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Abstract
In this paper, we introduce SenTenCE (Sensor-Tensor Compression Engine), a
tensor decomposition based lossy data compression framework for on-phone Inertial Measurement Unit (IMU) sensor data. We show that this technique achieves
impressive data compression ratios with acceptably low percent-root mean square
distortion that in turn results in negligible change in the classification accuracy of
the Deep Convolutional Neural Network (DCNN) based supervised human activity
classifier that is trained with the compressed data instead of the raw uncompressed
data.
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Introduction

Tri-axial Inertial Measurement Unit - Micro Electro-Mechanical Systems (IMU-MEMS) sensors such
as accelerometers,gyroscopes and magnetometers are becoming increasingly ubiquitous in modern
day commercial smart-phones (and smart-watches), paving the way for some exciting applications
spanning domains such as real-time health monitoring, precise indoor navigation, passive seamless
authentication and gaming (Refer to [1] for a detailed survey). These on-phone IMU-MEMS sensors
also allow for highly accurate Human Activity Classification (HAC) which can then be harnessed to
build a finer grained understanding of the activity profile of the smart-phone user [2].
In this regard, there have been several shallow and deep learning approaches proposed [3], that
typically entail a data-collection phase involving a cohort of volunteers performing a set of predefined
activities, followed by a model-building-and-training phase and the final model deployment phase,
where the trained model is deployed either in the cloud or on the device.
Motivated by the dramatic success that Deep Convolutional Neural Networks (DCNN) have achieved
in disparate domains such as speech recognition, visual object recognition and object detection
[4], researchers in the field of HAC are increasingly embracing DCNN based machine learning
solutions [5] replacing the traditional hand-crafted feature engineering driven shallow machine
learning approaches [6]. Beyond the attractiveness of circumventing hand-engineering the features,
these DCNN based approaches are also more robust to noise [7] which bodes well for the HAC
solutions that will be deployed on mainstream commercial hardware. The other rather intriguing
aspect of the DCNN approach is that certain architectures such as the MNIST-DCNN architecture1
([8]) are remarkably robust to the specific problem domain and require minimal tweaking to achieve
acceptable accuracy levels. In fact, in this paper we use that very MNIST-DCNN architecture with
minimal customization (see Figure 2) for the HAC dataset ([9]) considered.
Now, before we train this DCNN, capturing the raw sensor data during the data collection phase
turns out to be a challenging endeavor. This is on account of issues such as restricted on-phone/onwatch memory capabilities, prohibitively large power consumption and security issues such as
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The main takeaway
 point is that that this technique results in impressive compression ratios (∼ 62%)
with acceptably low percent-root mean square distortion (∼ 5%) and negligible lowering of the

classification accuracy
(< 2%) when the compressed signals are fed through the DCNN classifier.






The rest of the paper is organized into the following
7LPHLQGLFHV sections. In section 2, we describe the IMUMEMS dataset used and explain the tensorizing of the dataset. In section 3, we outline the procedure
followed to obtain the results of section 4. We conclude the paper in section 5.
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Dataset description and tensorizing the data

In this paper, we use the HAC dataset introduced in [9]. This dataset consists of 12 IMU-MEMS
sensor measurements ; 3 axis Accelerometer(Acc), 3 axis Linear Acceleration Sensor (LinAcc), 3
axis Gyroscope (Gyro) and 3 axis Magnetometer(Mag) mined at a sampling rate of 50 Hz from
10 male volunteers (aged 25-30), via 5 Samsung Galaxy SII (i9100) smartphones placed at 5 body
positions. During the data phase, the volunteers were asked to perform 7 physical activities (walking,
sitting, standing, jogging, biking, walking upstairs and walking downstairs) which serve as human
activity class labels. In this paper, we focus on data emanating from the wrist (from a simulated
smart-watch). Given that each of the 10 participants had to perform the 7 activities for 3 minutes
each, we have 7 × 3 × 60 × 50 × 10 = 630 × 1e3 time-measurements of the 12 IMU-MEMS sensor
readings in the dataset.
Tensors and tensor decomposition:
Tensors are multidimensional arrays that provide a natural representation for multi-modal data. They
are used for feature extraction as well as data compression since they better capture the dependencies
in higher-order data-sets compared to matrices.
In [11], multiple ways to arrange Electroencephalogram (EEG) signals into matrices and tensors were
explored, and CP tensor decomposition based compression was shown to outperform other matrix
and tensor decomposition schemes such as SVD, Column-Row decomposition (CUR), tensor Tucker
decomposition and tensor random fiber selection approaches in terms of compression performance.
In our specific scenario with the 12 axis-IMU-MEMS sensor data described above, the 3 modes that
naturally emerge are: the 3 spatial axes (X,Y and Z), 4 sensor types (Acc, LinAcc, Gyro and Mag)
and lastly, the time indices.
The tensorizing of the data is achieved by collecting 1 second of data (50 samples) associated with
one specific activity (which results in the matrix X ∈ R50×12 ) and forming a 3 × 50 × 4 tensor, X ,
as (SeeFigure 1),
Xsti = Xt,(3i+s) ; s ∈ {0, 1, 2}, t ∈ {0, .., 50}, i ∈ {0, .., 3}.
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(1)

Procedure

Now, given a tensor X ∈ RI×J×K , the CPD can be thought of as the generalization of the matrix
Singular Value Decomposition (SVD) to tensors (See Figure 1). It decomposes a given tensor [12],
into a sum of rank-1 tensors as,
X̃ =

ncp
X

[λi · ai ◦ bi ◦ ci ] , [[λ; A, B, C]] ,

i=1

2

(2)

Figure 2: The architecture of the MNIST-DCNN.
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such that X − X̃

F

is minimized. Here, λ ∈ Rncp ×1 ; A ∈ RI×ncp , B ∈ RJ×ncp , C ∈ RK×ncp , ◦

is the outer (tensor) product operator, k.kF is the Frobenius-norm and ncp is a user-tunable positive
integer hyper-parameter.
The SenTenCE framework proposed entails tensorizing the data first (as in (1)), followed by CPD (as
in (2)) and finally storing (or transmitting) just the 4-tuple factor matrices (λ; A, B, C). This results
in a compression ratio of,


(I × ncp + J × ncp + K × ncp + ncp )
.
(3)
δ = 100 1 −
I ×J ×K
The tuple (λ; A, B, C) is used to reconstruct back X̃ and the quality of the reconstructed signal
is
vmeasured as the Percent-Root mean square Distortion (PRD), which is defined as, P RD =
uP
3 P
4 P
50
2
u
u i=1 s=1 t=1 (Xsti −X̃sti )
× 100. Here, Xsti is the uncompressed IMU-MEMS signal belonging to
t
3 P
4 P
50
P
2
(Xsti
)
i=1 s=1 t=1

spatial axis (s), time-index (t) and sensor (i) and X̃sti is the compressed signal.
We used the Alternating Least-Squares (ALS) algorithm implemented in the scikit-tensor Python
module [13] to compute the CP decomposition and compress the sensor data.
The DCNN classifier: As stated in section-I, we used the MNIST-DCNN as shown shown in Figure 2.
The input to the DCNN is a 50 × 12 image of raw sensor data (either in compressed or uncompressed
form). The model was implemented using Keras [8] on a Dell Inspiron 7559 laptop with a 4-core
Intel Core i7-6700HQ Processor (2.6GHz),16 GB RAM and Nvidia GTX 960M Maxwell architecture
640 cuda-core graphics processing unit (GPU). We used the 70 − 10 − 20 training -validation - testing
split in the experiments.
The code and the dataset have been shared at https://github.com/vinayprabhu/SenTenCE to
ensure reproducibility of the results.
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Results

The compression ratios obtained for ncp = 4 and ncp = 5 were 51.67% and 61.33% respectively.
The mean PRD obtained increased mildly from 4.0 to 5.79 when ncp was decreased from 5 to 4.
In Figure 3(a), we present the distribution of PRD obtained over the entire dataset. The quality of
CPD based compression is also showcased via a time-domain visualization of the compressed and
uncompressed accelerometer signals along the 3 spatial axes in Figure 3(b). As for the classification
NP
test

I [[ls ==l̂s ]]
task, we used the classification accuracy as the metric, which is, acc = s=1 Ntest
, where ls is
hh
ii
th
th
the true label of the s test sample, ˆls is the predicted label of the s test sample and I ls == ˆls

is the indicator function which is 1 when ls == ˆls and 0 otherwise.
Figure 4(a) contains the confusion matrix with class-wise accuracies for the 7-class HAC task
obtained by the DCNN classifier with compressed data (ncp = 4) being used for training as well as
testing. Figure 4(b) contains a compilation of classification accuracy figures obtained (in %) when
(un)compressed data was used for training and (un)compressed data was used for testing, for varying
ncp . As seen, there was a negligible drop in accuracy (< 2%) seen when uncompressed data was
replaced by compressed data either during the training phase or the testing phase, a result that strongly
validates the usage of the CPD based lossy compression technique being proposed.
3

a) Comparison of PRD distribution for CP decomposition based compression
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b)Time domain comparison of compressed and uncompressed signals
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Figure 3: (a): Distribution of PRD for ncp = 5 and ncp = 4, (b):Comparison of the compressed and
uncompressed accelerometer sensor signals in time-domain. Here, the suffix ’-c*’ in the legend refers
to the compressed signal with ∗ = ncp that was chosen.
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(a) Confusion matrix obtained with compressed data
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(b) Classification accuracy variation

Figure 4: Classification accuracy results
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Conclusion and future work

In this paper, we proposed SenTenCE, a CP decomposition based lossy compression framework for
on-phone IMU-MEMS sensor data that offered 61% compression ratio while resulting in less than 6%
PRD and less than 2% lowering of the classification accuracy of human activity classification using
the MNIST-CNN deep classifier. In the near future, we would be replicating the work for varying
ncp and across multiple datasets and deep-net architectures. We also would like to investigate the
usage of specialized 2D signal imaging techniques such as 2D-DFT before feeding the sensor matrix
signal into the deep-net classifier. We are also looking to implement CP decomposition on phone and
measure the execution time and power consumption metrics for the compression algorithm. Lastly, we
will also be exploring disparate tensor decomposition approaches, such as Tucker decomposition [12]
and providing comprehensive benchmarking with other approaches such as symbolic representation
of time series [14] and piecewise-segmentation based compression [15].
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