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 Challenge problems for one-shot       

learning gestures recognition

 One training sample per gesture class 

 How to extract distinctive features?

• motion trajectory

• spatio-temporal features: Cuboid , Harri3D + HOG/HOF,       

MoSIFT, 3D MoSIFT

 How to select a suitable model?

• Hidden Markov Model  

• Conditional Random Field 

• Bag of features Model
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 Keypoints detection from RGB data
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3D MoSIFT
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3D MoSIFT

 Computing feature descriptors from RGB-D data

 3D Motion space construction

Vx and Vy are calculated 

by optical flow. 

Vz =  Dt+1(     ) - Dt(    ) 

where Dt  deontes the depth 

frame at time t; is the interest 

point at time t;

1

d

tp 

d

tp

d

tp



3D MoSIFT

Local patch around a 

interest point :16*16; 

Each Grid size: 4*4;

Calculate orientation 

histogram in each 

grind: 8 bins;

Descriptors for a 2D 

plane: 4*4*8 = 128;

3D MoSIFT  size: 

128*6 = 768



Bag of features

 Codebook learning (in the training stage)

------ by K-means algorithm

Let X be the set of descriptors with D dimensional feature 

space,                                             . Suppose the codebook 

B with M entries,                                         , the set of 

codes for X can be denoted as

Then, K-means algorithm is solving the problems to seek 

the optimal B and C:
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Bag of features

 Codebook learning and vector quantization (VQ) coding

 VQ coding (in the testing stage)

Let Y be the set of descriptors with D dimensional feature 

space,                                             . Given the codebook B 

with M entries,                                          . Then, VQ 

method is solving the problems to seek the optimal C:
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In practice, the single non-zero element of     is found by 

searching the nearest neighbor.
ic



Video representations

After obtaining codebook                                        and 

a set of descriptors                                            from a 

sample, Then the set of codes                                    

for     can be calculated via VQ method.

 Histogram calculation:
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So, each sample can be denoted by a histogram vector  Mh



Classification

 KNN classification 

Because there is only one sample per 

gesture class, KNN classification is 

used to recognize any input sample.
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 Features analysis and Parameter discussion
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Atr : average number of features  

(Atr =Ltr /Ntr)
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Traditional strategy: a given const 

value (e.g. 500 ,1000 2000 )

But it may not be suitable for one-

shot learning.

Reason:

1) The number of features is varied 

for 20 batches.  A given value 

may not be suitable for all 20 

patches;

2) k-means condition:  M ≦ the 

number of cluster

For example, if M=10000, it is 

failed  in some batches (final 

25, final 26, final 36) 



Results

 Features analysis and Parameter discussion

Therefore, we use a new parameter γ ∈ (0,1) to 

replace the codebook size M, then the codebook size 

M can be calculated:

M = Ltr∗ γ

Advantages:

1) Different batches have different codebook size.

2) γ satisfies the k-means condition.

( M = Ltr∗ γ ≦ Ltr )



Results  ---- comparison 
ratio

Methods

0.1 0.2 0.3 0.4 0.5

Cuboid (R) 0.36717 0.36495 0.34332 0.33111 0.31392

Coboid (R+D) 0.33666 0.31559 0.30948 0.30782 0.28064

Harri3D hog  (R) 0.30061 0.26012 0.25014 0.23516 0.23461

Harri3D hog  (R+B) 0.24903 0.22795 0.22407 0.22795 0.22684

Harri3D hof (R) 0.34831 0.32668 0.31281 0.29895 0.29063

Harri3D hof (R+B) 0.32169 0.29174 0.28508 0.27898 0.27121

Harri3D hog/hof (R+B) 0.24237 0.21963 0.20022 0.19468 0.18857

Harri3D hog/hof (R+B) 0.20965 0.18802 0.18303 0.18747 0.18192

MoSIFT(R) 0.41653 0.39601 0.35885 0.36606 0.335

MoSIFT(R+B) 0.44426 0.4426 0.43594 0.42318 0.40488

3D MoSIFT (R+B) 0.19135 0.16694 0.16195 0.14476 0.14642



Discussion and feature work

 3D MoSIFT merits:

1) Scale and rotation invariant

2) Capture more compact and richer representation

According to experimental results, 3D MoSIFT is 

suitable for one-shot learning gesture 

recognition.



Discussion and feature work

 3D Mosift drawbacks:

1)  Processing time: about 200ms/f.

2)  Still capture redundant features in the background.

Green circles indicate the scale value of interest points and 

purple arrow shows the direction of movement.
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