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Algorithm 1: 3DGHOG
Input:

— Range and reflectance images

— The number of cells No(= k x k)

— Block size Sp(= g % q)

— The number of bins for HOG N,

— The number of bins for HONV Ny, N,

Output:

— Three-dimensional HOG which contains:

1) 3dgradArr - array of discretized 3D gradient
vectors

2) 3dgradStr - array of the strength of each 3D

gradient

Definision:
— A HOG structure contains:
1) gradArr - array of discretized gradient vectors

2) gradStr - array of the strength of each gradient

— A HONV structure contains:
1) normArr - array of discretized normal vectors
2) normStr - array of the strength of each normal

vector

The algorithm:

1) divide range and reflectance images into small cells
2) create HOG[N.] and HONV[N,] structures for
each cell

3) for each cell c do
A) calculate HOG|c] from the reflectance image

B) calculate HONV/[c] from the range image
C) for each bin ug , in HONV/c] do

a) calculate a projection matrix A from N; to
HONV/|c].normArr|ug,,]

b) for each bin u, in HOGJc] do
i) calculate 3D edge by multipling the

matrix A and HOG[c].grad Arrfua]

ii) create 3SDGHOG histogram by casting

a weighted vote according to
HOG]c].gradStr[ua] x HONV[c|.normStr(ug, ;|
for the corresponding bin
3DGHOG(¢].3dgradStr[ug ]

4) normalize 3DGHOG at each block
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