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1 Introduction

Demographic soft biometrics (e.g. gender, age, ethnicity) are among the most frequently

used traits for improving and complementing the performance of biometric systems [1].

Most existing works regarding facial demographic estimation are focused on still image

datasets, although nowadays the need to analyze video content in real applications is

increasing.

We propose a pipeline for the automatic estimation of gender, ethnicity and age in

videos.

Our main contribution is to use an attribute-specific quality assessment procedure to

select most relevant frames from a video sequence for each of the three demographic

modalities. Selected frames are classified with fine-tuned MobileNet models [2] and a

final video prediction is obtained with a majority voting strategy.

2 Proposal

Quality Assessment

We associate the relevance of a frame within a

sequence to 12 quality parameters relatives to

Pose, Illumination, Occlusion, Resolution,

Sharpness, Mouth State, Eyes State, Gaze, Color

Leveling, Face Centering, Red Eyes and Uniform

Background.

Some quality measures could have more or less

impact over the relevance of a frame, depending

on the specific demographic attribute to classify.

We employed Random Forest (RF) classifiers [3]

to learn the relations between the quality

measures and each classification task (gender,

age, ethnicity).

The output score of the 12 quality measures were

concatenated and the resulting features for good

and bad classification samples were used to train

each RF quality classifier.

Final video prediction was obtained with a majority

voting strategy among best quality frames

selected by the RF classifier.

Demographic Estimators

We used fine-tuned MobileNet models to make

the real-time demographic estimation of the

selected video frames as efficient as possible.

Training was performed on three publicly

uncontrolled image datasets: IMDB-Wiki Dataset,

UTKFace Dataset and LFW.

Formalization

Given a sequence of video frames 𝐹 = {𝑓1, 𝑓2, … 𝑓𝑚} and an attribute 𝛼 with 𝐿 = {𝑙1, 𝑙2, … 𝑙𝑘}
possible labels, we define 𝑞𝑛 ⊆ 𝐹 as the set of the 𝑛 best quality frames of the sequence

(1 ≤ 𝑛 ≤ 𝑚) and 𝑞𝑙𝑘
𝑛 ⊆ 𝑞𝑛 as the set of the 𝑓 ∈ 𝑞𝑛 for which the classification according to 𝛼

(from now on defined as 𝐶𝛼) corresponds to the 𝑙𝑘 label:

𝒒𝒍𝒌
𝒏 = {𝐟 ∈ 𝒒𝒏 | 𝑪𝜶 𝐟 = 𝒍𝒌 (𝟏)

Then, the 𝑙𝑖 resulting after applying the majority voting strategy over the sequence 𝐹 given the 𝛼
attribute, responds to the following formulation:

𝒍𝒊 ∈ 𝑳 𝟏 ≤ 𝒊 ≤ 𝒌 ∀𝒍𝒋 ∈ 𝑳 𝟏 ≤ 𝒋 ≤ 𝒌 , 𝒋 ≠ 𝒊 , 𝒒𝒍𝒋
𝒏 < 𝒒𝒍𝒊

𝒏 (𝟐)
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3 Experiments
Dataset Selection

1. UvA-Nemo:

Fairly good quality video collection with gender and age annotations, created to analyze the

change in smile dynamics across different ages.

2. EURECOM Augmented:

Dataset representing frames of a video, fully annotated with demographic data and augmented

with added noise to simulate a video scenario with several frames of different qualities.

3. Youtube Faces (YTF):

Uncontrolled video collection for which we mapped the Labelled Faces in the Wild (LFW) gender

and ethnicity labels to its corresponding identities.

(1)

(2)

(3)

We performed experiments in the selected datasets by comparing several frame combination strategies:

 Individual frames: Considers frames as single independent images.

 Sequence (all frames): Performs a majority voting among all frames in a sequence.
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 Sequence - quality 𝑁 frames: Performs the majority voting on the 𝑁 top relevant frames.

 Sequence - random 𝑁 frames: Performs the majority voting on 𝑁 random frames.

 Gender, ethnicity and age distribution:
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 We were not able to train a gender quality estimator

for this collection due to the lack of bad quality

samples and their slight differences with the good

quality ones.

 The experiments allows to compare our baseline

method to other state-of-the-art algorithms.

 Gender classification results in EURECOM and YTF datasets:

 The proposed quality assessment is effective without dependence on the dataset or the 

classifier.

 100% of classification accuracy in EURECOM.

 The quality assessment strategy favored the results of the minority class (Females).

GenderResults and Discussion

 Gender classification results in the “Deliberate” and “Spontaneous” subsets from UvA-Nemo dataset,

and also in the “Entire” collection:
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EthnicityResults and Discussion

 Ethnicity classification results in EURECOM and YTF datasets:

 We were not able to find an available state-of-the-art pre-trained model for this task.

 By using the quality strategy, in the EURECOM dataset:

 The minority classes Asian and Other achieved 100% of accuracy, showing great improvements.

 The majority class Caucasian also was largely favored.
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AgeResults and Discussion

 MAE in the estimation of exact age in UvA-Nemo dataset:

 We were not able to train an age quality estimator for this 

collection, as explained before.

 DEX classifier was slightly more accurate for age groups 

over 50 years old; however, DEX is no suitable for real-time 

video applications due to its larger processing time.

 MAE in the estimation of exact age in EURECOM dataset:

 DEX classifier showed better performance in the 

classification of people over 30 years old; our 

MobileNet was more accurate in the classification of 

the younger.
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4 Conclusions

The quality strategy works with different classifiers and under different conditions, allowing:

 Less number of frames to be classified.

 Less processing time.

 Improved estimation accuracy.

 Bias mitigation on specific gender, ethnicity and age.
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5 Future Work

 Explore other video frame combination beyond majority voting.

 Deeper analysis regarding quality problems affecting specific demographic attributes.
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