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The Human Hand
An Abstract Concept

Complex Structure

27 bones.

Large number of muscles and tendons.

Wide set of constraints with high variability.

30 - 50 degrees of freedom.

Core Challenges

Strong self occlusion.

High variability in visual appearance.

Difficult to impose model constrains.



Deep (Machine) Learning

The Concept of Deep Learning [1]

”...branch of machine learning based on a set of
algorithms that attempt to model high-level
abstractions in data by using model architectures
(...) composed of multiple non-linear
transformations.”

Deep Learning and Neural Networks

Deep Boltzmann Machines

Deep Belief Networks

Convolutional Neural Networks



Convolutional Neural Networks (CNN)

Convolutional Layers

Spatial convolutions using filter kernels. Example
(Padding: 0. Stride: 1):1 2 3

4 5 6
7 8 9


︸ ︷︷ ︸
Data (3,3)

∗
[
w11 = 1 w12 = 2
w21 = 3 w22 = 4

]
︸ ︷︷ ︸

Kernel (2,2)

=

[
23 33
53 63

]
︸ ︷︷ ︸
Feature map



Convolutional Neural Networks (CNN)

Pooling Layers

Spatial down-sampling operations. Example (Padding: 0.
Stride: 1. Kernel size: (2, 2)):[

23 33
53 63

]
︸ ︷︷ ︸
Feature map

⇒

{
63 if Type : MAX

43 if Type : AVG

Fully Connected Layers

Similar structure to the Multilayer Perceptron (MLP).



Hand Detection using CNN
Problem Approach

Window Search

Exhaustive:

Sliding
Fixed size

Selective [2, 3]:

Segmentation
Non-fixed size

Window Classification

Two classes.

Insensitive to resampling.

Non-maximum suppression.



Hand Detection using CNN
Data: Training & Testing [4]

(a) Camera #1. (b) Camera #2. (c) Camera #3.

Figure: Positive classification samples. Frame #1.

(a) Camera #1. (b) Camera #2. (c) Camera #3.

Figure: Negative classification samples. Frame #1.



Hand Detection using CNN
Data: Validation [5]

(a) Sample #30. (b) Sample #31. (c) Sample #47.

Figure: Positive classification samples.

(a) Sample #30. (b) Sample #31. (c) Sample #47.

Figure: Negative classification samples.



Hand Detection using CNN
Network Architectures

Convolutional Layers [6]

Input Layers

Data → C P → FC

Data → C P C P C → FC

Data → C P C P C C C P → FC

C P
Convolution Pooling (MAX)

ReLU activation functions.



Hand Detection using CNN
Network Architectures

Fully Connected Layers [6]

Input Layers

CL → nnf 2

CL → nnf nnf 2

nnf

Fully Connected

nnf = 2n for n = 7, ..., 12



Results
Classification Accuracy: Test Set
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Figure: One convolution. Two fully connected layers.
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Figure: Three convolutions. Two fully connected layers.



Results
Classification Accuracy: Test Set
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Results
Classification Accuracy: Validation Set
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Results
Classification Accuracy: Validation Set
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Results
Classification Accuracy: Validation Set

128 256 512 1024 2048 4096
0

0.2

0.4

0.6

0.8

1

nnf

C
la

ss
ifi

ca
ti

on
A

cc
u

ra
cy

nfc = 2
nfc = 3

Figure: Five convolutions.



Results
Detection Test: Shallow Network

Figure: Camera #1. Frame #2000. Precision: 2.17 %.



Results
Detection Test: Shallow Network

Figure: Camera #1. Frame #4000. Precision: 0.51 %.



Results
Detection Test: Deep Network

Figure: Camera #3. Frame #2000. Precision: 14.3 %.



Results
Detection Test: Deep Network

Figure: Camera #3. Frame #6000. Precision: 2.4 %.



Hand Pose Estimation using CNN
Problem Approach

Pose Estimation

Hand dominated image.

Compute pose or appearance description.

Wide variety of pose descriptions.

Key-point locations

Image to Pose Regression

36 key-points in (u, v, d)-space.

No spatial resampling.



Hand Pose Estimation using CNN
Key-points

Figure: (x, y, z)-space rendering of (u, v, d) key-points overlayed
PrimeSense depth data.



Hand Pose Estimation using CNN
Data: Training & Testing [4]

(a) Camera #1. (b) Camera #2. (c) Camera #3.

Figure: Depth data. Frame #1.

(a) Camera #1. (b) Camera #2. (c) Camera #3.

Figure: RGB data. Frame #1.



Hand Pose Estimation using CNN
Network Architectures

Convolutional Layers [7]

Input Layers

Data → C P → FC1

Data → C P C P C → FC2

1−→ C P

Data
0.5−−→ C P ∪ → FC3
0.25−−→ C →



Hand Pose Estimation using CNN
Network Architectures

Fully Connected Layers [7]

Input Layers

CL1 → nnf 108

CL2 → nnf nnf 108

CL3 → nnf 108

nnf = 1024



Results
Euclidean Loss: Testing Set
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Figure: Depth Data.



Results
Euclidean Loss: Testing Set
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Figure: RGB Data.



Results
Deep Network Prediction
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Figure: (u, v)-prediction given depth data.
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Figure: (u, v)-prediction given RGB data.



Results
Deep Network Prediction
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Figure: d-prediction given RGB data.



Conclusions

Hand Detection using CNN

CNN considered suitable classifier.

High diversity requirements on negative class.

Larger dataset → reduce the number of false positives.

Shallow network → color as feature descriptor.

Deep networks → more abstract feature descriptors.



Conclusions (cont.)

Hand Pose Estimation using CNN

Shallow network → poor result on color data.

Color 7→ key-point locations more non-linear.

Requires deeper networks.

Color data offers smallest key-point displacement.

Color data can be used to infer depth.
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