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Abstract – Soft biometrics attributes can be useful to perform identification of individuals, since they provide information
that can be used to differentiate one individual from another without intrusiveness. Moreover, the large number of surveillance
cameras installed in public places allows to acquire videos in real time without much effort. However, this demands an exhaustive
process of analysis to be carried out by one or more human observers, which makes necessary the use of methods capable of
performing the task automatically. Deep Learning methods have risen in the recent years, achieving state-of-the-art performances
for several computer vision tasks such as object recognition, object detection, and image segmentation. This work aims at
empirically studying the suitability of a DL approach to perform soft biometrics classification in videos. We evaluate the use of
a DL model to learn temporal dependencies, in order to perform soft biometrics classification in videos. For this purpose, we
present an approach based on the use of a pre-trained Convolutional Neural Network as feature extractor in combination with a
Bidirectional Long Short-Term Memory network to perform the classification.
Keywords – Deep Learning, Convolutional Neural Network, Bidirectional Long Short-Term Memory, Transfer Learning, Soft
Biometrics

1 Introduction

In recent years, the necessity to increase public security led to the growth of the number of surveillance cameras installed
in public places [1]. They allow obtaining images and videos in real time without much effort. Hence, information can be
extracted from these resources to solve different types of problems, such as the identification of individuals in videos. For
this task, soft biometrics are valuable, since they provide useful information for identifying individuals. Soft biometrics are
human characteristics, physiological or behavioural, that are distributed in classifiable human-understandable pre-defined types
[2]. Although soft biometrics are usually not unique for each individual, they can provide prior information about the subjects
that can lead to their identification. Notwithstanding, using just one soft biometric may not be a suitable option to identify
a particular individual, but when used in combination they can lead to achieve relevant results to improve a recognition task
under highly variable conditions. Soft biometrics can also be used to complement other primary biometric identifiers such as
fingerprints [3] and, on the opposite to primary biometrics, they are usually non-intrusive in the sense that they do not require
direct participation of the individual to be gathered. This can be accomplished, for instance, through the use of surveillance
cameras. The classification of soft biometrics is a relevant research topic since it provides an alternative to the manual analysis
of surveillance videos, which is an exhaustive process to be carried by a human observer. Therefore, computer vision plays an
important role to tackle this problem.

Computer vision methods provide means to extract and process low-level features from images or videos in order to produce
high-level semantic information [4]. Traditional image or video classification is based on a series of steps that include data pre-
processing, feature extraction, and classification [5]. In addition to the traditional pattern recognition methods, Deep Learning
(DL) approaches [6] have risen during the past years achieving the state-of-the art performance for several computer vision tasks
such as object detection and recognition [7–9], and image classification [10–12]. These methods differ from the traditional ones
in their learning process, since they are end-to-end classifiers. This implies that they can learn both, the features and the classifier,
during the training of the model [6].

The objective of this work is to use a combination of DL models to perform soft biometrics classification in videos. For this
purpose, we propose an approach based on a pre-trained Convolutional Neural Network as the feature extractor combined with
a Bidirectional Long Short-Term Memory network as the classifier. We aim at exploiting the capability of CNNs to represent
high-level features and the capability of BLSTMs to learn temporal dependencies for the specific problem of classifying soft
biometrics in videos. Our approach could aid at ultimately performing the tracking of individuals by only considering attributes
such as clothes length or colour. Hence, we also apply object detection in order to classify, at each frame, only the soft biometrics
of an individual within a bounding box, obtained through an object detection model. This work also introduces a video dataset,
which is publicly available to foster future research. Considering these issues, the contributions of this work are: (1) to apply
transfer learning in order to extract features to perform soft biometrics classification, (2) to introduce a method based on using
pre-trained CNN and BLSTM networks to perform soft biometrics classification in videos, (3) to serve as an initial step towards
performing automatic tracking of individuals considering their soft biometrics.
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This work is structured as follows: a brief introduction of different aspects related to the methods applied in this work
are presented in Section 2. The related literature is presented in Section 3. The methodology is described in Section 4. The
experiments are presented in Section 5 along with the obtained results. Finally, general conclusions regarding the work and
proposals for future work are presented in Section 6.

2 Background

This section describes relevant aspects regarding the methods used in this work. First, we briefly describe Convolutional
Neural Networks (CNNs). Then, a specific CNN architecture named Inception-v3 is presented. After, we introduce the concepts
behind the Single Shot MultiBox Detector (SSD), which is a neural network developed to perform object detection in images.
Finally, we introduce Recurrent Neural Networks (RNNs) and two widely known types of RNNs: Long Short-Term Memory
(LSTM) and Bidirectional Long Short-Term Memory (BLSTM) networks.

2.1 Convolutional Neural Networks

CNNs [13] are feed forward neural networks that allow to deal with input data of n dimensions, such as images or videos.
CNNs learn hierarchies of features, obtaining more abstract representations of the original data. This allows to feed the model
with raw data without the need of previously extracting their features. CNNs are end-to-end classifiers: the features and the
classifier are jointly learnt. This allows to obtain a feature extractor that is built specifically based on the data that was used to
train the model. A CNN contains Convolutional, Pooling and Fully Connected layers. The first two are present in the first part of
the network and they act together as the feature extractor of the model, whilst the Fully Connected layers are used for performing
classification. Convolutional layers are composed of a set of learnable filters, also known as kernels, that slide across their input
during the forward pass of the network and calculate dot products between their entries and the input at any position. The input
of this layer could be 2-dimensional or 3-dimensional arrays, such as grey-scale or colour images. The output is composed of
a set of concatenated activation maps, which are produced by each filter. Since convolutions are linear transformations, a non-
linearity is applied to their output. The most used activation function is ReLU. On the other hand, Pooling layers are inserted
between convolutional layers to progressively downsample the data representation in order to reduce the amount of parameters
of the model. This is done to reduce the computation required to train the network and to control overfitting, which occurs when
the model is over-trained and loses its generalisation capability [14]. The Fully Connected layers, also known as dense layers,
apply the dot product between the output of the previous layer and the weights connected to its processing units, a bias term
added to the result of the product operation and finally a non-linear activation function is applied. The first dense layer receives
as input the output of the last layer of the feature extractor part of a CNN. Often this value is a set of feature maps, which are
previously flattened before being fed to the first dense layer. The final layer of a CNN is also a Dense layer. For classification
tasks, the non-linearity of the last layer is usually the Softmax function. The function allows to squash a K-dimensional input y
to a K-dimensional vector σ(y) containing real values in the range [0..1] that add up to 1. The label of the class with the highest
probability is employed as the final classification.

2.2 Inception-v3

Inception-v3 [15] is a CNN architecture with Convolutional and Pooling layers in the first part of its structure. Local Re-
sponse Normalization (LRN) [16] operations are also used in this first part of the model. The next part of the network contains
sequentially stacked Inception modules introduced in [17]. Inception modules are layers that apply Convolutions and Pooling
operations on the same input, and the outputs of each of them are concatenated to be fed to the next layer. Occasional Max-
Pooling layers with stride two are also used between the Inception modules. With this structure, the network decides itself which
operation is more suitable for the task during the training phase. It also allows learning both local features and more abstract
ones through small and large convolutions, respectively. In this work, the output of the last Inception module is used as a feature
vector describing a raw RGB input image of size 299× 299× 3.

Inception-v3 is a very deep network: it is composed of 42 layers. To avoid the vanishing gradient problem, caused by the depth
of the network, the original Inception includes auxiliary classifiers connected to its intermediate layers [17]. These classifiers
are mini CNNs that are connected to two Inception modules of the network. This strategy incites the network to strengthen the
classification capability of its lower layers. During the training phase, the loss of the classifiers are weighted and added to the
total loss of the network. For the inference, the auxiliary classifiers are discarded. The Inception-v3 architecture also include
these auxiliary classifiers. However, they do not seem to improve the convergence early in the training and do not help evolving
low-level features as it was initially assumed in [17]. Instead, presumably they act as regulariser. The complete architecture of
Inception-v3 is described with detail in [15].

2.3 Single Shot MultiBox Detector

SSD1 is a feed-forward CNN used for object detection within images. The network is capable of detecting 20 different classes
of objects in complex backgrounds. However, only the detection of one specific class, which is that of individuals (humans), is
used in this work. The structure of SDD is composed of two main parts: the base network and the detector. The base network

1https://github.com/weiliu89/caffe/tree/ssd
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Figure 1: An Inception module used in the Inception-v3 architecture.

is a CNN designed for image classification, more specifically the VGG16 network [18]. The detector is formed by an auxiliary
structure that uses multi-scale feature maps, convolutional predictors and default boxes associated with feature map cells [8].
Figure 2 presents an image with the objects detected by a detection algorithm.

Figure 2: Sample image with detected objects by the SSD network. Several classes can be identified such as Chair, TV Monitor, Laptop, and
Sofa. In this work, we focus on the Person class.

2.4 Recurrent Neural Networks

RNNs are a type of neural network with cyclic connections between their processing units [19]. These recurrent connections
allow to store information related to past inputs for an amount of time that is not initially fixed. Instead, it depends on the weights
of the network and the input data. The structure of RNNs allows to operate over sequences of input and output data, unlike
feed forward neural networks, which can only receive fixed-sized vectors as input and produce fixed-sized vectors as outputs. A
standard RNN receive as input a vector ~x and produces an output vector ~y, which is influenced not only by the current input but,
also, by the history of inputs that were previously fed to the model. This is accomplished by a hidden state vector ~ht in a given
time t. Figure 3 shows a simple RNN architecture.

Given the input ~xt at a time t, the hidden state ~ht of the RNN is defined by Equation 1, where ~Whx and ~Whh are the weights
connected to the input of the network and the previous hidden state respectively, and ~ht−1 is the hidden state at the time t− 1.

~ht = tanh( ~Whh
~ht−1 + ~Whx~xt), (1)

2.5 Long Short-Term Memory Networks

LSTMs are capable of learning long-term dependencies through a more complex structure based on special hidden units
known as memory cells [20]. The internal structure of memory cells permits to overcome the vanishing (or exploding) gradient
problem [21], allowing the network to retain dependencies from early inputs. A LSTM memory cell is shown in Figure 4.
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Figure 3: Architecture of a Recurrent Neural Network.

Figure 4: A LSTM memory cell.

LSTM cells allow to optionally remove or save information, which is accomplished through a mechanism based on gates. A
cell is composed of the following gates: forget gate (ft) to forget information, input gate (it) also known as update gate, output
gate (ot), and a gate that generates the internal cell state (c̃t). The weights matrices ( ~Wf , ~Wi, ~Wc, ~Wo) and bias terms (~bf , ~bi,
~bc, ~bo) are also used, each one associated to a certain gate. The Sigmoid (σ) and Hyperbolic Tangent (tanh) are the activation
functions used in the cell.

2.6 Bidirectional Long Short-Term Memory Networks (BLSTM)

Although LSTM networks are a widely used DL method due to their capability to learn semantics with long-term dependen-
cies, they have a weakness: they consider only previous information without exploring future contexts [22]. Thus, for an input at
the time t belonging to a sequence of length n, the LSTM will consider only the inputs from times t− 1, t− 2, ..., t− n. If there
is available information from the future, for instance inputs at the times t+1, t+2, ..., t+n, the network will not consider them
to produce the output. To tackle this issue, BLSTM were designed to take advantage of both previous and future information by
using a structure based on two separate hidden layers in order to process the data. Figure 5 presents a simple BLSTM. Basically,
it is a recurrent network with two LSTM cells, one performs a forward propagation whilst the other propagates the data back-
wards. The output of each cell is concatenated in order to produce the final output of the layer. More backward-forward layers
can be stacked to form a deep BLSTM, with the output of each layer used as input for the next one.

Forward
Cells

Backward
Cells

Output

Input

Figure 5: Bidirectional RNN composed of LSTM cells.
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3 Related Work

Transfer learning is a paradigm that employs knowledge from previous experiences for solving new problems. Traditional
machine learning algorithms assume that the train and test sets lie within the same feature space distribution [23], whilst transfer
learning considers that the distributions may be different [24, 25]. Despite not belonging to the same distribution of the original
train data, some tasks can be solved by using previously acquired knowledge, given that the new problem is somewhat similar to
the original one. One of the advantages of this approach is that it relieves the need for annotated data, which is usually costly in
real-world applications.

To the best of our knowledge, no work has been carried out with the objective to address the use of transfer learning to
perform soft biometrics classification in videos. Although DL approaches based on training a model from scratch to perform this
task can be found in the recent literature. For instance, the work by [26] presented two CNNs architectures for soft biometrics
classification: one for simultaneously classifying three soft biometrics (Upper Clothes, Lower Clothes, and Gender) and the other
for classifying a single soft biometric. The work presented by [27] estimated the age and gender of individuals from images of
human faces, also using a CNN. Both works present very traditional CNN architectures composed of convolutional and pooling
layers that inputs raw images and propagates the data through the network until reaching the classifier part, composed of dense
layers. On the other hand, works by [28] and [29] presented more complex architectures, which are based on dividing an image
into patches and training the feature extractor part of the CNN (convolution and pooling layers) separately for each patch and
joining the features yielded by the last pooling layer into a unique vector which, in turn, is fed to the classifier part of the network.

Since DL methods drastically improved the performance of image classification frameworks, the same occurred with video
classification, since a video is just a sequence of images. Considering this line, several works published in recent years present
approaches for performing this task using Recurrent networks such as LSTM, often in combination with CNNs, since they allow
to learn temporal dependencies. For instance, [30] introduced a hybrid framework able to learn static spatial information, short-
term motion and long-term temporal dependencies in videos. The approach combines two CNNs, the first for learning spatial
features and the second for learning motion features, they to obtain a regularised fusion network that is connected to LSTM
networks, allowing to learn the temporal clues. In [31], two methods for performing video classification were proposed. The
first is based on CNN architectures that incorporate temporal feature pooling, which consists in applying max-pooling operations
across a set of frames from a video clip. The AlexNet [16] and GoogLeNet [17] architectures were used to process individual
frames in the work. The second approach introduced in the paper is based on the use of five stacked LSTM layers that receive
the output of the final layer of a CNN at each consecutive frame from a video. At each time step, a softmax layer produces the
class prediction. Since the LSTM-based architecture produces a prediction per frame, for the inference of the whole video clip
the authors evaluated several approaches to combine individual frame predictions, such as returning the prediction at the final
time step, and applying a max-pooling operation on the predictions over time, among others. The best strategy was achieved by
weighting the predictions over time by a threshold, then summing and returning the max. The work by [32] also takes advantage
of LSTMs for visual recognition and description. The authors presented a Long-term Recurrent Convolutional Network, which
basically combines both CNNs and LSTMs in a single network that is trained end-to-end, in order to perform image description,
activity recognition or video description. In all cases, the network does not produce a classification score. Instead, it uses the
capabilities of the LSTM part of the model to generate a sequence of words describing the image or video.

Other works addressing the querying of soft biometrics in videos or images were proposed during the recent years. The
work by [33] proposed a person retrieval method. The method is based on the use of Mask R-CNN [34] to detect and segment
persons in images from surveillance videos. The height and torso colour are used as parameters to filter individuals in the images,
and they are calculated using the Tsai camera calibration approach [35] and a fine-tuned AlexNet [36] for colour classification,
respectively. A final filter based on classifying the gender of the person is applied is necessary, which is also classified using
AlexNet. On the other hand, the work by [37] focused on the use of the DenseNet network [38] to classify a set of images
containing soft biometrics defined by a textual query. The network was trained using ImageNet dataset [39] and an additional
Fully Connected layer with 512 neurons has been used to serve as classifier. The input of the model is a set of attributes to serve
as query for the extraction of images of individuals containing the selected soft biometrics. The approach is tackled following a
multi-task approach, thus the network is intended to perform multi-class classification.

Similarly to the works presented in this Section that are based on combining a CNN with a LSTM, this work also pursuits to
take advantage of the capability of CNNs to perform image-related tasks and the capability of LSTM networks to learn temporal
dependencies. Notwithstanding, our approach is not based on training an end-to-end classifier, instead, we use a pre-trained
CNN to work as feature extractor. The features are used as input for a BLSTM network, a type of LSTM that is able to take
advantage of both previous and future information, which is trained so as to be able to classify soft biometrics from sequences
of feature vectors. This work also applies a previous step: individual detection. Before applying feature extraction or some
classification technique on a frame (or a sequence of frames), we apply an object detection algorithm, based on the use of a
pre-trained CNN specifically devised for such task, in order to isolate a bounding box containing the individual for whom the soft
biometric attribute is going to be classified. Some issues are derived from its application, which are going to be detailed in the
following sections. It is worth mentioning that we intend this to be an initial step to foster future works to combine soft biometrics
classification with individual detection in order to perform individual tracking by only considering some visual attribute.
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4 Methodology

In this work, two pre-trained CNNs were used to perform soft biometrics classification in videos: SSD and Inception-v3,
for individual detection and feature extraction purposes respectively. A BLSTM is used as the classifier. The BLSTM inputs a
sequence of feature vectors extracted using the pre-trained CNN applied on bounding boxes obtained with SSD, and outputs a
classification result for the sequence. This section describes this process in more detail.

4.1 Individual Detection

We apply SSD on each frame of a video to detect all individuals within the frame. If more than one individual is detected,
we take the one that is within the biggest bounding box, which, ideally, is the individual that is closest to the camera. Although
selecting only the biggest bounding box allows obtaining most of the boxes that correspond to the individual that the video was
labelled for, it does not provide a solution in case that individual does not appear among the detected boxes in the frame. In
such cases the detector returns a noise: a bounding box containing an individual or some other object in the background that the
video was not labelled for. Figure 6 presents an example of this situation: the proper individual is detected in frame 4, for which
the video was labelled (man within the red bounding box) whilst it is not detected in frame 15, in which case the algorithm will
return the biggest bounding box (the one containing the woman in the background). The noise problem is tackled in this work
through the use of a BLSTM approach, which is explained in Section 4.2.

Figure 6: Detection using the SSD network. The video has the label for the attributes of the man with the hat (this is the ground truth). In
Frame 4, the model detects two individuals, and the selected individual is ground truth. However, the model does not detect the ground truth
individual that the video was labelled for in some frames (e.g. Frame 15).

4.2 Transfer Learning with BLSTM Classification

We propose the use of a pre-trained CNN (Inception-v3) as feature extractor and a BLSTM as the classifier. The CNN
receives as input a bounding box containing the detected individual within a frame (obtained with SSD), which is previously
resized to 299 × 299 × 3. The network then yields a 2048-dimensional feature vector. Note that the CNN is pre-trained with
the ImageNet dataset [39]. The vectors are grouped into sets of consecutive sequences and are used as input for the BLSTM.
The architecture of the BLSTM produces a score for each sequence of features and the final classification for the entire video is
obtained by averaging the scores of all sequences. It is worth mentioning that the noises are not removed neither for the training
of the BLSTM nor for its further inference. The idea behind this strategy is to improve the capability of the model to treat those
noises.

Figure 7 presents our approach applied to a sequence k of n frames. The process starts with the extraction of the individual
from the frame using SSD (recall that the detection is kept even if it is a noise, i.e., the detection is of something other than the
main individual on the scene). Each bounding box extracted is then fed to the feature extractor part of the pre-trained Inception-
v3, obtaining n feature vectors for a sequence k. The n vectors are then fed to the BLSTM, which produces the score yk for

that sequence. The final classification y for N sequences is calculated through
1

N

∑N
k=0 yk. This process remains unchanged

for both training and inference. However, for the training phase, the weights of the BLSTM are updated using a gradient-based
optimiser and the error is calculated per sequence instead of per video.

The BLSTM architecture receives as input a feature vector at each time step. Thus, the network inputs a sequence of feature
vectors. The input is fed to forward and backward LSTM blocks. The outputs of both blocks are concatenated and connected
to the output layer, which produces a 2-dimensional output filtered by a Softmax function, which has a squashing effect over its
inputs, converting them into real values ranging from 0 to 1. Each position of the output vector of the function represents the
probability that the input of the network belongs to a certain class.

The weights of the BLSTM are initialised through the Glorot method (also known as Xavier) [40]. In order to aid generali-
sation, we use L2 Regularisation. Dropout (50%) is also applied to the inputs and outputs of the cells during the training phase.
The BLSTM was trained using Cross Entropy Loss (CEL) as cost function, presented in Equation 2, where ~y is the ground truth
label, and ~̂y is the output of the network for a pattern i considering n patterns fed to the network.

CEL = − 1

n
(

n∑
i=1

~yi · log(~̂ iy)), (2)
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Figure 7: Classification process for the sequence k of n frames. SSD is applied to each frame and the detected individual is passed to Inception-
v3 to generate a feature vector that is used as input to the BLSTM model. The output yk is the score for the sequence. The final score is obtained
by averaging the scores of all sequences of the video.

The parameters of the network were optimised using the Adam [41] algorithm, with a learning rate equal to 0.001. Each
training process was carried through 100 epochs using a batch size equal to 512.

4.3 Evaluation Metric

Since the approach presented in this work performs binary classification, the final classification result can belong to either
positive or negative class. Hence, we use the product of Sensitivity (Se) and Specificity (Sp), defined in Equations 3 and 4
respectively, as performance metric.

Se =
TP

TP + FN
(3)

Sp =
TN

TN + FP
(4)

where True Positives (TP) is the number of positive instances that were correctly classified as such, True Negatives (TN) is the
number of negative instances that were correctly classified as such, False Positives (FP) is the number of negative instances that
were incorrectly classified as positive and False Negatives (FN) is the number of positive instances that were incorrectly classified
as negative.

5 Experiments and Results

This section presents the results obtained by our DL approach proposed for soft biometrics classification. Stratified cross-
validation with 10 folds was used to divide the dataset into train and test sets in order to validate the methods. This validation
method is a variation of the traditional K-fold cross-validation that aims at preserving the percentage of samples of each class
when dividing the dataset. The sequence lengths used for the BLSTM range from 2 to 5 and the following number of processing
units for the LSTM cells were tested: 32, 64, 128, 256, 512, 1024 and 2048. Considering this, the possible hyper-parameter
combinations add up to 28. Moreover, since the cross-validation process is based on the use of 10 folds, the overall number of
experiments carried in this work is equal to 280.

5.1 Implementation

The Python library TensorFlow [42], version 1.3.0, was used to apply the pre-trained Inception-v3 network as feature extrac-
tor. TensorFlow was also used to apply individual detection within the videos using the SSD detector. The following Python
libraries were also used to evaluate the performance of the models and for image processing: OpenCV2 version 2.4.9, SciPy
version 0.19.1, Scikit Image version 0.12.3, and Scikit Learn version 0.18.2.

5.2 Dataset

The dataset used in this work is named UTFPR-SBD2. It contains people walking in a hall of the Federal University of
Technology - Paraná. The dataset is available for research purposes in a public repository2. This dataset contains 360 videos of

2http://labic.utfpr.edu.br/datasets/UTFPR-SBD.html

53

http://labic.utfpr.edu.br/datasets/UTFPR-SBD.html


Learning and Nonlinear Models - Journal of the Brazilian Society on Computational Intelligence (SBIC), Vol. 18, Iss. 1, pp. 47-59, 2020
© Sociedade Brasileira de Redes Neurais

48 different individuals. The videos have a resolution of 1920×1080 with a frame-rate of 30 FPS. The total number of frames
varies for each video, with an average of 66 frames per video. The videos contain individuals walking in four different directions:
left-to-right, right-to-left, back-to-front and front-to-back. Figure 8 presents sample frames from this dataset considering the four
walking directions.

Figure 8: Sample frames from the UTFPR-SBD2 dataset. Each frame corresponds to one of the four walking directions of the individuals.

Each video was manually labelled considering the individual that is walking the closest to the camera. Thus, people walking
or sitting in the background are considered as noise that must be treated as such for classification tasks. The following labels are
provided for the dataset: Gender, Upper Clothes, Lower Clothes, Upper Colour, Lower Colour, Hat, Carrying Object in Hand,
Backpack, Glasses, Sunglasses, Long Hair, Hair Colour and Noise (which defines if there are other individuals in the background
of the video). All labels represent binary classes, except those referring to colour attributes.

In this work we use the following categories: Gender, Lower Clothes, Upper Clothes, Hat, Long Hair and Carrying Object.
These categories were chosen for their popularity and considering that they provide very useful information when tackling the
people identification problem in videos. It is worth mentioning that the experiments performed in this work were are intended
to tackle only the binary classification problem, thus multi-class labels provided by the datasets were not used. The classes of
the attributes Upper Clothes and Lower Clothes may be short (class 0) or long (class 1). As for the Gender attribute, men are
represented with the class 1 and women are represented with the class 0. All other labels are Boolean, with class 1 representing
the affirmation of that attribute, such as the presence of an accessory or the affirmation that the individual has long hair, and the
class 0 representing the contrary.

As for the attributes that reference colours included in the labels of the dataset, there are 10 possible colours represented by
an integer value in the range [0, 9]. The colours, in sequence (the first is represented with the number 0 and the last one with the
value 9), are: red, green, blue, black, white, yellow, pink, colourful (multiple colours), grey and brown. Tables 1 and 2 present
the soft biometrics attributes that were annotated for the dataset along with their class distributions:

5.3 Baseline: Discrete Classification

To obtain the baseline results, the Inception-v3 was fine-tuned using a discrete version of the UTFPR-SBD2 dataset, initially
obtained by applying SSD to acquire a sequence of bounding boxes containing an individual. All frames that contained noises
(individuals that the video was not labelled for that can appear in the background) were removed.

Note that we fine-tuned and tested the network using only a frame per video. Hence, four selection strategies were used to
select the frame to perform the experiments: first, middle, final and random frame. For all cases, the best results were achieved
when using the first frame of each video. These are the results presented in the first column of Table 3.

The fine-tuning process was based on training the final layer of the network using SGD, with learning rate equal to 0.01 and
CEL as cost function. Each training process was carried through 200 epochs. These training parameters were defined considering
the default values set by the library used to perform the fine-tuning of Inception-v3.
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Table 1: Binary labels of UTFPR-SBD2. Numbers in parenthesis represent the number of videos with that label.

Attribute class 0 class 1

Gender female (120) male (240)

Lower clothes short (52) long (308)

Upper clothes short (200) long (160)

Using hat no (272) yes (88)

Backpack no (281) yes (79)

Carrying object no (224) yes (136)

Using glasses no (203) yes (157)

Using sunglasses no (294) yes (66)

Have long hair no (265) yes (95)

Noise no (126) yes (234)

Table 2: Multiclass labels of UTFPR-SBD2. All labels refer to the colour of the label. Numbers in parenthesis represent value used to represent
a specific class.

Class
Attribute

Upper Clothes Lower Clothes Hair

red (0) 61 0 12

green (1) 6 11 0

blue (2) 40 155 0

black (3) 149 154 309

white (4) 60 8 31

yellow (5) 5 0 8

pink (6) 16 0 0

colourful (7) 4 4 0

grey (8) 11 12 0

brown (9) 8 16 0

5.4 BLSTM

This section presents the results obtained by the BLSTM. Table 3 shows the mean Se×Sp for all folds of the cross-validation.
The Table also includes the standard deviation in order to evaluate the consistency of the classifiers throughout all folds.

Table 3: Mean and standard deviations for the Se×Sp metric for binary classification considering each attribute, achieved by our approach and
by the baseline.

Attribute Baseline BLSTM

Gender 0.80± 0.13 0.98± 0.03

Upper Clothes 0.77± 0.11 0.97± 0.04

Lower Clothes 0.90± 0.10 0.99± 0.01

Hat 0.65± 0.16 0.69± 0.08

Long Hair 0.83± 0.11 0.96± 0.05

Carrying Object 0.73± 0.13 0.83± 0.12

Although defining the gender of an individual could be a hard task depending on the scene and the quality of the video,
our method did not present much difficulty to classify this soft biometric. Results show that even the baseline achieved a good
performance (mean Se×Sp equal to 0.80). The CNN-BLSTM managed to improve those results by achieving a Se×Sp of 0.98,
and also reducing the standard deviation.

Considering the attribute Upper Clothes, the tendency is the same, with the CNN-BLSTM achieving the best Se×Sp results,
also achieving the lowest standard deviation.

The Lower Clothes is the easiest attribute to classify for the UTFPR-SBD2 dataset: the baseline achieved a very high mean
Se × Sp equal to 0.90. The BLSTM approach corroborates this insight, achieving a value equal to 0.99. Although the perfor-
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mance improvement when using the BLSTM is minimal, the classification of this attribute does not give too much margin for
improvement.

On the opposite to Lower Clothes, the Hat attribute is the most difficult one to classify. The baseline is the lowest among all
soft biometrics attributes. Again, the BLSTM achieved a very low standard deviation. This tendency is repeated for all other soft
biometrics attributes considered in this work. The CNN-BLSTM approach provides more accurate results along with a better
classification balance, due to the improvement of the Se × Sp values when compared to the baseline. The method also tended to
show more consistent classification performances throughout the folds of the cross-validation, since it yielded the lowest standard
deviation considering all evaluation metrics.

The outstanding results for some attributes could be given by several factors such as the homogeneity of the classes from
the dataset in terms of visual appearance and features extracted with Inception-v3 that are very well suited for this specific task.
These factors led even the baseline to achieve satisfactory results for some labels, as occurred for the Lower Clothes attribute for
the UTFPR-SBD2 dataset.

Table 4 presents the classification events, more concretely the True Positives (TP), False Positives (FP), False Negatives
(FN) and True Negatives (TN) achieved by our approach and by the baseline. In this case, we present the classification result
obtained for each sample of the dataset when it was part of the test set during the cross-validation process. Although we already
provide values for our evaluation metrics in Table 3, we introduce this information in case that the reader intends to measure the
performance of our method through other metrics.

Table 4: TP, FP, FN and TN obtained when each sample was part of the test set during the cross-validation.

Attribute
Baseline BLSTM

TP FP FN TN TP FP FN TN

Gender 104 16 19 221 118 2 0 240

Upper Clothes 193 7 33 127 197 3 2 158

Lower Clothes 48 4 6 302 52 0 1 307

Hat 220 52 17 71 265 7 25 63

Long Hair 238 27 8 87 263 2 3 92

Carrying Object 182 42 15 121 219 5 21 115

Table 5 presents the values of the parameters of the BLSTM that led the CNN-BLSTM approach to achieve the best results
mentioned before. The parameters are sequence length and number of processing units.

Table 5: Parameters that led to obtain the best results for each attribute.

Attribute Processing Units Sequence Length

Gender 512 5

Upper Clothes 2048 3

Lower Clothes 32 2

Hat 32 5

Long Hair 128 4

Carrying Object 1024 3

Considering the number of processing units used to obtain the best results for the BLSTM, it seems that there is no clear
pattern regarding the issue, since the number of neurons that lead to the best results for each attribute is very heterogeneous:
a small number of units such as 32 or 128 led to achieving very satisfactory results, same as higher values such as 1024 and
2048. However, there is a tendency when considering the sequence length: the best performances for half of the attributes were
achieved when using large sequence length such as 4 or 5. Hence, the largest the sequence, the better the classifier, which
seems coherent since the BLSTM is suitable to treat long-term dependencies. This leads us to consider that longer videos may
allow achieving even better results with this method. These conclusions must not be considered as final but instead as initial
consideration to foster further studies that should be carried using more datasets and hyper-parameter combinations in order to
obtain more conclusive thoughts regarding this issue.

6 Conclusion

This work presented a method to perform soft biometrics classification in videos based on transfer learning and learning
temporal dependencies through a recurrent neural network. After detecting an individual in each frame of a video, a pre-
trained Convolutional Neural Network was used as feature extractor applied each extracted image. The sequences of features
produced by the network were used as input for a Bidirectional Long Short-Term Memory network capable of learning temporal
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dependencies to perform the classification task. We also pre-processed each frame of the videos by applying a CNN devised for
object detection, in order to extract a bounding box containing the individual to be classified. Results showed that learning the
temporal variable that underlies a sequence of frames leads to better classification performances than treating a video in a discrete
manner, even when using a powerful pre-trained network such as Inception-v3. Since the videos of the dataset used to evaluate
our approaches have short length, we can also conclude that recurrent networks such as the BLSTM, which are intended to work
with long temporal dependencies, are able to provide satisfactory results even for short sequences of data.

Future works will aim at experimenting with other datasets composed of long-length videos, in order to evaluate if there
is an improvement in the performance of our method. Since issues such as partial occlusion or the classification of multiple
individuals in a single video were not covered in this work, methods to tackle these particularities can also be developed and
evaluated. Multi-class classification, for biometrics such as upper clothes colour (available for the UTFPR-SBD2 dataset), or
multi-label classification, in order to classify more than one soft biometric using a single network can be also tested using our
method. Individual tracking based on using its soft biometrics attributes could be performed by applying some changes to our
method. Finally, it is worth mentioning that the use of soft biometrics classification methods raises some concerns in terms
of individual privacy. In this sense, future research could focus not only on technical aspects, such as the development of
new algorithms and methods, but also on the study of the social repercussions of their application and the pursuit of fair and
responsible use of soft biometrics recognition techniques.
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