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Resumen

Los transformadores de visión han adquirido recientemente una importancia significativa en las tareas de visión por ordenador
debido a sus mecanismos de autoatención. Anteriormente, las CNN dominaban el campo de la visión por ordenador al lograr
resultados notables en diversas aplicaciones como la clasificación de imágenes o el reconocimiento de objetos, entre otras. Sin
embargo, con la llegada de los Transformadores de Visión, ha surgido una intensa competencia entre ambos. Este artı́culo
presenta un análisis comparativo del rendimiento de las CNNs y los Transformadores de Visión para la tarea de estimación
de la edad en los conjuntos de datos FG-NET y UTKFace. Realizamos la estimación de la edad utilizando seis modelos,
incluidos tres modelos de CNN (VGG-16, ResNet-50, EfficientNet-B0) y tres modelos de transformadores de visión (ViT, CaiT,
Swin). Nuestros resultados experimentales muestran que el transformador Swin superó tanto a la CNN como a los demás
transformadores de visión, alcanzando un error medio absoluto (MAE) de 2,79 años con una puntuación acumulada (CS) del
83,90% en FG-NET y un MAE de 4,37 años con una CS del 68,73% en UTKFace.

Palabras clave: Visión por computadora, CNNs, Transformadores de Visión, VGG-16, ResNet-50, EfficientNet-B0, ViT,
CaiT, Swin.
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Abstract

Vision Transformers have recently gained significant importance in computer vision tasks due to their self-attention mech-
anisms. Previously, CNNs dominated the computer vision field by achieving remarkable results in various applications such as
image classification, object recognition, and more. However, with the arrival of Vision Transformers, an intense competition has
emerged between the two. This paper presents a comparative analysis of the performance of CNNs and Vision Transformers for
the task of age estimation on the FG-NET and UTKFace datasets. We performed age estimation using six models, including three
CNN models (VGG-16, ResNet-50, EfficientNet-B0) and three Vision Transformer models (ViT, CaiT, Swin). Our experimental
results show that the Swin Transformer outperformed both CNN and other Vision Transformers, achieving a mean absolute error
(MAE) of 2.79 years with a cumulative score (CS) of 83.90% on FG-NET and an MAE of 4.37 years with a CS of 68.73% on
UTKFace.

Keywords: Computer vision, CNNs, Vision Transformers, VGG-16, ResNet-50, EfficientNet-B0, ViT, CaiT, Swin.

1. Introduction

Convolutional Neural Networks (CNNs) have dominated
the field of computer vision due to their extensive use in vari-

ous applications, including face recognition (Song and Wang,
2024), age estimation (Hiba and Keller, 2023), image clas-
sification (Li et al., 2025), and many others. CNNs became
widely adopted because of their ability to autonomously ex-
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tract features and patterns from unprocessed images (Agbo-
Ajala and Viriri, 2021). Typically, images contain localized
patterns, referred to as feature elements, which are distributed
systematically. Various �lters within the convolutional layers
are designed to detect a range of these elements, while pooling
layers reduce dimensionality and enhance resilience to varia-
tions. However, this localized processing in CNNs can lead
to a loss of spatial relationships, potentially a� ecting their ef-
fectiveness when handling larger and more complex patterns
(Tomasini et al., 2023).

Recently, a novel class of neural networks, known as Vi-
sion Transformers, has been introduced to the �eld of com-
puter vision (Dosovitskiy et al., 2021). Transformers were
initially introduced for Natural Language Processing (NLP)
and achieved remarkable performance due to the use of self-
attention in their architecture (Vaswani et al., 2017). Un-
like traditional CNNs, Vision Transformers divide an image
into a sequence of patches and apply a transformation model
to them, enabling the model to understand spatial patterns
(Han et al., 2023). Vision Transformers are now being con-
sidered competitors to CNNs, after demonstrating the ability
to capture complex patterns and achieving remarkable results
across diverse image datasets in various computer vision tasks
(Hatamizadeh et al., 2023; Kuprashevich and Tolstykh, 2023;
Liu et al., 2025). Although Vision Transformers have achieved
remarkable performance for various computer vision tasks,
they also present their challenges, including the requirement
for larger datasets and high computing resources for e� ective
training, compared to CNNs (Wang et al., 2022).

Since the emergence of Vision Transformers, only a few
studies have been conducted for a comparative analysis be-
tween Vision Transformers and CNNs for various computer
vision applications, including image classi�cation (Raghu
et al., 2021; Mauŕ�cio et al., 2023), face recognition (Taka-
hashi et al., 2024), and action recognition (Moutik et al.,
2023). However, for facial age estimation, the performance
evaluation of CNNs and Vision Transformers has yet to be
thoroughly explored.

In this paper, we present a comparative analysis of the per-
formance of CNNs and Vision Transformers for the age esti-
mation task on two datasets (FG-NET and UTKFace). Addi-
tionally, we compare the performance of both CNNs and Vi-
sion Transformers across two age groups (minors and adults)
to further illustrate the e� ectiveness of these models. In the
following sections, we present the related work (Section 2),
methodology (Section 3), experiments and results (Section 4),
and conclusions and future work (Section 5).

2. Related Work

2.1. CNN-based Age Estimation

Age estimation has been mostly addressed by using
CNNs. A deep expectation model based on the VGG-16 archi-
tecture was proposed to estimate real and apparent age from a
single facial image without relying on facial landmarks (Rothe
et al., 2018). Zhao et al. (2022) proposed an adaptive mean
residue loss for e� ective facial age estimation, using VGG-
16 and ResNet-50 as backbone feature extractors. The pro-
posed mean loss penalizes age probabilities between the mean

of the estimated age distribution and the apparent age. Fea-
ture reconstruction based on knowledge distillation was pro-
posed to address age estimation in occlusion scenarios, utiliz-
ing multiple variants of the ResNet model, including ResNet-
34, ResNet-50, and ResNet-101, for feature extraction (Yu and
Zhao, 2025). Kuang et al. (2023) proposed the E� cientRF
model based on the integration of E� cientNet and Random
Forest to estimate age from the facial images.

2.2. Transformer-based Age Estimation

Since the introduction of Vision Transformers, they have
been widely adopted for image classi�cation tasks (Dosovit-
skiy et al., 2021). However, their potential for age estima-
tion remains largely unexplored. Shi et al. (2023) proposed a
combination of an attention-based convolution module with
a Swin transformer to predict the ages from facial images.
Xu et al. (2025) presented the Cross Spatial and Cross-Scale
Swin Transformer (CSCS-Swin) to improve facial age esti-
mation by extracting �ne-grained age-related features using a
Cross Spatial Feature Block (CSFB) for directional wrinkle
and craniofacial features and a Cross-Scale Feature Partition
(CSFP) for multi-scale feature discrimination. A Feature En-
hancement Module (FEM) was also proposed which re�nes
feature representation to resolve ambiguities in distinguishing
adjacent ages. A novel Multi-input Vision Transformer model
(MiVOLO) was proposed to simultaneously predict age and
gender, enhancing performance in scenarios where faces are
partially or fully occluded (Kuprashevich and Tolstykh, 2023).

3. Methodology

To analyze the performance of CNNs and ViTs for the age
estimation task, we propose an age estimation pipeline, illus-
trated in Figure 1.

3.1. Face Cropping and Alignment

Face cropping and alignment are performed as pre-
processing steps to provide clean, task-relevant input for
model training. Facial images are cropped usingdlib's fa-
cial landmark detection (King, 2009). Face alignment then
standardizes facial orientation usingdlib for landmark detec-
tion and OpenCV for image transformation. A 68-point facial
landmark predictor extracts coordinates for the left eye (land-
mark 36), right eye (landmark 45), and nose tip (landmark 30).
The rotation angle is calculated via thearctangentof eye co-
ordinate di� erences, aligning the eyes horizontally with their
midpoint as the pivot. A 2D rotation matrix is applied using
cubic interpolation to produce an aligned facial image.

3.2. Convolutional Neural Networks

We utilize three CNNs(VGG-16, ResNet-50, E� cientNet-
B0) to estimate age from facial images. VGG-16 is chosen for
its deep, uniform architecture, ideal for learning hierarchical
facial features across age groups. ResNet-50 is selected for
its residual connections, improving gradient �ow for robust
age estimation. E� cientNet-B0 is picked for its optimized
scaling, balancing e� ciency and accuracy on diverse datasets.
Each model's �nal fully connected layer is replaced with a
linear layer to output a continuous age value ˆy.
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Figure 1: Overview of the proposed pipeline for age estimation. The input images are �rst cropped and aligned and then pro-
cessed through CNNs and Vision Trasformers for the age estimation,

3.2.1. VGG-16
Among the CNNs, we �rst implement the age estima-

tion pipeline using the VGG-16 CNN model. The input im-
age (X 2 R224� 224� 3) passes through 13 convolutional lay-
ers (3� 3 kernels, stride 1, padding 1) organized into �ve
blocks, with max-pooling layers (2� 2 kernel, stride 2) reduc-
ing spatial dimensions to 112� 112, 56� 56, 28� 28, 14� 14,
and 7� 7. These layers extract hierarchical features, from low-
level edges to high-level facial structures. The �nal convo-
lutional layer's feature maps (R7� 7� 512) are �attened into a
25088-dimensional vector, processed through two fully con-
nected layers (4096 units each, ReLU activations), and output
a feature vector (F 2 R1� 4096).

3.2.2. ResNet-50
The input image (X 2 R224� 224� 3) is processed through

�ve stages. The �rst stage employs a 7� 7 convolutional layer
(stride 2) and a 3� 3 max-pooling layer (stride 2), thereby re-
ducing the dimensions to 56� 56. Four subsequent stages uti-
lize bottleneck blocks with residual connections, resulting in a
total of 50 layers that e� ciently extract features. Feature maps
are reduced to 56� 56, 28� 28, 14� 14, and 7� 7, with the
number of channels increasing from 256 to 2048. The �nal
stage's feature maps (R7� 7� 2048) are �attened into a 100352
dimensional vector, processed through a fully connected layer
to produce a feature vector (F 2 R1� 2048).

3.2.3. E� ecientNet-B0
The input image (X 2 R224� 224� 3) is processed through

nine stages. The �rst stage uses a 3� 3 convolutional layer
(stride 2), reducing dimensions to 112� 112. Eight subsequent
stages use mobile inverted bottleneck blocks (MBConv) with
squeeze-and-excitation, totaling 237 layers, with 3� 3 and 5� 5
kernels for e� cient feature extraction. Feature maps reduce to
112� 112, 56� 56, 28� 28, 14� 14, 14� 14, 7� 7, 7 � 7,
and 7� 7, with channels increasing from 32 to 1280. The �-
nal stage's feature maps (R7� 7� 1280) are �attened into a 62720
dimensional vector, processed through a fully connected layer
to produce a feature vector (F 2 R1� 1280).

3.3. Vision Transformers

To perform age estimation using Vision Transformers, we
utilize the Vision Transformer (ViT), Class-Attention Image

Transformer (CaiT), and Swin Transformer (Swin). ViT is
chosen for its global attention, modeling long-range facial fea-
ture dependencies. CaiT is selected for its class-attention lay-
ers, focusing on age-discriminative patterns. Swin is picked
for its hierarchical shifted-window attention, capturing multi-
scale features for diverse datasets. Each model's �nal classi�-
cation head is replaced with a linear layer to output a continu-
ous age value ˆy.

3.3.1. ViT
For the Vision Transformer (ViT), the input image (X 2

R224� 224� 3) is divided into a 14� 14 grid of patches (with a
size of 16� 16 pixels each, 196 patches), each �attened into a
768-element vector (16� 16� 3). These vectors are embedded
into a 768-dimensional space via linear projection. A class
token is appended to the sequence, and positional encodings
are added to retain spatial information. The sequence passes
through 12 transformer encoder layers, each using multi-head
self-attention (12 heads) and feed-forward networks to cap-
ture global dependencies. The �nal layer outputs a sequence
of 768-dimensional vectors, from which the class token's rep-
resentation is extracted as the feature vector (F 2 R1� 768).

3.3.2. CaiT
The input image (X 2 R224� 224� 3) is divided into a 14� 14

grid of 16� 16 pixel patches (196 patches), each �attened into
a 768-element vector (16� 16 � 3), embedded into a 384-
dimensional space via linear projection, with a �xed class to-
ken appended and positional encodings added for spatial in-
formation. The sequence passes through 24 transformer en-
coder layers, with 22 self-attention layers and 2 class-attention
layers, each using multi-head self-attention (6 heads) and
feed-forward networks to capture global dependencies. The
�nal class-attention layers produce the class token's feature
vector (F 2 R1� 384).

3.4. Swin

The input image (X 2 R224� 224� 3) is divided into a 56� 56
grid of 4 � 4 pixel patches (3136 patches), each �attened into
a 48-element vector (4� 4 � 3) and embedded into a 128-
dimensional space via linear projection. Relative positional
biases are incorporated for window-based attention. The se-
quence passes through 18 transformer encoder layers in four
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