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Abstract—Biometric recognition of newborns, toddlers, and
pre-school children aims is an important research challenge with
applications in identifying newborn swapping, missing kids, and
disbursing benefits. In this research, we propose a representation
learning algorithm to extract unique and invariant features from
face images of newborns and toddlers, to design an efficient face
recognition algorithm. Specifically, we propose a deep learning
model which applies class-based penalties while learning the
filters of a convolutional neural network. The proposed CNN
architecture achieves a rank-1 identification accuracy of 62.7%
for single gallery newborn face recognition and 85.1% for single
gallery toddler face recognition, forming state-of-the-results for
both the databases. Comparison with several existing algorithms
also showcases the effectiveness of the proposed algorithm on
both the databases.

I. I NTRODUCTION
Biometric modalities are nowadays used in several identity management applications such as national identification
projects, law enforcement, access control, and surveillance.
However, there is very limited literary evidence to prove the
reliability of these modalities for recognition of newborns and
toddlers, especially in the age group of 0-4 years. In a recent
incident in India [1], 14 children were rescued from places
where they were found begging and picking rags as part of
forced labor. However, due to lack of biometric records for
these children, there was no way of identifying their birth
parents or verifying the claims of people who demanded the
custody of those children. The District Child Protection Officer
who was in-charge urged the need for biometric identification
of children who might get abducted from far off places and
forced into begging and child labor. At present, the Unique
Identification Authority of India (UIDAI) [2] does not record
any biometric information of children below the age of 5 years.
In a country like India where about 9.7% of the population
belongs to the age group of 0-4 years [3], it becomes essential
to identify every child with their biometric identities uniquely.
One of the major challenges lies in identifying the biometric
modality best suited for this age group (0 to 4 years). In
the past few years, studies have been conducted to determine
the reliability of fingerprints [4], footprints [5], palm prints
[6], face [7], [8], [9], iris [10], and a fusion of some of
these modalities [10] for biometric recognition of newborns
and toddlers separately. Studies have shown that most of
these modalities including fingerprint and iris [11], in its
current form, may not be useful for effective identification
of newborns and toddlers. The primary reasons for this are

Figure 1: Illustrating the challenges involved with face recognition for newborns, toddlers, and pre-school children. The
images are taken from the Newborn Face Database [8] and
Children Multimodal Biometric Database [10].

the inability to capture data (for instance, unable to open
eyes right after birth for iris recognition and skin elasticity in
fingerprints), temporal variations, and reliability of features.
This research focuses on face recognition for newborns and
toddlers. As shown in Figure 1, recognizing faces of newborns
and toddlers is a challenging problem due to the unintentionally uncooperative behavior of children while capturing face
images. Moreover, limited availability of such datasets has also
hindered research in this domain.
A. Related Work
Biometric identification of children has been studied sporadically but it started as early as 1899 when Galton et al. [12]
collected inked fingerprint impression of a single child and
manually evaluated the feasibility of fingerprint recognition.
Recently, Jain et al. [4] and Basak et al. [10] have shown
the plausibility of using fingerprint and iris recognition for
newborns and toddlers, respectively. With respect to face
modality, in a preliminary study, Bharadwaj et al. [7] articulated the challenges of newborn face recognition. As a
preliminary approach, they presented an algorithm comprising
multi-resolution texture representations from three scales for
effective newborn face matching. In another study, Bharadwaj
et al. [8] proposed a two-stage domain-specific learning for
newborn face recognition. Basak et al. [10] produced baseline
results for toddler face recognition by evaluating existing
tools and algorithms. In addition to providing the preliminary
approaches, Bharadwaj et al. [8] and Basak et al. [10] also

Figure 2: Steps involved in the proposed CNN feature extraction with class-based penalty for filter learning. For matching, the
classifier is added separately depending on the identification or verification experiments.

introduced the Newborn Face Database and Children Multimodal Biometric Database (CMBD), respectively. Availability
of these databases has further motivated us to continue the
research in this domain and establishing the reliability of face
as an effective modality for unique identification of newborns
and toddlers. Recently, Jain et al. [9] also introduced the
Newborns, Infants, and Toddlers Longitudinal (NITL) face
image database and demonstrated the results of commercialoff-the-shelf (COTS) face matcher on this database. However,
this database is not publicly available.

penalty on the weights of the filters. This section explains the
proposed CNN model and its implementation details for face
recognition for newborn, toddlers and pre-school children.

B. Research Contributions

where, σ is the activation function such as ReLU (σ (z) =
max (0, z)). For pair-wise input, we extend Equation 1 by
incorporating a class-based penalty term, i.e.,
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Fi = σ (Wi X + bi ) ⊕ λ kCi Wi k2 + β Tr HiT Hi L
(2)

The major contribution of this research lies in designing
a face recognition algorithm for both newborns and toddlers,
which achieves state-of-the-art results with a single gallery
image. Specifically,
• a novel approach is proposed for inducing class-based
penalty to learn the filters in Convolutional Neural Network (CNN),
• the proposed model is utilized to design a face recognition
algorithm for efficiently matching images of newborn,
toddlers, and pre-school children, and
• the results of the proposed algorithm are demonstrated
on the Extended Newborn Face Database and Children
Multimodal Biometric Database [10].
Next section describes the proposed face recognition algorithm. Section III presents the databases and algorithms used
for evaluating and comparing the performance of the proposed
algorithm. The experimental results are discussed in Section
IV followed by conclusion in Section V.
II. P ROPOSED FACE R ECOGNITION A LGORITHM
CNNs have gained a lot of popularity in the computer
vision community and led to significant improvements in
state-of-the-art results of many applications including face
recognition [13]. In this research, we present a modification
in the convolutional filter learning and impose a class-based

A. Class based Penalty in Filter Learning
For a C class problem, let X be the input to a convolutional
layer with N filters. Let Wi and bi be the weight matrix and
bias of the ith filter, respectively. The process of learning
feature maps in CNN is shown in Equation 1.
Fi = σ (Wi X + bi ) ∀i = 1 . . . N

(1)

where, ⊕ is a special operator which symbolizes that the
class-based penalty is added to the weight matrix of the ith
filter. Here, λ and β are the regularization constants, and Ci
is the set of weights associated with each class. Further, Tr
denotes the trace of a matrix and Hi = σ (Wi X + bi ). L
is the Laplacian matrix constructedPas L = D − M , where
c
D = diag (d1 , d2 . . . ds ), and dk = j=1 Mkj . Finally, M is
defined as,
(
+1 if xk and xj are of the same class
Mkj =
(3)
−1 if xk and xj are of different classes
Using Equation 2, we learn discriminative (supervised)
feature maps with class-based penalty imposed on the weights
of the filters. Since both the additional terms in Equation 2 are
convex and smooth, it is differentiable, and Adam optimizer
with cross-entropy as the loss function can be applied to learn
the filters. The class-based penalty helps in learning classspecific discriminative features and avoid over-fitting. Further,
in order to learn higher level features with increasing number
of layers, the network is trained with skip residual connections
[14].

Figure 3: Samples from the Extended Newborn Database [8].

B. Incorporating the Proposed CNN Architecture for Newborn, Toddler, and Pre-school Children Recognition
For recognizing newborn, toddler, and pre-school children,
11-layer network is formed using the proposed architecture.
Figure 2 illustrates the feature extraction process using the
proposed architecture. The input to the network is a 200 × 200
sized face image. In the first three layers of CNN, three filters
of size 7×7 are used, followed by max pool with size 3×3 and
stride size 2. In the next five layers, three filters of size 5 × 5
are used, and in the last three layers, three filters of size 3 × 3
are used. Finally, a flattened fully connected layer followed
by softmax is used for classification. ReLU is used as the
activation function. Batch normalization, as well as standard
data augmentation techniques, are used during training of the
network.
Since the size of the newborn and toddler training set is
small, we have used CMU-MultiPIE database [15] to pretrain the network. Furthermore, during fine tuning on the
newborn and children databases, data augmentation techniques
have been applied to increase the size of training sets of
respective databases. The deep learning model is trained in
the verification mode (1:1 matching) and for identification,
N -way verification is performed.
III. DATABASES AND E XPERIMENTAL P ROTOCOL
This section provides the details of the databases, experimental protocol, and algorithms used for comparison.
A. Datasets
In order to evaluate the performance of all the algorithms,
we have used two datasets:
• Extended Newborns Face Database: Bharadwaj et al.
[8] introduce the Newborn Face Database which consists
of over 800 near frontal face images of 96 newborns.
The dataset is further extended to include 1185 images
pertaining to 204 newborns, each having 1-17 images,
collected from various hospitals. The time of capture
varies from one hour to a few weeks after birth. Sample
images of two babies illustrating the associated challenges are shown in Figure 3.

Figure 4: Samples from the Children Multimodal Biometric
Database [10].

•

Children Multimodal Biometric Database (CMBD)
[10]: It consists of 2590 face images of 141 toddlers and
pre-school children (age range of 18 months to 4 years),
each having 10-20 images. Apart from face images, the
database also consists of iris and fingerprint images of
100 toddlers; however, in this research, we have only
used the face images. This database has been acquired
over two sessions which are months apart. Figure 4 shows
the sample images from the CMB database.

B. Experimental Protocol
Face images in both the datasets are detected using the Viola
Jones face detector and aligned using affine transformation
with the inter-eye distance set as 100 pixels. Images in which
face is not automatically detected are manually processed.
In order to maintain uniformity, every image used in the
experiment has been resized to 200 × 200 pixels and preprocessed using histogram normalization.
For performance evaluation, both the databases are individually divided into two parts: training and testing, with a labelwise 60 : 40 split. The testing set is further divided into gallery
and probe sets. The first image of each individual in the testing
split is selected for creating the gallery, and the remaining
images are chosen as probe images. These probe images are
matched with the gallery images to compute the results. The
results are reported in terms of rank-1 identification accuracy
and receiver operating characteristics (ROC) curve with five
times random cross-validation.
C. Comparative Algorithms
In order to evaluate the effectiveness of the proposed
algorithm, the comparisons are performed with the following
handcrafted and learning-based feature extraction algorithms.
Subspace Approaches: Two different subspace approaches
have been used: Principal Component Analysis and Linear
Discriminant Analysis.
• Principal Component Analysis (PCA) [16] is a statistical approach used for dimensionality reduction. In face
recognition, PCA is used for reducing the image variables
by selecting only the features which show maximum

•

variance across different subjects. Every image in the
training set is represented as a linear combination of its
eigenvectors. Based on the eigenvalues, a set of significant eigenvectors (Eigenfaces for images) are selected
to represent the subspace. Features are extracted by
transforming the image to this subspace by taking a dot
product. Further, Cosine Similarity is used to measure the
similarity between two feature vectors.
Linear Discriminant Analysis (LDA) [17] works on a
similar principle as PCA and is used for dimensionality reduction while preserving inter-class discriminatory
information. The images are transformed by projecting
them to Fisherspace, and the transformed image consists
of the features extracted. Similar to PCA, Cosine Similarity is used for feature matching.

Texture Algorithm - Local Binary Patterns: LBP [18] descriptor is widely used in face recognition due to its property
of being illumination invariant. The circular LBP descriptor,
an extension to LBP, assigns a discrete value to a pixel by
thresholding a window of P pixels on a circle of radius R
with the center pixel value and considers the result as the
binary number representation. There is no specific training
algorithm in this technique. LBP descriptor directly extracts
the features of the test images, and these features are compared
for matching using χ2 distance.
Deep Learning: Two off-the-shelf CNN architectures are also
used for evaluation and comparison.
•

•

Fine-tuned VGG Face: For the VGG-Face [13], pretrained model based on MatConvNet implementation is
used and the last six convolutional layers are fine-tuned
with the Newborns’ and Toddlers’ face images for their
respective experiments.
Triplet Convolutional Neural Network (Triplet CNN):
Triplet CNN is inspired by the concept of Siamese
Network which learns via comparative measures rather
than the labels and makes use of triplet loss as part of
the deep metric learning. We have implemented our own
version of the deep convolutional network as described
in [19] where cosine distance is used to calculate face
similarity while computing the triplet loss. In this case,
the CNN used in the Triplet CNN is the fine-tuned
VGG-Face. The final fully connected layer of the CNN
produces a vector of 128 units. The last six convolutional
layers in the VGG-Face are trained as part of the Triplet
CNN using triplet loss, and the classifier is able to classify
the distinguishing features extracted from the input face
image for recognition.
IV. A NALYSIS OF E XPERIMENTAL R ESULTS

The performance of the proposed deep learning algorithm
is compared with existing handcrafted and learning-based
techniques. The results of the proposed algorithm and existing
algorithms (PCA, LDA, LBP, Fine-tuned VGG Face, and
Triplet CNN) are computed on both Newborn Face Database

Table I: Average Rank-1 identification accuracies and standard
deviation (%) of the algorithms over five times cross validation on the Extended Newborn Face Database and Children
Multimodal Biometric Database.
Algorithms
PCA
LBP
LDA
Fine-tuned VGG-Face
Triplet CNN
Proposed

Newborn Database
24.8
24.5
43.3
54.1
48.8
62.7

±
±
±
±
±
±

0.03
0.02
0.04
0.07
0.05
0.04

CMB Database
38.8
28.8
71.3
83.0
72.7
85.1

±
±
±
±
±
±

0.03
0.03
0.02
0.04
0.02
0.05

and Children Multimodal Biometric Database. The rank-1
accuracies are summarized in Table I and the ROC curves
are shown in Figure 5 and Figure 6. The key analyses are
explained below:
• Out of the existing subspace and texture based algorithms,
LDA works better than the rest and yields rank-1 accuracies of 43% and 71% on the two databases. This
shows that the traditional feature extraction techniques are
unable to model the variations in face images of newborns
and toddlers.
• All the baseline techniques have a visibly better performance on the Children Multimodal Biometric Database
compared to the Newborn Face Database suggesting that
the features are more discriminatory in case of toddlers.
We have also observed that the expression variations in
case of toddler’s faces are significantly reduced compared
to newborns, which further helps in improving the recognition performance.
• The results show that the deep learning algorithms perform better than the existing handcrafted techniques.
Among the existing algorithms, on the two databases
(with single gallery per subject), the fine-tuned VGGFace performs the best with a rank-1 identification accuracy of 54.1% and 83%, respectively.
• The proposed approach yields significantly better results
than the other deep learning models. It is important
to note that VGG-Face and Triplet CNN are trained
with multiple folds higher number of training images
compared to the proposed approach which is pre-trained
on frontal face images from the CMU MultiPIE database.
The two factors for high accuracies are paired training, which increases the number of training samples,
and class-based penalty which enforces class-aware filter
learning.
• In face verification experiments, ROC curves on both
the databases also show that the proposed algorithm
consistently yields better results even at lower false accept
rates. This shows the efficacy of the proposed model.
• Figure 7 shows some sample cases of correct and incorrect classifications by the proposed and existing algorithms. It can be observed that the proposed algorithm
can handle the presence of multiple variations at a time,
for instance, the first two rows of images contain illu-

(a) Newborn Face Database

(b) Children Multimodal Biometric Database

Figure 5: ROC curves for PCA, LBP, and LDA on Newborn Face Database (left) and CMBD (right).

(a) Newborn Face Database

(b) Children Multimodal Biometric Database

Figure 6: ROC curves for Fine-tuned VGG Face, Triplet CNN, and the proposed approach on the two databases.

•

mination, resolution, or pose variations. However, there
are some cases where the proposed algorithm failed to
perform well, specifically, due to extreme expression
variations.
Computationally, the proposed algorithm requires less
than 0.1 seconds to match a pair of images on a Tesla
K40 workstation with 128GB RAM.
V. C ONCLUSION

This research improves state-of-the-art for matching face
images of newborns, toddlers and preschool children. We first
present a novel formulation to incorporate class-based penalty
for filter training in the CNN architecture. The proposed approach is extended for face recognition for newborns, toddlers,
and pre-school children. The publicly available newborn face
database is also extended to more than double in terms of the
number of subjects, and the performance is evaluated on both
extended newborn database and children multimodal biometric

database. The proposed deep learning approach outperforms
existing handcrafted and deep learning based approaches and
achieves state-of-the-art verification and identification accuracies for both the databases.
Moving forward, we plan to work on video based face
recognition for recognizing face images pertaining to newborns, toddlers and preschool children. Algorithms such as
frame selection in videos [20], joint-feature learning [21],
and fusion [22] can help improve the performance of face
recognition in realistic conditions.
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