.53631287799999983	0.54291516499999981	0.57186389000000004	0.56780093899999995	0.54545456199999975	0.56830877099999999	0.56018281000000003	0.56932455300000018	0.53631287799999983	0.56323003800000004	0.56780093899999995	0.56119859200000022	0.56729304800000002	0.56780093899999995	0.56830877099999999	0.58500249999999976	0.5978175999999995	0.60137300000000005	0.61072630999999999	0.60218362999999997	0.60443877899999998	0.61439309499999994	0.6104136	0.61342305700000022	
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Abstract  


 


This study aims to enhance automated age prediction from facial 


images, a task with significant potential in security, law enforcement, 


and Human


-


Computer Interaction (HCI). While age estimation has seen 


progress, it remains a challenging problem due to the diverse factors 


influencing facial aging, such as genetics, environment, lifestyle, and 


facial expressions. These variations result in individuals of the same 


chronological age looking markedly different. Most existing age 


estimation methods rely on comp


utationally intensive pre


-


trained 


models, often treated as "black boxes" with predefined input sizes and 


limited flexibility. To address these limitations, we propose using 


Convolutional Neural Networks (CNNs) for age prediction. Our 


approach combines classification and regression techniques to predict 


age more accurately. We applied our model to publicly available 


datasets, including FGNET, Adience, APPA


-


REAL, UTKFace, and 


All


-


Age


-


Face, encompassing images from constrained and 


unconstrained environments. T


he proposed CNN model was evaluated 


against existing pre


-


trained models, demonstrating comparable 


performance in age prediction tasks. Both classification and regression 


results underscored the model's accuracy, offering additional benefits in 


reduced computational complexity, increased flexibility, and 


adaptability. This study introduces a CNN


-


based approach as a viable 


alternative to pre


-


trained models for automated age prediction. It offers 


competitive accuracy while addressing critical limitations of cu


rrent 


models, such as computational demands and lack of flexibility, thus 


contributing a more efficient solution for age estimation tasks in 


various real


-


world applications.
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INTRODUCTION


 


A increasing number of studies are focusing on computer


-


based human facial age assessment 


due to the quick advances in biometrics, pattern recognition, and computer vision. When age 


information is needed without disclosing other unnecessary personal details, this method is invaluable. 
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