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Abstract The Proposed Method — v Numerical Results
The most existing studies in the facial age estimation assume training and test \ < A Train Database
images are captured under similar shooting conditions. However, this is rarely valid - @ Our BAG: 200,123 images, crawled from Internet
in real-world applications, where training and test sets usually have different i S )| S|S0z e e 2 §
characteristics.  In this paper, we advocate a cross-dataset protocol for age i 0"94— , - Test Databases
estimation benchmarking. In order to improve the cross-dataset age estimation / \ e —— — — -
performance, we mitigate the inherent bias caused by the learning algorithm itself. Age estimation problem as distribution learning problem — " GNN | e o FGNET: Images with different lighting condition
To this end, we propose a novel loss function that is more effective for neural D ha ST T | P - Fpic ey Detan o MORPH: Four ethnicities
network training. The relative smoothness of the proposed loss function is its ® S t.o the siimiaciy etwee'n nfelg _ PLING A8C o Sc_a a.r g€ Distribution learning , .
advantage with regards to the optimisation process performed by stochastic gradient label is encoded as a label distribution (a set of description o FACES: Six expressions
descent (SGD). Compared with existing loss functions, the lower gradient of the degrees) . Existing Loss Function @ SC-ROT: Images with different pose
proposed loss function leads to the convergence of SGD to a better optimum point, T . . . - . -
and consequently a better generalisation. The cross-dataset experimental results o Sumit a.II desciiption .degre.es =qualitoil _ Kullback-Leibler divergence (KL) 2 9 Sl RS Lt CLUCE i GRS
demonstrate the superiority of the proposed method over the state-of-the-art @ The maximum degree is assigned to the corresponding age. - ST P
. . . . . ATrcilltectiure
algorithms in terms of accuracy and generalisation capability. T = Z g log( f)_i ) V=T
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Distribution Cognisant Loss (DC-v1)
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@ Cross database evaluation

Age Estimation Problem

Lp,a) =log(1 — a1~ Y \/pwan)/log(1—a) 0<a <1

Age estimation is the prediction of a persons age based on biometric
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fo-turec exiracted From the face Cross-database Evaluation (MAE & CS) on the Target
' Label distribution for a facial image at the age of 25 Distribution Cognisant Loss (DC-v2) Databases
FG-NET MORPH FACES SC-FACE Average
L L 1 Method | MAE CS(%) | MAE C5(%) | MAE _CS5(%) | MAE CS(%) | MAE _CS(%)
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. o al: k Pk \a Human 470 695 | 630 510 | NA NA | NA  NA | 550 6025
L(p,a) = E :|Q‘k —pil= = § :Q‘ 1—(=) 0<ac<l Microsoft | 6.20 53.80 | 6.59 46.00 | - - - - | 639 49.90
E—1 b—1 qk DEX 357 78.94 | 654 5338 | 6.59 50.83 | 6.19 6505 | 5.86 59.50
AGEn 353 79.78 | 640 53.97 | 634 5240 | 6.12 6521 | 572 60.60
. DLDL 324 8154 | 6.01 5736 | 6.11 5560 | 652 60.64 | 555 61.98
o~ CE-MV | 334 8044 | 622 5560 | 625 5463 | 623 6438 | 562 6184
Main Property A Conceptual Sketch of Flat and Sharp Minima. DLDLv2 | 335 8144 | 580 57.30 | 592 5668 | 652 6L61 | 548 6277
Th _—y ¢ id 7 ' : ¢ h Proposed | 3.26 81.57 | 5.69 58.83 | 592 57.45 | 541 67.90 | 5.07 66.43
e smoother loss surface provides a etter genera Isation ftor the Train/DeV En.or Test Error

Semantic Similarity output model trained by that loss function.

loss function was then proposed to improve the generalisation performance of the
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There is semantic similarity between features of adjacent ages. This — : Conclusion
semantic information should be reflected into the training algorithm. 50 Tom : _ o o
B e : In this paper, we addressed the cross-dataset age estimation problem which is more
4 r—=ttlilioss : realistic, as well as demanding than the conventional intra-set performance testing.
[ The age estimation problem was modelled as distribution learning problem. A novel
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& " system by mitigating the inherent bias of the trained model. The ability of our
@ Regression: Scalar labels =) INY Y L N\F ViR proposed loss function to mitigate bias is directly related to its relative flatness
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IR — ] ' l : . which improves the accuracy in unseen (cross-dataset) scenarios. The superiority of
e Classification: 0/1 labels 21 ¥ < 2 : : :
Flat Minimum Sharp Minimum our proposed approach is confirmed by the experimental results.
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Figure: Behaviour of gradient of the KL loss and the proposed DC loss. generalisation capability.

RESEARCH POSTER PRESENTATION DESIGN © 2019

www.PosterPresentations.com




