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Introduction

Our Approach: Adaptive Basis Selection

Robotic tactile skins are networks of tiny sensing elements that cover
the surface of a robot. They are beneficial in whole-body manipulations, human-robot communication, environmental understanding,
and safe interactions. Due to hardware challenges, it may not be feasible to poll each sensor individually. Thus, we applied compressed
sensing techniques to data acquisition and processing in robotic tactile skins [1]. Compressed sensing relies on the signals being approximately sparse in some basis, but, as shown in the following table,
we found that different signals were sparse in different bases.

Train a classifier to select which basis to use to reconstruct each signal. Training set consists of pairs compressed signals and
labels (yi, `i), where the labels correspond to bases. We explored two types of labels:
Labeling Method 1 - Reconstruction Accuracy:
• Requires applied force x
• Peak Signal to Noise Ratio (PSNR):
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where µ is the upper bound of xi.
• `i = Ψj that maximizes PSNR

Labeling Method 2 - Compressibility:
• Accepts sensed force x̃
• Compressibility:

Background: Compressed Sensing
Compression:
• During acquisition process
• Hardware implementations
• Measurements:
y = Φx = ΦΨs = As,
where x is signal of interest,
Ψ is the basis such that x = Ψs,
and Φ is the measurement matrix
Reconstruction:
• Mathematical approach
ŝ = argmin 21 kAs − y k22 + λksk1
s

x̂ = Ψŝ
• GPU implemented solver for 100 Hz reconstruction rate
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• Generally outperforms single basis (Fig. 2)
• Performs similar to perfect oracle (Fig. 2)
• Up to 9 dB improvement over single basis (Fig. 3)

κ(Ψ, x̃) = kΨs̃ − Ψs̃k k1,
where s̃k
• `i = Ψj that minimizes κ(Ψ, x̃)

Classifier:
• Linear classifier
• Algorithm:
Support Vector Machine (SVM)
• Input:
Compressed signals y
• Output:
Basis Ψ̂

Problem Statement: Given a compressed signal y
and a set of candidate bases, is it possible to automatically select the basis Ψ that most accurately reconstructs the original signal x?

Results

Figure 2: The average PSNR of the various basis selection methods for different
levels of compression.

Experiments
Data Set
• Simulated tactile signals
• 16 objects
• 10 orientations, 36 translations, 4 force levels
• 23,040 signals
• 64x64 taxel array (n = 4096)
• Training Set: 4 objects (5,760 signals)
• Validation Set: 1/3 Training Set
• Test Set: Remaining 12 objects (17,280 signals)
Compressed Sensing Parameters
• Basis Set:
• Haar Transform
• Contourlet Transform
• Measurement Matrix:
Scrambled Block Hadamard Ensemble [2]
• Reconstruction algorithm:
Fast Iterative Shrinkage-Thresholding
Algorithm [3]

Figure 3: The PSNR for each signal in the test set, when reconstructed using
different bases from m = n/4 measurements. The signals are sorted in ascending
order by the PSNR of the our adaptive-basis reconstructions.
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