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Abstract—Novel features for joint classification of gait and
device modes are proposed and multiple machine learning meth-
ods are adopted to jointly classify the modes. The classification
accuracy as well as the F1 score of two standard classification
algorithms, K-nearest neighbor (KNN) and Gaussian process
(GP), are evaluated and compared against a proposed neural
network (NN)-based classifier. The proposed features are the
correlation scores of a detected gait cycle relative to a set of
unique gait signatures as well as the gait cycle time, all extracted
from hand-held inertial measurement units (IMUs). Each gait
signature is defined such that it contains one full cycle of the
human gait. In order to take the temporal correlation between
classes into account, the initial classifiers’ estimates are fed into
a hidden Markov model (HMM) unit to obtain the final class
estimates. The performance of the proposed method is evaluated
on a large dataset including two classes of gait modes (walking
and running) and four classes of device modes (fixed and face-
up in the hand, swinging in the hand, in the pocket and in the
backpack). The experimental results validate the reliability of
the considered features and effectiveness of the HMM unit. The
initial classification accuracy of the NN-based approach is 91%,
which is further improved to 99% after the smoothing stage on
the validation set and 98% on the test set.

I. INTRODUCTION

Gait analysis and activity monitoring are among the most
informative features to be considered in location analysis such
as collapse detection, monitoring athletics activity, balance
control evaluation, animal activity tracking, pedestrian naviga-
tion and deadreckoning, etc. Typically, all these applications
rely on inertial measurement unit (IMU) sensors to log the
activity information [1–4].

IMUs are embedded in many devices such as smartphones,
smartwatches, virtual reality headsets, etc. and have been
considered as the dominating motion detection enabler in
many applications. For instance, IMUs are widely used in
pedestrian navigation systems for human motion tracking,
resulting in inertial navigation systems (INS)s [5–8].

The quantities measured by IMUs include angular velocity
and acceleration of the sensor. Given this information, the
orientation and position information can be estimated by
integrating the angular velocity and double integrating the
acceleration, respectively. The process of attaining orientation
and position information from inertial sensors is called dead
reckoning. Pedestrian dead reckoning (PDR) uses the dead
reckoning principle in pedestrian navigation system to locate
the mobile user in outdoor and/or indoor environments. A
crucial part of PDR algorithms are accurate step detection,
step length estimation and heading estimation. For instance,

a lack of accuracy in gait detection will lead to inaccurate
counting of the number of steps and inaccurate estimated
step length which in turn will provide a pedestrian position
estimate with large uncertainty. One source of information
that is beneficial for accurate position estimation or activity
analysis is the knowledge of motion mode and device pose
that are typically acquired from accelerometer and gyroscope
sensor readings [5, 6, 9, 10].

Besides solving dedicated tasks, the IMU signals also con-
tain what will be referred to as the gait signature created
by the steps we take when moving. The gait signature, as
observed by the IMU, depends on both the gait mode (e.g.
running, walking, strolling) and the device mode (for instance,
a smartphone can be held in the hand, stored in a pocket
or backpack, etc.), and as such reveals a rich source of
information that is suitable for a variety of applications.

There is a rich literature on gait mode classification using
body-mounted or wearable IMUs [11–13]. The authors in [14]
propose a continuous HMM method using chest-mounted
IMUs for gait analysis and activity classification. Portable
devices already equipped with IMUs such as smartphones,
tablets, or smartwatches, however, attract more interest for
activity recognition [4, 15–17]. The authors in [18] use an
artificial neural network (ANN) approach for step detection
which is further used in estimating the step length. A pedes-
trian movement direction recognition approach using convo-
lution neural network (CNN) is proposed in [19] to detect
pedestrians movements. The method achieved 94% accuracy
in the validation set and 79% in the test set. For a thorough
survey of the existing results on recognition of various motion
modes, see [17].

In addition to gait mode, device pose recognition also plays
an important role in accurate gait parameters estimation [20,
21]. The measured accelerometer and gyroscope magnitudes
are considered for classifying four different smartphone modes
in [20], resulting in 86% classification accuracy. Accurate step
detection requires joint gait mode (the pedestrian movement
profile) and device mode classification [22, 23].

To the best of our knowledge the joint motion mode and
device pose classification problem, is rather an unexplored
area with the exception of [24] in which machine learning
approaches such as multilayer perceptron (MLP) and support
vector machine (SVM) have been considered to identify the
activity mode and device placement simultaneously. Various
frequency and time domain features are extracted to create
the model that fits the data. The classification rate is evaluated
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based on the joint device pose and the motion activities.
It should be declared that this paper reuses some content

from thesis [25] with permission. The remainder of this
paper is organized as follows: Sec. II presents motivation
and contributions of this study as well as the high-level
description of the methodology used in this paper. The gait
segmentation and feature extraction stages are formulated in
Sec. III. Three classification methods and their structures are
given in Sec. IV. The HMM block used to include the temporal
coherence between two consecutive gait modes is introduced
in Sec. V. The performance of the proposed methods is
evaluated in Sec. VI, followed by concluding remarks on the
work presented in Sec. VII.

II. MOTIVATION AND CONTRIBUTION

Accurate joint motion and gait mode classification are im-
portant aspect for pedestrian navigation and also for improving
pedestrian dead reckoning (PDR) algorithms. In this paper we
propose new features to address a joint gait and motion mode
classification for analyzing the human gaits behavior. The
benefits of the mode classification for PDR can be explained
as follows. The key design parameters in PDR contain the
step length and the step detection threshold estimation when
the magnitude of the measured acceleration is considered to be
caused by a step. Both of these step length and step detection
depend on the motion mode [26]. Typically, the smaller the
step length the smaller the threshold needs to be. Additionally,
the device mode can simplify the model further. For example,
if the device is hand held flat, the heading relating to the
projection (rotation) to the horizontal plane (heading) can
be computed by just integrating the angular rate around the
gravity vector.

In addition to PDR, there are numerous other applications
that can benefit from this work. The most nearby illustration is
the kind of step counters you can find in your smartphones and
smart watches, which can differ a factor of two compared in
the same situation. Also, the motion mode provided in Android
and iOS often fails and can, for instance, decide cycling
when walking. Certainly, there is room for improvement in
the commercial solutions today.

Major research within the instrumentation and measurement
community have been dedicated to the applications of inertial
sensors in different areas such as inertial navigation. [8, 11, 14,
15, 27] and behavioral analysis [28, 29]. The main contribution
of this work is to shed light on joint device mode and activity
mode classification using standard machine learning methods
and more advanced neural networks. To be more specific, the
contributions of this study can be listed as follows,
• Use accelerometer measurements collected from sensors

embedded in almost all recent smartphones. This extends
the range of applications that can benefit from the pro-
posed method compared to the similar algorithms tailored
for body-mounted sensory data.

• Extract a low dimensional feature vector using raw ac-
celerometer measurements.

• Propose a machine learning framework that can be trained
and tested relatively fast and considers the inherent tem-
poral correlation in the human gait in the class estimates.

Fig. 1: Overview of the classification process for joint activity and
smartphone mode recognition.

Noting that the gaits over time are consistent, we propose
a hierarchical algorithm for the joint classification problem.
In the first step, we treat each gait independently and identify
its corresponding class. Then, a second stage is performed in
which we use the HMM to impose the consistency. It is worth
noting that recurrent neural network (RNN) also considers
the temporal correlation and can be an alternative solution
to the considered classification problem. The advantage of
the proposed hierarchical model to RNNs is two fold. We
note that every second step represents one full gait, and that
all gaits over time are ”consistent” This nicely lends itself
to the hierarchical solution proposed in this paper where we
try to identify each step independently, and then use the
HMM to impose the consistency. An RNN cannot capture
this hierarchal structure. Additionally, tuning RNNs is more
difficult, especially when the dataset is small relative to the
length of the sequences as in this case. The methodology used
in this paper consists of four main building blocks as presented
in Fig. 1, with the following outline:
• The feature extraction phase consists of two building

blocks. In the “Gait Segmentation and Analysis” block,
the measured IMU signals are pre-processed and fed into
the “Feature Extraction” block where unique signatures
for each gait mode and device mode are extracted using
a linear search optimization algorithm. This phase is the
result of our previous work [30] which sets the stage for
this contribution.

• The extracted signatures are then used in the “Machine
Learning Algorithm” block to train classifiers for multi-
class classification. This completes the training phase
of the proposed method. The performance at this stage
is evaluated using the trained classifier applied to the
development and test data.

• Finally, an additional “HMM” block is used and applied
to the initial estimated classes. In this application, the
hidden states in the HMM block are the activity modes
and the device poses, i.e., the classes.

The classified gait cycles reveal which signature the current
gait cycle belongs to. This additional information can further
be used for gait cycle tuning. Consequently, step lengths
can be estimated accurately, resulting in high precision gait
cycles. The final result, for example, can be a more accurate
PDR algorithm for pedestrian navigation purposes or activity
analysis.

The dataset that has been used in this work is publicly
available [31]. For more detailed information about the mea-
surement campaign, see [32]. The performance of the proposed
classification techniques will be compared to the algorithm
suggested in [24].
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TABLE I: Notation.

y(s) Measured data with noise
τ Normalized time τ ∈ [0, 1)
ĝm(τ) m:th gait cycle
ḡc(τ) Gait signature for c:th class
Tm Duration time for m:th gait cycle
Xm Features matrix for m:th gait cycle
Ĉm Snap-shot class estimate
Ĉm|m Filtered class estimate
Ĉm|M Smoothened class estimate
s Number of IMU samples
M Number of gait cycles
nc Number of classes
nr Size of training set
nd Size of development set
ne Size of test set

TABLE II: Gait cycle classification overview

Input Output
Gait Segmentation

(Sec. III-A) y(t1:ti) ĝm(τ), ḡc(τ), Tm

Feature Extraction
(Sec. III-B)

< ĝm(τ), ḡc(τ) > XmTm
Classification

(Sec. IV) Xm Ĉm
Filtering and Smoothing

(Sec. V) Ĉm Ĉm|m, Ĉm|M

III. GAIT SEGMENTATION AND FEATURE EXTRACTION

The most frequently used notations in this paper are sum-
marized in Table I.

The gait cycle classification procedure, from collecting data
using IMUs to detection and classification of gait cycles,
is performed in four steps. An overview of all steps is
summarized in Table II.

Given N measurements, we first find a segmentation of
the signal, each segment to one full gait cycle. It is worth
mentioning that a human gait cycle consists of two consecutive
steps. Each step is defined as the period it takes for the
right/left foot to toe off, while the other leg is on the ground
and stationary, until the other foot toes off. This periodic
behavior implies that the measured IMU signals from human
activities should have a periodic component.

An IMU, in general terms, consists of a tri-axis accelerom-
eter, a tri-axis gyroscope and a tri-axis magnetometer. In the
rest of this work, we only use the norm of the accelerometer
signals.

A. Gait Segmentation

In order to extract the pattern of the gait cycle with
better quality, a pre-processing stage is applied to the raw
measured data. In the pre-processing stage, the signal is filtered
through a fourth-order Butterworth band pass filter with cut-off
frequency [0.1, 10] Hz to attenuate all frequencies outside the
band-pass and to obtain a clean signal. The cut-off frequencies
are selected by noting that, in the considered problem, each
gait takes around 1 second, see Fig. 4. Additionally, given
our observations, the values above 10 Hz are high frequency
measurement noise and not of interest. Since we have the
periodicity of around 1 s, that translates into 1 Hz, all values

Fig. 2: The flow diagram of the gait signature extraction using norm
of pre-processed IMU signals.

TABLE III: Experimental scenarios. For more information, see [32].
(Class label c=1–8 within parenthesis.)

XXXXXXXXXXXDevice mode

Motion
mode Walking

(W)
Running

(R)

Fixed hand (1) W1 /(1) R1 /(5)
Swinging hand (2) W2 /(2) R2 /(6)

Pocket (3) W3 /(3) R3 /(7)
Backpack (4) W4 /(4) R4 /(8)

below 0.1 Hz could also be safely removed and not considered.
We keep a factor 10 each side to include all important, and
drop the rest. Depending on the application, different attributes
of the clean signal can be used for classification purposes.

The gait segmentation and analysis block in Fig. 1 is
based on the approach introduced in our previous work [30]
and uses the norm of the accelerometer signal to compute
gait segmentations. The whole approach is summarized and
depicted in Fig. 2.

In the initial gait segmentation block, we first find segmen-
tations of the signal, each corresponding to one full gait cycle
using a classical, thresholding-based algorithm as introduced
in [30]. For each combination of gait and device mode, a
unique signature can be estimated based on all detected gait
cycles, ĝm(τ) where m ∈ {1, ...,M}. In this work, eight
different scenarios are considered corresponding to two gait
motion patterns and four device modes. Table III summarizes
all the considered scenarios, in which nc = 8 classes are
defined from the combination of gait and device modes. In
each scenario, the motion mode is mentioned first where ”W”
stands for walking and ”R” stands for running. In order to
distinguish between different device modes, numbers 1 to 4
are used. For instance, W1 means walking with mobile phone
fixed in hand while R3 means running with mobile phone in
the pocket.

The asynchronous averaging stage is first performed to find
an initial guess of the gait signatures using the detected gait
cycles. The underlying assumption is that there is an average
gait cycle of the form ḡc(τ) in normalized time τ ∈ [0, 1)
for class c. All the detected gait cycles together with initial
signatures are then fed into an optimization block where the
gait cycles are fine-tuned.

For this purpose, in [30], we propose a nonlinear least
squares framework where we optimize the step times in order
to minimize the variance of the gait segmentations and the
signature. The least squares are formed on a normalized time
scale, so small variations in step cycle times are handled by
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Fig. 3: Reference signals for four different individuals for all scenar-
ios in Table III. The bold solid line indicates the mean of all four
reference signals which is considered as the signature for each case.

resampling techniques as explained in [30]. The optimization
problem is solved using a linear search method. The signature
will then be updated before finding the next, fine-tuned, gait
segment. More details are provided in [30].

The gait signatures obtained by applying this method to the
experimental data of four individuals, explained in detail in
Sec. VI, are given in Fig. 3. Different colors in this figure
are used to represent different individuals. For instance, in
Fig. 3a, four different individuals performed the class “W1”
(walking while phone is fixed in hand). The signal marked
with thick black solid line is the average of all individuals.
As the figures suggest, each class can be represented using a
unique signature.

TABLE IV: Correlation matrix for different signatures.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la

ss
es

W1 1.00 0.72 0.78 0.67 0.80 0.78 0.62 0.95
W2 0.72 1.00 0.57 0.27 0.52 0.48 0.30 0.65
W3 0.78 0.57 1.00 0.55 0.62 0.62 0.71 0.77
W4 0.67 0.27 0.55 1.00 0.92 0.92 0.59 0.81
R1 0.80 0.52 0.62 0.92 1.00 0.91 0.66 0.85
R2 0.78 0.48 0.62 0.92 0.91 1.00 0.70 0.89
R3 0.62 0.30 0.71 0.59 0.66 0.70 1.00 0.66
R4 0.95 0.65 0.77 0.81 0.85 0.89 0.66 1.00

1

B. Feature Extraction

In order to train the classifiers in this work, we use two novel
characteristics of the detected gait cycles; the 8-dimensional
correlation scores of each detected gait cycle relative to the
gait signatures and the 1-dimensional gait cycle duration time.
All in all, in this work, 9 features, nf = 9, are considered for
classification purposes.

1) Correlation Score: The correlation scores are defined
based on eight unique signatures of the reference signals
corresponding to the scenarios introduced in Table III. De-
fine ĝm(τ), as the m:th detected gait cycle and ḡc(τ), c ∈
{1, . . . , nc}, as the signature of the c:th class. The correlation
score can be computed by

fcorr(ĝm, ḡc) =
ĝ>mḡc√

(ĝ>mĝm)(ḡ>c ḡc)
. (1)

In order to classify the gait cycles, we compute the cor-
relation between each gait cycle m, and the 8 signatures.
The obtained correlation value, corresponding to the m:th gait
cycle and the signature in the c:th class, is then used as a
feature in multiple classification algorithms. Given that, in
this work, 8 different classes are considered, the correlation
score results in an 8-dimensional feature vector, ncorrf = 8.
One way to evaluate the uniqueness of the gait signatures
is to compute their cross-correlations with each other. The
correlation matrix corresponding to the correlation scores of
the gait signatures are given in Table IV. As the table indicates,
the cross-correlation values typically lie in the range [0.6, 0.85]
while there are some classes with more similar signatures.
Hence, the correlation score has a great potential in forming
feature vectors to be used in developing classifiers.

For example, as the simplest solution, one can solve the
classification problem solely based on the highest correlation
score. Let Xγ

m = fcorr(ĝm, ḡc) ∈ Rn
corr
f denote the feature

vector containing the correlation scores computed by (1) for
the m:th gait cycle and the signature of the c:th class. Using
the highest correlation score approach, the class of the m:th
gait cycle is estimated as

Ĉm = arg max
γ∈{1,...,ncorr

f }
Xγ
m, (2)
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Fig. 4: Histogram of gait cycle time for running and walking modes.

where Ĉm ∈ {1, . . . , nc} is the index indicating that the m:th
gait cycle belongs to the c:th class.

2) Gait cycle time: Different gait modes, walking and
running, result in different gait cycle times. In order to consider
the extra information obtained from the user’s velocity, the
gait cycle time is also considered as a feature, XT

m, in the
classifiers. Although the gait cycle time is not of any use for
device mode identification, it gives a clear decision boundary
for the two motion modes.

Fig. 4 shows histograms of all 8 signatures proving that the
gait modes can be trivially identified by considering the gait
cycle time. In the case of walking mode, the gait cycle time is
typically between 1 and 1.2 s, while for the running mode the
cycle time interval mostly lies between 0.6 and 0.85 s. Hence,
this feature is very beneficial to minimize the misclassification
between gait modes.

C. Generating the dataset

The introduced 9-dimensional feature vector containing the
correlation scores for all gait cycles, Xγ ∈ RM×n

corr
f , and

the gait cycle times, XT ∈ RM×n
T
f , are stacked together to

make the input matrix X ∈ RM×nf . In this work, we divide
the data into training set of size nr, development set nd, and
test set ne with nd = ne = M−nr

2 .
It is worth noting that the development set is used to cross-

validate the trained algorithms using classifiers introduced in
Sec. IV in order to avoid overfitting, underfitting or any other
penalties that might increase the classification error of the test
set. The hyperparameters of the algorithms are all selected
such that the development set error is minimized. Then, as the
final step, the trained classifiers are applied to the test set (the
part of the dataset which has not been seen during the training
procedure) and the performance of the proposed algorithms is
reported.

IV. CLASSIFICATION METHODS

In the classification methods proposed in this section, the nr
training examples together with the development set are used

to train multiple classifiers. The final result is then obtained
by feeding the output of the classifier into an HMM block to
exploit the temporal correlation between two consecutive time
instances.

A. Weighted K-Nearest Neighbor

The K-nearest neighbor is a simple, non-parametric clas-
sifier which computes the distance between the test (unseen)
input and the training data points. As distance to compute
neighbors we use the classical Euclidean distance. Selecting
the K training points with the closest distance to the input,
the algorithm counts how many members of each class are in
this set.

Let Xr be the r:th training example in the whole training
set T . For a new gait cycle in the development set, ĝd,
with feature vector Xd, the KNN classifier estimates the
membership probability as the empirical fraction given by

Ĉd =p(ĝd ∈ c|Xd, T ,K)

=
1

K

∑
r∈NK(Xd,T )

I(Xr ∈ c), (3)

where NK(Xd, T ) are the indices of the K nearest points to
Xd in the training set T . I(·) is the indicator function defined
as

I(v) =

{
1 if v is true
0 otherwise

(4)

The weighted-KNN is an extension of the KNN which gives
higher weights to the classes in the training set which are
particularly close to the new input Xd compared to the rest
of the neighbors further away from Xd. Let wd,r denote the
weight assigned to each training example r, the membership
probability can be computed as

Ĉd =

∑
r∈NK(Xd,T ) wd,r × I(Xr ∈ c)∑

r∈NK(Xd,T ) wd,r
. (5)

The weighting scheme used here is the squared inverse
Euclidean distance which gives each neighbor a weight of
wd,r = 1/Dr

2, where Dr is the Euclidean distance to the
r:th neighbor.

B. Gaussian Process

A random process q(·) is Gaussian if

∀n ∈ N, ∀δ1, . . . , δn ∈ Rn:
q(δ1)
q(δ2)

...
q(δn)

∼N


µ(δ1)
µ(δ2)

...
µ(δn)

,

κ(δ1, δ1) . . . κ(δ1, δn)
κ(δ2, δ1) . . . κ(δ2, δn)

...
. . .

...
κ(δn, δ1) . . . κ(δn, δn)


 ,

(6)

where for two random variables δ and δ′, µ(δ) = E[q(δ)] is
the mean function κ(δ, δ′) = E [(q(δ)− µ(δ)) (q(δ′)− µ(δ′))]
is the positive definite covariance function. Let δ =
[δ1, . . . , δn] ∈ Rn, we get

q(δ) ∼ GP(µ(δ), κ(δ, δ′)), (7)
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where the notation GP(·, ·) denotes a Gaussian process. Given
the training set T containing input vectors and their cor-
responding class labels, {Xr, cr}nr

r=1, the Gaussian process
classifier predicts the class membership probability for a
new, unseen development point Xd. If the function values
q(r) =∆ q(Xr) were known, it would then be possible to use
a GP for regression to find q(Xd) and then map it into the
interval [0 1] by means of the softmax function. However,
the training data only includes the class labels cr.

To solve this problem, as discussed in [33], we introduce
the latent function values at all nr training examples, for all
classes

q(r) =∆ q = (q
(1)
1 , . . . , q

(nr)
1 , q

(1)
2 , . . . , q

(nr)
2 , . . . ,

q
(1)
8 , . . . , q

(nr)
8 )>, r = 1, . . . , nr. (8)

Define C as a vector of the same length as q. For each training
example, the value of C for the true class label is 1 and for the
rest of the classes is 0. The distribution of the latent variable
qd, corresponding to the development point Xd, can then be
computed by

p(qd |Xd, T , C) =

∫
p(qd, q|Xd, T , q)

=

∫
p(qd|Xd, T , q)p(q|T , C) dq, (9a)

which is further used to compute the class membership distri-
bution

Ĉd = p(ĝd = c|Xd, T , C)

=

∫
σ(qd)p(qd |Xd, T , C) dqd, (9b)

where σ(qd) is the softmax function, which for any vector
ϕ ∈ Rnϕ,1 is given by

σ(ϕ)j =
exp(ϕj)∑nϕ

i=1 exp(ϕi)
. (10)

The non-Gaussian likelihood in (9a) makes the integral
analytically intractable. One approach is to use Laplace ap-
proximation [33, 34] to form p(q̂|T , C) ≈ N (q̂,A−1) with
the statistics estimated as

q̂ = arg max
q

p(q|T , C), (11a)

A = −∇∇ log p(q|T , C) |q=q̂ . (11b)

In this work, the mean function µ(·) is assumed to be
constant, corresponding to stationary GP, and set to zero. The
covariance function is the squared exponential (SE) kernel,
KSE , which for two arbitrary points, δ and δ′, is given by

KSE(δ, δ′) = σ2
q exp{− D

2
δ

2Γ2
}, (12)

where Dδ = ‖δ − δ′‖ is a function of input training points
and Γ and σq are the hyper parameters. While σq controls the
amount of deviation around the posterior mean at each point,
Γ specifies the smoothness of the kernel function.

C. Feed Forward Neural Network

The last classifier considered in this work is based on
feed forward neural networks, trained using the nr training
examples. A rather shallow, fully connected neural network is
developed which outputs probabilities of class memberships
given the 9-dimensional input vectors computed using the
softmax function.

Let ` ∈ [1, . . . , L] denote the number of layers, including
hidden layers and the output layer, and n[`] denote the number
of hidden units, or neurons, in the `:th layer of the neural
network. The fully connected NN structure is given in Fig. 5
in which the output layer, corresponding to the classes defined
in Table III, is a vector of size nc = 8.

For consistency in the derivations that follows, assume that
` = 0 corresponds to the input layer, i.e. X = a[0]. Then, the
output of each hidden layer, denoted by a[`], can be computed
by, a linear transformation of the previous layer’s output a[`−1]

followed by a nonlinear transformation using an activation
function denoted by u[`](·)

z[`] = w[`]a[`−1] + b[`], (13a)

a[`] = u[`](z[`]), (13b)

where w[`] ∈ Rn[`]×n[`−1]

is the weight matrix and b[`] ∈
Rn[`]×1 is the bias vector of the `:th layer. To better explain
the procedure, Fig. 6 illustrates the linear and nonlinear
transformations of a single unit of the `:th layer in which w[`]

n[`]

denotes the weight vector and b
[`]

n[`] denotes the bias scalar
corresponding to the n[`]:th hidden unit. In this work, we use
the rectified linear unit (ReLU) as the activation functions for
all the hidden layers. For any value φ ∈ R, the ReLU activation
function is given by

urelu(φ) = max(0, φ). (14)

Upon taking the path through all hidden layers ` ∈
[1, . . . L− 1], the output of the NN classifier is computed by
first passing a[L−1] through the same linear function (13a) to
find z[L]. A softmax regression layer is then governed to esti-
mate the class membership probabilities a[L] = Ĉ = σ(z[L]).
The unknown weight and bias parameters are learned using
the back propagation technique.

After one full forward propagation, in the backward path, an
optimization algorithm is employed to find the optimal value
of the unknown parameters w[`] and b[`], ` ∈ [1, . . . , L] for a
given loss function. A softmax classifier is typically trained
using the cross-entropy loss function. Given the true classes
vector Cr ∈ R8, one-hot encoded vector, with 1 at the true
class and zeros elsewhere, and the estimated class vector Ĉr,
the loss function, for each training example is given by

L(Ĉr, Cr) = −
8∑
c=1

Cc log(Ĉc). (15a)

Let L(Ĉr, Cr) denote the loss function for all the unknown
parameters θ = {w[`]

n` , b
[`]

n[`]}L`=1. The cost function, given all
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Fig. 5: The L-layer feed forward neural network structure with n[`] number of hidden units in each hidden layer `, ` ∈ 1, . . . , L − 1 and
nx = 8 input and nc = 8 output layers. The activation functions u[`](z[`]) in all of the hidden layers are ReLU and the activation function
in the output layer u[L](z[L]) is softmax.

Fig. 6: Input-output relationship in the n[`]:th hidden unit of layer `.

of the m training examples, can then be obtained by

J(θ) =
1

m

m∑
τ=1

L(Ĉr, Cr) +
λ

2m

L∑
l=1

‖w[l]‖2F , (15b)

where ‖ · ‖F operator denotes the Frobenius norm of the
matrix. The second term on the right hand side of (15b) is the
regularization term added to deal with the overfitting problem.

In this work, we use adaptive learning rate optimization
(Adam) first introduced in [35] to optimize the cost (15b). The
Adam optimization combines the benefits of two optimization
methods: gradient descent with momentum [36] and root mean
squared prop (RMSprop). The RMSprop is an unpublished
adaptive learning rate method proposed by Geoff Hinton. The
Adam method, in addition to storing an exponentially decaying
average of past squared gradients as in RMSprop, also keeps
an exponentially decaying average of past gradients, similar
to momentum.

In addition to the regularization procedure, the proposed
method also employs dropout [37] to avoid overfitting the data.
For this purpose, during the training phase, 5% of the hidden
units are ignored. The hidden units to be omitted are randomly
selected at each epoch.

V. HIDDEN MARKOV MODELS

For the classification problem in hand, we note that there
is a high probability that the activity profile and the device
mode will remain constant between two consecutive gait
cycles. This implies that there is a high temporal correlation
between the classes. This additional information can improve

the classification rate noticeably and can be modeled using a
discrete time, discrete state hidden Markov model.

Let Xe, e ∈ {0, . . . , ne}, denote the correlation vector
corresponding to the e:th test data where ne = M−nr

2 .
Similarly, Ĉe contains the estimated class membership of the
test data samples estimated by any of the classifiers introduced
in Sec. IV. It is worth noting that HMM is only applied to the
test set. For the sake of simplicity in the notation, we remove
the subscript e; hence, in what follows, by the m:th gait cycle,
we mean the m:th gait cycle in the test set data.

In order to capture the temporal correlation between the
classes, as shown in Fig. 7, the estimated class membership
vectors Ĉm for gait cycle m are fed into an HMM block
whose output is the final class membership estimates Ĉm|m
for filtering and Ĉm|M for smoothing approaches.

Relying on the first-order Markov assumption, HMM in-
dicates that the current state of the system depends on its
previous states. We let the classification vector Ĉm|M denote
the hidden states of the HMM and define the observation
vector at each time instance based on the classifier output Ĉm.
The joint distribution of the observation and hidden states takes
the form

p(Ĉ0:M |0:M , Ĉ0:M ) = p(Ĉ0:M |0:M )p(Ĉ0:M | Ĉ0:M |0:M )

=

[
p(Ĉ0|0)

M−1∏
m=1

p(Ĉm+1|m|Ĉm|m)

][
M∏
m=0

p(Ĉm|Ĉm|m)

]
,

(16)

where p(Ĉm|Ĉm|m) is the observation (emission) model
and p(Ĉm+1|m|Ĉm|m) is the transition model. The filtering,
p(Ĉm|m|Ĉ0:m), and smoothing, p(Ĉm|m|Ĉ0:M ), distributions
can be computed using the Baum-Welch forward-backward
(FB) algorithm [38]. Using the FB algorithm, the filtering
and smoothing distributions can be computed separately by
defining two independent values α(Ĉm|m) and β(Ĉm|m). Here,
we consider a discrete-time, first-order HMM model in which
the hidden state Ĉm|m depends only on its one step predeces-
sor. Applying the recursive forward-backward algorithm [38]
to the considered discrete-time, first-order, HMM model, the
marginal distributions can be computed by
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Fig. 7: The output of the trained neural network, Ĉm, is smoothed
using an additional HMM block providing a final estimate of the
classes, Ĉm|M .

• Filtering:

p(Ĉm|m|Ĉ0:m) =
α(Ĉm|m)∑
Ĉm|m α(Ĉm|m)

, (17)

where α(Ĉm|m) is defined as

α(Ĉm|m) = p(Ĉm | Ĉm|m)×∑
Ĉm−1|m

α(Ĉm−1|m)p(Ĉm|m | Ĉm−1|m), (18)

and initialized at α(Ĉ0|0) = p(Ĉ0 | Ĉ0|0)p(Ĉ0|0).
• Smoothing:

p(Ĉm|m|Ĉ0:M ) =
α(Ĉm)β(Ĉm|m)∑

Ĉm|m α(Ĉm|m)β(Ĉm|m)
, (19)

where β(Ĉm|m) is

β(Ĉm|m) =
∑
Ĉm+1|m

β(Ĉm+1|m)p(Ĉm+1 | Ĉm+1|m)×

p(Ĉm+1|m | Ĉm|m), (20)

and initialized at β(ĈM |M ) = 1.
The emission model is given by the confusion matrix

presented in Table IV. Additionally, we assume that the states
are highly likely to remain in the same regime between the
consecutive gait cycles m− 1 and m. This can be captured in
the transition matrix p(Ĉm|m | Ĉm−1|m) = πij that gives the
probability of remaining in the same regime or switching to
another. The elements of the transition matrix are given by

πij =

{
0.99 if i=j
0.01
nc−1 otherwise.

(21)

VI. EXPERIMENTAL RESULTS

In order to evaluate the performance of the proposed
method, an extensive dataset with different human motion
modes and device poses is considered [32].

A total number of 8900 gait cycles were collected, in two
different campaigns, 80% of which were chosen for training.
Since all the measurements were collected using the same
device, they belong to the same underlying distribution. This
allowed us to use the remaining 20% to extract equally-
sized development and test sets. The first set of measurements
was collected in a building at Twente University. During the
experiments the subjects walked three different paths, with a
mixture of different motion modes. For more details, see [39].

TABLE V: Initial classification confusion matrix corresponding to
the KNN classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la

ss
es

W1 68 9 3 16 1 0 0 0
W2 6 81 1 3 0 0 0 0
W3 6 3 94 2 0 0 0 0
W4 20 6 2 79 0 0 0 0
R1 0 0 0 0 74 10 0 12
R2 0 1 0 0 8 79 1 7
R3 0 0 0 0 0 1 96 1
R4 0 0 0 0 17 10 3 80

The second campaign was performed over the same trajectory,
which was 249 m in length with four sharp corners in a
parking lot at Linköping University. Several subjects with
different attributes (gender, height and weight) participated in
the experiment.

Expectedly, the most time-consuming algorithm, among the
considered classifiers, is the one based on neural network.
It is worth noting that since the network is rather shallow
and the feature vector is low-dimensional, training the neural
network classifier took about an hour on a MacBook Pro with
2.3 GHz Intel Core i5 processor. Testing is quite fast and took
less than a minute to test the whole test dataset on the same
machine. Given a new test input, one forward path of the whole
algorithm using any of the classifiers, including the neural
network, is fast and can be used in real-time applications.

TABLE VI: Initial classification confusion matrix corresponding to
the GP classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la

ss
es

W1 67 7 3 9 2 0 0 0
W2 6 86 0 3 0 0 0 0
W3 2 3 95 3 0 0 0 0
W4 21 4 1 85 0 1 0 0
R1 0 0 0 0 71 7 0 12
R2 0 1 0 0 18 81 1 9
R3 0 0 0 0 0 0 97 3
R4 0 0 0 0 9 11 2 76

TABLE VII: Initial classification confusion matrix corresponding to
the proposed neural network classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la

ss
es

W1 88 3 0 12 0 0 0 0
W2 3 95 1 12 0 0 0 0
W3 1 0 99 0 0 0 0 0
W4 7 2 0 86 0 0 0 0
R1 0 0 0 0 84 7 0 11
R2 1 0 0 0 3 92 3 3
R3 0 0 0 0 0 0 97 0
R4 0 0 0 0 13 1 0 86

In the rest of this section, we first evaluate the initial
classification performance where the temporal coherence in
the consecutive classes are not considered. Then, the final
classification performances are provided in which the HMM
smoother is adapted to smooth the class probability estima-
tions. Performance is evaluated in terms of the confusion
matrix, classification accuracy and the F1 score.

Let ntp and ntn denote the number of true positives and
true negatives, respectively. Assuming that the total number
of class memberships in the test set is given by the cardinality
|Ctest|, the accuracy is given by ntp + ntn/|Ctest|. In order to
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compute the F1 score, we first find the per-class scores, Fc1,
and then report their average over the 8 classes.

Define nctp and ncfp as the number of true positives and
false positives corresponding to the class c ∈ [1, . . . , 8],
respectively. The per-class precision, pc, which is the ratio
of true positives to those predicted positive, and the recall, νc,
which is the ratio of true positives to all positives, are given
by

pc =
nctp

nctp + ncfp
, (22a)

νc =
nctp

nctp + ncfn
, (22b)

where ncfn is the number of false negatives corresponding to
class c. The per-class F1 score that weights precision and recall
equally is given by

F c1 =
2pcνc

pc + νc
. (22c)

A. Initial Classification

The KNN and GP classifiers were trained using 5-fold
cross validation using the training and development datasets
and their hyperparameters are hand-tuned. For each classifier,
different hyperparameters, selected over a grid, were evaluated
and their performances were compared. The best results using
the KNN classifier was obtained when 10 nearest neighbors
were considered. Table V presents the confusion matrix com-
puted for the initial KNN classifier relative to the true class
labels Ce. The classification accuracy obtained using the KNN
method is 82% and the F1 score is 0.79.

The trained GP classifier is based on the squared exponential
kernel whose hyperparameters are σf = 1 and l = 1. The
initial classification confusion matrix using GP is provided
in Table VI. As expected, GP improves the classification
performance and reaches a classification accuracy of 83% and
F1 score of 0.80.

In order to tune the neural network, we first ignore the
regularization term in the cost function (15b) as well as the
dropout technique. The main objective, at this stage, is to
design a neural network with low bias, hence low training error
rate, without considering the overfitting problem, denoted by
the variance. The hyperparameters β1 = 0.9, β2 = 0.999 and
ε = 10−8 of the Adam optimization algorithm were chosen as
recommended by [35]. Then, the dropout and regularization
methods are activated to reduce the variance between the train
and test error rates.

In order to find the number of hidden layers and hidden units
in each layer, a range of different candidates was evaluated.
The best results were achieved using a 4-layer neural network
that can be defined by a 9−450−250−150−8 structure. All
the hyperparameters of the developed NN are summarized in
Table VIII.

The confusion matrix corresponding to the proposed NN
initial classification is reported in Table VII. The performance
metrics are improved compared to both KNN and GP clas-
sifiers with a classification accuracy of 91% and F1 score of
0.89. Using mini-batches of size 256, the cost values during

TABLE VIII: Hyperparameters of the proposed 4-layer neural net-
work, with 8 units in the output layer.

Hyper
parameter β1 β2 ε λ α

Mini-batch
size Epochs Units per

hidden layer

Values 0.9 0.999 10−8 0.1 2e−3 256 500
n[1] = 450

n[2] = 250

n[3] = 150

0 100 200 300 400 500

Number of epochs
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Fig. 8: The training costs of the proposed neural network, obtained
during training using Adam optimizer and back propagation tech-
nique.

the whole training phase are also presented in Fig. 8. Although
the cost function has a decreasing trend over the whole training
phase, as a result of using mini-batch optimization, during each
epoch, the cost values might even increase for some mini-
batches.

As a result of governing the gait cycle time feature, even the
simplest KNN classifier is able to find a very good decision
boundary between the two gait modes. However, this situation
does not hold for the device modes within each of the two
gait modes and the initial class estimates of the classifiers
have different degrees of misclassifications. The W3 and R3
classes, corresponding to walking and running with the device
in pocket, are accurately estimated using all three methods.
The accurate class estimates can be explained by considering
the unique gait signatures of the W3 and R3 classes given in
Fig. 3. R1 and R4, on the other hand, are the most problematic
classes, for which even the complex NN classifier results in a
misclassification rate of around 13%.

The initial classification results validate the correlation
scores presented in Table IV. The less correlated classes
are identified by all the three classifiers with an acceptable
accuracy. The additional gait cycle time feature, results in
a clear decision boundary between the two motion modes.
Correlated gait signatures within each motion mode, however,
affect the classification accuracy negatively.

The W1 class, for instance, is one of the most problematic
cases with less than 70% initial classification accuracy with
both GP and KNN and less than 90% initial classification
accuracy using the proposed neural network classifier. In
the case of running motion mode, R1 and R4 are the most
challenging cases with the highest missclassification rate over
the running experiments. In the next section, we try to mitigate
a portion of such misclassifications using the HMM smoothing
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TABLE IX: Filtered classification confusion matrix corresponding to
the GP classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la

ss
es

W1 76 10 2 10 7 0 0 0
W2 3 84 0 0 0 0 0 1
W3 3 5 93 4 0 0 0 0
W4 17 0 2 87 0 2 0 0
R1 0 0 0 0 84 1 0 14
R2 0 1 0 0 7 95 0 10
R3 0 0 3 0 0 1 97 2
R4 0 0 0 0 3 1 3 73

TABLE X: Smoothened classification confusion matrix correspond-
ing to the GP classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la

ss
es

W1 86 5 2 3 6 0 0 0
W2 0 91 0 0 0 0 0 0
W3 2 4 97 1 0 0 0 0
W4 11 0 0 96 0 1 0 0
R1 0 0 0 0 94 2 0 16
R2 0 0 0 0 0 97 1 8
R3 0 0 1 0 0 0 99 3
R4 0 0 0 0 0 0 0 73

TABLE XI: Filtered classification confusion matrix corresponding to
the proposed NN classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la

ss
es

W1 94 1 0 6 0 0 0 0
W2 3 96 0 0 0 0 0 0
W3 0 2 100 0 0 0 0 0
W4 4 0 0 94 0 0 5 0
R1 0 0 0 0 94 2 0 8
R2 0 0 0 0 6 94 1 0
R3 0 0 0 0 0 0 94 0
R4 0 0 0 0 0 4 0 92

stage.

B. Filtering and Smoothing Class Estimates

The outputs Ĉm of all the classifiers are further processed
and the filtering and smoothing estimates are evaluated using
the test data. The hyperparameter of the HMM is hand-tuned
in this work. The fine-tuned estimated classes Ĉm, provided by
the HMM block, are then compared to the true class labels and
the same performance metrics as in the previous section are
re-calculated. As expected, the KNN method has the poorest
performance among the rest with a smoothing classification
accuracy of around 86%, which is less than the initial estimates
obtained from the NN classifier. The confusion matrices for the
filtered and the smoothed class estimates of the KNN method
are not provided due to space limitations.

The GP classifier’s accuracy improves from 83%, obtained
from the initial estimates, to around 85% for filtering and 90%
in the case of smoothing estimations. Hence, around 7% clas-
sification accuracy can be gained by considering the temporal
correlation in the GP classifier. The confusion matrices, for
both filtering and smoothing, are given in Tables IX and X.
Although the gained accuracy is non-negligible, the final
GP-based classifier still has a high rate of misclassification
between fixed in hand and backpack device modes for both
gait modes, R1-R4 and W1-W4.

The final classification results obtained from the neural
network classifier indicate that the uncertainty in highly corre-

TABLE XII: Smoothened classification confusion matrix correspond-
ing to the proposed NN classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la

ss
es

W1 98 0 0 0 0 0 0 0
W2 2 100 0 1 0 0 0 0
W3 0 0 100 0 0 0 0 0
W4 0 0 0 99 0 0 0 0
R1 0 0 0 0 100 0 0 8
R2 0 0 0 0 0 100 0 0
R3 0 0 0 0 0 0 100 0
R4 0 0 0 0 0 0 0 92
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Fig. 9: Comparison of the obtained classification accuracies for all
discussed classifiers.

TABLE XIII: Summary of the performance metrics, reported in the
form of accuracy (percentage) / F1 score, achieved for the three
estimation methods using the three classifiers.
hhhhhhhhhhhhClassifier

Estimation method
Initial Filtered Smoothened

KNN 82/0.79 83/0.80 86/0.82
GP 83/0.80 85/0.81 90/0.85
NN 91/0.89 95/0.94 98/0.97

lated classes such as W1 and R1 can be resolved fairly well.
The worst scenario, in terms of classification performance,
corresponds to R4 with 92% percent accuracy for both filtering
and smoothing. The W1 scenario, which was the worst class
in walking motion mode, can now be identified accurately.

The best classification performance is obtained by smooth-
ing the proposed NN initial classifier using the HMM block.
As the confusion matrices provided in Tables XI and XII
suggest, all the different scenarios of the joint gait mode and
device mode classification problem can be distinguished highly
accurately. Smoothing class estimates using the NN classifier
results in 100% accuracy for five out of eight classes. Although
the most problematic case is still finding an appropriate
classification boundary between R1-R4, the misclassification
error is halved from 16% for GP to 8% for NN.

Fig. 9 compares all the discussed classification methods in
terms of the classification accuracy. As a general trend, using
the additional smoothing stage improves the classification
accuracy by an order of around 4% for KNN, and 7% for
GP and NN. Finally, Table XIII summarizes the considered
performance metrics achieved for all class estimates using the
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three classifiers (no HMM, filtered and smoothened).
There are two main differences between this study and

the majority of studies in the literature which either use
sensors rigidly attached to he body or use smartphones but
only consider the motion mode recognition problem, see for
instance [40]. In the former scenario with rigidly attached
sensors, the measurements carry more information compared
to the measurements collected from IMU sensors embedded in
the mobile devices. Since those methods cannot be applied to
the mobile device measurements, their applications are limited.

Finally, the performance of the introduced approach in this
work is also compared with Table III in [24]. In the reported
table, walking and running motion mode together with 4
different device modes (texting, phone, pocket and swinging)
are considered. Based on the provided description, the“texting”
pose is the same as the fixed in hand device mode in our study.
Since the number of classes is the same in both studies, it is
fair to compare the performance of the proposed method with
the reported results in [24] for six common cases, all except
W4 and R4.

The proposed method results in better performance, in
terms of classification accuracy, for all of the considered six
scenarios in [24] . More specifically, the classification accuracy
for all running scenarios is considerably higher than what is
achieved in the aforementioned study. Moreover, the highest
achievable accuracy of the walking scenarios, as reported
in [24], belongs to W1 with 94.8% accuracy. The method
proposed in this work, however, results in slightly more
accurate results with 98% classification accuracy for the same
scenario W1.

VII. CONCLUSIONS

The joint classification problem of the user’s motion pro-
file and the handheld device’s carrying mode using IMU
measurements was studied. Eight different classes, based on
two different motion modes (walking and running) and four
device modes (fixed and face-up in hand, swinging in hand,
in the pocket and in the backpack) were considered. K-nearest
neighbor, Gaussian process and feed forward neural network
classifiers were adopted to jointly classify the aforementioned
classes. A set of novel classification features was derived from
the pre-processed IMU measurements. Noting that there is a
strong correlation between the classes over time, the classi-
fiers’ estimated output was further processed using an HMM
unit. The best performance between classifiers, before HMM
smoothing, was achieved by the neural network classifier
with 91% classification accuracy. The filtering stage of HMM
enhanced the same classifier’s performance achieving 95%
classification accuracy. Finally, the best result was achieved
by smoothing the neural network classifier’s estimates using
the HMM unit resulting in 98%. All the reported results are
obtained using the test set. Comparing the obtained results
with a similar study validated the merit of the proposed
method.

There are some possible future research directions. One
strong candidate is to consider the intra-mode classification
task. Additionally, more possible joint classes could be taken

into the account. In this work we consider the smartphone
users while in motion (walking or running) in all scenarios.
Additionally, a more systematic approach for optimizing the
hyper parameters of the considered ML algorithms might be
beneficial. For instance, there might be an optimum number
of hidden layers and nodes in each layer which can improve
the performance of the neural network classifier.
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