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Data and associated Tasks

Data Tasks

● physical features of human gaits
● different subjects
● different conditions

● Speed
● Medical restrictions

● Classification of condition 
● Learned features might be interesting 

for therapies
● Classification of subjects, i.e. 

reidentification
● e.g. for surveillance purposes (might 

be considered less problematic than 
face recognition)
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General Challenges
 Dealing with time series data
 High dimensional data 

▪ → dimensionality reduction
 Relatively small datasets

▪ especially after splitting into train and test data
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Outline
 First data set

▶ Data summary
▶ Dimensionality reduction
▶ Classification 

▸ Condition
▸ Subject

▶ Using
▸ SVM
▸ 1D CNN

 Second data set
▶ “Larger version” of ReID task
▶ Same techniques, some new ideas

 Conclusion
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First data set
Attribute Explanation

subject 1,…,10: subject no.

condition 1 = unbraced
2 = knee brace
3 = ankle brace

replication 1,…,10 replication (step) no.

leg 1 = left
2 = right

joint 1 = ankle
2 = knee
3 = hip

time 0,…,100: % gait cycle

angle Joint angle in degrees (real valued

“The data were collected by Shorter et al. (2008), preprocessed by Helwig et al. (2011), and published by Helwig et al. (2016).”
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Data introduction
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Processed data format
 X_data has shape: 

▪ (n_samples, n_features, n_times) 
= (180, 3, 101)
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Dimensionality reduction 1
 Periodic time series data 

→ FFT (in ptic. RFFT)
 Largest 15 frequencies 

seem to be sufficient 
(maybe even less)

 Very different scales
→ normalize



9

Dimensionality Reduction 2
 Concatenate normalized frequencies 

→ 3*15
 Apply PCA to further reduce dimension

▪ For visualization: fit on whole dataset
▪ For learning: fit only on train data
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Train-Test-Split for Cond. Class.
 Problem: 10 is a low number of subjects

→ avoid learning condition features per subjects
 Therefore, use data from 

▪ First 6 subjects as train data
▪ Last 4 subjects as test data
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2-dim. PCA result (first 6 freq)
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SVM
 Use first 6 frequencies as before
 Use PCA result for PCA fitted on train 

data
 Employ grid search 

▪ Use ¼ of train data →
▶ C=0.1
▶ γ=0.5, 
▶ kernel = linear

 Accuracy: 
▪ 2-dim:   97,5%
▪ 3-dim: 100,0 %
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1D Convolutional NN
 Q: Similar or better results without precomputed features? 
 Idea: Use 1D CNN to deal with time series data
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Architecture
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Result

 100% accuracy after only a 
few epochs
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ReID Task
 Train-Test-Split: 

▪ First 7 steps per subject 
as train data

▪ Last 3 steps per subject 
as test data

 Precompute features just 
like before
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Short Summary of Results
 SVM:

▪ 2-dim:   83.3%
▪ 3-dim:   96.6%
▪ 5-dim: 100.0%

 1D CNN
▪ 2x Conv1D & MaxPooling
▪ 100.0% after 200 epochs

 Simple task because of few 
classes/samples
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Second data set

Attribute Explanation

ID 1,…,183: subject no.

Session no. 1,2

Trial no. 1,…, 8-10

Speed 
category

P = Preferred
S = Slower
F = Faster

Rest 300 time steps of 
component data
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Components
 Measurements from Force Platforms
 Two Platforms → per leg
 Force, Moment, Center of Pressure
 Direction: x,y,z
 Aim of original paper: 

▪ determine most discriminative 
components:
Fz, Fy, Cy (96.02% in their setup)
→ we use only these components
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Dimensionality reduction
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SVM
 Use first 40 frequencies as 

before
 Use PCA result for PCA fitted 

on train data
 Employ grid search 

▪ Use ¼ of train data →
▶ C=100
▶ γ=0.1, 
▶ Kernel = rbf

 Accuracy: 
▪   5-dim:  49,8%
▪ 10-dim:  84,4%
▪ 15-dim:  92,2%
▪ 25-dim:  95,4%
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1D Convolutional NN
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Architecture
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Result

 93.18% accuracy after 400 
epochs

 Note:
▪ Slow learning in the 

beginning
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1D Convolutional NN advanced
 Suggestions (from paper):

▪ Leg specific features?
→ one model per leg

▪ Use LSTM layer to 
efficiently work with 
time series
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LSTM – Short Explanation
 16 time steps left after 4th convolution & pooling
 Iterate over these

▪ Keep some information in an internal state
▪ Update internal state with each time step

 Output: Final state



27

Details
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Result

 94.68% accuracy after 400 
epochs
→ slight improvement

 Faster learning within the 
first epochs
→ more efficient
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Conclusion
 High accuracies using 1D (recurrent) CNN
 However: 

Careful feature engineering + “simple” SVM
→ similar performance
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Thanks for listening!
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