Scale-Prior Deformable Convolution for Exemplar-Guided Class-Agnostic Counting
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Scale Prior Deformable Convolution Layer [ ]
Normal Convolution Layer [ ]
2x2 Max Pooling Layer [ ]

Input size: n X h X w
Conv_3x3(n,64)
RelLU

Input size: 2
Linear(2,64)
RelLU

Effect And Visualization of Scale Prior

Normal Convolution

Conv_3x3(64,32) Linear(64,32) embedding validation set test set
Output de: 32 X h xw | expand to dg: 32 X h X w global local | MAE MSE | MAE MSE
non-linear % 21.24 71.16 | 1941 128.26 Ground Truth: 33 FamNet: 78.08 Ground Truth: 42 FamNet: 27.79
Concatenate C and G: 64 X h x w v 19.99 69491 17.58 * 119.69 Vanilla Deformable Convolution
COI]V_3X3(64, 32) v 16.63 53.30 | 14.54 104.69
Rel.U v v 1459 49.97 | 13.51 96.80

Conv_3x3(32,18)

Output size: 18 x h X w o
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» The offsets in vanilla deformable convolution S

only comes from local embedding C; st

study on inserted position (b) number of inserted layers

BMNet: 49.13 SPDCN: 35.27 BMNet: 82.03

SPDCN: 47.60
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Adaption to CARPK Dataset

Robustness to Scale Variation And Rotation

» In SPDCN, the offsets is transformed from the
combination of local embedding C and global
embedding G. A non-linear module R is used

The scale prior is only used to adjust the receptive field of network. The matching
process and density estimation are based on semantic information instead of scale

AR 1= to fuse them. : ,
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s Je-prior DCN output and width of given exemplars. method | FamNet | BMNet | SPDCN | FamNet | BMNet | SPDCN
T b= Ghw), e ¥ e gy M MAE | 2884 [ 1730 | 1815 | 1819 | 9.66 | 10.07
scale-prior backbone ¢ o ot [EIl eict, |E1 MSE 44.47 21.89 21.61 33.66 14.84 14.12 — — —




