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Motivation

4 N A

» Dilemma: Accuracy and efficiency are two » Solution: shrink the input image

conflicting challenges for face detection and focus on detecting small faces
* Effective models!!! tend to be time-consuming e Trade-off between accuracy and
 Efficient models tend to be not robust enough efficiency

Efficiency Accuracy Accuracy Efficiency
Accuracy Efficiency

[1] Zhang, S., Zhu, X., Lei, Z., Shi, H., Wang, X., Li, S.Z. S3FD: Single Shot Scale-invariant Face Detector. ICCV (2017)
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Contributions

» Developing a novel face detector (DCFPN) with high performance as well
as CPU real-time speed

» Designing a lightweight-but-powerful network with the consideration of
efficiency and accuracy

» Proposing a fair L1 loss and using dense anchor strategy to handle small
faces well

» Achieving state-of-the-art performance on common benchmark datasets
at the speed of 30 FPS on CPU and 250 FPS on GPU for VGA images
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Architecture

Rapidly Digested Convolutional Layers Densely Connected Convolutional Layers

* Rapidly Digested Convolutional Layers (RDCL): quickly reducing spatial size by 16
times with narrow but large convolution kernels to achieve CPU real-time speed

 Densely Connected Convolutional Layers (DCCL): enriching the receptive field to
learn visual patterns for different scales of faces, combining coarse-to-fine
information to improve the recall rate and precision of detection.




Dense anchor strategy
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» Problem: the last conv layer has 5 default anchors whose tiling interval are 16 pixels.

Comparing with large anchors (64, 128, 256), small anchors (16, 32) are too sparse,
which results in low recall rate of small faces.

» Solution: dense anchor strategy is proposed by [1] to solve this tiling density
imbalance problem. As illustrated in above figure, it uniformly tiles several anchors
around the center of one receptive field instead of only tiling one.




Fair L1 loss

» The regression target of Fair L1 loss is as follows:

t,=x—x%t,=y—-y% t, =w, t, = h;
ty=x"—x% t, =y " —y% t, =w', t, =

» where X, y, w, h denote center coordinates and width and height, x, xa, x* are
for predicted box, anchor box, and GT box (likewise for y, w, h). The scale
normalization is implemented to have scale-invariance loss value as follows:

|zj|/w*, ifj € {x,w}

Lyeg(t,t") = Yjerxywn fairy, (t; — tj), where fair, (z;) = |z;|/h*, otherwiese
] )

» It equally treats small and big face by directly regressing box’s relative center
coordinate and width and height.
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Model analysis

Component

Designed architecture?

Dense anchor strategy [2]?
Fair L1 loss?

Accuracy (mAP)

» Fair L1 loss is promising: +0.7% owns to locating small faces well

» Dense anchor strategqy is effective: +0.8% shows the importance of this strategy

» Designed architecture is crucial: +0.5% demonstrates the effectiveness of
enriching the receptive fields and combining coarse-to-fine information across
different layers




Our DCFPN (AP 98.49)
DPM (AP 97.21)
Faceness (AP 97.20)
HeadHunter (AP 97.14)

Evaluation on benchmark
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SquaresChnFtrs-5 (AP 95.24)

Structured Models (AP 95.19)

Shen et al. (AP 89.03)
TSM (AP 87.99)
Face.com

Face++

Picasa

AFW dataset

22111111

Our DCFPN (AP 94.87)
Faceness (AP 92.11)

DPM (AP 90.29)

HeadHunter (AP 89.63)
SquaresChnFtrs-5 (AP 85.57)
Structured Models (AP 83.87)
TSM (AP 76.35)

Sky Biometry (AP 68.57)
OpenCV (AP 61.09)

W.S. Boosting (AP 59.72)
Face++

Picasa

Recall

PASCAL face dataset
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Evaluation on benchmark

Our DCFPN (0.952)
UnitBox (0.951)
Zhang et al. (0.944)
LDCF+ (0.921)
DP2MFD (0.913)
Faceness (0.903)
Conv3D (0.901)
Hyperface (0.901)
FastCNN (0.900)
Barbu et al. (0.886)
HeadHunter (0.871)

Joint Cascade (0.863)
CCF (0.859)
CascadeCNN (0.857)
ACF-multiscale (0.852)
Yan et al. (0.852)
MultiresHPM (0.851)
Boosted Exemplar (0.848)
DDFD (0.840)
SURF-multiview (0.837)
NPDFace (0.817)
IPEP-Adapt (0.809)

Kumar et al. (0.864)

400
False positives

800

Discontinuous score on FDDB dataset

True positive rate

Our DCFPN (0.815)
Conv3D (0.759)
Joint Cascade (0.748)
MultiresHPM (0.747)
Faceness (0.723)
UnitBox (0.722)

Yan et al. (0.709)
Zhang et al. (0.708)
HeadHunter (0.703)
Hyperface (0.701)
Barbu et al. (0.693)
LDCF+ (0.680)

DP2MFD (0.672)

DDFD (0.669)
CascadeCNN (0.668)
Kumar et al. (0.654)
ACF-multiscale (0.632)
FastCNN (0.615)

CCF (0.614)

NPDFace (0.609)
Boosted Exemplar (0.600)
SURF-multiview (0.569)
PEP-Adapt (0.528)

1

False positives

400 600

800

Continuous score on FDDB dataset




Runtime efficiency
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