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Abstract—Several image-based approaches for estimating the
age of a person are available in computer vision literature.
However, most of them perform poorly on minors and young
adults, especially when the eyes are occluded. This type of
occlusion is common in Child Sexual Exploitation Materials
(CSEM), in order to hide the identity of victims. We introduce
an approach that builds Soft Stagewise Regression Network
(SSR-Net) models with natural and eye-occluded facial images,
to estimate the age of minors and young adults. Our proposal
reduces the Mean Absolute Error from 7.26 to 6.5, and 6.81 to
4.07 for SSR-Net pre-trained models on the IMDB and MORPH
datasets, respectively.

Index Terms—Age estimation, Occlusion, SSR-Net model,
CSEM, Forensic images

Type of contribution: Research already published

I. INTRODUCTION

In forensic applications, accurate and fast age estimation
solutions enhance the detection of victims in Child Sexual
Exploitation Materials (CSEM) [1]. Forensic tools may also
support Law Enforcement Agencies (LEAs) in identifying
criminals through enhanced image analysis [2].

Age estimation is a challenging problem due to factors
such as pose and illumination variation, which are commonly
found in CSEM images [3]. It is also common for offenders
to use accessories or black stripes to hide the face or eyes
of the victims [4], which presents further challenges to the
performance of age estimators.

An increasing number of deep-learning-based age estima-
tors have been proposed during the last years. However, most
of these approaches are designed for the age interval between
0 and 60+ years, and are trained with unbalanced data [5],
[6]. Thus, many of them do not perform well for minors and
young adults, aged between 0 and 25 years old.

To address this problem, we present an improved solution
for the age estimation of minors and young adults by training
Soft Stagewise Regression Network (SSR-Net) models [5]
using natural face images and faces with occluded eyes.

II. RELATED WORK

Due to the advancement of deep learning architectures, the
performance of age estimators has improved significantly in
recent years [5], [7]. Despite this, to our knowledge, there
are very few approaches that estimate the age of minor/young
adults [8], [9] or eye-occluded facial images [10].

Zhang et al. [7] introduced an accurate, fine-grained age
estimation model by combining Long Short-Term Memory
(LSTM) networks with residual networks (ResNets) to extract
face features from age-sensitive regions. The resulting model
is complex and computationally intensive, which does not
make it suitable for (near) real-time analysis. To address this
requirement, Yang et al. proposed an age estimation model,
called SSR-Net [5], based on the Deep EXpectation (DEX)
method [11]. They reduced the model size by classifying a
small number of classes within the age group. In contrast,
Zhang et al. [6] introduced a compact model using cascaded
training and multi-scale context to estimate the age with small-
scale facial images. These compact models are preferable for
real-time tasks due to a reduced computational cost.

III. METHODOLOGY

We introduce a two-fold solution for age estimation of
minors and young adults, as presented in Fig. 1.

First, we created a balanced dataset with natural face
images of minors and young adults and their corresponding
eye-occluded versions. The natural facial images, in the range
[0, 25] years, were collected from five different well-known
datasets, namely IMDB-WIKI, APPA-REAL, AgeDB, UTK-
Face, and Diversity in Faces, IBM (DiF). We gathered a total
of 130000 minor and young adult images by inspecting these
datasets manually, removing images with an incorrect age
label or without any human face. Afterwards, we created the
occluded version of these images by locating the eye region

Figure 1. Steps to train age estimation models in minors and young adults.



using the Multi-Task Cascade Convolutional Neural Network
(MTCNN) [12] and then masking it in order to simulate the
referred conditions on CSEM. Finally, both image sets were
merged into one.

Using these images, we implemented a lightweight pre-
trained SSR-Net age estimator [5] to build new, fine-tuned
age estimation models focused on minor and young adults.
Our images were resized to 64 × 64 pixels to fine-tune the
model. Lastly, we split the dataset into a training (80%) and
a test (20%) set using stratified random sampling.

IV. EXPERIMENTAL RESULTS

We evaluated the age estimation performance using the
Mean Absolute Error (MAE) of the SSR-Net pre-trained
models that have been trained with face images considering
the age range [0, 25] years from four balanced datasets varying
in size, [6500-130000], and with two unbalanced datasets,
namely MORPH and IMDB.

Then, we measured the MAE’s performance enhancement
of fine-tuned age estimators using our non-occluded (Org.),
eye-occluded (Ocl.), and a combination of both types (Org. -
Ocl.) of minor and young adult facial images. Our results are
presented in Table I.

We noticed that the age estimation performance was
more stable in SSR-Net models —pre-trained on the IMDB
dataset— fine-tuned with our merged dataset. These models
achieved the best MAE of 3.58 and 4.19 for non-eye-
occluded and eye-occluded images, respectively.

Furthermore, we compared our results with the best SSR-
Net model against a state-of-art approach, VGG16-based DEX
model, trained with our merged dataset. The proposed models
outperformed the DEX model with MAE of 6.5 for non-eye-
occluded and eye-occluded facial images. In addition, the size
of the SSR-Net-based age estimators was much lower than
the DEX age estimator, with sizes of < 1MB and 500MB
respectively.

Finally, we have successfully integrated our proposal, i.e.
fine-tuned SSR-Net age estimation model, into the 4NSEEK1

Table I
MAE VALUES OF SSR-NET AGE ESTIMATION MODELS. THE BEST MAE

VALUES ARE HIGHLIGHTED IN BOLD.

# images MORPH dataset IMDB dataset
Model per age MAE Test MAE Test

Train Test Org. Ocl. Org. Ocl.
Pre-trained – 50 7.16 6.53 7.51 6.93
MORPH – 100 7.19 6.56 7.52 6.93

– 200 7.17 6.56 7.54 6.94
– 1000 7.06 6.55 7.52 6.99

Fine-tuned 200 50 5.37 7.04 4.56 6.25
Org. Img. 400 100 4.40 6.82 4.27 6.53

800 200 4.24 7.32 4.13 6.64
4000 1000 3.63 7.93 3.58 6.46

Fine-tuned 200 50 6.57 5.67 5.73 5.22
Ocl. Img. 400 100 6.03 5.29 5.63 5.08

800 200 5.80 4.97 5.72 5.07
4000 1000 5.71 4.22 5.35 4.58

Fine-tuned 200 50 6.08 5.81 5.00 5.13
Org. - Ocl. 400 100 6.01 5.19 4.91 5.23
Img. 800 200 4.61 4.75 4.47 4.66

4000 1000 3.93 4.44 3.95 4.19

1https://www.incibe.es/en/european-projects/4nseek

tool to support the detection of minors on CSEM.

V. CONCLUSIONS

We present an improved age estimator focused on minors
and young adults with SSR-Net models, fine-tuned using
natural and eye-occluded face images. Results show that our
solution performs better in minors and young adults (MAE of
4.07) in comparison to the DEX model (MAE of 6.5), being
more robust against eye occlusion.

Moreover, our SSR-Net-based estimators are compact mod-
els and suitable for any hardware despite memory capability,
as well as forensic applications of child detection on CSEM.
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