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Problem

Challenge in child face recognition due to non-linear cranial growth
Deep Neural Network (DNN) models for adults may not always be applicable to children.

Objective

Analyze DNN performance on the YFA (young face aging) dataset (age up to 8 years).
e Study specific changes in face features, e.g., nose, mouth and eyes.

e Identify unique physiological factors contributing to children's facial development.
e Enhance accuracy and effectiveness of face recognition (FR) systems for children.

Value

e Understanding Challenges in Child Face Recognition.
e Benchmarking FR Performance Based on Growth in Children.
e Discovering Specific Changes in Facial Features Impacting Matching Performance.



YFA Database (Young Face Aging)

The Young Face Aging (YFA) Database
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Contains face images of children aged 3-18 years.
330 subjects, with an average of six collections per subject over

eight years.
Images of the same subject were collected every six months for

eight years.
The first collection image was used for enrollment and verified

against each subsequent collection over the eight-year period.
The database includes 60 subjects with a total of 1,322 samples

collected over eight years.
Collected in a controlled environment with consistent indoor

lighting, neutral expressions, and minimized pose variations.
Manual annotation to exclude extremely blurry images and

challenging poses.

Number of subjects at each age in the YFA Database.
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Number of images at each age in the YFA Database.
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Prior work

Database

Longest time gap

Time interval

Accuracy

Model

ECLF[11]

3 years

6 months

TAR at 0.1% FAR

FaceNet: 84.55
PFE: 98.90
ArcFace: 99.38
COTS: 99.62

ITWCC-D1[12]

TAR at 0.1% FAR

FR Model: COTS

FR-A: 0.676 FR-B: 0.598 FR-C:
0.463 FR-D: 0.434 FR-E: 0.759
FR-F: 0.738 FR-G: 0.718 FR-H:
0.695

NITL[13]

2 years

1 year

TAR at 0.1% FAR

COTS: 60.94

CLF[14]

3 years

3 year

TAR at 0.1% FAR

COTS: 49.33
FaceNet: 59.80

CMBD[15]

Rank-1 Accuracy

PCA: 38.8

LBP:28.8

LDA:71.3

Fine-tuned VGG-Face: 83.0
Triplet CNN : 72.7 Proposed
CNN: 85.1

YFA

8 years

6 months

TAR at 0.1% FAR

MagFace: 95.48




Prior work on YFA database
Face Recognition In Children: A Longitudinal Study [1]

TAR @ 0.1% FAR

Model AT = 6M AT =12M AT = 18M AT = 24M AT =30M AT = 36M
Facenet-V1 95.8 94.8 92.5 84.3 82.7 76.0
ArcFace 87.6 88.1 85.3 84.8 86.3 81.1
ArcFace-Focal | 97.6 98.3 95.4 92.7 93.1 91.6
MagFace 98.2 98.3 98.0 97.2 97.3 94.9

In prior work, we evaluated multiple open-source DNN-based face recognition models and found
that MagFace performed the best. Therefore, we selected MagFace for our further analysis.

MagFace[2] : Training database: MS1M-V2 [3] (5.8M images, 85k identities)
Evaluation database: LFW [4], CFPFP [5], AgeDB-30 [6], CALFW [7], CPLFW [8], I]BB [9] and I]B-C [10]



Experimental Setup and Overall Results

e Use of MTCNN for accurate face detection and alignment.
e Feature extraction using MagFace [12]. Input image size 112x112.

Model TAR @0.1% FAR Threshold TAR @0.01% FAR Threshold

MagFace 95.48 0.45 82.25 0.56

Gender-Based TAR Performance @ 0.1% FAR

Gender TAR Threshold

Male 94.87 0.45

Female 95.80 0.45




Categorization of images into
enrollment and verification samples
based on age increments of 6
months

Enrollment Stage: Any image in the dataset can be
an enrollment image, categorized by age brackets.

Verification Stage: Subsequent collections used for
verification, evaluating performance over time.

Methodology
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Analysis for age groups

(3,5) (5:5;:7) (7.5,,9) (9.5;11) (11.5, 13)(13.5, 15)(15.5, 17)(17.5; 19)
Age Groups- Years
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e Investigation of age-related trends in face
recognition performance.

e Analyzing the impact of enrollment age on
True Acceptance Rate (TAR) over time.
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Bootstrap

e Statistical technique for estimating sampling

distributions.

To analyze TAR variability across different age groups and

verification periods.

e Resamples data to approximate uncertainty without
assuming distribution.
e Provides robust estimates of parameters (e.g.,
confidence intervals).

Bootstrapping for performance evaluation

Utilized bootstrap resampling for robust estimation.

Significant TAR differences observed across age groups

TAR% at 0.1% FAR for different time gaps between enrollment and verification
Enrollment Age 0.5-2 Years N 2.5-4 Years N 4.5-6 Years N 6.5-8 Years N
3-5 Years 97.8 [96.8, 98.7] 88 | 96.3[95.1,97.5] | 65 | 86.7[84.4,88.8] | 55 | 63.1[60.2,66.1] | 20
5.5-7 Years 97.9 [97.0, 98.7] 133 | 95.2[93.8,96.5] | 82 | 85.9([83.6,87.9] | 63 | 80.2([77.8,82.5] | 43
7.5-9 Years 98.3 [97.6, 99.0] 161 | 95.7[94.4,969] | 99 | 85.7[83.6,88.1] | 88 | 65.6[62.5,68.4] | 51
9.5-11 Years 98.9 [98.3, 99.5] 141 | 95.4[94.1,96.6] | 112 | 88.7[86.4,90.5] | 89 | 75.5([72.9,779] | 39
11.5-13 Years 99.7 [99.4, 100.0] 114 | 95.8[94.6,97.0] | 65 | 89.2[87.2,91.0] | 41 | 72.2[69.4,75.1] | 4




Facial Feature Growth Analysis

Measured growth in facial distances (e.g., nose length, chin size, mouth width).
Normalized distances using inter-eye distance.
Significant growth observed in features between ages 4-16, impacting

recognition accuracy.
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Nose Length

Face Features - Relative nose length to distance between the eyes

As children age, the relative distance from the nose to the eyes increases. We are continuing to analyze other facial
features, such as the mouth and chin.
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Distance calculation is by median.

Distance equation: Distance between feature points (in pixel)
Distance between middle point of eyes
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Face Cropping & Recognition Accuracy

Evaluated multiple face cropping ’
algorithms: MTCNN, RetinaFace, OpenCYV,
DLIB, etc. l
a b ¢ d e

MTCNN and RetinaFace provided the f
highest recognition accuracy for children. Face cropping with difference face cropping a: Dlib, b: Mediapipe,
OpenCV showed strong performance for C: MTCNN, D: OpencCV, e: Retinaface, f: SSD
adults but lower accuracy for children.
Adult Child

Face Cropping TAR @ 0.1 FAR TAR @ 0.01 FAR | TAR @ 0.1 FAR TAR @ 0.01 FAR

DLIB 96.9 91.31 2515 15.31

Mediapipe 56.04 38.76 11.94 7167

MTCNN 08.58 08.34 95.48 82.25

Open CV 99.12 99.07 94.89 1733

Retinaface 08.38 93.64 95.25 82.65

SSD 99.26 89.90 7.28 T8
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Conclusions and Future work

Key Findings:

Average TAR:
o  (0.5-2) years: 98.52%
o  (2.5-4) years: 95.68%
o  Significant decline post 4-year age difference.

e Notable TAR declines observed in younger age groups (e.g., 3-5 years: 63.1%)
Conclusion:
e  Accuracy fluctuations highlight the complexity of age-related biometric performance and the need for adaptive
recognition models.
e  Study limitations include uneven age distribution, lighting inconsistencies, demographic biases, and reliance on a single
face-matching algorithm (MagFace).
e Findings contribute to understanding child facial recognition and its implications for applications like missing child
identification.
Future Work
e Expand dataset diversity to improve generalizability across age groups and ethnic backgrounds.
e Investigate deep learning-based models to adaptively account for age progression in child biometrics.
e  Assess performance of different face-matching algorithms and explore fine-tuning approaches.
e  Conduct real-world evaluations to address operational challenges in uncontrolled environments.
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Face features
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Face features

Longitudinal Growth Measurements of Facial Features Between Ages 4 and 6, Highlighting Changes in Nose
Length, Mouth Dimensions, Chin Size, and Horizontal Mouth Length.

Feature Age 4 | Age 16 | Distance Difference
Nose length 0.199 0.221 0.022
Distance betwenn left corner of mouth to left corner of mouth 0.272 0.298 0.026
Distance betwenn right corner of mouth to right corner of mouth | 0.273 0.296 0.023
Chin size 0.135 0.155 0.020
Horizontal mouth length 0.214 0.231 0.017

Male: Longitudinal Growth Measurements of Facial Features

Feature Age 4 | Age 16 | Distance Difference
Nose length 0.199 0.218 0.020
Distance betwenn left corner of mouth to left corner of mouth 0.271 0.302 0.031
Distance betwenn right corner of mouth to right corner of mouth | 0.273 0.298 0.025
Chin size 0.131 0.157 0.026
Horizontal mouth length 0.209 0.230 0.021

Female: Longitudinal Growth Measurements of Facial Features

Feature Age 4 | Age 16 | Distance Difference
Nose length 0.198 0.227 0.029
Distance betwenn left corner of mouth to left corner of mouth 0.272 0.289 0.017
Distance betwenn right corner of mouth to right corner of mouth | 0.271 0.294 0.023
Chin size 0.136 0.147 0.011

Horizontal mouth length 0.214 0.232 0.018




Experimental Setup and Overall Results

e Use of MTCNN for accurate face detection and alignment.

e Cropped faces resized to 224x224 pixels for consistency in analysis.

e Feature extraction using MagFace [12]. Input image size 112x112.

Model

TAR @0.1% FAR

Threshold

TAR @0.01% FAR Threshold

MagFace

95.48

0.45

82.25 0.56

Age-Based TAR Performance @ 0.1% FAR

Gender-Based TAR Performance @ 0.1% FAR

Gender TAR Threshold
Male 94 .87 0.45
Female 95.80 0.45

Age Gap TAR Subjects
2 years 98.52% 323
4 years 95.68% 199
6 years 87.24% 146
8 years 71.32% 126
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