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Natural human motions (like running) can be diverse 

under different situations  
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Human Motion 

Analysis

Sport Science

… 

Running techniques

Sociology

Pharmacology

Clinical 
assessments
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Human Motion 
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• Many movements especially for hands

Kitchen environment:
• Diverse actions

 Human 

Motion Analysis

Natural
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Tailored therapeutics

Stroke patients

Novel control algorithms

Amputee patients
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https://www.allinahealth.org/-/media/cancer/cancer-rehabilitation-in minnesota.jpg?la=en&hash=1BB2557BD5C65ACE9AB7502A20D13FA1

https://ew news.com/wp-content/uploads/2021/09/Lady-with-bionic-arm-Patient_file-update-265x300-Sept.-21.jpg

Healthy subjects

Skill learning



Tailored therapeutics

Stroke patients

Novel control algorithms

Amputee patientsHealthy subjects

Skill learning
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Motivation 7

Q: How do we study human motion in 

an unconstrained setting?



Strategy for analyzing unconstrained motion 8

Constrained human motion analysis

Explicit contexts
Start and end time, duration

Motion Motion analysis

Unconstrained human motion analysis

Behavior 
analysis

Implicit contexts
Environment, attention

Motion Motion analysis



Body movement Hand movement Eye gaze

Data related to unconstrained human motions

ActionsInteracted objects
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Movement information Context information

Q.1: How can we collect all of these in one dataset?



The Smart Kitchen platform

9 Kinect Azure 
Cameras

Ego HoloLens Cameras

IMU sensors 

Arduino

A
ll 

S
y

n
c

h
ro

n
iz

e
d

a
n

d
 C

a
li

b
ra

te
d

1 0



HoloLens view One Kinect view

IMU data from the knife

Hands+

Gaze

Hands+

Gaze+

Body

Example of device integration
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Body movement Hand movement Eye gaze ActionsInteracted objects

Data recap

From Kinect, 
but jittery

Not availableFrom HoloLens
From IMU 
sensors

From Kinect, 
but jittery
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3D pose improvements in the Smart Kitchen

Methods inspired by our 
paper newly accepted by 

CVPR2024!
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Qi H, Zhao C, Salzmann M, et al. HOISDF: 

Constraining 3D Hand-Object Pose 
Estimation with Global Signed Distance 

Fields. CVPR (in press), 2024.

Kinect 
cameras

Kinect 
3D poses

Hololens 3D poses

HoloLens 
camera

Depth images

2D poses

Mano 
hands

SMPL 
body
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Rendered 3D meshes Projected 3D poses 3D poses

3D pose improvements in the Smart Kitchen
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Action annotation in the Smart Kitchen

Fine-grained Actions
Manually defined and annotated

We will release the whole dataset including action annotations to the CV community!

Ethogram example
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33 78



5 sessions of ~1h

2. Ratatouille1. Omelette 3. Risotto 4. Ratatouille 5. Pad Thai

Data collection protocol

4 recipes

1 6



Each participant cooks 5 times under 4 recipes

Number of participants: 43
Number of sessions: 190 sessions for now

Total data memory usage: Around 200 TB

Data collection summary
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1. Find ingredients 3. Seasoning2. Cut ingredients

4. Cooking 5. Make pasta 6. Clean the pot
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Ratatouille cooking actions



In summary, we have … 1 9

Visual information

Muti-modal 
data types

Head pose

Kinematic information

IMU on Tools

Hand pose
Body pose 

and eye gaze

Category information

Identity level

Age Gender

Cooking 
skills

Dominant 
hands

Session level

Recipes Time

Frame level

Coarse actions
Reading Recipe

Fetch ingredients

Process inredients

Cooking on the stoves

Cleaning

Fine-grained 
action 

annotations
XClip

Rule

LLM 
Summary

Multi-modal

data types

Multiple

cohorts

Data of stroke patients Data of amputee patients

Patients data

Michelin Chef data 
following the same recipe

Omlete, ratatouille

Professional chef data
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Unconstrained human motion analysis

Behavior 
analysis

Implicit contexts
Environment, attention

Motion Motion analysis

Q.2: How do we quantify 

natural behavior?



Quantify behavior at different levels

Activity

Level

Action

Level

Motion

Level
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Activity level analysis : Strategy differences
2 2

Fridge area Counter area

Stove area Sink area

Trash area Unregistered area

Different strategies can be observed for cooking.

Activity segmentation
Step-by-Step

Cleaning intermittently

Slow cutting

Subject 1

Subject 2

Subject 3



Activity level analysis : Within-subject consistency 
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1st Session

2nd Session

Subject A

Subject B

1st Session

2nd Session

Fridge area

Counter area

Stove area

Sink area

Trash area

Unregistered area

Despite different strategies across subjects, indivuals are consistent



Action level analysis
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𝐺 = {(𝑤𝑖𝑗 ∈ ℝ𝑁𝑣×𝑁𝑛 }

𝑆 = 𝜌(𝐺𝐴 , 𝐺𝐵 )

Graph definition

Spearman correlation between graphs
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Cooking recipe dictates action repertoire. 
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𝑷  𝒌𝒊𝒏𝒆𝒎𝒂𝒕𝒊𝒄𝒔 𝒂𝒄𝒕𝒊𝒐𝒏𝒕)

Characterize the distribution of motions for specific actions

𝑷  𝒌𝒊𝒏𝒆𝒎𝒂𝒕𝒊𝒄𝒔 {𝒂𝒄𝒕𝒊𝒐𝒏𝒔,𝒂𝒄𝒕𝒊𝒗𝒊𝒕𝒊𝒆𝒔}𝒕−𝝉:𝒕+𝝉)

Next steps: Motion analysis
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Conclusion & Future work
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▪ Conclusion:

• Collected multi-modal dataset related to natural human motions.

• Estimated accurate 3D poses and fine-grained actions. (Novel 
action segmentation benchmark!)

• Analyzed cooking behavior at different temporal levels.

▪ Ongoing:

• Scaling to all participants & analysis of motions across actions 
and their transitions

▪ Future:

• Contrast with stroke patients (for functional assessment) and 
arm prosthetics users (for better motion control)
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