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ABSTRACT

Face is one of the most widely employed traits for person
recognition, even for large-scale applications. Despite tech-
nological advancements in face recognition systems (FRS),
they still face obstacles caused by pose, expression, occlu-
sion, and aging variations. Owing to the COVID-19 pan-
demic, contactless identity verification has become exceed-
ingly vital. Recently, few studies have been conducted on
the effect of face mask on adult FRS. However, the impact
of aging with face mask on child subject recognition has not
been adequately explored. Thus, the objective of this study
is analyzing the child longitudinal impact together with face
mask and other covariates on FRS. Specifically, we performed
a comparative investigation of three top performing publicly
and a post-COVID-19 commercial-off-the-shelf (COTS) sys-
tem under child cross-age verification and identification set-
tings using our generated synthetic mask and no-mask sam-
ples. Furthermore, we investigated the longitudinal conse-
quence of eyeglasses with mask and no-mask. The study ex-
ploited no-mask longitudinal child face dataset (i.e., extended
Indian Child Longitudinal Face Dataset) that contains 26, 258
face images of 7,473 subjects in the age group of [2, 18] over
an average time span of 3.35 years. Due to the combined ef-
fects of face mask and aging, the FaceNet, PFE, ArcFace, and
COTS verification accuracies decrease approximately 25%,
22%, 18%, 12%, respectively.

Index Terms— Cross-Age Face Recognition, Mask Face
Recognition, Longitudinal Mask Dataset, Child Face Recog-
nition

1. INTRODUCTION

Nowadays, face recognition systems under face mask is get-
ting much more momentum. For instance, the work in [1} 2]
evaluated verification performance on both real and synthetic
masks. It was later extended in [3]] to analyze the human ex-
perts and automatic recognition systems on unmasked, real
masked, and synthetic mask on adult dataset.

This work was supported by the MeitY, Government of India, under
Grant No. 4 (13)/2019-ITEA”. We are also grateful to Cognitec with the
donation of the FaceVACS-DBScanID5.6 software for this work.
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Fig. 1: Left: no-mask subject. Right: mask subject. Center
image represents a enrollment image and branches are im-
ages of same subject at different ages. Here, T1, T2, T3, T4,
TS, and T6 denote time lapses between enrollment and subse-
quent acquired images. Age at the time of image acquisition
(in years) is given below each images.

Besides face mask, face aging is also a vital co-variate
that negatively affect automated face recognition systems,
especially for child subjects. For example, Deb et al. [4]]
fused COTS and FaceNet [5] scores, and attained 80.56%
and 53.33% verification accuracy, respectively, for a time
lapse of 1 and 3 years between enrollment and probe images
for subjects of age [2—18] years old. The work in [6] inves-
tigated five top performing COTS matchers, two government
matchers and one open-source face recognition system on
Wild Child Celebrity and LFW [7] datasets, and obtained
maximum of 78.20% and 85.2%, respectively, verification
and Rank-1 identification accuracy. The study also showed
each algorithm’s negative bias towards children compared to
adult face samples. There exist several mask face datasets
[8, 1119} [10] but they mainly contain adult faces and caucasian
and north Asian demography. To the best of our knowledge,
no study has explored the combined effect of aging and mask
on face recognition when the subjects are children. Also,
no prior works explicitly evaluated the longitudinal identifi-
cation performance when probe samples are with mask and
gallery samples are without mask and vice versa. Therefore,
this work analyzes the practical covariates (e.g., elapsed time,
age, sex, with mask and no-mask, and eyeglasses with mask
and no-mask). Namely, we present a longitudinal study using

Table 1: Number of genuine pairs according to time lapses.

Genuine pair

Protocol | Gender | ATI | AT2 | AT3 | ATd | AT5 | AT6
Noomask |__BOys | 2,528 | 2,622 | 2,372 | 1,470 | 8,11 | 3,38
Girls | 2,585 | 2,249 | 1,670 | 1,041 | 5,52 | 2,60

Mask Boys | 2,506 | 2,618 | 2,355 | 1,452 | 8,05 | 3,33
Girls | 2,579 | 2,263 | 1,663 | 1,034 | 5,46 | 2,54




‘l - Crop & Align -

No-Mask MTCNN —_— —
ECLF —> No-Mask

% Crop and Alignmet
Dataset ECLF
g Dataset g

Face Detection ———3p Facial

* Synthetic
Mask

- - Mask-to-Face
o Masked
d Mapping ECLF
@ m Dataset

detection

Fig. 2: Pipeline for generating face mask dataset.

one of the largest, deepest, and longest (in terms of number

of subjects, number of images per subject, and time spans of

subject images) child face dataset. Thus, this study investi-
gated the above-mentioned directions by extending Children

Longitudinal Face (CLF) [4, [11] dataset. We simulated the

synthetic mask over all face images by using open source tool

Masked Face-Net [8] on the children dataset while keeping

faces’ longitudinal nature, as also shown in Fig[l] There

are several venues where child face recognition systems are
needed, e.g., finding missing children [4}, [12]], de-duplication
of identification documents (e.g., minors passport valida-
tion and diver license) [13} [14] and school attendance during

COVID-19 pandemic with mandatory mask [15} [16]. The

contributions of this study are as follows:

e A longitudinal child dataset with face samples with syn-
thetic masks.

e We conduct extensive longitudinal performance analyses
of three top-performing public and one COTS face recog-
nition systems on face images of children with mask. There
is no such longitudinal study of children to our knowledge.

e We provide an extensive comparative evaluation of child
longitudinal face verification and identification under joint
and disjoint gender with and without face mask. Addition-
ally, we analyze gender bias with eyeglasses and masks.

e FRS performance degrades with increasing time between
gallery and probe samples. Using a face mask together with
aging causes such declines.

The manuscript is organized as follows. Section [2] details the

extended longitudinal child dataset used in this study. Sec-

tion [3] presents the experimental setup. Section [ discusses
experimental results. Finally, the conclusion and future works

are presented in Section 3]

2. LONGITUDINAL CHILDREN FACE MASK
DATASET

All publicly available datasets have age range [14—80]. But
there are no publicly available longitudinal masked face
recognition datasets specific to children. Therefore, we used
extended Children Longitudinal Face (ECLF) dataset that
contains 26,258 face images of 7,473 subjects in the age
group of [2,18]. The average number of images per subject
is 3, which were acquired an average over time lapse of 3.35
years. The ECLF dataset is comprised of 14,057 (53.53%)
boys and 12,201 (46.48%) girls. Statistics for the dataset are
shown in Table[]l

In Fig. 2] shows main steps of MaskedFace dataset gen-
eration. It is worth noting that some faces of ECLF dataset

Fig. 3: Fourmprotocols of child longitudinzﬁ study with and
without mask (zoom for better view).

were not able to be processed (1, 550 boys’ and 55 girls’ im-
ages) because of larger pose and illumination. Hence, the re-
sulting MaskedFace-ECLF contains 24, 653 masked face im-
ages (12,507 boys and 12, 146 girls) of 7,457 subjects (3, 732
boys, 3, 725 girls).

3. EXPERIMENTS SETUP

To analyze real-world scenarios of child longitudinal study
with mask and no-mask, following four face recognition pro-
tocols were investigated, as shown in Fig[3]

BCADGNMDYV vs. CADGMDYV: This protocol evaluates
cross-age face verification performance under no-mask and
mask with disjoint gender influence. It is done by perform-
ing 1:1 comparison, where enrollment image (first acquired
image at youngest age) is compared to subsequent face im-
ages of the same subject at greater age than enrollment. We
named this protocol Baseline Cross-Age Disjoint Gender
No-MaskeD Verification vs. Cross-Age Disjoint Gender
MaskeD Verification (BCADGNMDYV vs. CADGMDYV).
BCAJGNMDYV vs. CAJGMDV: To compare joint effect
of gender and aging with mask and no-mask, we used same
1:1 cross-age verification strategy as in (BCADGNMDV
vs. CADGMDYV) but with joint gender. We named this
cross-age protocol as Baseline Cross-Age Joint Gender No-
MaskeD Verification vs. Cross-Age Joint Gender MaskeD
Verification (BCAJGNMDYV vs. CAJIGMDV).
BCANMDG&NMDPI vs. CANMDG&MDPI and BCAN-
MDG&NMDPI vs. CAMDG&NMDPI: This protocol
simulates two real time identification cases: (i) time of re-
opening school and (ii) missing child recognition in pan-
demic. In former case, the gallery set faces were with
no-mask and the probe set faces were with mask. We
perform cross-age identification comparison between all
gallery enrollment samples of all subjects and probe non-
enrollment samples. Particularly, we conduct joint gen-



Table 2: Longitudinal verification rate (%) of considered face recognition systems on disjoint gender without mask.

Boys

Girls

Model FAR ATI AT2 AT3 AT4 ATS AT6

Avg ATI AT2 AT3 AT4 ATS AT6 Avg

le—3 85.99 76.08 64.12 50.13 37.60 31.95
FaceNet

57.64 88.74 83.90 77.84 68.78 52.71 52.69 70.77

le—4 70.84 57.17 40.97 28.97 21.57 16.86

39.40 75.39 69.71 59.10 44.76 30.61 22.30 50.31

PFE le—3 99.80 99.58 98.48 94.55 92.60 86.39

95.23 99.69 99.33 99.28 98.94 96.55 94.23 98.00

le—4 99.36 97.86 95.02 86.32 83.23 71.59

88.89 99.53 99.07 99.04 97.50 93.11 81.92 95.03

le—3 99.84 99.69 99.53 99.25 97.65 95.56

98.58 99.72 99.42 99.52 99.32 98.55 96.69 98.87

ArcFace 3060 | 99.46 | 99.03 | 9741 | 9519 | 92.01

97.12 99.69 99.37 99.40 99.13 96.55 91.92 97.68

le—3 99.88 99.80 99.62 99.52 99.52 97.92

99.21 99.69 99.42 99.54 99.13 97.90 96.51 98.69

CoTs Te—4 | 99.72 | 9820 | 9949 | 9829 | 9568 | 9526 | 97.77 || 99.65 | 99.24 | 99.07 | 99.27 | 96.85 | 93.79 | 97.81
[ Avg | le—4 | 9238 | 88.17 | 83.62 | 77.75 | 7391 | 6893 | 80.79 || 93.57 | 91.85 | 89.15 | 84.92 | 79.28 | 7248 | 85.21 |
Table 3: Longitudinal verification rate (%) of considered face recognition systems on disjoint gender with mask.

Boys Girls

Model FAR | ATI | AT2 | AT3 | AT4 | AT5 | AT6 | Avg ATI | AT2 | AT3 | ATd | AT5 | AT6 | Avg
FaceNet |_16=3 | ST.14 | 4465 | 3072 | 2341 | 1652 | 1381 | 3104 || 6653 | 57.83 | 5051 | 4323 | 3131 | 2795 | 4623
aceNel o1 [ 3539 | 2425 | 1324 | 9.02 | 596 57 1559 || 4662 | 39.10 | 24.13 | 22.14 | 1446 | 826 | 25.79
PFE Te—3 | 9437 | 8938 | 8047 | 69.83 | 59.50 | 52.85 | 74.40 || 96.77 | 9390 | 92.12 | 88.78 | 77.83 | 74.80 | 87.37

Te—4 | S7.15 | 7853 | 6452 | 49.17 | 4223 | 35.73 | 59.55 || 90.99 | 87.06 | 8334 | 7437 | 60.62 | 5590 | 75.38

ArcE Te—3 | 9732 | 9472 | 8957 | 83.74 | 7540 | 67.86 | 84.76 || 98.82 | 9746 | 9651 | 9526 | 8791 | 8346 | 93.24
CHace TTe—4 | 9325 | 87.66 | 78.71 | 6528 | 39.62 | 49.55 | 72.35 || 96.12 | 94.04 | 9170 | 8578 | 72.89 | 67.71 | 84.71

cors Te—3 | 9795 | 9601 | O1.87 | 88.07 | 8688 | 8554 | 91.05 || 97.74 | 98.16 | 97.58 | 96.50 | 9321 | 92.88 | 96.01
Te—4 | 9442 | 9088 | 8202 | 73.64 | 7307 | 72.89 | 81.30 || 9541 | 9580 | 9401 | 91.26 | 89.46 | 8695 | 92.16

Avg | le—4 | 7755 | 7033 | 59.85 | 49.28 | 45.22 | 40.97 | 57.20 || 8228 | 79.02 | 73.30 | 68.39 | 59.35 | 5471 | 69.51

der 1:N close-set Baseline Cross-Age No-MaskeD Gallery
and No-MaskeD Probe Identification vs. Cross-Age No-
MaskeD Gallery and MaskeD Probe Identification (BCAN-
MDG&NMDPI vs. CANMDG&MDPI). In latter case, the
gallery set faces were with mask and the probe set faces
were with no-mask. We conduct joint gender 1: N close-set
Baseline Cross-Age No-MaskeD Gallery and No-MaskeD
Probe Identification vs. Cross-Age MaskeD Gallery and
No-MaskeD Probe Identification (BCANMDG&NMDPI vs.
CAMDG&NMDPI).

BENMDGY vs. EMDGYV: This protocol analyzes the effect
of eyeglass with no-mask and mask face longitudinal veri-
fication performance. We perform 1:1 comparison between
Baseline Eyeglass No-MaskeD Disjoint Gender Verification
vs. Eyeglass MaskeD Disjoint Gender Verification (BEN-
MDGYV vs. EMDGV).

4. EXPERIMENTAL RESULTS

We present the cross-age verification, cross-age identification,
and verification performance achieved by the four FRS.

4.1. BCADGNMDYV vs. CADGMDV

In Table 2] we report results of longitudinal verification rate
of face recognition systems with gender disjoint and without
mask. Several observations can be obtained from Table[2l For
instance, at 0.1% FAR operating point, the average accuracy
over AT to AT6 for boys ranges from 57.64% (by FaceNet)
t0 99.21% (by COTS).

Whereas, it ranges from 70.77% (by FaceNet) to 98.69%
(by COTYS) for girls. As the age time lapse between gallery
and probe samples increases, the accuracy of face systems
decreases, e.g., the COTS verification rates with 0.01% FAR
operating point for boys are 99.72% at ATI1 and 95.26% at
AT6. Based on majority voting, we can state that all consid-
ered face systems achieved better performances for girls than

boys under all-time lapses. For example, the average accu-
racies with 0.01% FAR operating point of boys and girls at
AT3 are 83.62% and 89.15%, respectively. Similar face sys-
tems’ bias towards girls/females was reported in [4]]. More-
over, we analyzed the skin tones of boys and girls by selecting
a 3 x 3 patch from forehead of the subject, then we aver-
aged the patch values as a skin tone indicator. The average
skin tone indicator for boys and girls, in the used dataset, is
166.07 and 176.59, respectively. Namely, the girls’ skin tones
are lighter than boys, and it has been reported in many stud-
ies, e.g., [17]], that face systems attain better performances
on lighter skin subjects. Also, we found that more boy sub-
jects are with eyeglasses than girls that may be another variate
negatively impacting the face systems. Among FaceNet [5]],
PFE [18]], ArcFace [19] and COTS face systems [20], COTS
outperformed others consistently for all time lapses. How-
ever, among three academic face systems, FaceNet and Arc-
Face, respectively, achieved worst and best performances, be-
cause FaceNet uses softmax loss function which is known for
not being capable of discriminating hard pairs[19]. Whereas,
ArcFace is based on additive angular margin loss that simulta-
neously enhances the intra-class compactness and inter-class
discrepancy. Similar observations can be seen in Table [3] for
CADGMDV experiment. Besides, we can notice in Tables E]
and [3] that face mask decreases the performances of face sys-
tems. For example, the average verification rates at 0.1% FAR
operating point using PFE for girls without and with mask, re-
spectively, are 98.0% and 87.37%. Also, it is evident that face
mask with aging leads to a greater performance degradation
than only with mask, e.g., for boys without mask, the average
verification rate with 0.01% FAR operating point at AT1 is
92.38%, while it is 40.97% with mask at AT6.

4.2. BCAJGNMDYV vs. CAJGMDV

Table [4] shows the results of joint gender when both probe
and gallery samples are without mask (‘Boys and Girls with



Table 4: Longitudinal verification rate (%) of face recognition systems on joint gender with and without mask.

Protocol Boys and Girls with No-Mask Boys and Girls with Mask
Model FAR ATI AT2 AT3 AT4 ATS AT6 Avg ATI AT2 AT3 AT4 ATS AT6 Avg
FaceNet le—3 89.57 82.03 73.33 61.69 46.73 43.31 66.11 65.19 55.20 43.40 34.79 23.61 23.50 40.95
le—4 77.08 65.55 52.20 39.54 26.85 25.25 47.75 44.56 33.05 23.02 16.85 10.51 10.22 23.04
PFE le—3 99.76 99.55 99.03 97.53 94.64 90.96 96.91 96.30 93.06 87.33 80.25 68.39 64.22 81.59
le—4 99.59 98.70 97.37 92.47 88.48 78.76 92.56 90.37 84.70 7491 62.83 58.18 46.67 69.61
ArcFace le—3 99.78 99.60 99.57 99.32 98.16 96.48 98.82 98.26 96.75 93.72 90.38 82.01 77.51 89.77
le—4 99.72 99.50 99.25 98.56 96.47 94.14 97.94 95.24 91.72 85.39 78.64 66.69 59.79 79.58
le—3 99.86 99.73 99.65 99.32 97.94 97.48 98.99 98.63 97.55 95.44 92.78 88.92 88.44 93.63
COTS le—4 99.69 99.44 99.00 97.80 93.08 92.60 96.94 90.11 93.34 90.08 84.75 78.44 77.13 85.64

\ Avg [ 1le—4 ] 94.02 ] 90.80 | 86.96 | 82.10 | 76.22 [ 72.69 [ 83.79 ][ 80.07 | 7570 | 68.35 [ 60.77 | 53.46 | 48.45 | 64.47 |

Table 5: Longitudinal closed-set identification rate (%) of joint gender face recognition systems on (gallery vs. probe) no-mask
vs. no-mask, no-mask vs. mask and mask vs. no-mask.

Protocol No-mask vs. No-mask No-mask vs. Mask Mask vs. No-mask

Model Rank ATI AT2 AT3 AT4 AT5 AT6 Avg ATI AT2 AT3 AT4 AT5 AT6 Avg ATI AT2 AT3 AT4 AT5 AT6 Avg

FaceNet R-1 8531 78.95 71.21 65.87 56.73 61.20 69.68 31.09 28.26 25.08 22.42 20.86 28.11 25.97 33.72 29.28 23.25 22.71 20.78 24.53 24.11

PFE R-1 98.88 99.06 98.53 98.07 96.32 93.97 97.47 88.86 83.50 81.14 77.93 75.41 76.66 80.58 91.50 88.69 85.55 80.32 78.17 79.73 84.85

ArcFace R-1 99.41 99.33 99.03 98.80 97.86 96.49 98.49 95.43 93.62 91.08 88.36 85.47 87.90 89.98 92.21 90.72 85.95 80.81 75.78 75.64 83.52

COTS R-1 98.27 99.09 98.66 98.54 97.64 96.99 98.20 90.47 89.26 86.62 83.64 75.86 78.53 84.07 94.06 93.89 90.57 86.91 82.93 79.89 88.04
[ Avg | RI | 9548 | 94.11 | 91.86 | 90.32 | 87.14 | 87.16 | 91.01 || 76.46 | 73.66 | 7098 | 67.59 | 64.40 | 67.80 | 70.15 || 77.87 | 75.65 | 7132 | 6769 | 6441 | 64.95 | 70.13 |

No-Mask’) and when both probe and gallery samples are with
mask (‘Boys and Girls with Mask’). It can be seen in Table[4]
that the performances of the systems are optimal when the ac-
quisition time delay between probe and gallery is small (i.e.,
time lapse T1). Also, the face systems attained lower cross-
age verification performance when both probe and gallery
samples are with mask than when both probe and gallery sam-
ples are without mask.

Table 6: Verification rate (%) of disjoint gender face systems

on no-mask with eyeglasses and mask with eyeglasses.
Protocol |Gender|| FaceNet PFE ArcFace COTS

FAR |[le—3|le—4||le—3|le—4||le—3[le—4||le—3|le—4
Boys |[68.70|48.80[[99.34]96.55|[ 100.0]99.73 [[99.86]99.60
Girls |[81.8366.57|]99.47|98.54 || 100.0|99.86|[100.0| 100.0
Boys |[27.29]11.85[[78.02[58.45][85.08]69.24[90.45 | 81.28
Girls_[[49.07[27.58][89.65|77.58[96.15 | 87.93 |[97.47|94.42

Avg
le—4
86.17
91.24
55.21
71.88

lﬁ)-mfllsk+
yeglass

Eyéstits

4.3. BCANMDG&NMDPI vs. CANMDG&MDPI and
BCANMDG&NMDPI vs. CAMDG&NMDPI

In Table [5] we report the results of longitudinal closed-set
identification rate of face systems on no-mask vs. no-mask,
no-mask vs. mask and mask vs. no-mask scenarios. The
mask vs. no-mask is representation of gallery vs. probe situ-
ation, where a missing child’s photo is only with mask (i.e.,
gallery sample) and after some years it is being compared
with no-mask probe sample. We can see in the Table [3] that,
like in verification, the identification’s performance decreases
with increase in time lapses, but the rate of degradation is
smaller. Moreover, the identification accuracy suffers from
mask as well as compound effect of mask and aging, e.g.,
FaceNet at AT1 attained 85.31% Rank-1 accuracy in no-
mask vs. no-mask, whereas it reached 28.11% at AT6 in
no-mask vs. mask. In Table 5] in both no-mask vs. mask and
mask vs. no-mask settings, performances varies based on the
face algorithms. Moreover, the results show that on an aver-
age the mask vs. no-mask scenario achieved better accuracy
than no-mask vs. mask setting. All in all, ArcFace and COTS
achieved comparative performances in identification mode.

4.4. BENMDGY vs. EMDGV

The objective of this experiment is to study gender bias
with eyeglasses and mask on verification. Out of 26, 258
images in ECLF dataset, only 1,718 images from 396 boy
and 346 girl subjects are with eyeglasses. For fairness, we
selected 2,22 subjects for each boy and girl group, where
88 subjects are with 2 images, 70 with 3 images, 46 with 4
images and 18 with 5 images. We can observe in Table [6]
that even though boys and girls subjects are with eyeglasses
but for girls the FRS achieved higher performances in both
no-mask+eyeglass (i.e., both template and query are without
mask) and mask+eyeglass (i.e., both template and query are
with mask) setting. For example, COTS procured 99.60%
and 100% (for no-mask) and 81.28% and 94.42% (for mask)
at FAR 0.01% for boys and girls, respectively. It is also easy
to see that mask+eyeglasses lessen the accuracies of the FRS,
e.g., FaceNet accuracy diminished from 68.70% to 27.29%
for boys. For eyeglass+(no-) mask, COTS performed better
than ArcFace.

5. CONCLUSION AND FUTURE WORK

Driven by the COVID-19 pandemic and subsequent face
mask conformity, this paper, contrary to prior works, inves-
tigated the impact of aging with face mask on child subject
recognition. Particularly, the empirical efficacy of four FRS
was conducted under face masked children cross-age veri-
fication and identification scenarios. This study assembled
longitudinal Indian children (i.e., boys and girls aged from
2 to 18) cohorts database with synthetic masks, and showed
that face systems’ performances are severely deteriorated by
aging with masks. Moreover, the study found that accuracy of
FRS is affected by mask with eyeglasses. Also, the identifica-
tion levels of girls in the ECLF appear to be higher than boys.
In future, we will work towards creating a longitudinal child
database with real masks and different ethnicities, develop-
ing FRS that are inherently robust to face mask aging, and
investigating face mask aging as a face presentation attack.



(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

[12]

[13]

(14]

6. REFERENCES

N. Damer, J. H. Grebe, Cong Chen, and et al, “The effect
of wearing a mask on face recognition performance: an
exploratory study,” BIOSIG, pp. 1-6, 2020.

Mei Ngan, Patrick Grother, and Kayee Hanaoka,
“Part6b: Face recognition accuracy with face masks us-
ing post-covid-19 algorithms,” in Ongoing Face Recog-
nition Vendor Test, 2021.

Naser Damer, Fadi Boutros, and Marius Siimilchand
et al, “Extended evaluation of the effect of real and sim-
ulated masks on face recognition performance,” in IET
Biometrics, 2021, pp. 1-12.

Debayan Deb, Neeta Nain, and Anil K. Jain, “Longitu-
dinal study of child face recognition,” in ICB, 2018, pp.
225-232.

Florian Schroff, Dmitry Kalenichenko, and James
Philbin, “Facenet: A unified embedding for face recog-
nition and clustering,” in CVPR, 2015, pp. 815-823.
Nisha Srinivas, Karl Ricanek, Dana Michalski, and et al,
“Face recognition algorithm bias: Performance differ-
ences on images of children and adults,” in CVPRW,
2019, pp. 2269-22717.

Gary B. Huang, Manu Ramesh, Tamara Berg, and Erik
Learned-Miller, “Labeled faces in the wild: A database
for studying face recognition in unconstrained environ-
ments,” Tech. Rep. 07-49, University of Massachusetts,
Ambherst, October 2007.

Adnane Cabani, Karim Hammoudi, Halim Benhab-
iles, and et al, “Maskedface-net — a dataset of cor-
rectly/incorrectly masked face images in the context of
covid-19,” Smart Health, vol. 19, pp. 100144, 2021.
Shiksha Mishra, Puspita Majumdar, Richa Singh, and
Mayank Vatsa, “Indian masked faces in the wild
dataset,” in ICIP, 2021, pp. 884—888.

Baojin Huang, Zhongyuan Wang, Guangcheng Wang,
Kui Jiang, Zheng He, Hua Zou, and Qin Zou, “Masked
face recognition datasets and validation,” in Pro-
ceedings of the IEEE/CVF International Conference on
Computer Vision (ICCV) Workshops, October 2021, pp.
1487-1491.

Praveen Kumar Chandaliya and Neeta Nain, “Child
face age progression and regression using self-attention
multi-scale patch gan,” in IJCB, 2021, pp. 1-8.
Debayan Deb, Divyansh Aggarwal, and Anil K. Jain,
“Identifying missing children: Face age-progression via
deep feature aging,” in 2020 25th International Confer-
ence on Pattern Recognition (ICPR), 2021, pp. 10540-
10547.

Lacey Best-Rowden and Anil K. Jain, “Longitudinal
study of automatic face recognition,” IEEE Transactions
on Pattern Analysis and Machine Intelligence, vol. 40,
no. 1, pp. 148-162, 2018.

Praveen Kumar Chandaliya and Neeta Nain, “Condi-

[15]

[16]

[17]

(18]

[19]

[20]

tional perceptual adversarial variational autoencoder for
age progression and regression on child face,” in 2079
International Conference on Biometrics (ICB), 2019,
pp. 1-8.

Manfred Spitzer, ““‘masked education? the benefits and
burdens of wearing face masks in schools during the cur-
rent corona pandemic,” Trends in neuroscience and ed-
ucation, pp. 1-19, 2020.

Dan Zeng, Raymond N. J. Veldhuis, and Luuk J.
Spreeuwers, “A survey of face recognition techniques
under occlusion,” [ET Biom., vol. 10, pp. 581-606,
2021.

Tomas Sixta, Julio C. S. Jacques Junior, Pau Buch-
Cardona, and et al, “Fairface challenge: Analyzing bias
in face recognition,” in ECCVW, 2020, pp. 463-481.
Yichun Shi and Anil Jain, “Probabilistic face embed-
dings,” in ICCV, 2019, pp. 6901-6910.

Jiankang Deng, Jia Guo, Xue Niannan, and et al, “Arc-
face: Additive angular margin loss for deep face recog-
nition,” in CVPR, 2019.

Cognitec, “Facevacsdbscanid 5.6.0,” https://www.
cognitec.com/facevacs—dbscan—id.html.

3373


https://www.cognitec.com/facevacs-dbscan-id.html
https://www.cognitec.com/facevacs-dbscan-id.html

	1  Introduction
	2  Longitudinal Children Face Mask Dataset
	3  EXPERIMENTS SETUP
	4  EXPERIMENTAL RESULTS
	4.1  BCADGNMDV vs. CADGMDV
	4.2  BCAJGNMDV vs. CAJGMDV
	4.3  BCANMDG&NMDPI vs. CANMDG&MDPI and BCANMDG&NMDPI vs. CAMDG&NMDPI
	4.4  BENMDGV vs. EMDGV

	5  Conclusion and Future Work
	6  References

