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Multi-view Face Detection Based on the Pixel
Differential Covariance Feature
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Abstract:PDV is a discriminative first order operator,how to encode high order statistics into PDV is still unaddressed.
In this paper, we investigate the covariance of the PDV in a local region,and propose a novel pixel differential covariance
feature (PDCF') , significantly improving the performance for multi-view face detection. Following the PDV based object
detection pipeline ,multiple channel maps are initially prepared before calculating pixel differential feature. Afterwards,
covariance matrix of the PDV is computed to obtain the pair-wise correlation between arbitrary two elements. Finally,
a face proposal mechanism is designed to generate face candidates and a PDCF based detector is further refined,achieving
real-time running speed. Experimental results show that,the proposed method outperforms other state-of-the-art methods
and can be deployed on the edge-computing device.
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Fig. 3 The process of face detection
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Fig. 4 Average face of five different views
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Table 3 Comparison of average accuracy between classical machine learning model and deep learning model on AFW dataset
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Table 4 Comparison of average accuracy between classical machine learning model and deep learning model on PASCAL dataset

Methods HeadHunter DPM PDCF Faceness-Net ) STN10] RetinaFace! ')
AP/ % 89.63 90.29 90.44 92.11 94.10 99.45
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Fig. 8 Test results on AFW and PASCAL datasets
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Table 5 Runtime comparison of 640x480 images

) BT/ (W/s) X BT/ (W/s)
ik ik
80x80 12 £ 40%40 14 % 80x80 15 % 40x40 14 %
ACF 19.61 431 PDCF 18.24 4.18
PDV 24.67 6.24 PDV+PDCF 20.25 5.12
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