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Abstract

Advancing state of the art in face recognition and bridg-
ing the gap between laboratory and real-world scenarios
require availability of challenging databases. One of the
challenging applications in face recognition is surveillance,
where unconstrained video data is captured both in day and
night time (visible and near infrared) with multiple subjects
in frames, which are matched with good quality gallery im-
ages. Due to the lack of an existing database for such
a cross spectral cross resolution video-to-still face recog-
nition application, this is still an open research problem.
This paper presents a video database that can be utilized
to benchmark face recognition algorithms addressing cross
spectral cross resolution matching. The proposed Cross-
Spectral Cross-Resolution Video dataset (CSCRV) contains
videos pertaining to 160 subjects with an open-set protocol.
We present baseline results with two commercial matchers
for two experimental scenarios, where we observe very low
performance of both the matchers. It is our assertion that
this dataset can help researchers develop robust face recog-
nition algorithms to handle real world surveillance scenar-
ios.

1. Introduction

Advancements in the field of science and technology in-
duces higher standards of living and improvement in the
quality of human life. It enables individuals as well as orga-
nizations to be more aware of their surroundings by provid-
ing them with tools to develop a more secured environment.
One such application for enhancing security is automated
surveillance systems. Over the past few years such systems
have gained immense popularity [16], primarily due to the
convenient size of devices, ease of installation of the sys-
tems and effortless invigilation. Devices for unconstrained
surveillance monitoring are being installed in public places
such as markets, societies and community places. Though
the hardware for unconstrained surveillance is readily avail-
able, automated identity recognition in such arduous set-

tings still requires focused attention from the research com-
munity [13, 15].

In real-world surveillance scenarios, videos are captured
in completely unconstrained environment, for both day and
night time. For improved acquisition in night-time, surveil-
lance devices often function in Near Infrared (NIR) do-
main, as opposed to visible spectrum for day-time acquisi-
tion [10, 11, 14, 19, 20]. Images of an individual captured at
varying distances from the camera also leads to large varia-
tions in resolution of the face images obtained [5, 6]. These
two problems combined together give rise to the problem of
cross-spectral, cross-resolution face recognition. Coupled
with varying pose, illumination, movement and presence of
multiple subjects in a frame, unconstrained face recognition
in surveillance videos poses major challenges for fully au-
tomated systems.

Recently, on 26th March 2016, in the unfortunate inci-
dent of Brussels Bombing, the suspects were identified us-
ing the surveillance feed obtained from the airport and tram
stations. As shown in Figure 1, one such frame released by
the security agencies was used to identify the suspects. The
unconstrained nature of this problem can be observed in the
extracted frame. The successful use of such feed to help
law enforcement agencies reinforces the need to develop an
effective and automated system for real world scenarios.

Figure 1. Frame released from the video footage of the Brussels
Bombing (2016) suspect.

Currently, there exist very few publicly available video



Table 1. Existing publicly available video datasets for face recognition

S.No. Database Number of Subjects | Number of Videos Mult.l ple Subjects Spectrum
in frame
1. Face in Action (2005) [9] 180 6,470 No VIS
2. YouTube Faces (2011) [17] 1,595 3,425 No VIS
3. ChokePoint (2011) [18] 54 48 No VIS
5. PaSC (2013) [4] 265 2,802 No VIS
6. SN-Flip (2014) [3] 190 28 Yes VIS
4. McGillFaces (2015) [7] 60 60 No VIS
7. ACVF (2015) [8] 133 201 Yes VIS
8. CSCRYV (proposed) 160 193 Yes VIS and NIR

datasets for face recognition (see Table 1). Out of those
given in Table 1, only SN-Flip [3] and ACVF [8] datasets
contain videos having multiple subjects in one frame and
all the existing databases are in visible spectrum. Videos
belonging to SN-Flip dataset contain almost-still subjects
with very less motion, while videos provided by ACVF
are captured using hand-held cameras. To the best of our
knowledge', none of the existing publicly available datasets
provide videos in both visible and NIR spectrums captured
at varying distances in unconstrained environment. In this
research, we present the Cross-Spectral, Cross-Resolution
Video (CSCRV) dataset, which consists of 193 videos of
160 subjects captured during the day (visible spectrum) and
night (NIR spectrum). All videos capture the subjects in an
unconstrained settings, walking from a distance of 10m, in-
dividually or in groups of two or more. In order to make
the dataset more challenging and simulate real world sce-
narios, an open-set protocol is also presented for face iden-
tification. We perform baseline experiments using two com-
mercial matchers and results show the challenging nature of
the database. Section 2 provides details about the proposed
dataset, whereas Section 3 and Section 4 discuss the exper-
imental protocol and baseline results. This is followed by a
section on the conclusions and practical applications of this
dataset.

2. Dataset Description

The proposed dataset contains 193 videos of 160 sub-
jects, where each video comprises of at least one and at
most three subjects. Videos are captured at different loca-
tions and consists of both day and night time videos. Videos
captured during the day-time are in the visible spectrum,
whereas, night-time videos are captured in the NIR spec-
trum. Out of 193 videos, 98 videos are captured during the
day-time while the remaining 95 are captured during the
night-time. Figure 2 presents some sample frames from the
dataset for two subjects.

'While there are a few cross-spectral face image databases, our focus is
on video face recognition and therefore, we are not discussing still image
databases.

2.1. Data Acquisition Setup

For data acquisition, a camera is mounted on a tripod
stand and videos of subjects walking from a distance of
10m are captured. For day-time videos, other than natu-
ral sunlight, no extra source of illumination is used. Visible
pass filter is placed on the lens to ensure that only visible
spectrum data is captured. For night-time videos, an NIR
illuminator is placed behind the camera. A visible cut filter
is placed on the lens which ensures that videos are captured
in the NIR spectrum. The lighting from natural/artificial
sources was left as it is. Figure 3 presents the setup used for
data acquisition.

2.2. Devices Used
The following devices are used for data acquisition:

e GO-5000M-USB camera acquires monochromatic
data in visible and NIR spectrum. The frames recorded
are of 2560x2048 resolution in full 5-mega-pixel out-
put. For better acquisition, auto gain and exposure of
the camera are set to continuous and the frame rate is
fixed to 20 frames per second. No compression is ap-
plied for storage of videos and a tripod stand is used
to mount the camera, thereby ensuring stability dur-
ing acquisition. These devices are consistently used in
day-time as well as night-time data acquisition.

e For night-time, Advanced Illumination RL.113-850IC
(NIR) illuminator is used. It is used at 100% intensity
to enhance quality of captured data.

o Still images are captured using smart phones having a
resolution of at least 8 mega-pixel.

2.3. Volunteers and Dataset Statistics

The entire dataset consists of 87 male and 73 female sub-
jects aged between 18-27 years. Out of 160 subjects, 125
subjects have at least one day-time video, one night-time
video, and three high resolution still images. For a particu-
lar subject, all videos are captured on different days, thereby
resulting in multiple sessions. 61 videos have one subject,
while the remaining 132 videos have two or more subjects.



(B) Sample frames of Subject B

Figure 2. Sample frames from two videos of the CSCRV dataset. (a) corresponds to the high resolution still image of the subject, (b)
represent some frames from the subject’s day-time video and (c) represents some frames from the subject’s night-time video.

Table 2. Details about the proposed CSCRV Dataset

Time Spectrum | Videos | Subiects Mean Duration | Min. Duration Number of Number of
of Day p J (secs) (secs) Frames Detected Faces

Day Visible 98 148 10.63 7.00 20,859 33,696
Night NIR 95 158 10.57 7.00 20,091 34,714

Average length of the videos for the entire dataset is 10.60

corresponds to a unique ID given to each subject.

seconds. The dataset contains 40,950 frames and 68,410
detected faces. Further details about the dataset are given in
Table 2.

2.4. Nomenclature and Data Distribution

All videos are named in the following format:
"Time_LocationID_VideolD _SubjectID1 _... _SubjectIDn’
Here, time refers to the time of the day the video was
captured and may take two values, N or D. LocationID
corresponds to the location at which the video was cap-
tured. It can take one of the four values: S1, S2, S3 or S4
(S1 and S2 refer to day-time locations, while S3 and S4
refer to night-time locations). VideolD corresponds to a
unique ID given to each video of a location and SubjectID

example, consider the video name N _54_V28_67_0, where
N corresponds to a night-time video and S4 denotes that
the video was captured in the fourth location. V28 denotes
that video’s unique ID and the remaining number(s) denote
the subject IDs which are present in the video. Subject ID
0 corresponds to subjects belonging to the open-set. This
nomenclature ensures that every video is given a unique
and informative name. Each subject has three still images
which have been named as SubjectID_1, SubjectID_2 and
SubjectID_3 for each subject.

The dataset also includes annotated frames containing
a bounding box for every face in each frame (total 68410
faces), following the nomenclature described above. Along
with the loose cropped face images, each subject’s three



Figure 3. Data acquisition setup: (a) represents subject at a distance of 10m from the camera, (b) shows the subject at a distance of 7m and

in (c) the subject is at a distance of 1m.

high resolution still images are also part of the release. A
small section of non-overlapping videos acquired under the
same setup are also provided as a training set for learning-
based experiments.

3. Experimental Protocol

Since CSCRYV dataset captures both cross-distance and
cross-spectral nature of the real world surveillance sce-
narios, two protocols (Cross-Distance and Cross-Distance
Cross-Spectral) are proposed. In both protocols, high res-
olution still images of subjects are considered as gallery,
while all videos are considered as probes (i.e. Still-to-Video
matching). Out of 160 subjects, 35 are open-set subjects,
i.e. their gallery images are not available. For each frame in
all videos, a loose bounding box is obtained by tracking the
first occurrence of every subject. This is done via the KLT
algorithm [12] in MATLAB. Two commercial off-the-shelf
systems (COTS), FaceVACS [1] and Luxand [2], are used to
obtain baseline identification results on the proposed dataset
for the two protocols explained below.

3.1. Scenario I: Cross-Distance Still-to-Video Face
Matching

In the first scenario, visible spectrum videos are provided
as probes which are to be matched with visible spectrum
still images (gallery). A total of 125 subjects are enrolled
in the gallery and 98 videos of 148 subjects are provided as
probes, thereby resulting in an open-set protocol. On this,
two baseline experiments are performed:

e Experiment 1: The entire video is considered as the
probe and identification of subjects in each video is
performed.

e Experiment 2: In the second experiment, results are
reported on the basis of the distance of the subject from
the camera. The videos are divided into three seg-
ments: 0 —4m, 4 — 7m and 7 — 10m. Recognition
results for all three categories are computed individu-
ally.

(A) Night-time videos

i (8
(B) Day-time videos

Figure 4. Sample challenges present in CSCRV dataset displaying
covariates such as occlusion, shadow, pose variations, very low
resolution and varying illumination.

3.2. Scenario II: Cross-Distance Cross-Spectral
Still-to-Video Face Matching

In this scenario, NIR spectrum videos (night-time) are
provided as probes which are to be matched with visible
spectrum gallery images. A total of 125 subjects are en-
rolled in the gallery and 95 videos corresponding to 158
subjects are provided as probes. Similar to the previous ex-
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Figure 5. Cumulative Match Characteristics (CMC) curves ob-

tained for experimental setup where the entire video was provided
as probe, to be matched with a still high resolution gallery.

periments, two set of recognition results are reported:

e Experiment 1: In the first set of experiments, the en-
tire video is considered as a probe and identification is
performed on the entire data.

e Experiment 2: In the second experiment, videos are
divided on the basis of the subject’s distance from the
camera. The videos are divided into three segments:
0—-4m, 4 — 7m and 7 — 10m. Recognition results
for all three categories are computed individually.

Results corresponding to both the scenarios are given in
the following section.

4. Results

Figures 5 and 6 show the Cumulative Match Charac-
teristics (CMCs) for experiments mentioned in Section 3.
Two COTS, FaceVACS (COTS-I) and Luxand (COTS-II),
are used for computing the baseline results. Table 3 shows
the rank-1 identification accuracies for all the experiments.

Since the protocols are for still-to-video matching, for a
video, scores obtained for each frame are combined via (i)
mean-score fusion and (ii) max-score fusion. Key results of
the experiments are given below:

e In cross-distance experimental protocol, where the
probes consist of visible spectrum videos and gallery
consists of high resolution visible spectrum images, a
rank-1 identification accuracy of 77.8% is obtained us-
ing COTS-I with mean-score fusion. At the same time,
COTS-II results in a rank-1 identification accuracy of
57.4%.

e In cross-distance cross-spectral experimental pro-
tocol, where the probes are NIR spectrum videos and
gallery consists of high resolution visible spectrum im-
ages, COTS-II gives a maximum rank-1 accuracy of
30.1% using max-score fusion. COTS-I yields a max-
imum accuracy of 28.4% using mean-score fusion.

e In cross-distance experimental protocol, when the
subject is at a distance of 7 — 10m, COTS-II results
in rank-1 identification accuracy of 7.1% by applying
max-fusion on scores. COTS-I reports an accuracy
of 37.1%. For the same setup, cross-distance cross-
spectrum protocol results in a rank-1 accuracy of
1.8% using COTS-I and 1.2% using COTS-II. This set
of experiments, where the subject is at the maximum
distance from the camera, emphasizes upon the need to
focus on cross-distance cross-spectral face matching in
unconstrained surveillance scenarios.

e When the subjects are at a distance of 4 — 7m, slight
improvement in rank-1 accuracies is observed. Mid-
dle column of Figure 6 presents the cumulative match
characteristics curves for the distance of 4 — 7m.

e For the setup where the subjects are closest to the
camera, (0 — 4m), significant improvement is seen
in rank-1 accuracies, as opposed to the setup where
the subject is at the maximum distance. For cross-
spectral cross-distance protocol, COTS-I and COTS-
IT report an accuracy of 33.7% and 30.2% respec-
tively. When the probe videos contain visible spectrum
videos, COTS-I reports a rank-1 accuracy of 78.4%,
while COTS-II reports a maximum rank-1 accuracy of
57.9%. These results further justify the claim that face
recognition at a distance is still a challenging problem
and demands focused attention, especially for cross-
spectral scenarios.

From Table 3, it can be seen that there is a consider-
able margin between the same spectral and different spectral
face recognition performance. The results reported for the



Table 3. Rank-1 accuracies (%) obtained for four sets of experiments: entire videos as probe and distance based videos as probes (7 — 10m,
4 — Tm and 0 — 4m) using COTS-I and COTS-II. The results tabulated below correspond to mean based score fusion of frames.

Rank-1 Identification Accuracy (%)

\ Cross-Resolution (Day) \

Cross-Resolution Cross-Spectrum (Night)

Entire Video | 7 — 10m 4 —Tm 0—4m Entire Video | 7 — 10m 4 —Tm 0—4m
COTS-I 77.8 37.1 70.6 78.4 28.4 1.8 10.0 33.7
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Figure 6. CMC curves for experiments performed on Visible and NIR videos of CSCRV Dataset. Image-to-video matching is performed,
where gallery constitutes high resolution still images and probe constitutes the acquired videos. (A) corresponds to results obtained for
day-time videos and (B) corresponds to the night-time videos. Each column represents distance based results, i.e. when the subject is at
varying distances from the camera. Left to right: 7 — 10m,4 — 7m and 0 — 4m.

above mentioned protocols depict the challenging nature of
the proposed dataset. To further motivate the use of the pro-
posed dataset, Figure 4 gives some sample face images from
the videos with challenging covariates. While we focused
on still-to-video face matching, video-to-video matching
can also be performed for cross-distance and cross-spectral
scenarios.

5. Conclusion

In modern world, automating face recognition for 24
hour surveillance encompasses two major research hurdles,
namely cross-distance (cross-resolution) and cross-spectral
(VIS-NIR) face recognition. This work presents the Cross-

Resolution Cross-Spectral Video (CSCRV) database which
provides a platform to work on the challenging task of
unconstrained face recognition in both cross-distance and
cross-spectral scenarios. Experimental protocols are de-
fined and baseline results obtained by commercial matchers
illustrate the complex nature of the problem. To promote
further research, this database will be made available to the
research community.
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