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Abstract
In this work, we investigate the possibility of extracting
soft biometric attributes, viz., gender, race and eye color,
from down-sampled near-infrared ocular images. In particular, we evaluate the possibility of deducing gender, race
and eye color from ocular images as small as 5×6 pixels.
Our preliminary analysis yields the surprising result that
gender, race and eye color cues are still available in such
low-resolution near-infrared images. This research bolsters
the previously made assertion in the literature that certain
soft biometric attributes can be deduced from poor quality
biometric data.

1. Introduction
Extracting soft biometric attributes such as age, gender
and race from biometric data has become an active area of
research [5]. In this regard, a number of biometric modalities have been investigated including face, fingerprint, iris,
gait, hand geometry, voice, signature and ear. Besides being
used for improving the recognition accuracy of biometric
systems, extraction of soft biometric attributes has implications in personal privacy [14].
In the context of iris recognition, attributes such as gender, race and eye color have been predicted from near infrared (NIR) iris or ocular images [3, 23, 13]. Thomas et
al. [26] were one of the first to develop methods for predicting gender from iris images based on geometric and texture features with an 80% prediction accuracy on a dataset
of 57,137 images. Some of the earlier attribute prediction
work did not use subject disjoint training and test set partitions resulting in an optimistically biased prediction accuracy [25]. More recent research in the field adheres to
a subject disjoint training and testing protocol. State-ofthe-art prediction accuracy for gender from a single NIR
ocular image is 84.4% [4] using the publicly available GFI
dataset [25]. Tapia et al. [24, 25, 22, 23] proposed multi-

ple methods, each that fuse information from the left and
right iris images of a subject, and achieved an 89% prediction accuracy using the weighted feature selection of the
iriscode [25].
The prediction of race (e.g., Caucasian vs NonCaucasian or Asian vs Non-Asian) from NIR ocular images
has also been studied. Qiu et al. [19, 20] used Gabor filters
for feature extraction, while Singh et al. [21] utilized a deep
class encoder. Current state-of-the-art prediction accuracy
for race as a binary class problem is 90% utilizing proprietary datasets. Lagree and Bowyer [13] used basic texture
filters on 1200 images to achieve a 90.58% prediction accuracy, while Bobeldyk and Ross [4] used Binarized Statistical Image Features (BSIF) on 41,780 images to achieve a
90.1% prediction accuracy.
More recent research has shown that eye color can
also be predicted from NIR ocular images. Bobeldyk and
Ross [3] employed the BSIF texture descriptor to achieve a
91.3% prediction accuracy on the binary class problem of
distinguishing between brown and non-brown eyes.
However, most of these methods have been evaluated on
ocular images with reasonable resolution as characterized
by their image size (see Table 1). In this work, we investigate the feasibility of extracting these attributes from low
resolution images, i.e., ocular images that have been resized
to a lower resolution (see Figure 1). Such a study has several potential benefits:
1. It would help establish the viability of predicting soft
biometric attributes from poor quality input data; for
example, iris images acquired at large standoff distances [16].
2. It would help in determining the degree of privacy offered by low resolution ocular images. In many applications, extracting soft biometric attributes without
the subject’s consent can be deemed to violate personal
privacy [15]. Therefore, it is essential to ascertain the
optimal image resolution that preserves privacy whilst
permitting biometric functionality.
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Table 1: The size of images in iris datasets that have been
commonly used for research on attribute prediction.
Dataset
ND Cosmetic Contact (e.g., [4])
ND-GFI (e.g., [25])
BioCOP2009 (e.g., [3])
UND V (e.g., [25])

Image Resolution
480 × 640
480 × 640
480 × 640 and 480 × 480
480 × 640

3. It can offer insight into the types of features being
extracted by attribute prediction methods. Currently,
there is a limited understanding of the precise cues
that are being harnessed by automated methods for attribute prediction from iris or ocular images [12].
In this paper, we will present the results of an experiment that will help assess the impact of image resolution on
attribute prediction in the context of ocular images that are
used for iris recognition. The prediction of three binary attributes, viz., gender, race and eye color, will be observed as
a function of image resolution (see Figure 1). Two attribute
prediction methods will be used in this regard: the first
based on the BSIF (Binarized Statistical Image Features)
texture descriptor and the second based on a Convolutional
Neural Network (CNN). These attribute prediction methods were selected due to their observed success in recent
literature [2, 25, 23, 3]. The rest of the paper will briefly
discuss related work (Section 2); introduce the feature extraction and classification methods (Section 3); present the
datasets used for the experiments (Section 4); discuss the
experiments conducted along with their results (Section 5);
and conclude with a discussion of the findings of this paper
and future work (Section 6).

2. Related Work
We are not aware of any existing work in the iris and
ocular biometrics literature that investigates the impact of
image resolution on attribute prediction. There is, however,
related work involving low quality or blurred iris images
with a focus on increasing biometric recognition accuracy.
There are several techniques that involve taking a low
resolution image and transforming it into a higher resolution one (see [18]). Fahmy [7] reconstructed a high resolution iris image from an RGB video of low resolution images; however, there were no experiments performed to determine the impact of the method on either iris recognition
or attribute prediction. Barnard et al. [1] used a multi-lens
imaging system to compute a high resolution image from
an ensemble of low-resolution images for the purpose of
iris recognition. Huang et al. [9] enhanced the resolution of
low resolution/blurry images by learning prior information
from the different frequency bands. Their method increased
the recognition rate of an iris recognition system. Instead of

attempting to super resolve the image for visual purposes,
Nguyen et al. [17] proposed to enhance the features used for
recognition. Jillela et al. [10] used the principal components
transform to perform image-level fusion of low-resolution
iris images to improve recognition accuracy.
In contrast to existing work, our goal is to determine if
there is sufficient information in low-resolution ocular images to permit the extraction of soft biometric attributes.

3. Feature Extraction
Two methods were employed to analyze the effect of
image resolution on attribute prediction from NIR ocular
images. The first method uses the hand-crafted feature
descriptor BSIF to generate a feature vector that is input
to a trained linear Support Vector Machine (SVM) classifier. The second method uses a simple two-layer CNN that
serves the dual function of feature extraction and classification.

3.1. BSIF texture descriptor
BSIF was selected as the texture descriptor of choice
based on the success it has shown in the iris attribute prediction domain [2, 4]. Using a commercial SDK, the center and
radius of the iris were located in each image. The images
were then cropped and resized to a fixed size (similar to [4]).
Each image was convolved with the 8 pre-generated filters
provided in [11], using 9 × 9 filters for the larger images
and 3 × 3 filters for the smaller images. In order to preserve
spatial information, each of the filtered images was tessellated into smaller regions. A 256-dimensional histogram
was extracted from each region and the regional histograms
were concatenated into a single feature vector. The number
and size of tessellations used for each image resolution are
shown in Table 2.

3.2. Convolutional Neural Network
A simple two-layer convolutional neural network (CNN)
was used in our analysis, and the size and number of filters
in each convolutional layer are shown in Table 3. Three and
four-layer CNN models were also evaluated, with different
number of filters and filter sizes, but the CNN presented in
this work resulted in the best prediction accuracy. The input layer was modified to match the input image size. The
architecture was kept consistent as much as possible across
different image resolutions, except when the filter size exceeded that of the input image. A reduction in filter size was
required for the smaller input image sizes (10 × 12, 5 × 6
and 2 × 3). The filter size was reduced to 3 × 3 in both convolutional layers for the 10 × 12 and 5 × 6 image sizes. For
the 2 × 3 image size, the filter size was reduced to 2 × 2. In
addition, the max pooling layer was removed from the first
convolutional layer in this case.
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(a) 340 × 400

(b) 170 × 200

(c) 85 × 100

(d) 42 × 50

(e) 21 × 25

(f) 10 × 12

(g) 5 × 6

(h) 2 × 3

Figure 1: Multiple resolutions of a 480 × 640 source image. The source image was downsampled to the captioned image
resolution, then displayed at a fixed size. The source image (not shown here) is from [6].
Table 2: BSIF-based method. The size of each BSIF filter,
as well as the size and number of tessellations used, are
indicated for each image resolution.
Image
Size
340 × 400
170 × 200
85 × 100
42 × 50
21 × 25
10 × 12
5×6
2×3

Tessellation
Size
20 × 20
10 × 10
10 × 10
5×5
5×5
Whole Image
Whole Image
Whole Image

Number of
Tessellations
17 × 20
17 × 20
9 × 10
9 × 10
5×5
Whole Image
Whole Image
Whole Image

BSIF
Filter Size
9×9
9×9
9×9
9×9
9×9
3×3
3×3
3×3

4. Datasets
Two different datasets were used for the experiments, the
BioCOP2009 dataset and the Cosmetic Contact dataset [6].
The BioCOP2009 dataset was used in most of the experiments, while the Cosmetic Contact dataset was used to evaluate the generalizability of the results across datasets. Each
of these datasets is described below.

4.1. BioCOP2009 Dataset
The BioCOP2009 dataset was selected for this work
since it has a large number of attribute labeled images captured using multiple sensors. The dataset contains 43,810
NIR ocular images captured by 3 different iris sensors: LG
ICAM 4000, CrossMatch I SCAN2 and Aoptix Insight. The
LG and Aoptix sensors captured NIR ocular images of size
640 × 480, while those from the CrossMatch sensor are of
size 480 × 480. Using a commercially available SDK, the
center and radius of the iris in each image were determined.
During this stage, 90 images were rejected, as the software
was unable to automatically locate the iris in them. To en-

sure spatial consistency across all the images, each image
was resized to a fixed iris radius of 120 pixels, a top border
of 60 pixels, a bottom border of 40 pixels and lateral borders of 80 pixels each (see Figure 2). The resulting image
size was 340 × 400. Images that did not include the full iris
were excluded (see Table 4).
The BioCOP2009 dataset contains 6 different eye color
labels: ‘Brown’, ‘Blue’, ‘Green’, ‘Hazel’, ‘Gray’ and
‘Other’. Eye color prediction in this work was treated as
a binary class problem. Category A defines the subset of
images with the label ‘Brown’ for eye color. Category B
defines the subset of images labeled as ‘Blue’, ‘Green’,
‘Hazel’ or ‘Gray’. Images with the label ‘Other’ were not
used in the experiments. Gender is viewed as a binary attribute, either ‘Male’ or ‘Female’. Race is also treated as
a binary attribute, using the labels ‘Caucasian’ and ‘NonCaucasian’. The number of subjects included in each of the
attribute categories are listed in Table 5.

4.2. Cosmetic Contact Dataset
In order to perform cross-dataset testing, we used the
Cosmetic Contact Lens dataset assembled by researchers at
the University of Notre Dame [6]. The Cosmetic Contact
Lens dataset was selected due to its availability to the research community and contains images labeled with 2 of the
3 attributes that are explored in this work (race and gender).
The dataset contains images collected by 2 separate sensors,
the LG4000 and the AD100. For the LG4000 sensor, 3000
images were collected for training and 1200 images were
collected for testing. For the AD100 sensor, 600 images
were collected for training and 300 images were collected
for testing. In this preliminary work, we only used the 3000
training images from the LG4000 sensor. No experiments
were performed on the other images. The same geometric
alignment process that was used for the BioCOP2009 images (see Figure 2) was applied to the Cosmetic Contact
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Table 3: The CNN architecture used for each of the 8 input image resolutions.
Image Size
340 × 400
170 × 200
85 × 100
42 × 50
21 × 25
10 × 12
5×6
2×3

Convolutional Layer One
Filter Size Number of Filters
5×5
48
5×5
48
5×5
48
5×5
48
5×5
48
5×5
48
3×3
48
2×2
48

(a) Before

Max Pool
Layer
Yes
Yes
Yes
Yes
Yes
No
No
No

Convolutional Layer Two
Filter Size Number of Filters
6×6
128
6×6
128
6×6
128
6×6
128
6×6
128
3×3
128
3×3
128
2×2
128

(b) Geometric Alignment

(c) After

Figure 2: Example of a geometrically adjusted image (as shown in [4]). The image in (a) is from [6].
Table 4: Summary of the number of images in the BioCOP2009 dataset eventually used in this work
Sensor
Type
LG ICAM 4000
CrossMatch I SCAN 2
Aoptix Insight
Total

Number Of Images
After
After Crop
Original
COTS SDK and Resize
21,940
21,887
21,865
10,890
10,861
10,457
10,980
10,972
10,959
43,810
43,720
43,281

Table 5: Statistics of the BioCOP2009 dataset used in this
work.
Attribute
Gender
Race
Eye Color

Male
Female
Caucasian
Non-Caucasian
Brown
Not Brown
Other

Subject
Number
467
629
836
260
495
583
18

Left
Images
9,273
12,398
16,567
5,104
9,726
11,571
374

Right
Images
9,239
12,371
16,516
5,094
9,704
11,527
379

images. No images were discarded during this processing
step. There are 1550 left ocular images: 550 images where
the subject is wearing a cosmetic contact lens, 500 with contacts and 500 without contacts. There are 1450 right ocular
images: 450 of the images where the subject is wearing a

cosmetic contact lens, 500 with contacts and 500 without
contacts.

5. Experiments
In order to determine the impact of image resolution on
attribute prediction, two feature extraction methods were
adopted: the first utilizing the handcrafted feature descriptor BSIF, the second method utilizing a convolutional neural network. The prediction accuracy of each of the three
attributes, viz., gender, race and eye color, were determined
at varying image resolutions. The largest image size used
is the original cropped and resized image of 340 × 400
pixels. The bicubic interpolation algorithm was used to
repeatedly scale down the image size by a factor of 4.
The following image sizes were subsequently analyzed:
340×400, 170×200, 85×100, 42×50, 21×25, 10×12, 5×6
and 2 × 3.
Gender1 was considered as a two class problem: ‘male’
or ‘female’. Race was considered to be a two class problem: ‘Caucasian’ or ‘Non-Caucasian’. Eye color was also
considered as a two class problem, labeled ‘category A’ or
‘category B’; see Section 4.1 for additional details.
A subject disjoint protocol was adopted, i.e., subjects in
the training and test sets were mutually exclusive. For each
attribute, 60% of subjects were used for training and 40%
1 It should be noted that societal and personal interpretation of gender
may consider more than a simple ‘male’ and ‘female’ label. For example,
at the time of this paper’s publication, Facebook has 71 gender options.
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were used for testing. The number of subjects in the training
partition for each class was balanced by randomly selecting
subjects from the larger training class to equal that of the
smaller training class. This process was repeated 5 times to
generate 5 random partitions of the dataset for each of the
three attribute prediction problems.

5.1. Simple Prototype-based Method
Is it possible there is a class prototype that can be used
to exemplify each class of the binary attributes? In order
to make this determination, the average image, for each attribute class, was calculated. The training images in each
partition were used to compute the mean image and the process was repeated for each of the 5 training partitions. The
10 × 12 mean images for the gender attribute are displayed
in Figure 3. The attribute of a test image was then predicted
by computing its Euclidean distance with the prototype image in each class, and assigning it to that class with the lowest distance. This method failed to demonstrate a prediction
accuracy greater than 60% for any of the image sizes (see
Figure 4). The conclusion that can be drawn from this experimental result is that raw pixel intensities alone do not
contain sufficient discriminatory information to predict any
of the 3 attributes.
Given the inability of the naive prototype-based method
to perform attribute prediction, we next investigate if more
sophisticated image representation and classification models can be appropriated for the study.

5.2. BSIF-based method
A feature vector was generated for each image using the
method described in Section 3.1. An SVM classifier was
generated using the feature vectors from the training partition for each of the three attributes. The test images were
then classified using the SVM classifiers. This process was
repeated for each of the 5 random partitions of the dataset.
The resulting prediction accuracy of images from the test
partition is displayed in Figure 5 and Table 6. The prediction accuracy continually decreases as the image resolution also decreases. For the left ocular images, at the
largest image resolution of 340 × 400, the prediction accuracies for gender, race and eye color were 85.4 ± 0.6%,
90.0 ± 1.8% and 89.6 ± 0.8%, respectively. The prediction
accuracies gradually decline to 72.1. ± 1.5%, 74.7 ± 1.2%
and 68.8±1.6% for gender, race and eye color, respectively,
at 5 × 6 image resolution. For the right ocular images, at the
largest image resolution of 340 × 400, the prediction accuracies for gender, race and eye color were 85.1 ± 1.3%,
89.0 ± 1.1% and 89.3 ± 1.0%, respectively. The prediction
accuracies gradually decline to 73.4 ± 1.1%, 73.9 ± 1.2%
and 68.4±0.9% for gender, race and eye color, respectively,
at 5 × 6 image resolution.

5.3. CNN-based method
The first layer of the CNN is the image input layer followed by a convolutional layer of 48 feature channels with
5×5 filters. A ReLU layer receives the output from the convolutional layer and feeds it forward to a 3 × 3 max pooling
layer with a stride of 2. The output is then forwarded to
the second convolutional layer utilizing 128 feature channels with 6 × 6 filters. This output is then forwarded to a
ReLU layer followed by a single fully connected layer, a
softmax layer and finally a classification layer.
In order to be able to compare the prediction accuracies
across the various image sizes, the architecture of the CNN
was kept the same to the extent possible. The architectures
for the smaller image sizes (2×3, 5×6, 10×12) use a 3×3
filter size for both convolutional layers since the 5 × 5 and
6 × 6 filter sizes exceed the dimensions of these images.
The prediction accuracies for the three attributes were
computed for all 5 test partitions. The results are displayed
in Figure 6 and Table 7.
The performance, perhaps surprisingly, starts to increase
at first as the image resolution decreases. For the left ocular images, the prediction accuracy for gender, race and
eye color increases by 9.9%, 4.4% and 2%, respectively,
when the image resolution is changed from 340 × 400 to
85×100. For the left ocular images, the prediction accuracy
decreases for gender, race and eye color by only 3.6%, 2.3%
and 4.7%, respectively, when the image resolution changes
from 85 × 100 to 5 × 6. The prediction accuracies for gender, race and eye color for 5 × 6 images were 75 ± 1.0%,
77.9 ± 1.6%, 76 ± 1.0%, respectively. A similar phenomena occurs for the right ocular images (see Figure 6 and
Table 7). In Section 5.5, we will further increase the performance of low resolution images by judiciously modifying
the CNN.
One possible explanation for the reasonable performance
of 5 × 6 images is, as the input to the network gets smaller,
the number of parameters to be learned decreases; therefore,
we technically have ‘more data’ for the smaller networks. If
there were more training data available for the larger resolutions, the corresponding networks may have resulted in
even better performance.

5.4. CNN-based method Cross-Dataset Testing
Given the superior performance of the CNN-based
method compared to the BSIF-based method, we were interested in determining if the former would generalize across
datasets. In order to test its generalizability, images from
the Cosmetic Contact dataset were classified using a model
trained only on images from the BioCOP2009 dataset. It
must be noted that the label ‘Caucasian’ was used in the
BioCOP 2009 dataset and the label ‘White’ was used in the
Cosmetic Contact dataset. We assume these two labels to
be equivalent. Given that the images from the Cosmetic
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1st

2nd

3rd

4th

5th

Female

Male

Figure 3: The 10 × 12 mean images from each of the 5 training partitions of the BioCOP2009 dataset used for the prototypebased classification method.

(a) Left

(b) Right

Figure 4: The naive prototype-based method. Attribute prediction accuracy (in %) at different image resolutions. The
prediction accuracies are expectedly very low.
Contact dataset had not been cropped and resized (see Section 3), the non-cropped and resized images from the BioCOP2009 dataset were used to train the classifier (third column in Table 4). Only subjects from the first of five random
partitions (see Section 5) were used to train the classifier.
The results are displayed in Table 8.

relatively high prediction accuracy for gender was achieved
while using images that contained cosmetic and contact
lenses. This further reinforces the observation that gender
cues are perhaps more prominent in the periocular region
compared to the iris region.

For the 5×6 image resolution, it can be observed that the
cross-dataset gender prediction accuracy of 81.3% for the
left NIR ocular images actually outperforms the 75.0±1.0%
prediction accuracy achieved by training and testing on images from the same dataset (see Figure 6 and Table 7). For
race, the cross-dataset prediction accuracy for left NIR ocular images is 69.2%, which is ∼ 9% lower than the samedataset results of 77.9 ± 1.6% (see Figure 6 and Table 7).

5.5. CNN Optimization

The gender prediction accuracy for the right eye is noticeably less than the left eye at both image resolutions,
while race prediction does not exhibit a similar trend. The

The CNNs used in the previous experiments were kept
as similar as possible across the different image resolutions.
This was done so that the performance on the input images
could be attributed to the image resolution as opposed to
the CNN architecture. However, we were interested in determining if the performance using the 5 × 6 images could
be further improved by judiciously modifying the associated CNN. Given the freedom to modify the hyperparameters, we were able to generate a CNN model that was only
slightly better for gender and eye color prediction; however,
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(a) Left

(b) Right

Figure 5: BSIF-based method. Attribute prediction accuracy (in %) at different image resolutions.
Table 6: BSIF-based method. Attribute prediction accuracy (in %) at different image resolutions.

Size
340 × 400
170 × 200
85 × 100
42 × 50
21 × 25
10 × 12
5×6
2×3

Gender
Left
Right
85.4 ± 0.6 85.1 ± 1.3
84.5 ± 0.7 84.7 ± 1.4
82.7 ± 0.7 82.9 ± 1.2
79.8 ± 1.2 80.2 ± 0.9
72.2 ± 1.0 72.6 ± 1.1
74.1 ± 1.5 74.3 ± 1.4
72.1 ± 1.5 73.4 ± 1.0
65.7 ± 1.5 66.2 ± 1.1

Race
Left
Right
90.0 ± 1.8 89.0 ± 1.1
88.4 ± 1.7 88.6 ± 1.5
86.9 ± 1.6 86.5 ± 1.9
85.7 ± 1.5 83.9 ± 1.3
79.4 ± 1.5 77.9 ± 1.0
73.5 ± 1.6 76.1 ± 1.2
74.7 ± 1.2 73.9 ± 1.2
62.9 ± 1.1 64.6 ± 1.0

race prediction did see a significant improvement in accuracy (see Figure 6 and Table 7). The race prediction accuracy for the left ocular images increased by ∼6% from
77.9 ± 1.6% to 84.0 ± 1.5% and for the right by ∼8% from
76.5 ± 1.2% to 84.2 ± 0.9%.

6. Discussion and Future Work
In this work, we conducted an experiment to determine
the impact of image resolution on attribute prediction in the
context of near-infrared ocular images. Two attribute prediction models were used for this purpose: a BSIF-based
method and a CNN-based method. The CNN-based method
resulted in the best prediction accuracy with 77.1 ± 0.8%
for gender, 84.0 ± 1.8% for race, and 77.6 ± 1.7% for
eye color, on images of size 5 × 6 for left ocular images,
and 77.6 ± 1.4% for gender, 84.2 ± 0.9% for race, and
77.6 ± 1.2% for eye color on right ocular images.
The CNN-based method was also shown to generalize
reasonably well when trained on one dataset and tested on
another.

Eye Color
Left
Right
89.6 ± 0.8 89.3 ± 1.0
85.1 ± 0.6 81.0 ± 1.2
80.3 ± 0.6 81.0 ± 1.2
77.4 ± 0.8 77.7 ± 1.0
71.4 ± 0.4 70.3 ± 1.0
67.7 ± 0.8 69.7 ± 0.8
68.8 ± 1.6 68.4 ± 0.9
59.3 ± 0.2 61.2 ± 0.5

The observation that a 5 × 6 ocular image can be used
for gender or race or eye color prediction is indeed very surprising. To be sure, the performance numbers for the three
attributes considered in this work are below 85% at that resolution. Nevertheless, the drop in prediction accuracy for
low resolution images is not as steep as we would expect
(Figure 6 and Table 7). One explanation, in the context
of CNNs, is that smaller networks (in terms of number of
weights to be learned) require fewer training samples than
larger networks. Perhaps this worked in favor of the low
resolution images in this work (see [8]). Another possible
explanation has to do with the limited number of classes being considered for each attribute (viz., 2). If the number of
classes were increased, prediction accuracies may plunge at
a faster rate for low resolution images.
Notwithstanding these explanations, we must concede at
this time that the precise cues being harnessed from low resolution images (i.e., 30 pixels worth of data) is not known.
This will be the subject of a future study.
We would like to determine if more sophisticated meth-
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(a) Left

(b) Right

Figure 6: CNN-based method. Attribute prediction accuracy (in %) at different image resolutions.
Table 7: CNN-based method. Attribute prediction accuracy (in %) at different image resolutions.

Size
340 × 400
170 × 200
85 × 100
42 × 50
21 × 25
10 × 12
5×6
5 × 6 (Opt.)
2×3

Gender
Left
Right
70.8 ± 3.2 72.4 ± 3.8
78.4 ± 1.7 78.9 ± 1.5
80.7 ± 0.7 80.8 ± 1.3
82.1 ± 0.8 80.9 ± 1.8
79.7 ± 1.9 78.5 ± 1.4
77.4 ± 1.1 77.7 ± 1.4
75.0 ± 1.0 75.4 ± 1.6
77.1 ± 0.8 77.6 ± 1.4
69.1 ± 1.2 69.7 ± 1.4

Race
Left
Right
81.9 ± 2.4 79.9 ± 1.3
85.2 ± 1.7 84.7 ± 1.8
86.3 ± 1.4 85.1 ± 1.5
87.3 ± 1.1 85.7 ± 1.7
86.2 ± 1.6 86.2 ± 1.4
84.7 ± 1.8 83.8 ± 1.8
77.9 ± 1.6 76.5 ± 1.2
84.0 ± 1.8 84.2 ± 0.9
57.9 ± 0.9 58.0 ± 1.0

Table 8: Cross-dataset prediction accuracy (in %). A CNN
model trained on the BioCOP2009 images and tested on the
Cosmetic Contact dataset.
ImageSize
5×6
10 × 12

Laterality
Left
Right
Left
Right

Gender
81.3
72.1
80.4
75.4

Race
69.2
72.5
70.1
71.2

ods can be developed to extract attributes from low resolution images. Further, attributes such as race and eye color
should be considered to be multi-valued rather than binary.
Even though it was shown that the CNN-based method generalized to an entirely different dataset captured with a different sensor in a different environment at a different location, the impact on other type of non-idealities, besides
down-sampled images, should also be investigated.

Eye Color
Left
Right
80.3 ± 0.9 78.3 ± 1.6
81.7 ± 1.7 81.0 ± 1.6
82.3 ± 1.7 83.4 ± 0.9
84.0 ± 1.8 83.4 ± 0.9
83.7 ± 1.1 83.8 ± 1.0
80.4 ± 1.3 81.4 ± 1.8
76.0 ± 1.1 75.5 ± 0.7
77.6 ± 1.7 77.6 ± 1.2
58.2 ± 1.4 58.7 ± 2.8

In summary, this paper shows that it is possible to predict
gender, race and eye color from 5 × 6 NIR ocular images.
We will continue investigating the nature of cues available
at such a low resolution to permit attribute prediction.
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