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Abstract—Following the significance of soft biometrics to facili-
tate seamless recognition or retrieval, the need for multi-modality
annotated datasets is increasing - to evaluate any standalone soft
biometrics system. Although, large-size datasets like PETA were
annotated to evaluate soft biometrics systems, however, they were
mainly annotated for global soft biometrics such as gender and
age and for clothing modality. By looking at the usefulness of
multiple modalities of the human body during recognition or
retrieval, we designed, developed and annotated a new dataset
called Annotated Pedestrians for the individuals. The images
in the dataset were explicitly recorded for the individuals at
four different distances from the camera and they incorporate
annotations for four different modalities of the human body
i.e., i) global soft biometrics, ii) extended facial region, iii)
body including limbs, and iv) clothing with attachments. The
annotation process was expert opinion and qualitative annotation
types were used. There were a total of three global soft biomet-
rics annotated and for remaining three modalities, categorical
annotations for 46 soft biometrics were performed. In terms of
comparative annotations, there were a total of 26 soft biometrics
annotated for the same three modalities. To the best of our
knowledge, Annotated Pedestrians is a unique dataset designed
by incorporating the impact of distance during recognition or
retrieval, where markers were placed on the surface at 4, 6, 8, and
10 m distances from the camera, and approximately 300 frames
were recorded for 50 distinct individuals in a 20 m long corridor.
Moreover, the usefulness of the dataset is annotation using four
different modalities of the human body, and a total of 75 soft
biometrics annotated using a qualitative approach – making
Annotated Pedestrians a highly-diverse dataset to evaluate any
soft biometrics system for recognition during short-term tracking
and feature-based retrieval from the database.

Index Terms—Soft biometrics, distance, dataset, annotations,
categorical, comparative.

I. INTRODUCTION

THE major requirement for the evaluation of any bench-
mark soft biometric system is the availability of an

annotated dataset specifically developed for this purpose [1].
Several existing facial and pedestrians datasets such as LFW
[2], PETA [3], LFW Updates [4], ATVS Forensic DB [5]
and MORPH [6], were used in the past for the training and
evaluation of soft biometrics systems [7]. None of them was
focusing on all the modalities [8] of the human body at
once rather they cover one or few modalities simultaneously
e.g., face or body. Moreover, a limited number of instances
were recorded for different individuals and the repetition of
the same individual over time was missing in most of the
datasets [9]. Usually, the datasets introduce several different
environmental constraints while recording e.g., lighting con-
dition [10], subject angle from the camera [11], and distance

[9], to name a few. Furthermore, the pedestrian datasets with
higher diversity in terms of gender, age, and ethnicity are
always considered better, whether using traditional or soft
biometrics, for recognition in surveillance or retrieval from
a large dataset [8]. Although, the datasets like Soton Gait [12]
and Southampton Tunnel [13] were specifically developed and
annotated for the soft biometrics-based recognition or retrieval,
however, the number of distinct individuals is limited and only
a few sessions were recorded in a controlled environment.

(a) Four meters (b) Six meters

(c) Eight meters (d) Ten meters

Fig. 1: Images from Annotated Pedestrians dataset at four
different distances from the camera [14]

Currently, recognition or retrieval at distance [15] is one
of the most critical problems in computer vision [16], due
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to non-availability of such large size image datasets, where
same individual was recorded at different distances [17] from
the camera, introducing higher diversity and at the same time,
the dataset annotation using multiple different soft biometrics
modalities of the human body. To address those challenges,
we proposed, developed and annotated a new dataset called
Annotated Pedestrians. The dataset was originally recorded for
50 distinct individuals, including 38 males and 12 females,
where the age of participants ranges from 15 to 60 years.
There were five different ethnic groups who participated in
the dataset recording from 19 different nationalities.

To the best of our knowledge, the Annotated Pedestrians is a
unique and largest dataset of its kind which is annotated using
three most widely used global soft biometrics. It introduces
several factors related to diversity in the data like gender, age
and ethnicity including country-specific information. One of
the unique aspects related to Annotated Pedestrians dataset
is the recording and annotation of a new ethnic group called
‘Mix’, to incorporate cross-ethnic information for better model
training, beside existing common ethnic groups like African,
Asian, Arab and White. On the other hand, people from a large
age range participated in the recording process and during
annotation, they were placed in four different age groups.
These age categories known as youngsters (15 – 25), mature
(25 – 36), experienced (36 – 45) and aged (45 – 60) are
the most common ones observed during any recognition or
retrieval tasks. Finally, gender is one of the most distinguishing
global soft biometrics associated with human body; however,
a balance between both gender’s count always remains less
in most of the datasets. In Annotated Pedestrians, the number
of female participants is one third of the male participants
which is slightly higher than the existing datasets of this type.
Despite the fact, the diverse ranges of age and ethnicity for
female participants in our Annotated Pedestrians dataset makes
it flexible for applying techniques like data augmentation to
balance the gender ratio and to overcome the limitation of
least diversity.

The actual dataset was a stream of approximately 300
frames with a resolution of 1280 X 720 for each individual
walking in a long corridor towards the camera. Later, the
automated extraction of frames at four different distances
from the camera i.e., 4, 6, 8, and 10 m was performed
and verified. The Annotated Pedestrians is specially designed,
developed, and annotated pedestrians dataset for the evaluation
of soft biometrics based recognition or retrieval systems. It
captures four different soft biometrics modalities of human
body i.e., global, extended facial region, body including limbs
and clothing with attachments. A summary of the annotated
dataset using global soft biometrics like gender, age range and
ethnic group for each individual is presented in Figure 2.

In our earlier research on soft biometrics, both images and
human body annotations using soft biometrics were identified
as meaningful source of information during recognition or
retrieval. Sometimes, they were used as source and target
for each other in the past; however, a better recognition or
retrieval is possible if both work together. It mainly depends
on the scenario, whether recognition or retrieval, like both
image of an individual and whole-body annotations can better

train a recognition model, while images stored with whole-
body annotations may improve either feature or image-based
retrieval process.

(a) gender based participant’s age distribution

(b) Country-specific distribution of participants

(c) Ethnicity-specific distribution of participants

Fig. 2: Dataset distribution using global soft biometrics

Distance impacts soft biometrics based recognition or re-
trieval systems as in traditional biometrics [18] and open en-
vironments causes further complexity [19]. The authors in [1]
compare the impact of distance using three different modalities
of the human body and it was observed that soft biometrics
from the body and clothing are easier to precisely estimate than
of a face. A new dataset of soft biometrics from three different
modalities of the human body is developed in [17], where
10 features from each modality were annotated. The same
individuals were recorded at three distances from the camera
e.g., close, medium and far. Pearson correlation [20] was used
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to measure sensitivity of the distance from the camera and it
was determined that body and clothing are less sensitive to
distance than face. In another experiment conducted by [21],
to analyze the impact of continuously changing distance from
the camera, 23 soft biometrics from head, body, and global
domain were selected [22]. The aim of the experiment was
to determine which of the modalities accurately and quickly
predicts the gender from the far distance and it was reported
that bodily soft biometrics are the stronger candidate. In both
the analysis, the qualitative annotation types [23] such as
categorical and comparative were used.

Annotating a dataset is an essential requirement before
evaluation of any soft biometrics based recognition or retrieval
system [24]. Usually, soft biometrics involve several perma-
nent or temporary modalities of the human body, considering
many different features. In [1], permanent modalities such as
face and body while temporary modalities such as clothing
with attachments were identified and a largest collection of
more than 150 soft biometric features is presented. They also
discussed several different methods for dataset annotation such
as expert opinion, crowd sourcing, and measured, while the
annotation types like absolute, categorical and comparative
were introduced [25]. Generally, the dataset annotation is a
highly sensitive process, despite selecting the most common
annotation types like categorical [26] and comparative [27]. On
the other hand, the annotation method like crowd sourcing is
very expensive and non-availability of experienced annotators
along with high training costs are the biggest problems. In
this research, we employed expert opinion-based method to
annotate 75 soft biometrics from four different modalities of
the human body and the annotation types were categorical and
comparative in case of all soft biometrics. Both categorical
and comparative types of dataset annotation are qualitative,
and they are useful in several application domains such as
short-term tracking and feature-based retrieval from dataset,
respectively [23].

The organization of this paper is as follows. The informa-
tion about dataset acquisition process, critical discussion on
annotation methods and types, and selection of Soft biomet-
rics from each modality of the human body is presented in
Section II. The dataset annotation process using categorical
and comparative methods for soft biometrics annotation from
each modality is demonstrated in Section III. The section IV
provides a reflection on complete soft biometrics annotation
process demonstrated earlier. Finally, the conclusion covers
key contributions made and future course of action points as
part of Section V.

II. ABOUT ANNOTATED PEDESTRIANS

As discussed earlier, Annotated Pedestrians is a dataset of
people walking in a corridor towards the camera. The dataset
was designed by keeping in mind the impact of distance
[28] during recognition or retrieval. The walking corridor was
marked with green color strips to verify the automated frame
extraction process at different distances [29] from the camera.
To record the dataset the design aspects [30] of the corridor
were given significant importance - the details for which are

provided ahead. Usually, temporal features are not considered
good for recognition or retrieval process over a long period
of time; however, this phenomenon in mostly associated
with traditional biometrics, using a couple of features from
a single modality. On the other hand, soft biometrics are
multi-modality and a richer set of features than traditional
biometrics with diverse annotation types. Moreover, several
properties like multiple annotation types, permanence score
and discrimination power are linked with each soft biometric
and determine the temporal behaviour at both each individual
modality and feature level.

A. Recording Environment

To record Annotated Pedestrians dataset, a 20 m long
corridor was designed which was sufficient to capture min-
imum 300 frames at a rate of 30 FPS [24]. The corridor
was providing a reflection of entry-point for any real-time
infrastructure or building. The aim of designing such type
of corridor was to give an impression close to the reality by
presence of several other real-world objects. To incorporate
the distance factor, markers were placed at 4, 6, 8, and 10 m
distance from the camera. As in [17], the impact of distance
was observed during person recognition process and it was
noticed that face presents higher accuracy of recognition at
only the close distance from the camera, which is not the case
with body. Using these observations, we placed those green
markers on the floor and extracted the frames at four different
distances from the camera. These extracted frames are useful
to train and test any soft biometrics based recognition or
retrieval system.

Fig. 3: Recording Environment for Annotated Pedestrians.

B. Qualitative Annotations

In [1], several different annotation types for soft biometrics
were presented, while the aim of each annotation type was to
increase the accuracy of overall recognition or retrieval process
[31]. Like earlier research experiments, qualitative types of
annotation known as categorical, and comparative are the most
widely used semantics in soft biometrics [26]. The annotation
methods like expert opinion are used to generate annotation
values for soft biometric features. In our case, the expert was
highly trained on similar annotation tasks [27] and performed
categorical and comparative annotations for approximately 75
soft different soft biometrics from four different modalities of
the human body. The qualitative types of annotation were also
used extensively in different research experiments on large size
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image datasets. Like, a method known as superfine attributes
was proposed to annotate several biometrics, e.g., gender, age
and ethnicity using PETA dataset [32]. The crowd sourcing
method was also used in some experiments, however, only a
few soft biometrics were annotated because of large size of
dataset [3] - the annotation type was categorical and a five
scale criteria was defined. Although, crowd sourcing [33] is a
successful approach for annotating the datasets, however, the
feasibility of this approach is limited while annotating very
large datasets. That is why, expert opinion was adopted as the
best method for dataset annotation whether using categorical
or comparative types of annotations. The expert opinion [34]
method produced significant success in several different re-
search experiments like in [9], to annotate the dataset using
soft biometric features. In all these experiments, there were
several hundred distinct individual images annotated using
more than 50 soft biometrics. In another experiment [21],
more than 1700 distinct individual images were annotated
using 30 different soft biometrics from face, body and clothing
etc. The expert opinion seems more feasible method in real-
world scenario as compared to crowd sourcing for providing
semantic description of a person’s image using qualitative or
quantitative [35] types of annotation. Usually, we have a very
large number of distinct images in a single dataset with a large
number of soft biometrics to annotate, however, there are very
few recognition scenarios like [31], where a large LFW dataset
was annotated only for 6 soft biometrics.

In our earlier research on soft biometrics [1], a bag of
more than 150 soft biometrics is presented from three different
modalities of the human body. Usually, qualitative methods
for annotation like categorical or comparative were used for
annotation, and they demonstrated significant success during
several recognition or retrieval experiments. Usually, the image
information is not sufficient enough during training of the
recognition or retrieval model; however, the annotated soft
biometric information stored with features directly extracted
through images resulted in the form of an improved accuracy
of the models in the past [36]. That is why, the application
of annotated soft biometrics and their extended set of possible
values produced better performance in both constrained and
un-constrained environments. Based upon different research
experiments, the qualitative annotation types yet presented
high feasibility during recognition or retrieval [37].

C. Selecting Soft Biometrics

In order to annotate soft biometrics from all three modalities
of an individual using qualitative annotation type, we have
a large collection of more than 150 soft biometrics in [1].
Those features were annotated using different labels, where
the objective was to select an appropriate number of soft
biometrics from each modality and to define a set of possible
labels for each soft biometrics [38]. Initially, there was redun-
dancy found in annotations of different soft biometrics used in
different research experiments. In our work, we addresses two
main challenges, i) selecting an appropriate number of soft
biometrics from each modality, and ii) defining a generalize
set of annotations for each individual soft biometrics. The aim

of building such collection was to support general recognition
or retrieval process [39].

Fig. 4: An annotated image from the dataset using soft
biometrics from global, extended facial, body including limbs
and clothing with attachment modalities.

III. DATASET ANNOTATION PROCESS

In our earlier discussion, qualitative annotation [40] type
was identified as a key success factors for recognition or
retrieval and we planned to annotate our new Pedestrian
dataset with recognition at distance. To achieve this goal, we
annotated images of total 50 distinct individuals recorded in a
corridor walking towards the camera [41]. For this purpose, we
selected image of each individual recorded at 4 meter distance
from the camera [30]. On the other hand, one of the major
task in annotation was to select an appropriate number of soft
biometrics from each modality of the human body [42]. In
our work, we selected about 46 categorical soft biometrics
from three different modalities of the human body, while
26 were selected for comparative annotation. For categorical
annotation, there were 16 soft biometrics from extended facial
modality, while eight and 22 from body and clothing modality
respectively. Similarly, for comparative annotation, 12 soft
biometrics were selected from extended facial modality, while
eight from body and six from clothing.

A. Categorical Annotations

In terms of categorical annotation, selection of soft biomet-
rics from three different modalities of the human body was a
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bit challenging task [43]. It requires lot of experience to select
only those soft biometrics which are highly relevant and sup-
portive to each other for the recognition or retrieval task. An
expert opinion method was applied based on the analysis per-
formed in [1], including frequency of occurrence for each soft
biometrics in multiple different recognition or retrieval tasks.
There were 16 facial soft biometrics selected using expert
opinion method and a set of possible categorical annotations
was developed as shown in Figure 5. This process incorporates
frequency of annotation from earlier research in a particular
scenario and by using this factor, a minimal set of annotations
was developed for each individual soft biometrics. The same
experiment was carried out for 8 soft biometrics from body and
22 from clothing modality. Finally, the most complicated task
of dataset annotation was performed on Annotated Pedestrians.
More than 70 soft biometrics from face, body including limbs
and clothing modality were annotated on 4-meter distance
images of the individuals, including three from the global
modality. One of the key parameters in selection of those 75
soft biometrics was their frequency in more than one research
experiments along with other parameters like permeance and
stability, which reflects their significance towards recognition
or retrieval tasks [1]. To accomplish annotation task, an expert
with experience spanning over a decade on similar annotation
tasks was selected and the dataset annotation was performed
using soft biometrics from three different modalities [44].
Over the years, expert opinion has shown more feasibility and
resulted in more accurate annotations on such types of tasks
as compared to other methods like crowdsourcing through
image visualization. By using expert opinion method, a single
label was generated for each soft biometric using image of an
individual and it is verified by a different expert. To present
a comprehensive view of the whole annotated dataset, a small
set of annotations from the dataset for each modality are
presented, like annotations performed for facial soft biometrics
starting from person no. 1 to 10 are presented in Table I, while
person no. 21 to 30 and person no. 41 to 50 were included as
sample from the annotated dataset as shown in Table II and
III, respectively. The selection of soft biometrics from each
modality, set of annotations for each soft biometrics, and cat-
egorical annotations for 50 distinct individuals from Annotated
Pedestrians dataset are highly relevant and supportive towards
recognition in short-term tracking.

B. Comparative Annotations

Usually, feature based retrieval is one of the key task under
the umbrella of security [45] and soft biometrics are significant
set of features to accomplish this task. In terms of retrieval,
a comparison using the features is very common approach
followed in different research experiments. In order to support
the retrieval process using visual features of an individual,
we also performed comparative annotation of our Annotated
Pedestrians dataset. Using collective expert opinion based
method, there were 26 soft biometrics selected for comparative
annotation of visual soft biometrics as shown in Figure 6. This
number is less than the number of categorical soft biometrics
selected in earlier annotation process [46]. There are two main

reasons behind this e.g., i) increasing the number of soft
biometrics always increase the number of comparisons during
retrieval process and results in the form of increased algorithm
complexity, and ii) several soft biometrics are not appropriate
for comparison like categorical. In our experiment, 6 soft
biometrics were selected for comparative annotations [47]
from extended facial modality, while 8 from the body modality
and 12 from the clothing modality. These soft biometrics are
highly relevant and supportive for comparative annotation and
again 4 meter images of all the 50 distinct individuals were
used by the expert.

In this paper, we included one of major soft biometrics
called Face Type from extended facial modality rather, total 6
used for comparative annotation and presented a comparison
of Face Type by selecting images for person no. 1 to 10 and
41 to 50 in Table IV. In other words, person no. 1 was selected
and compared with person number 41 to 50 using Face Type
comparative soft biometrics and one out of three possible
annotations e.g., shorter, similar or larger, was selected. The
same experiments were carried out using comparative soft
biometrics called Figure from body and overall clothing color
scheme from clothing modality [21]. For examples, using body
modality, Figure was used to compare person no. 11 with
person number 31 to 40 as shown in Table V. Similarly,
using overall clothing color scheme, the person no. 1 was
compared with person number 21 to 30 as shown in Table
VI. These comparative annotation experiments were performed
for images of all 50 individuals, however, only a limited set
is included for the purpose of whole dataset representation.
Overall, the comparative soft biometrics selected from all
three modalities of the human body are highly relevant and
supportive towards retrieval task from the dataset.

IV. KEY REFLECTIONS ON ANNOTATION PROCESS

One of the major contributions made in this research is
the development of a benchmark dataset for the pedestrians
recognition or retrieval at distance and later, building an ap-
propriate set of soft biometrics from each modality to perform
qualitative annotations. This is one of the unique datasets in
this domain, however, there are several challenges exist to
develop more comprehensive annotations for the dataset like;

• The first phase of Annotated Pedestrians dataset is
recorded in early 2021 including 50 distinct individuals
at four different distances from the camera [14], however,
the second phase is planned to be recorded in few months
time with a gap of approximately two years. By this
Annotated Pedestrians will be a novel dataset of its kind
in which same individuals will be recorded after gap of
two years. It will also incorporate different clothing [30]
for the same individuals with change in appearance, after
pandemic.

• The Annotated Pedestrians dataset contains a significant
number of soft biometrics from three modalities of the
human body using qualitative annotations, and they are
more appropriate for short-term tracking [17] and re-
trieval [21] from the dataset respectively. By keeping in
mind the usefulness of Bertillon system [35] and with
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TABLE I: Categorical annotations for extended facial modality.

Attribute/Person 1 2 3 4 5 6 7 8 9 10

Face Type [48] Fleshier Normal Bony Bony Normal Bony Fleshier Normal Normal Bony
Hair Color [49] Black Black Brown Blond Brown Gray Brown Black Black Blond
Forehead [48] Small Small Large Large Large Small Large Small Small Large
Skin Exposure [50] Medium Low Medium Medium Medium Medium Low Low Medium Medium
Eyes [23] Small Small Large Small Large Small Round Small Small Small
Skin Color [47] Tanned Oriental White White White Tanned White Oriental Tanned White
Nose Width [9] Average Small Average Average Small Large Small Average Average Small
Chin Width [9] Small Small Small Small Small Small Large Small Small Small
Moustache [31] No Yes No No No No No No No No
Neck Thickness [51] Thick Thin Thin Thin Average Thin Thick Thin Average Average
Nose Shape [52] Protruding Same Flatter Protruding Same Protruding Same Same Same Flatter
Nose Length [52] Average Average Short Average Average Average Large Average Average Short
Chin and Jaw [9] Rounder Same Angular Angular Rounder Same Same Same Same Same
Mouth Length [23] Average Average Average Large Average Small Average Average Average Small
Beard [31] No No No No No No No No No No
Neck Length [44] Medium Short Medium Long Medium Long Short Short Medium Long

TABLE II: Categorical annotations for body including limbs modality

Attribute/Person 21 22 23 24 25 26 27 28 29 30

Figure [47] Thick Normal Thin Thick Normal Normal Thin Thin Normal Normal
Shoulder Width [49] Wide Average Average Wide Average Average Narrow Average Wide Wide
Hips Width [49] Average Average Narrow Wide Average Average Narrow Narrow Wide Average
Muscle Build [21] Normal Build Normal Normal Normal Build Lean Normal Build Normal
Shoulder Shape [47] Rounded Squared Normal Rounded Normal Squared Normal Normal Squared Squared
Arm Length [17] Long Normal Normal Normal Normal Normal Normal Normal Normal Long
Leg Length [21] Long Normal Long Normal Normal Normal Long Normal Short Long
Chest [44] Large Large Average Large Average Average Slim Slim Large Large

TABLE III: Categorical annotations for clothing with attachments modality

Attribute/Person 41 42 43 44 45 46 47 48 49 50

Head Coverage [40] No Yes No No No No Yes No No No
Neckline Size [40] Medium Small Medium Medium Small Medium Medium Small Small Medium
Neckline Shape [40] Round Shirt Collar Shirt Collar Round Round Round Strapless Shirt Collar Shirt Collar Shirt Collar

Overall Clothing
Color Scheme [50] Neutral Cool Cool Cool Cool Cool Cool Cool Cool Cool

Upper Body Clothing [17]
Category Shirt Coat Coat Hoodies Sweater Shirt Coat Coat Coat Jumper
Brightness Average Dark Dark Dark Average Light Average Dark Dark Average
Color Scheme Neutral Cool Cool Cool Cool Neutral Cool Cool Cool Cool
Dominant Color Dual Multiple Single Dual Multiple Single Multiple Single Dual Dual
Pattern Simple Simple Simple Simple Complex Simple Complex Simple Simple Simple
Sleeve Length [40] Long Long Long Long Long Medium Long Long Long Long
Gloves [40] No No No No No No No No No No
Attached Object [40] No Yes No No No No Yes No Yes No
Presence of Belt [17] Yes No No Yes No No No No No No

Lower Body Clothing [17]
Category Trouser Trouser Dress Trouser Dress Dress Trouser Trouser Dress Dress
Brightness Dark Dark Dark Average Average Dark Dark Dark Average Dark
Color Scheme Cool Cool Cool Neutral Neutral Neutral Cool Cool Neutral Cool
Dominant Color Single Single Single Single Single Single Single Single Single Single
Pattern Simple Simple Simple Simple Simple Simple Simple Simple Simple Simple
Contrast [31] Medium Medium Medium Low Medium High Medium Low Medium Medium
Footwear Toed [23] Close Close Close Close Close Close Close Close Close Close
Heel Level [53] Low Low Low Medium Low Medium Low Low Medium Low
Shoes [53] Boot Boot Boot Boot Boot Boot Boot Boot Boot Boot

the availability of highly accurate human body landmark
localization techniques like OpenPose [54], AlphaPose
[55] and OpenPifPaf [56], we initially plan to extract key
facial and body points and then to determine quantitative
values for different soft biometrics of the human body.
Those quantitative soft biometrics will be estimated di-
rectly from the images of the pedestrians and facilitate
more accurate recognition in open environments.

• Though clothing and any material attached to the human
body is a set of soft biometrics under the temporary
modality [1] for recognition or retrieval, however, it has
usefulness in short-term tracking and an auxiliary compo-
nent to predict cultural or tradition. The cultural context
[57] is not directly capable of recognition, however, it
may become an auxiliary component for any soft biomet-
ric recognition system. For instance, for people arriving
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at an entry point, a cumulative clothing soft biometrics
may be determined using their cultural context. One of
the key future action point is to annotate the dataset for
determining the clothing soft biometrics using techniques
like Deep Fashion [58].

• In this work, we used expert opinion based annotation
method to annotate the soft biometrics of the human
body using qualitative annotation types [1]. They are all
manual methods for annotation. In our earlier discussion,
we plan to develop automated annotation techniques
using landmarks localization tools and tools like deep
fashion [58]. By this we have a very good opportunity to
compare the outcome of automated annotation techniques
with manual annotations for soft biometrics. In simple
words, this comparative analysis will not only make the
annotation task automated but also identify the areas of
further improvement.

• Both traditional and soft biometrics are a very large
set of features from different modalities of the human
body [14], however, to use limited number of features
from each modality results in better performance of
overall recognition or retrieval system. This termed as
feature selection in machine learning, however, in our
approach feature selection should be application domain
specific and only features related and supportive to each
other should be used for recognition or retrieval. Like
in [59], non-linear regression analysis was performed on
soft biometrics from clothing modality to develop a set
of highly relevant and supportive soft biometrics from
clothing modality. In our future course of action, it is
critical to develop multiple sets of related and supportive
soft biometrics from different modalities of the human
body in terms of different generalize application domains.

• In [1], an analysis was performed to determine the
significance of two very important factors associated with
individual soft biometrics called permanence score [60]
and discrimination power [9]. The permanence score is
measured across the images of the same individual over
the time and distance, while discrimination power is
calculated using the images of the different individuals.
In our future work, we plan to define a weight for
each individual soft biometrics from different modalities
of the human body based on permanence score and
discrimination power.

V. CONCLUSION

This paper introduces a novel annotated dataset for pedes-
trian recognition or retrieval using soft biometrics called An-
notated Pedestrians, The dataset was recorded for 50 distinct
individuals at four different distances from the camera. For
each individual, there were 300 frames recorded at the rate of
30 FPS. To verify the automated extraction of the images at
four different distance from the camera, markers were placed
on the surface at 4 m, 6 m, 8 m and 10 m distance from
the camera. The dataset comprised of both genders, age range
from 15 to 60 years, and five different ethnic groups. The
dataset was annotated using qualitative method of annotation

by an expert in the field and 75 soft biometrics from four
different modalities of the human body were annotated using
categorical or comparative annotation types. To the best of our
knowledge, Annotated Pedestrians is a unique dataset of its
kind, which is recorded and annotated using multiple different
modalities of the human body, including approximately 75 soft
biometrics. Despite traditional biometrics, soft biometrics are
more promising features of the human body during recognition
in any constrained or un-constrained environment. Soft bio-
metrics offer seamless mode for recognition or retrieval and a
stepping-stone toward the development and evaluation of any
standalone soft biometrics-based person verification system.
On the other hand, the extended applications of soft biometrics
over traditional biometrics expand from content-based image
retrieval to continuous authentication in virtual environments,
and fashion industry besides surveillance.
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