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References and on-line material

Human Computer Interaction (HCI) is the discipline that

studies models and techniques for the interaction between

people and computers.

Historical evolution:

• Command Line Interface (CLI, ’70s)

• Graphical User Interface (GUI, ’80s)

• Natural User Interface (NUI, today)

NUIs have recently got prestige thanks to new low cost

technologies. 

In NUI, systems must be able to automatically segment and 

classify actions in continuos action/gesture streams.

1. Overtake the static sliding window approach

2. No prior strong hypothesis (action duration, typology…)

3. Automatically detect the beginning and the end of  actions

4. Reliability: avoid unwanted interactions

1. MSRAction3D 

2. UTKinect-Action 

3. MSRDailyActivity3D 

4. Kinteract Dataset: our dataset HCI oriented
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1. Multiple Stream Discrete HMM

2. Skeleton Features

3. Double-Stage Classification

4. Online Temporal Segmentation
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Results
1. Classification

2. Online Temporal Segmentation
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4a. Gesture Beginning Detection

4b. Gesture End Detection

4c. Reliability Check: to filter out false candidates

Nine features are extracted for each selected body joint 𝐾𝑖 . 
Given the sequence of  3D position of  the joint 
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Where:

• 𝑜1, … , 𝑜3 : offset with respect to a reference joint

• 𝑜4, … , 𝑜6 : velocity component

• 𝑜7, … , 𝑜9 : acceleration component

Limited dependencies: fast and parallel computation is

allowed.

If a gesture is currently performed, a probability

distribution analysis of  the last state detects the gesture

end:

The beginning of  a gesture is detected by analizing the first 

hidden state of  each HMM; a voting mechanism is

exploited, each HMM votes in this way:

• First-stage: left-right discrete HMMs, detect which body 

part is involved in performing gesture; they activate a 

specific set of  second-stage HMMs.

• Second-stage: ergodic discrete HMMs; specialized for a 

particular body part, they provide the final classification.

For each classification, the forward algorithm for HMMs with 

the three well known initialization, induction and termination

equations can be applied:
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Instead of  a Gaussian Mixture Model, we adopted a set of  

weighted distributions to model discrete observations for 

each HMM’s hidden state; so, we can write:

Framework runs at about 80 fps. The total number of  

HMM of  each stage corresponds to the potential number

of  recognizable gesture classes.

Total time for feature extraction, stream weight

evaluation and classification: 4.4𝑥10−2𝑠 (single action)
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Dynamic body gestures for explicit

Human Computer Interaction
1. Dynamic:

The target posture requires a movement; thus, we

neglect static potures (e.g. sitting, reading a book…);

2. Body:

The target posture is potentially performed using the 

whole body; thus, we discard too local gestures such as

finger movements or facial expressions;

3. Gestures:

A gesture is a well-defined and time-limited body 

movement; continuous actions such as running, walking

are not considered;

4. Explicit HCI:

We focus on gestures provided by a user wich has

spontaneously decided to interact with the system; 

thus, the gesture recognition subsumes a corresponding

reaction or feedback at the end of  each gesture.

Proposed Method

2. Speed Performance

- Quick

- Mnemonic

- User friendly

- New devices

- New metaphors

- Intuitive

- Invisible

- New low cost technologies

Setup
1. Depth sensor (Kinect, Kinect One, Intel R200…)

2. Hidden Markov Model

The classification of  an observation sequence 𝑂 is carried

out selecting the model 𝜆∗ whose likelihood is highest. If the 

classes are a-priori equally likely, this solution is optimal

also in a Bayesian sense:

𝜆∗ = 𝑎𝑟𝑔 𝑚𝑖𝑛
1≤𝑐≤𝐶
𝑃(𝑂|𝜆𝑐)
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