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Abstract— This article presents a low-power platform, i.e.,
NeblinaTM system-on-module, with extensive hardware variants
targeting Internet of Things applications. The base hardware
utilizes a sensor fusion algorithm for 3D orientation tracking
alongside a novel configurable framework for real-time Motion
Pattern Recognition (MPR) on ARM Cortex M4F using inertial
sensors. The MPR engine consists of configurable blocks
performing shock-aware segmentation, histogram feature
extraction, and classification using a single-hidden-layer
Feedforward Neural Network. The framework can be used for
human fitness/daily activity tracking or shock pattern
recognition, e.g., in sports, such as tennis, golf, hockey, etc. Our
platform can deliver multimodal user feedback as well.
Experimental results have evaluated Neblina’s MPR framework
in terms of A) accuracy in human fitness activity recognition
using some existing datasets, B) memory usage and latency for
real-time execution on Cortex M4F and C) low power
consumption for a longer lasting battery.

I.

INTRODUCTION

Motion capture and Motion Pattern Recognition (MPR)
using low-cost Inertial Measurement Units (IMU) including
3-axis accelerometers and 3-axis gyroscopes have vast
applications in consumer wearable and industrial markets. In
essence, low-power smart connected objects, which involve
IMUs, can leverage MPR for 1) human fitness activity
recognition [4, 6, 8], 2) human daily activity tracking [3, 9],
3) qualitative motion analysis in sports, e.g., golf swings [10],
or 4) shock pattern recognition in industrial domains, e.g., to
analyze road conditions based on the IMU data from a moving
vehicle [11]. User adoption for such devices sometimes
necessitates providing multimodal feedback signals including
visual, audio, and (or) vibro-tactile [12].
While numerous solutions exist in the literature to perform
application-specific MPR using IMUs [3-4, 8], they mostly
perform a filtering/calibration pre-processing step followed by
1) segmenting sensor data streams, 2) extracting/selecting
characteristics, and 3) classification, i.e., mapping segments
to human daily activities, sports activities, correct/incorrect
execution of an exercise, abnormal shock patterns, etc.
The most common approach for segmentation is the use of
an overlapping sliding window [8]. The sliding window length
and its step-size can be selected based on the biomechanics of
the motion involved in the target activities. As a rule of thumb,
the window-length is required to be long enough to cover at
least one cycle of the slowest target activity/pattern, while the

step size for the sliding window should be small enough to
cover the high-frequency movements of interest. For instance,
the RecoFit methodology proposed by [8] has chosen a 5s
window sliding at 200ms steps for human fitness activity
recognition, and that has shown to be effective considering the
involvement of 94 subjects and 26 activities [8].
The approach in [8] explores a plethora of features
alongside a linear Support Vector Machine (SVM) classifier
for activity recognition. Linear SVM generally performs well
alongside a rich feature set. SVM classifiers with nonlinear
kernel functions have also been explored in the literature for
activity recognition [3]. However, the computations required
for training will grow quadratically with respect to the number
of datapoints. This limits their applicability for large datasets.
The methodology discussed in [3] has evaluated a pool of
293 classifiers including K-Nearest Neighbors (KNN),
Feedforward Neural Networks (FNN), Ensemble Methods,
SVMs, etc., to select the most efficient classifier for human
daily activities. The solutions in [3, 4] have both concluded
that KNN outperforms other classifiers for such problems.
However, from a practical point of view, KNNs require major
memory usage and suffer from long latency, when dealing
with large datasets. This limits their applicability for real-time
execution on a low-power and low-cost microcontroller, such
as ARM Cortex M4F. Alternative solutions, such as FNNs are
as capable as KNNs in terms of building accurate classifiers,
when A) They follow efficient segmentation and feature
selection pre-processing steps and B) Enough engineering
effort and time is put into training them [7]. Pre-trained FNNs
are practical for real-time execution on low-power devices as
well. We provide some results to emphasize on these matters.
In this paper, we present a low-power smart device, i.e.,
NeblinaTM system-on-module [1], with extensive hardware
variants and expansion modules targeting Internet of Things
(IoT) applications. The firmware stack on the base hardware
features a configurable methodology for real-time MPR using
inertial sensors. This involves 1) Shock aware segmentation,
2) Time-domain histogram extraction, and 3) A single-hiddenlayer FNN classifier. The framework provides flexibility for
developers to customize it for different applications. We
evaluate the achievable accuracy, real-time performance,
memory-usage, and power consumption of Neblina, when
utilizing the proposed MPR on the fitness activity dataset in
[4] with 17 subjects and 33 activities (~2.5M data samples).
Using one IMU node attached to the right forearm, which has
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been mapped to Neblina, an overall accuracy of 98.23% has
been achieved based on a random train-test procedure. The
MPR engine resulted in a maximum latency of ~15.8ms, ~7%
usage of the internal flash memory, and ~3% usage of the
available RAM on Cortex M4F. We have also evaluated the
proposed MPR framework on the RecoFit dataset [8], which
involves 94 subjects and one IMU node (~14M data samples).
The rest of this paper is organized as follows. Section II
describes the Neblina platform, its hardware variants, and its
configurable framework for MPR. Section III presents the
experimental results, while Section IV concludes the paper.
II.

PROPOSED DESIGN

A. The Neblina Platform
Neblina’s base hardware consists of low-power sensors,
an on-chip memory and a Bluetooth Low Energy (BLE) chip
with Cortex M4F to handle processing in real-time. Certain
expansion modules for Neblina have also been developed inhouse as depicted in Fig. 1. They provide support for wireless
charging, inductive sensing, SD card storage, low-power wide
area networks, high-g acceleration captures up to 400g, tactile
feedback and energy harvesting with piezo-electric material.
The tactile/haptics response has latencies in the order of a few
milliseconds for improved user adoption. The wireless
charging support is crucial, when the device is required to be
packaged and integrated inside sports or industrial equipment,
e.g., a football, where charging through USB is not feasible.
The base hardware is equipped with a sensor fusion library
that features: 1) A computationally efficient 9-axis orientation
tracking algorithm using inertial and magnetic sensors [2], and
2) A novel configurable MPR framework using inertial
sensors, which is presented throughout the rest of this section.
B. Configurable MPR Framework
The proposed MPR engine is shown in Fig. 2. It performs
segmentation, feature extraction and classification. While
these steps can be tackled in numerous ways [3, 8], we utilize
a unique configurable method, which based on our practical
experience has shown great promise for IMU-based MPR in
sports and consumer wearable domains.
B.1. Shock-Aware Segmentation
The segmentation process is based on an overlapping
sliding window over the 3-axis accelerometer and 3-axis
gyroscope sensors, which have initially passed the factory

calibration/filtering techniques [2]. For motion segments
characterized by an impact, e.g., a tennis or hockey shot, we
can optionally add a centered peak constraint to the
segmentation configuration. This would require a global peak
:
with high enough intensity at the center of the segment
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where can refer to the overall acceleration magnitude or an
individual axis and is the minimum peak intensity. The host
device, e.g., PC or mobile phone, configures the sliding
window length and its incremental step size (See Fig. 2), as
well as the optional peak configuration in Eq. (1), i.e.,
max/min mode, the peak function and its minimum intensity
, by sending a single BLE command to Neblina. The setting
will be stored in M4F’s non-volatile internal flash memory.
It is notable that for MPR purposes, we discard the
magnetometer and Euler angles (quaternion data) due to the
following reasons: 1) Magnetometers are majorly affected by
the magnetic disturbance within the environment, e.g., metal
objects, mobile phones, monitors, etc. Hence, if we utilize
these sensors to build classifiers, the models will not be crossvalidated well against magnetic disturbance. 2) The pitch and
roll angles are indirectly derived by a fusion of accelerometer
and gyroscope data [2], and if the classifier can derive
arbitrary nonlinearities from the input data stream, the
immediate need to use these angles as independent inputs for
MPR will be eliminated. An example for such classifiers is a
neural network with at least one hidden layer, which can
represent an arbitrary differentiable nonlinear function [5],
and 3) The yaw angle and the true geographic direction of
movements is often useless for analysis of transient motion
patterns. Furthermore, variations in yaw over a short period of
time can be tracked using gyroscopes and the gravity vector.
B.2. Feature Extraction
In the next step, we perform a time-domain histogram
feature extraction over the selected IMU stream (See Fig. 2).
We have chosen histogram features as opposed to the
alternative plethora of statistical time-domain features as
explored in [3, 8], due to the following two reasons: 1) A timedomain histogram, when created with high enough bins, will
be an accurate representation of the distribution of the IMU
data for a given segment and 2) Time-domain histogram
extraction is low cost in terms of both latency and memory

(a)
(b)
(c)
Figure 1. NeblinaTM base hardware and its expansion modules: (a) base hardware (22.2mm×16.5mm), (b) expansion base boards (from the left): 1) piezo
driver and tactile feedback, 2) micro-SD card, 3) inductive sensing, 4) wireless charging, and (c) hardware variants (from the left): 1) SD card expansion
module, 2) base hardware with a haptics device for tactile feedback, 3) wireless charging expansion module, 4) wireless charger, 5) development board.
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Figure 2. Neblina’s configurable motion pattern recognition framework using IMU sensors. The host application on PC or mobile-phone configures: 1) a
shock aware segmentation with an overlapping sliding window, 2) bounded sensor range with arbitrary bins for time-domain histogram feature extraction
from IMU segments, and 3) neuron connection weights and trigger functions for a single-hidden-layer FNN classifier.

usage, which makes it a great fit for real-time execution on
M4F. The number of histogram bins (histogram resolution)
and the max/min sensor readings for histogram extraction
(data range) are configurable by the host. Note that using a
smaller sensor range, a higher bin resolution can be achieved.
The histogram bins are normalized through a division by ( ×
), where is the sampling rate and is the window length
in seconds. If we utilize a centered peak option with a short
window length , we can optionally pass the sensor data
directly to the classifier after a normalization, e.g., division by
the maximum absolute sensor reading, as shown in Fig. 2.
B.3. Classification
Classification is performed using a single-hidden-layer
FNN, whose weights and trigger functions are set by the host.
The reason behind choosing such an FNN is twosome: 1) Its
ability to derive arbitrary nonlinearities from its inputs [5], and
2) Efficiency in terms of both latency and memory usage for
real-time execution on Cortex M4F, where the neuron weights
are stored in the non-volatile internal flash memory and are
treated as read-only values. The host can select among
Sigmoid, Tanh, Relu, and Softmax trigger functions [5] for the
hidden/output layer of the FNN. This configuration alongside
neuron weights are sent to Neblina using BLE commands.
The FNN outputs in Fig. 2 can trigger user messages, e.g.,
tactile feedback on Neblina or audio/video feedback on the
host using BLE notifications. Complementary niche heuristics
can also be developed to for instance count the repetitions of
a specific exercise. Namely, the predicted activity alongside
the IMU stream can be passed to another engine to compute
the repetitions using for instance auto-correlation [8]. Note
that for the motion patterns characterized by an impact, e.g., a
tennis shot, the use of the optional centered peak automatically
delivers the repetition of each pattern, since only the segments
with centered impacts are passed to the FNN.
III.

EXPERIMENTAL RESULTS

In this section we evaluate the MPR in Fig. 2 based on
some existing human activity datasets. In our experiments, we
use a 5s window sliding at 200ms (4.8s overlaps), alongside

20 histogram bins per sensor axis. This generates a total of 120
inputs for the FNN. The Sigmoid (Softmax) function is also
used as the trigger function in the hidden (output) layer. The
batch size of 32 has also been chosen for training the FNNs.
The other configurations (number of hidden/output neurons,
sensor range and epochs) are tuned based on the given dataset.
First, we consider the dataset from [4] with 17 subjects and
33 activities. We target the ideal IMU placement scenario [4].
Among the nine IMUs attached to different body joints, we
have selected the device on the right forearm and mapped it to
Neblina. The accelerometer (gyroscope) range for histogram
extraction is set to ±16 (±2000
). We also used 60 (34)
hidden (output) neurons for the FNN. Due to the highly
correlated 4.8s overlapping windows, we randomly chose
only 10% of the dataset (~22K datapoints) for training the
FNN. Using 1000 epochs, an accuracy of 99.9% is achieved.
FNN versus KNN: We validate the trained FNN using the test
dataset (~207K datapoints) reaching an overall accuracy of
98.23%. To provide comparison with a KNN classifier, which
is effective for activity recognition [3-4], we have chosen k =
3 with the same histogram features and train-test datapoints.
The accuracy found by KNN is 97.66%. The per-activity F1
scores for both FNN and KNN classifiers are shown in Fig. 3.
FNN slightly outperforms KNN. While these classifiers
showed promise for this test, they resulted in similar low F1
scores below 75%, when targeting the leave-one-out crosssubject validation. These results can be improved by involving
more subjects and (or) more IMU nodes. While FNN and
KNN deliver similar results, for large datasets, KNN requires
significant memory usage and suffers from long latency,
which makes it infeasible for real-time execution on Cortex
M4F. This is not the case for the FNN classifier.
Memory Usage and Latency: The segmentation, histogram
extraction and FNN operation have been configured on
Neblina for real-time execution. The memory usage in bytes
and latency of these operations are reported in Table I. The
neuron weights consume ~7.1% of the internal flash, while the
overall RAM/stack usage for MPR is ~3% on Cortex M4F.
The FNN operation with the latency of ~15.8ms is executed
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once every 200ms for each sliding window, while the fast
histogram computation is based on continuous update of bins
per IMU sample, which is performed every 20ms at 50Hz
sampling rate. Extracting histogram bins is fast, memoryefficient and powerful for MPR alongside a well-trained FNN.
Power Consumption: The static current consumption of
Neblina, which uses a 5V supply voltage, has been measured
as ~2.4mA, while streaming the FNN outputs at 5Hz over
BLE. This corresponds to ~41 hours of battery operation
considering a small 100mAh battery attached to Neblina.
Support for Larger FNNs: Currently, the largest supported
FNN on Neblina can consume up to 33% of the internal flash,
e.g., A) an FNN with 300 inputs (50 histogram bins per axis),
130 hidden neurons, and 34 outputs, which consumes ~1% of
RAM and delivers a 26ms latency, or B) an FNN with 480
inputs (80 bins per axis), 85 hidden neurons, and 34 outputs.
Histogram versus Other Features: We have also compared the
framework in Fig. 2 with RecoFit [8], which involves a dataset
with 94 subjects. We consider “Study B” with 4 classes. While
RecoFit extracts 224 diverse features [8], we use 20 histogram
bins per axis over ±2 and ±512
. The leave-one-out
cross-subject validation is then performed using an FNN with
20 hidden neurons, which is trained for only 20 epochs per
left-out subject. This process results in an average accuracy of
98.2%, which is comparable to “98.6%” reported in [8].
Finally, we target a custom set with 7 classes using all the
~14M datapoints in [8]. The activities are biceps curl, triceps
extension, running, elliptical machine, jumping jacks and
kettlebell swing, alongside a noise class representing all other
activities/non-activities. We used the same ranges, 60 hidden
neurons and 7 epochs, which often reaches a ~99.6% accuracy
during training. The leave-one-out cross-subject validation
was performed for all 94 subjects, and it delivered F1 scores
between 83% and 90% for the activities as shown in Table II.
IV.

TABLE II. CROSS-SUBJECT VALIDATION F1 SCORES PER ACTIVITY USING
THE PROPOSED MPR FRAMEWORK AND THE DATASET IN [8]
Noise
Curl
Triceps Run Elliptical JumpJack Kettlebell
99
90.6
86.7
87
87.5
83.3
85.2

library provides a configurable real-time MPR framework
based on only one IMU device. Experimental results explore
how this framework can effectively be used for real-time
classification of human fitness activities on Neblina based on
some existing datasets. The use of one IMU node for activity
recognition is significantly better than using multiple IMU
nodes in terms of hardware cost, user adoption, etc. However,
certain activities necessitate the use of multiple IMU nodes
attached to different body joints. For that purpose, we plan on
providing support for real-time MPR using multiple Neblina
boards in a BLE mesh network. Furthermore, we aim to
extend our platform support for 1) visual feedback, 2)
biopotential sensors, and 3) advanced human computer
interaction technologies, such as mid-air haptics [13].
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