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Light-weight Gender Classification and Age Estimation
based on Ensemble Multi-tasking Deep Learning

Quoc Bao Huy Trani JongHyeon Park”,

ABSTRACT

¥

SunTae ChungH

Image-based gender classification and age estimation of human are classic problems in computer
vision. Most of researches in this field focus just only one task of either gender classification or age
estimation and most of the reported methods for each task focus on accuracy performance and are not
computationally light. Thus, running both tasks together simultaneously on low cost mobile or em-—
bedded systems with limited cpu processing speed and memory capacity are practically prohibited. In
this paper, we propose a novel light-weight gender classification and age estimation method based on
ensemble multitasking deep learning with light-weight processing neural network architecture, which
processes both gender classification and age estimation simultaneously and in real-time even for em—
bedded systems. Through experiments over various well-known datasets, it is shown that the proposed
method performs comparably to the state-of-the-art gender classification and/or age estimation meth—
ods with respect to accuracy and runs fast enough (average 14fps) on a Jestson Nano embedded board.

Key words: Gender classification, Age Estimation, Multi—tasking, Deep learning, Ensemble, Embedded
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Fig. 1. The proposed Method for gender classification and age estimation based on multi—tasking and ensemble,
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Fig. 2. Sample Images of MORPH-II dataset,

Table 1. Race distribution of MORPH-II dataset,

Black White Asian Hispanic Etc. Total

Male 36,832 7,961 141 1,667 44 46,645
Female 5,757 2,598 13 102 19 8,489
Total 42,589 10,559 154 1,769 63 55,134
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Fig. 3. Sample Images of FG—NET dataset,
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Fig. 4. Sample Images of MegaAge—Asian dataset,

Fig. 5. Sample Images of IMDB—WIKI dataset,
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Table 2, Performance comparison of gender classification and age estimation over MORPH-II dataset,

Method Network Parameter MAE(year) Classification Experiment
Size (Age) Accuracy (Gender) Method
CMTI[22] 5M 2.89 99.28 5-fold
Compact CNN[23] 56.9M 3.23 98.82 2-fold
Proposed Method 99.2K 2.88 99.34 5-fold
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Table 3. Performance comparison of age estimation over MORPH-II dataset,
Method Network Parameter Size MAE(Years)
MobileNet-V1 [5] 226.3K 6.50
DEX [8] 138M 3.25
MV [9] 138M 2.41
ARNI[11] 138M 3.00
Ranking-CNN [14] 500M 2.96
LCV-Net [16] 2.TM 2.72
DCDL+MV™ [17] 138M above(xx*) 2.62
DenseNet [18] 242K 5.05
SSR-Net [20] 40.9K 3.16
MA-SFV2 [21] 1.4M above 2.68
CMT [22] 5M 2.89
Compact CNN [23] 56.9M 3.23
CR-MT [25] 138M above™ 2.30~3.02(x)
Proposed Method 99.2K 2.88
(*; indicates pretrained using the IMDB-WIKI Dataset)
(+x; DCDL & VGG-16& WE S F st A4@F AFolm, VGG-16 & 138M e B Ato]=2E zhetth)
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Table 4. Performance comparison of age estimation
over FG—NET dataset.
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DEX [8] 138M 463 Table 5, Performance comparison of age estimation
MV [9] 138M 4.10 over MegaAge—Asian dataset,
Ranking-CNN [14] 500M 4.13 Network
LCV-Net [16] 2.T™M 3.56 Method Parameter Size CA@®) | CAG)
DCDL+MV [17] 138M above 2.281 MobileNet-V1 [5] 226.3K 0.440 | 0.606
MA-SFV2 [21] 1.4M above 3.81 DenseNet [18] 242K 0.517 | 0.694
CMT [22] 5M 3.43 SSR-Net [20] 40.9K 0.549 | 0.741
Proposed Method 99.2K 341 Proposed Method 99.2K 0.585 | 0.788
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Table 6, Performance of gender classification and age
estimation of the proposed method over
IMDB-WIKI on Jetson Nano embedded board.

Device | Accuracy of Gender |Accuracy of Age
No. Classification (%) Estimation (%)

1 97.90 80.40

2 96.30 81.20

3 97.50 80.70

4 95.20 80.30

5 95.70 82.80

Average 96.73 80.65

4.4.4 IMDB-WIKI Hl o]l A Eol thah W Al =H
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