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Abstract

Face recognition at a distance is gaining wide atten-
tion in order to augment the surveillance systems with face
recognition capability. However, face recognition at a dis-
tance in nighttime has not yet received adequate attention
considering the increased security threats at nighttime. We
introduce a new face image database, called Near-Infrared
Face Recognition at a Distance Database (NFRAD-DB).
Images in NFRAD-DB are collected at a distance of up to 60
meters with 50 different subjects using a near-infrared cam-
era, a telescope, and near-infrared illuminator. We provide
face recognition performance using FaceVACS, DoG-SIFT,
and DoG-MLBP representations. The face recognition test
consisted of NIR images of these 50 subjects at 60 meters
as probe and visible images at 1 meter with additional mug
shot images of 10,000 subjects as gallery. Rank-1 identifi-
cation accuracy of 28 percent was achieved from the pro-
posed method compared to 18 percent rank-1 accuracy of
a state of the art face recognition system, FaceVACS. These
recognition results are encouraging given this challenging
matching problem due to the illumination pattern and insuf-
ficient brightness in NFRAD images.

1. Introduction

Face recognition is one of the most popular research ar-
eas in biometrics for its wide applications in access control,
government ID cards, forensics, and surveillance systems
[12]. Due to the non-contact and remote sensing capabili-
ties of the face biometric, it is regarded as the only viable
biometric trait to be used in surveillance systems for sub-
ject identification. Integrating face recognition capability in
surveillance systems will significantly improve the security
of the monitoring area.

Among the many challenges in face related applica-
tions, face recognition at a distance is regarded as rather
unique and the most imminent problem for subject iden-
tification in surveillance applications. Typically, the large
intra-class variations due to pose, lighting, and expression
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Figure 1. Schematic of the Near-infrared Face Recognition at a
Distance (NFRAD).

variations make face recognition a challenging problem in
all the applications using face biometric. Even though all
the aforementioned problems exist in surveillance scenar-
ios, the low resolution problem due to the large standoff
between the camera and subject is considered the most fun-
damental problem in face recognition at a distance (i.e., in
surveillance environments). With progress in face recogni-
tion techniques over the past decades, the performance of
face recognition has significantly improved, given frontal
pose and normal lighting conditions. However, with low
resolution images, the face recognition performance is still
poor even if the face image appears as frontal under nor-
mal lighting conditions. Therefore, it is essential to address
the low resolution problem first, and then take advantage
of the advanced face recognition techniques that have been
developed for face image under reasonable conditions (i.e.,
near-frontal pose and uniform lighting conditions).

Considering the increased security threats in nighttime,
face recognition techniques in surveillance systems need to
be coupled with the capability of face recognition at night-
time. Use of a search light would be one option to enable



face recognition at night, but it will violate the requirement
of covert surveillance. Therefore, the use of infrared light
is considered as a promising method of face recognition at
night in surveillance applications. The advantage of the
use of near-infrared light for face recognition in surveil-
lance at nighttime has the following advantages [10]: (1)
near-infrared illuminator is not visible to the human eye
and keeps the surveillance operation covert, (2) NIR images
captured are not affected by ambient temperature compared
to thermal images, and (3) the additional cost involved in
using the near-infrared illuminator is relatively low. There-
fore, face recognition in near-infrared spectrum has been
investigated actively by many research groups. However,
near-infrared face recognition has been mostly studied at
relatively close distances [5]; the use of near-infrared light
source at a long distance has not yet received much atten-
tion. Fig. 1 shows the schematic of the proposed NFRAD
system using a near-infrared camera, a telescope, and a
near-infrared illuminator.

Table 1. Summary of image databases for FRAD
Database IRIS-LDHM [14] FRAD [10]

No. of Indoor: 55; Outdoor: Outdoor:
subjects 48 97

Indoor: 10 to 20 meters

15 to 80

Distance Outdoor: 50 to 300
meters
meters
Resolution 640x480 4752%x3168
Format Still image (BMP) and Still image

video sequence (AVI)

There are a number of closeup face image databases pub-
licly available for performance evaluation of face recog-
nition systems. AR [7], BANCA [2], FERET [9] and
FRGC [3] are some of the representative face image
databases collected at a close distance and with constant
zoom. A few research groups have collected long dis-
tance face image databases for face recognition at a dis-
tance (FRAD) [13]. Yao et al. [14] collected a face video
database, IRIS-LDHM, at a long distance with high mag-
nifications, both in indoor and outdoor settings. Rara et
al. [10] collected FRAD database in both indoor and out-
door environments. They also proposed a FRAD system as
far as 1,000 meters in challenging imaging conditions. Ta-
ble 1 summarizes two representative face image databases
collected at a long distance. While these FRAD databases
include face images at a distance, they do not include near-
infrared long distance face images which are captured at
night. To address the problem of face recognition at a dis-
tance in nighttime environment, we have collected a FRAD
database in nighttime using near-infrared spectrum, called

NFRAD-DB. To the best of our knowledge, this is the first
attempt to build a face image database for the study of near-
infrared face recognition at a distance. The rest of this pa-
per is organized as follows. Section 2 explains the sensor
configuration, section 3 describes the data acquisition setup,
and section 4 describes the face recognition experiments us-
ing the collected database, and section 5 concludes this pa-
per.

2. Sensor Configuration

For collecting FRAD database, additional devices should
be appended to the basic image acquisition system. Yao et
al. [14] set up an imaging system for outdoor sequence col-
lection using a telescope and DSLR camera. To acquire
long distance images, the telescope is used with an afo-
cal connection and eyepieces. Rara et al. [10] built their
own passive stereo acquisition setup to collect the FRAD
database using two CCD cameras mounted on pan-tilt units
on two separate tripods.

To collect the NFRAD-DB, we also built our own imag-
ing system. NFRAD imaging system was built with the
Sky-Watcher SK MAK180 telescope (focal length of 2700
mm) coupled with a Nikon D80 DSLR camera for high res-
olution image capture. Nikon DSLR is connected to the
eyepiece of the telescope. To connect these two devices, we
used a DSLR camera-eyepiece connector ring. Although
there are many cameras and camcorders which have a night
vision functionality (by using their integrated compact near-
infrared illuminators), these illuminators are not sufficiently
strong to be used at a long distance. Moreover, most of
the commercial cameras and even cameras with night vi-
sion features have built in IR (and UV) filters in the sensor.
We removed the UV filter from the DSLR to prevent it from
blocking NIR rays from the illuminator and used this mod-
ified DSLR for data collection.

The near-infrared light is also essential for collecting
nighttime images, but the light should be sufficiently strong
to illuminate subjects at a long distance. Fig. 2 shows a
subject’s face images with and without the presence of near-
infrared light. For acquiring nighttime face images at vari-
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Figure 2. Nighttime images acquired using a near-infrared illumi-
nator: (a) illuminating the face of the subject and (b) pointing the
near-infrared light next to the subject. This shows that the face
is visible only by the near-infrared illuminator not by any other
ambient lighting source.
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Figure 4. Example images in NFRAD-DB: the data for each subject consists of frontal, left, and right facial images captured at (a) 1 meter
during the daytime, (b) 1 meter during the nighttime, (c) 60 meters during the daytime, and (d) 60 meters during the nighttime.

Figure 3. Sensors used in the NFRAD-DB collection: (a) Sky-
Watcher telescope connected to a Nikon camera and (b) near-
infrared illuminator.

ous distances, two near-infrared illuminators are used. One
is LANICS illuminator which can emit near-infrared rays
up to a distance of about 1,000 meters, so it is sufficient to
put light on a face at a long distance; this is placed next
to the telescope to illuminate in the same direction as the
telescope. The range of wavelengths of the near-infrared

ray is from 810 nm to 960 nm (peak at 868 nm). Another
near-infrared illuminator is 24 IR LED built in a CCTV
(GUARDCAM, SS81 IR24) which is appropriate for short
distances. Fig. 3 shows the imaging system used in the
NFRAD database collection.

3. Data Acquisition

The NFRAD database contains visible images and NIR
images at a long distance (60 meters)! and a short distance
(1 meter). We captured frontal, left, and right facial images
of 50 subjects under the following conditions: (1) 1 meter-
day, (2) 1 meter-night, (3) 60 meter-day, and (4) 60 meter-
night. All the images were collected in an indoor environ-
ment on the Korea University campus; the subjects were
university students. Table 2 describes the database specifi-
cation. The total size of the database is 1.25 GB.

Table 2. Summary of the NFRAD-DB
No. of subjects 50

Distance 1 meter and 60 meters

Fluorescent light

Lighting condition (Day), Infrared light
(Night)
Resolution 3872%2592
Format Still image (JPEG)

IThis distance was limited by the size of the room that we had access
to on the Korea University Campus.



3.1. Short-distance Database

Short-distance (1 meter) database includes 6 still images
per subject and contains frontal face, left face, and right
face during the day (visible light) and at night (near-infrared
light). Nighttime images are collected at 1 meter standoff
in a dark room. Day images are collected under a fluores-
cent light by using the adapted DSLR camera with SIGMA
28-80 mm F2.8-4 DS zoom lens. The night images are col-
lected (with no visible light) using the adapted DSLR cam-
era without the UVIR filter and a near-infrared illuminator
of 24 IR LED which is appropriate for short distance cap-
ture. Figs. 4(a) and 4(b) show examples of short-distance
images. Short-distance face database has 50 subjects (74
percent males and 26 percent females). The image resolu-
tion is 3872x2592 pixels and all the images are stored in
the JPEG format.

3.2. Long-distance Database

For long-distance database collection during the day
(visible light) and at night (near-infrared light), the pro-
posed NFRAD imaging system is used. Long-distance
database also includes 6 still images per subject at 60 meters
and contains frontal, left, and right facial images during the
day (visible light) and at night (near-infrared light). Still im-
ages are also collected in indoor environments, with no vis-
ible light. Day images are collected under fluorescent light
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Figure 5. Schematic of the overall face recognition process.

by Sky Watcher telescope and the modified DSLR camera,
and night images are collected using near-infrared light pro-
vided by an LANICS illuminator which is appropriate for
long distance. Fig. 4(c) and 4(d) show example images in
the long-distance database. Long-distance database has 50
subjects which are the same as those in the short-distance
database. The image resolution is 3872x2592 pixels and
all the images are stored in the JPEG format.

4. Face Recognition

Long-distance night images in NFRAD-DB have unique
illumination patterns (Fig. 4(d)). The pattern is due to the
shape of the illuminator’s light source array, and it poses
difficulty in face recognition. To compensate for this, we
applied preprocessing to the captured face images to reduce
the effect of the illumination pattern and enhance the image
quality. For representing a face, we extracted features using
SIFT and MLBP local descriptors.

In order to evaluate the performance of face recognition
on NFRAD-DB, we tested various methods of face recog-
nition: (1) a COTS matcher, FaceVACS [1], (2) DoG-SIFT,
and (3) DoG-MLBP. The face recognition experiments used
short distance (1 meter) day images (50 images of 50 sub-
jects) as gallery. Additional 10,000 images of 10,000 sub-
jects from the MORPH database [11] were also added to the
gallery to increase the complexity of the face identification
task. Even though the images in MORPH are different from
the gallery in terms of pose, overall face size, ethnicity, etc.,
it is the only large public domain face image database avail-
able. We used 50 frontal NIR images at a short-distance and
50 frontal visible and NIR facial images at a long-distance
of 50 subjects as probe images. Fig. 5 shows the overall
schematic of the face recognition process.
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Figure 6. Schematic of the preprocessing for two different face
images: (a) input image, (b) cropped image using eye position,
(c) histogram equalized image, and (d) DoG image (filter size=10,
0=0.5). Images in the first and second row correspond to long-
distance night (probe) and short-distance day image (gallery), re-
spectively.



4.1. Preprocessing

Preprocessing involves face detection, segmentation,
histogram equalization, and Difference of Gaussian (DoG)
filtering. The face is detected based on eye locations in the
image, and then the image is rotated according to the left
and right eye locations which are aligned with the horizon-
tal direction. Based on the distance between the eyes, the
images are resized and cropped to a size of 90x 120 pixels.
With normalized images, histogram equalization is applied
to spread out the most frequent intensity values. In partic-
ular, this method is useful for images with background and
foreground that are either both bright or both dark. There-
fore, we can mitigate the presence of illumination pattern in
long-distance night images. We also performed DoG filter-
ing on the input face images (Fig. 6). We generated various
DoG filtered images by changing the window size and stan-
dard deviation (o =0.5~0.75) of the Gaussian kernel.

4.2. Feature extraction
4.2.1 SIFT

Scale Invariant Feature Transform (SIFT) [6] is one of the
most popular local feature representation methods. It has
been successfully used in feature vector construction from
face images. [4] It consists of two stages: (1) key point
extraction, and (2) descriptor calculation in a local neigh-
borhood at each key point. In our algorithm, we extract
42 key points from the normalized face image by using a
grid of landmarks within a preset radius. The interval of
grid is 12 pixels, and the SIFT descriptors are constructed
in 24 x24 windows for calculating the gradient magnitude
and orientation of the SIFT descriptor. The gradient mag-
nitude at a pixel is calculated according to its orientation
and summarized into an 8-bin orientation histogram. Fig. 7
shows the schematic of the SIFT descriptor construction for
feature extraction. Through this process, we obtain a 128-
dimensional feature vector for each key point. The final fea-
ture vector is obtained by concatenating the feature vector at
each key point and has a dimensionality of 5,376. Euclidean
distance is used to calculate the similarity between the probe
and gallery images both using the SIFT and MLBP descrip-
tors.

4.22 MLBP

Multi-scale Local Binary Pattern (MLBP) [8] is a popu-
lar method for extracting feature vectors from face images.
MLBP descriptor is the extended version of the LBP de-
scriptor by using multiple radii and neighborhood size. The
process of constructing MLBP descriptor is similar to that
of SIFT descriptor in using sub-windows to calculate the
local histograms. In MLBP feature extraction, we used two
different radii, R = 1,2, and three different neighborhood

sizes, P =4, 8, and 12. Fig. 8 shows the parameter sets that
were used in constructing MLBP descriptors.

4.3. Experiment results

In this section, we describe face recognition results for
three different subsets of the NFRAD-DB: (1) 1 meter-
night images, (2) 60 meter-day images, and (3) 60 meter-
night images. We first compare rank-1 recognition rates
on these three sub-databases using a commercial state of
the art matcher, FaceVACS. We used 10,050 gallery im-
ages, including 10,000 additional images from the MORPH
database, and used 50 probe images in each experiment. All
gallery and probe images are in frontal facial pose. The face
recognition performances of FaceVACS on 1 meter-night
images and 60 meter-day images are perfect (100% accu-
racy). However, its performance on 60 meter-night probe
images shows extremely low accuracy (0%) due to the illu-
mination pattern which makes it difficult to detect the eyes
as well as recognize the faces.

In order to focus on the recognition capability, we la-
beled the eye positions in all the probe images (60 meter-
night images) manually. The recognition experiment with
manually detected eyes was repeated with 10,050 gallery
images. Note that FaceVACS was also provided manually
detected eye locations.

Besides FaceVACS, we used two different methods of
face recognition on 60 meter-night images: (1) DoG-SIFT
and (2) DoG-MLBP. Fig. 9 shows the face identification
results with all the three different face recognition meth-
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Figure 7. Schematic of the SIFT descriptor construction.
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Figure 8. Schematic of the MLBP descriptor construction.
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Figure 9. CMC curves showing the face recognition performance
of 50 night face images (probe) at a distance (60 meters) with
10,050 closeup visible gallery images.

ods. Note that while FaceVACS shows only an 18% rank-
1 accuracy, DoG-SIFT shows a higher rank-1 accuracy of
28%. On the contrary, DoG-MLBP performs miserably
(0%) even with manually detected eye locations. Given
a 6x6 sub-window, SIFT extracts 8 features correspond-
ing to 8-orientation bins, while MLBP extracts 74 uniform
LBP features using 4 and 8 neighborhood with R=1. The
resulting 74-dimensional MLBP features are more sensi-
tive to image translation and rotation compared to the 8-
dimensional SIFT features.

4.4. Conclusions and Future Work

We have collected a unique face database, called
NFRAD-DB, that includes normal visible still images as
well as NIR images at a long distance. We have evaluated
a state of the art face recognition engine, FaceVACS and
two additional face recognition algorithms (DoG-SIFT and
DoG-MLBP) on this database. For the 60 m night image
database, the results of FaceVACS showed an 18% rank-1
accuracy using 10,050 gallery images. Matching results us-
ing the DoG-SIFT showed a higher rank-1 accuracy than
that of FaceVACS. Although there are some challenges re-
lated to illumination pattern problem in NIR images at a
long distance, this database can be used to evaluate face
recognition for surveillance systems operating in nighttime.

We are in the process of collecting additional images to
increase the size of the database to include up to 100 sub-
jects. Our goal is to collect face images as far as 100 meters
under visible light as well as with near-infrared illuminator.
We also plan to reduce the challenge of near-infrared illumi-
nation problem by using a better quality illuminator which
has a uniform brightness across the face without forming a
noisy pattern. Additional research topics include automatic

(a)
Figure 10. Example gallery (top row) and probe (bottom row) im-
ages successfully matched at rank-1 using DoG-SIFT.
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Figure 11. Example gallery (top row) and probe (bottom row) im-
ages matched at rank- (a) 5956, (b) 2869, and (c) 1435 using DoG-
SIFT.

eye detection under various illumination conditions as well
as invariant feature extraction methods to mitigate the im-
age distortion effects observed at long distance.
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