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Abstract— Slip is one of the leading causes of fall-related
injuries among occupational and elderly population. Existing
research supports proactive slip and fall prevention approaches,
while active strategies remain underdeveloped. Development of
active slip-induced fall prevention systems requires fast, effective
slip detection. This paper aims to develop a novel, real-time slip
detection and estimation algorithm during human walking. The
slip estimation is built on a slip dynamic model for biped walkers
with the integration of the human locomotion constraints. The
slip detection uses a set of wearable inertial sensors attached
on the lower limbs. A slip indicator is introduced to detect the
slip shortly after the heel-strike event. We present an extended
Kalman filter-based slip estimation to characterize the slipping
distance. One attractive property of the algorithm is its fast,
accurate slip onset detection and slipping distance estimation
with low-cost, nonintrusive sensing features. Experiments are
conducted to validate and demonstrate the performance of the
proposed slip detection and estimation scheme.
Note to Practitioners—Slip-induced falls often lead to injuries
among elderly and professional workers. Active slip and fall
prevention could potentially mitigate the negative societal and
economic impacts due to slip-induced injuries. However, no assistive device is yet commercially available or reported for slip and
fall prevention. This paper presents a first step toward this goal
by development and evaluation of a fast slip detection scheme.
The wearable slip detection system is small size and lightweight,
consisting of five small inertial measurements units placed on
the leg. The system can detect the initiation of foot slip several
times faster compared to the human sensorimotor mechanisms.
The simplicity of the system design, easy implementation, and
the fast detection results demonstrate superior reliability and
robustness compared to the other slip detection approaches. The
proposed slip detection algorithm can find potential applications,
such as humanoid robots and control, and healthcare, or home
automation.
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I. I NTRODUCTION

O

CCUPATIONAL slips, trips, and falls represented 27%
of the total nonfatal occupational injuries and illnesses
and more than 16% of all fatal work injuries in the U.S.
in 2015 [1]. Direct costs for nonfatal fall-related injuries
among U.S. elders (age ≥ 65 years) were U.S. $19 billion
in year 2000 [2] and reached over U.S. $31 billion in
year 2015 [3]. Slips and slipperiness are the leading cause
(40%–50%) of fall-related injuries [4], and therefore, it is
important to reduce and prevent slip-induced falls. Effective
real-time slip detection is crucial for successful slip and fall
prevention and development of active fall prevention assistive
devices.
Wearable, small-size inertial sensors, such as accelerometers, gyroscopes, or inertial measurements unit (IMU), are
extensively used to successfully detect features of the walking
gait in activities of daily living (ADL) [5], [6]. The detection
and identification of many walking gait events (e.g., heel
strike, heeloff, and so on) and motion tracking are often built
on the integration of the wearable gyroscope and accelerometer measurements [7]–[10]. However, foot slip in walking gaits
is not considered in these studies.
Wearable sensor-based fall detection was developed in
recent years and a review on the sensors placements and
algorithms is reported in [11]. The main focus of most falldetection studies is to distinguish and identify falls with other
ADL gaits. For example, in [12], wearable IMUs attached
on thighs and waist are used for preimpact fall detection.
The work in [13] uses 3-D acceleration data to identify the
causes leading to falls due to slip, trip, or other loss of
balance in simulated fall trials. The work in [14] discusses a
detection scheme for slip-induced, preimpact backward falls.
All of these studies are not designed to precisely detect and
characterize slip dynamics (i.e., slipping distance and velocity,
and so on). Moreover, many of these studies use human
subject experiments with intentionally simulated slips or falls,
which have different characteristics with unexpected ones
in ADL.
Clinical studies use data analysis of human
gait changes to predict slip [15]. For example,
Strandberg and Lanshammar [15] propose that the margins

1545-5955 © 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

1400

IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING, VOL. 16, NO. 3, JULY 2019

for possibly successful slip recovery include the heel velocity
less than 50 cm/s and the slip distance less than 10 cm.
In a later study [16], the experimental results show that
these margins are conservative and twice of those values
are suggested, while the results in [17] reconfirm the
margins in [15]. The result variations in the above-mentioned
publications imply that the recovery margins are not easily
identified and this might be mainly due to the complexity
of slip dynamics. The challenges and complexity of fully
understanding slip biomechanics are primarily due to the fact
that slip and fall consist of a series of continuously, rapidly
changing, whole-body human movements. Human reactions
to unexpected slips create additional complications for the
slip detection and characterization.
Slips during walking gait most commonly occur shortly
after the heel-strike event [18]. In [19] and [20], various
specific profiles of the heel slip acceleration, velocity, and
distance are reported and also related to the utilized shoefloor coefficient of friction. Although required coefficient of
friction is widely used as a slip detection parameter, a recent
study [21] suggests that it is possible to predict slip by only the
magnitude of the shear force. Prediction of a slip severity is
also assessed by inspecting the preslip gait [22]. Unfortunately,
the correlations between the preslip gait and slip are not
reliable and robust.
Slip biomechanics is closely related to walking dynamics.
In the analogy of detecting human walking and movement
features, we hypothesize that slip detection is possible by
integrating a simple biomechanical model and wearable
inertial sensors. A physical principle-based dynamic model
is used to study human locomotion in [23]. Most of these
models are developed under nonslip conditions. An analytical
bipedal model is developed in [24] to describe human gaits
under slip, but no slip detection algorithm is discussed.
The human reaction to a novel slip was simulated in [25]
using a seven-link, 9-degree of freedom (DOF)-dynamic
model. However, it is difficult to use this simulation model
to analytically capture the slip characteristics.
The goal of this paper is to develop and evaluate the slip
detection and estimation algorithm that can be used for ambulatory human walking. We develop a method that includes
a new slip indicator and a slipping dynamics estimator. The
slip dynamic model is used to build the slip detection and
estimation algorithm. The model is inspired and extended from
the bipedal model in [24]. The use of the slip dynamics model
enables to integrate the kinematic measurements and the physical walking constraints. The design uses only a set of small
wearable IMUs attached to the lower limbs and, therefore,
is compact, lightweight, nonintrusive, and inexpensive. Compared to the existing pre-impact fall detection schemes that
rely only on the IMU measurements, the proposed approach
integrates the dynamic model and, thus, leads to a significantly
shorter slip detection time.
The main contribution of this paper lies in the development
of the novel slip detection system and estimation algorithm
that provides: 1) detection of slip initiation several times faster
than human capabilities and other reported detection systems
and 2) accurate slipping distance estimation, which is a unique

Fig. 1. Slip detection and monitoring system with kinematics/kinetics/force
sensors.

feature compared to existing slip detection algorithms. The
presented slip detection and estimation enable potential development of active assistive and rehabilitation devices for the
human balance recovery and fall prevention. Compared with
the results in the conference publication [26], the presented
slip indicator is different and performs much more reliably
and robust. We also provide substantial additional context,
comprehensive analyses, discussions, and experimental results.
The remainder of this paper is organized as follows.
Section II describes the wearable sensing systems for slip
detection. We present the slip dynamics and the slip estimation
design in Section III. The slip detection algorithm is discussed
in Section IV. Section V presents the experimental results.
Finally, we present the concluding summary in Section VI.
II. S LIP D ETECTION S ENSING S YSTEMS
Fig. 1 shows the experimental setup and the integrated
sensing suite for the slip detection system [27]. The sensor
suite includes an insole force/torque sensor and a set of
five small IMU units. The IMU (model slimAHRS from
Motion Sense Inc., Hangzhou, China) includes a triaxial
accelerometer, triaxial gyroscope, and three magnetometers
and acts as an attitude and heading reference system (AHRS).
The IMU outputs directly provide the attitude angles for the
thigh and shank poses. We attached five IMUs to the lower
limb as shown in Fig. 2. A set of two rigidly connected
IMUs was attached per thigh and shank leg segments
(see Figs. 1 and 2) for the purpose to directly obtain the
angular acceleration information from the accelerometers
without using numerical differentiation of the angular velocity
measurements from gyroscopes [28]. Three optical markers
were mounted on each rigid plate with IMUs (see Fig. 1) and
were used to compute the kinematics of the individual leg
segments using a motion capture system. An additional IMU
was attached at the heel location (see Fig. 2). To measure
the 3-D forces and torques at the forefoot and the hindfoot
locations, we used two 6-DOF force/torque sensors (model
SS-1, INSENCO Company Ltd., Hangzhou, China) inserted
inside the shoe (see Fig. 1). These force sensors are purely
used for model validation. The slip detection and estimation
algorithms do not use any force measurements and rely solely
on inertial sensor measurements.

TRKOV et al.: INERTIAL SENSOR-BASED SLIP DETECTION IN HUMAN WALKING

Fig. 2.
(a) Schematic of a two-link, 4-DOF model for slip estimation.
(b) Wearable IMU configuration.

Each IMU unit is integrated with a custom-built wireless
transmission module, an embedded system for signal
processing and acquisition, and a small battery. All of these
components are contained in a small box that is attached to
the human body. A wireless receiver is developed to obtain
the motion data. Wireless receivers are connected to the
CompactRIO system (model 9704, National Instruments Inc.,
Austin, TX). The real-time CompactRIO system samples and
processes measurements from all force sensors and wearable
sensors at a frequency of 100 Hz. The recorded data from an
optical motion capture system (eight Bonita cameras, Vicon,
Inc., Oxford Metrics, Oxford, U.K.) was taken as the ground
truth of the human movements in the experiments. The
synchronization of data collections between the CompactRIO
and the motion capture systems is achieved through an analog
triggering signal connection between them.
III. S LIP DYNAMICS AND E STIMATION
A. Slip Dynamics
A simplified bipedal model is used to characterize human
walking with slips in a sagittal plane. Although, in general,
three joints (i.e., hip, knee, and ankle) drive the human walking
in a sagittal plane, it is shown in clinical studies that the
knee joint plays the most crucial role for the successful slip
recovery [29]. We neglect the small angular displacement of
the ankle and hip joints and treat them as locked/nonactuated
joints for simplicity in our model. Considering these observations and simplifications, we propose the two-link model
that includes only knee actuation. The two-link limb structure
is shown in Fig. 2(a). The modeling approach focuses on
capturing slipping foot dynamics since slip commonly happens
at the heel strike of a stance leg. We construct two-link
limb structure as shown in Fig. 2(a). Locked ankle joint is
considered to simplify the model and under the point foot
contact assumption. The two-limb structure has 4 DOFs,
namely, two (absolute) joint angles q1 (shank) and q2 (thigh),
with clockwise direction as positive values, and two slipping
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foot coordinates (x s , ys ) at the foot–floor contact point Cl .
We define the ground-fixed frame I(X, Y ) in the sagittal plane
as well as the local coordinate frame B(x, y), positioned at the
heel-strike location of the stance leg with its axis aligned with
frame I. We reset the origin of the local coordinate frame B
at each step. Slipping distance is defined as the position of the
heel (x s , ys ) of the stance leg in B.
The two-link slipping leg model consists of link 1, representing the rigidly connected shank and foot, and link 2,
representing the thigh and the rest of the body. The
masses (Mi ), link lengths (L i ), and the distances (ai ) from the
mass centers to the joints for each link (i = 1, 2) are defined as
in Fig. 2(a). The mass center of link 2 is intentionally located
at its distal end at the hip location, to resemble the human
center of mass (COM) location.
Fig. 2(b) shows the placement of IMUs on the lower limbs.
Two IMUs are attached per shank (Isi ) and thigh segment
(Iti ), i = 1, 2, and one at the heel (Ih ), respectively. The fixed
distances between the two sensors on the shank and thigh
segments are denoted as ds and dt , respectively. The IMUs are
oriented with the x-axis aligned along the segment, the y-axis
perpendicular to the segment, and the z-axis (not shown)
perpendicular to the sagittal plane, as depicted in Fig. 2(b).
The two-link slipping leg dynamics are similar to the model
of the double inverted pendulum on a cart. We define the
generalized coordinates as q = [q lT x s ys ]T , q l = [q1 q2 ]T ,
and force vector F = [Ft Fn ]T at contact point Cl , where
Ft and Fn are the friction and normal forces, respectively.
Using the Lagrangian mechanics, we obtain the equations of
motion as
Dd (q l )q̈ + C d (q l , q̇ l )q̇ + G d (q l ) = B d u + E dT F

(1)

where Dd (q l ), C d (q l , q̇ l ), G d (q l ), and B d are the inertia,
Coriolis, gravity, and input matrices [24], respectively; u = τk
is the knee joint torque; and matrix E d ∈ R2×4 describes the
contact constraints [24]. The detailed expressions for these
matrices are presented in [24]. Only the knee joint is assumed
to be actuated. Considering foot slipping acceleration ẍ s from
the third equation in (1), we obtain


Ma q̇12 sq1 −q̈1 cq1 + M2 L 2 (q̇22 sq2 −q̈2 cq2 ) + Ft
(2)
ẍ s =
M
where M = M1 + M2 , Ma = M1 a1 + L 1 M2 , and
sq1 := sin q1 and cq1 := cos q1 are the notations for q1 and
other angles. Note that even though (2) does not explicitly
include the knee joint torque τk , it is indirectly related to the
slipping acceleration ẍ s through the relationship of thighs and
shanks kinematics. In general, the variations of the amount of
the applied torque τk affect the slip acceleration ẍ s . In this
paper, only leg kinematics are considered as the inputs to
the slip model to estimate slip kinematics. The expression
of slipping acceleration in (2) is a function of force and
kinematics measurements, and therefore, integration of (2)
directly provides foot slipping velocity ẋ s and displacement x s .
However, due to large gait variabilities in heel velocities, it is
challenging to precisely estimate the initial value of ẋ s , and
instead, we use the filter-based slip estimation approach as
presented in Section III-B.
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B. Extended Kalman Filter-Based Slip Estimation

and

We design an extended Kalman filter (EKF) to estimate
the internal states of the slip dynamics, that is, x =
[x 1 x 2 x 3 x 4 ]T = [x s ẋ s q1 q2 ]T . For the EKF state
transition model, we use (2) and the shank and thigh IMU
gyroscope kinematic models q̇1 = [0 0 1]ωs =: ωsz and
q̇2 = [0 0 1]ωt =: ωt z , where ω s (ωsz ) and ωt (ωt z ) are
the (z-axis components) of shank and thigh IMU gyroscopes
measurements, respectively [30], [31]. The state dynamics are
then expressed as
⎤
⎡
x2
⎢ f s (x, w)⎥
⎥
(3)
ẋ = f (x, w) = ⎢
⎣ ωsz ⎦
ωt z

y3 = gs (x, w) = x s − v x t + L 1 (sq1 − sq 0 )

where
2 s −α c )+ M L (ω2 s −α c )
Ma (ωsz
x3
s x3
2 2 t z x4
t x4
(4)
M
and w = [ωsz ωt z as1 y as2 y at1 y at2 y ahx ]T is a vector of
measured variables, asi y and ati y , i = 1, 2, are, respectively,
the y-axis components of the i th shank and thigh IMU
accelerometer measurements, and ahx is the x-axis component
of the heel IMU accelerometer measurement. Inclusion of ahx
into w is mainly due to the EKF output construction discussed
later in this section. Variables αs and αt in (4) represent shank
and thigh angular accelerations, respectively,
a j y − a j1 y
, j = s, t.
(5)
αj = 2
dj

f s (x, w) =

It is important to note that term f s (x, w) in (3) does not
contain the friction force Ft as in slip dynamics model (2).
We intentionally design to omit it, due to the fact that the
friction forces during slipping are small (coefficient of friction
commonly below 0.1). The contributions of Ft are indeed
less than one order of magnitude of the angular acceleration
terms. Moreover, our goal is to design a low-cost, lightweight
slip detection system, and it is desirable to avoid the use of
expensive force/torque sensors.
The observations of the EKF design are given by three types
of measurements yi , i = 1, 2, 3. Direct heel acceleration is an
obvious choice. Once the heel touches down, the foot is almost
aligned with the floor, and therefore, we approximate the heel
acceleration by taking only the measurement along the x-axis
in B as
y1 = ẍ s = [1 0 0]ah =: ahx

(6)

where ah ∈ R3 (ahx )) are the heel accelerometer (xcomponent) measurements. Two additional outputs include the
slipping velocity and slipping distance which we estimate by
utilizing walking biomechanics constraints. Both outputs are
used to drive the difference between the states of velocity
ẋ s or distance x s and their estimations to zero. These estimates
are derived from the two-link kinematic chain formulation and
Hip
known hip velocity v x . We define the difference between
these estimates for slipping velocity and slipping displacement
along the x-axis of B, respectively, as
Hip

y2 = h s (x, w) = ẋ s − v x

+ L 1 q̇1 cq1 +L 2 q̇2 cq2 = 0

(7)

Hip

1

+L 2 (sq2 − sq 0 ) = 0
2

(8)

where t is the time elapsed from the heel-strike moment and
q10 and q20 are the initial joint angles at the time of heel strike,
which are approximated by using the wearable IMUs [28]. The
Hip
estimation of the translational velocity v x cannot be directly
obtained from inertial sensors and, therefore, is obtained
from the nonslip walking stance immediately prior to slip.
We reversely compute its value using (7) under the assumption
that the horizontal heel velocity during the nonslip stance
phase is close to zero.
In the EKF implementation, we use one set of biomechanics
parameters (e.g., limb lengths, masses, etc.) for all subjects,
rather than the measured values for each individual. The same
parameters are used in the slip dynamics model in (4) and
all three constraints in (6)–(8) for all results. Such choice is
desirable and simplifies the calculation and implementation.
This would also allow one system implementation across other
young healthy adult population with satisfactory estimation
results as shown in Section V.
IV. S LIP D ETECTION A LGORITHM
The estimates of the slipping distances are accurate only
once slip starts. To use these estimates, we need to detect the
foot slip in real time. Therefore, we first describe a novel slip
detection algorithm that determines the slipping status right
after the heel strike.
A. Slip Indicator
An important indication about slip is assessed by the
movement of the human COM in the sagittal plane. The COM
movement is indirectly related to hip-heel angle θHH , which
is the (absolute) angle of the vector formed by connecting the
human hip location and the stance leg heel position in the
sagittal plane [see Fig. 2(a)]. Considering that the values of
both ẍ s and θHH are directly related to slipping, we propose a
slip indicator
SI (t) =

ẍ s
(
θ̈
−γ )
HH
β

(9)

where β and γ are constants. This specific form was chosen
based on the observation that the profiles of ẍ s and θ̈HH
hold reverse trends during heel-strike event. We introduced
the exponential function in the denominator in (9) for several
considerations. It would primarily enhance the distinction of
the ratio of ẍ s and θ̈HH between the slip and no-slip gait and
avoid the division of a potentially tiny or near-zero value
of (θ̈HH − γ ). The use of exponential function also helps
to construct the function SI independent of the sign of θ̈HH
and generate a clear distinction in SI values once the angular
acceleration θ̈HH exceeds the threshold value γ . The choice of
SI also correlates the sign of the SI to be purely determined
by the sign of the ẍ s , resulting in a positive SI values only
if the slip acceleration ẍ s is positive (i.e., foot slipping in the
anterior direction). The combination of these considerations
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requires that several conditions must be met simultaneously for
SI to indicate the slip occurrence. The particular form of the
SI function was chosen due to the advantage that incorporates
all the above-mentioned features. The value of parameter β
cannot be uniquely determined due to a large set of feasible
options. The analysis in (9) only requires its value to be greater
than one, allowing SI to exponentially increase when the value
of θ̈HH exceeds the threshold γ . Therefore, we empirically
explored and tested the SI performance using various β values.
In general, increasing the value of parameter β would allow
S I to weigh heavily on the hip-heel angular acceleration θ̈HH,
while reducing the value of β, the indicator SI would penalize
the linear acceleration ẍ s . Tradeoff between the sensitivity of
SI on parameters θ̈HH is approximately balanced when the
value of β is chosen as the Euler number e = 2.718. The
value was also chosen for the convenience of the formulation
and implementation based on the analytically feasible range
and the empirical observations. The slip detection algorithm
relies on setting a threshold for SI (t). As suggested in [32],
using the threshold technique can minimize the computational
load and reduce the number of required sensor components.
A threshold Ss for S I (t) is used to determine the slip:
slip is declared whenever SI (t) exceeds Ss (i.e., SI (t) ≥ Ss );
otherwise, no slip is identified (i.e., SI (t) < Ss ). The
calculation of SI (t) requires knowledge of instantaneous
θ̈HH and ẍ s . The estimates of ẍ s are directly measured by the
heel accelerometer Ih . To compute θ̈HH , we adopt a similar
approach as in (5) and use the accelerometers attached at the
upper thigh (close to the hip) and at the heel, that is,
θ̈HH =

at1 y − ahx
lHH

(10)

where at1 y and ahx are the y- and x-axes acceleration measurements of It 1 and Ih , respectively, and lHH is the distance
between It 1 and Ih [see Fig. 2(a)]. In (10), we approximate the
calculation with the small angle and constant lHH assumptions.
The choice of variables θ̈HH and ẍ s to compute the slip
indicator SI in (9) is inspired by the analogy of modeling
human walking with slip as a single inverted pendulum on
a cart. The cart position represents the location of the foot
and is stationary during normal walking and free to move
during slip. The hip-heel angle θHH describes the hip relative
position to the foot, emulating relative COM-foot position
and representing the pivoting angle in the inverted pendulum
analogy. During the beginning of the nonslip walking stance,
the foot acceleration ẍ s is either negative or close to zero
and the hip-heel angle is slightly larger than or close to zero.
Therefore, the value of SI by (9) is expected to be close to
zero. Once slip occurs, the anterior foot acceleration ẍ s has a
large positive value and the hip-heel angular acceleration θ̈HH
reaches large negative values compared to the normal walking
profiles. Negative values of θ̈HH are mainly due to the posterior
relative motion between the hip and the foot. Therefore,
the value of SI becomes large under slip. The SI calculation
combines two variables, rather than one as in [26], and this
treatment significantly enhances the slip detection sensitivity
and robustness.
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Fig. 3. Block diagram of the schematics of slip-detection algorithm that runs
simultaneously for each individual leg.

The determination of the values of parameters γ and Ss is
based on the tradeoff between the sensitivity and robustness
of the algorithm to detect slips. By choosing these parameter
values, our goal is to minimize the detection time, while not
sacrificing the robustness to avoid false detection. We will
discuss the details to obtain these values in Section V.
B. Slip Detection and Estimation Algorithm
The flowchart of the slip detection and estimation algorithm
is illustrated in Fig. 3. The slip detection begins at the heelstrike moment. We adopt a similar approach as in [9] for
detecting the heel-strike event using IMUs by checking the
first peak of the shank angular velocity (the z-axis component).
The calculation of SI (t) and the EKF estimation algorithm
starts simultaneously. When SI (t) ≥ Ss , slip is detected
(i.e., flag = 1) and the slipping distance and velocity
information is obtained from the EKF outcomes. It is expected
that the human sensory and voluntary reactive response to the
slip takes place after at least 200 ms [33], and therefore, we use
a time period of 400 ms (twice of the voluntary recovery time)
to terminate the EKF estimation.
If the value of the slip indicator is less than the threshold,
namely, SI (t) < Ss , no slip is detected (i.e., flag = 0), and in
this case, the detection process is repeated until the detection
of the heeloff event. The detection of a heeloff event is based
on the heel angle θHe and the shank angle θSh during the stance
phase. We first estimate the shank angle θSh by integrating
the measurements of the gyroscope attached on the shank
with a zero initial condition at the moment of the heel-strike
event. Once the value of the estimated θSh reaches threshold
thr , the integration of the heel gyroscope measurement starts
θSh
(with a zero initial condition) to obtain the θHe . The threshold
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Fig. 4. Snapshot of the recovery human gait from slip. Top: video snapshot. Bottom: human seven-link skeleton from the optical motion capture system.
“” markers: locations where the right leg (blue solid line) starts slipping. “” markers: left leg (black dashed line) touches down on the floor.
thr is chosen as the mean value of the relative shank
value θSh
angle at 50% of the stance of all subjects in the experiments.
thr is taken the same as that in [7]. The
The threshold value θHe
details of these threshold values will be presented in Section V.

V. E XPERIMENTS
A. Experimental Protocol
Eight subjects (four males and four females with ages:
26.3 ± 2.1 years, heights: 1.73 ± 0.04 m, and weights:
62.8 ± 7.8 kg) were recruited for the experiments. All of
the participants self-reported to be in a good health condition.
An informed consent form was signed by all the subjects and
the testing protocol was approved by the Institutional Review
Board at Rutgers University.
We built a wooden platform and the human subjects walked
on the platform in the laboratory as shown in Fig. 1. The
platform was designed to have four movable pieces of a size
of 28 × 16 in. The setup allows triggering slip at any point
along the walkway. For this particular study, we did not release
the platform but actually applied soap film on the platform
surface to create slippery, low-friction coefficient conditions.
However, the subjects were unaware of this surface friction
property change and were consequently not able to speculate
where the slip would occur or anticipate slip at a particular
location. The size of the slippery surface was around 28×16 in,
which was at the same single location for all subjects. Subjects
were told that they would perform normal walking and may
experience slip during testing. However, no information was
provided as to where and how the slip would occur. All
subjects experienced an unannounced and novel slip. During
the experiments, the subjects wore a pair of special glasses
with dimmed lower half portion to prevent the subject from
noticing the soap film on the platform. In the experiments, the
subjects were asked to walk on the wooden platform with their
self-selected walking speeds (within a range of 1.0–1.7 m/s)
and to look straight ahead. All subjects in the experiments
wore the slip detection wearable sensing system as shown in
Fig. 1. The subjects were asked to walk between 5 to 10 min

on the platform before data were recorded. Because of the
focus of this paper, we only analyze the first, unexpected slip
recovery data.
A safety harness worn by the subjects was used to catch
and protect subjects in case of a fall. In the experiments,
the rope length of the harness was adjusted such that the
safety harness did not interfere with the subjects to recover
their balances during falling, while still protected subjects from
the risk of falls during the experimental trials. 32 reflective
markers were placed on the foot, lower limbs, and trunk
according to the plug-in gait model described by the Vicon
motion capture system. In addition, three markers per shank
and thigh were mounted on the rigid plate together with two
IMUs to validate the sensor measurements. The marker motion
data were processed using a fourth-order low-pass Butterworth
filter with a cutoff frequency of 6 Hz [34].
B. Experimental Results
Fig. 4 shows a slip and recovery gait of subject (S1) during
a representative slip categorized as a “Maxi-slip” (>8.6 cm)
according to the definition in [15]. Snapshots from the video
[Fig. 4(top)] and human seven-link skeleton from the motion
capture data [Fig. 4(bottom)] illustrate the sequence of slip
and recovery events with marked foot placement and slipping
distance. The subject (S1), walking unaware of slippery surface, initiates heel contact with right foot (t = 0) and slip
starts immediately. Gait progression continues with a lift of
the trailing leg and without subject’s immediate sensory slip
perception. After voluntary slip recovery reaction starts, the
trailing (left) leg touches down (t = 0.27 s) on nonslippery
surface. Subject partially recovers by catching on trailing leg,
while lifting slipping (right) foot (t = 0.39 s). To regain
balance, subject pushes off of the trailing leg and performs
a compensatory step in the posterior direction with the right
foot that touches down (t = 0.46 s) and slips again. The
slip stops when the right (slipping) foot hits the edge of the
slippery surface. The total slipping distance estimated from
the heel marker data is 51 cm.

TRKOV et al.: INERTIAL SENSOR-BASED SLIP DETECTION IN HUMAN WALKING

1405

Fig. 5. Comparison results of the EKF estimation and the ground truth under large slip of subject S1. The estimation results with (green dashed-dotted line)
and without (blue dashed line) including the friction force in the model show similar performance. (a) Heel displacement xs . (b) Shank joint angle q1 . (c)
Thigh joint angle q2 . R-foot: slipping leg. L-foot: swing leg.

Fig. 6. EKF estimation errors for all eight subjects. The plots include the error mean values (solid line) and the one standard deviation (dashed lines). (a)
Heel slip distance error exs . (b) Shank angle error eq1 . (c) Thigh angle error eq2 . Time (t = 0 ms): heel-strike event.

Fig. 5 shows the EKF estimation results of subject (S1) for
slip recovery gait shown in Fig. 4. The results in Fig. 5(a) show
that the EKF accurately estimates the slipping distance x s
with minimal deviations (<2 cm) from the ground truth, until
the moment when the slipping foot is lifted from the ground
(t = 0.39 s). Afterward, the discrepancies between the slip
distance estimates and the ground truth increase. The estimates
of the lower limb joint angles [Fig. 5(b) and (c)] follow the
ground truth values from the optical motion capture data.
Fig. 5 also shows EKF slip estimation results with and without
including the friction force in the model. The estimation results
show a similar performance during the time when the foot
is slipping on the ground, which is the main focus of this
paper. The results suggest that not including friction force is
a reasonable assumption. Using only IMUs without the need
of expensive force sensors significantly simplifies the system
configuration and implementation. Such an approach has an
important advantage for the practical applications and is one
of the technical contributions of the work.
The errors between the EKF estimations and the motion
capture data for all eight subjects are shown in Fig. 6. The estimated slipping distances in Fig. 6(a) closely match the ground
truth for the first 80 ms after the heel strike, with a mean error
less than 1 cm. During the same period, the estimates of the
lower limb poses [Fig. 6(b) and (c)] also maintain a minimal
error to the motion capture results. Discrepancies between the

estimated and the ground truth values start to increase after
80 ms from the heel-strike event.
To prevent any possible false detection, it is not desirable to
rely solely on the slip distance estimation x s to determine the
slip status. The algorithm instead uses the slip indicator SI (t).
Fig. 7 shows the SI (t) profiles over time for all eight subjects
for both the normal walking [Fig. 7(a)] and walking with slip
[Fig. 7(c)]. The shaded areas in the figure represent the envelope of the values of SI (t). The nonslip walking gait results
shown in Fig. 7 are taken from the walking step immediately
prior to the slip initiation. This comparison guarantees that the
experimental conditions (i.e., walking speed, step length, and
so on) are consistent during nonslip and slip gaits. In Fig. 7(b),
we also plot SI (t) with respect to the percentage of walking
stance duration to show that the variations of SI (t) are due
to inter-gait variability among the subjects. Fig. 7(b) clearly
distinguishes when slip is detected or not as determined by the
threshold Ss . The calculations of SI (t) in Fig. 7(b) are based
on only IMU measurements. For comparison and algorithm
validation purpose, Fig. 8 shows the plots of SI (t) calculated
from the optical motion capture measurements for all subjects.
The results of normal walking in Figs. 7(a) and 8(a) show
no detected slips (i.e., SI (t) < Ss ) and the values of SI (t) are
close to zero until the heeloff event. In Fig. 8(a), one subject
has an increased value of SI (t) (peak value close to 0.7) at
around t = 50 ms. This is due to a relatively small movement
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Fig. 7. Slip indicator S I (t) calculated from the IMU data for all subjects. (a) Normal walking with gait progression time. (b) Normal walking normalized
with the stance period. (c) Walking with slip. Horizontal dotted line: threshold value Ss = 1.57. The marker “” in the normal walking indicates the heeloff
and in the slip walking indicates that the other foot touches down on the floor. Time (t = 0 ms): heel-strike event.

Fig. 8. Slip indicator S I (t) calculated from the Vicon data for all subjects. (a) Normal walking with gait progression time. (b) Normal walking normalized
with the stance period. (c) Walking with slip. Horizontal dotted line: threshold value Ss = 2.83. The marker “” in the normal walking indicates the heeloff
and in the walking with slip indicates that the other foot touches down on the floor. Time (t = 0 ms): heel-strike event.

of the wooden platform (as observed and separately validated
by the motion capture data). The plots of SI (t) over stance
for normal walking in Figs. 7(a) and 8(b) clearly demonstrate
the consistent performance of the slip indicator.
For walking gaits with slip [Figs. 7(c) and 8(c)], the values
of SI (t) exceed the threshold Ss shortly (less than 100 ms)
after the heel strike, indicating that the slip is detected. In the
figure, we also mark the time instant of the swing foot touchdown under the human recovery reaction. Fig. 9 shows a
comparison of the time duration and instantaneous slipping
distance from the heel-strike event until slip is detected for
all subjects. The results include the calculations using the
motion capture and the IMU measurements separately. It is
interesting to observe that the slipping distances using the
motion capture data are almost all within 12 mm, except for
one at 50 mm. The detection times using the motion capture
data are within 60 ms after the heel strike, while using the
IMU data all slips are detected within 90 ms after heel strike.
The average slip detection time (±standard deviation) is 59
(±20) ms by using the IMU data and 31 (±22) ms from the
motion capture data. Even using the IMU-based calculation,
the slip detection time is several times faster than human
voluntary reaction (around 200 ms after slip detection) [33].
The IMU-based slip distances are under 30 mm, except for
two subjects at around 65 mm. Despite the possible errors due

Fig. 9. Comparison of the slip distance and the slip detection time after heel
strike by the motion capture data and the IMU measurements.

to the numerical approximations, the results obtained by the
motion capture measurements show a highly consistent trend
among all subjects.
The differences of the calculated SI (t) by using the IMU
and motion capture measurements result from the different
θ̈HH and ẍ s profiles. Fig. 10 shows the comparison of the
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Fig. 10. Comparison of the IMU-based and Vicon-based computations of angular accelerations θ̈HH and heel acceleration ẍs . (a) θ̈HH profiles from the
IMU measurements. (b) θ̈HH profiles from the Vicon data. (c) ẍs profiles by the IMU measurements. (d) ẍs profiles by the Vicon data.

mean and standard deviation profiles of θ̈HH and ẍ s by both
measurements. The profiles of both the normal walking and
walking with slip are also plotted in the figure for comparison.
For the Vicon-based θ̈HH profiles shown in Fig. 10(b), a significant distinction of the minimum values of θ̈HH between the
normal walking and walking with slip is observed during the
first 150-ms period after the heel strike. A similar difference is
also observed from the calculation by the IMU measurements
shown in Fig. 10(a). During normal walking, the hip-heel
angular accelerations θ̈HH experience a decreasing trend after
the heel strike and then a slowly increasing and flat trend until
the heeloff event. Consequently, due to an initial high COM
pivoting angular velocity and a near-zero angular acceleration,
an almost constant angular velocity is maintained, resulting in
a steady pivoting of the hip (and COM).
When slip is initiated after the heel strike, θ̈HH starts at
the similar values compared to those during normal walking
but afterward rapidly decreases and reaches to significantly
lower values. The rapid decrease causes a negative hip-heel
angular velocity and also a reduction of angle θHH . This
clearly indicates that the hip (and COM) is not pivoting around

the heel, but is actually swinging backward relatively to the
foot. This observation implies the presence of a slip. After
the initial rapid decrease, the values of θ̈HH quickly increase
to near-zero values after around 150 ms mainly due to the
pushoff of the trailing leg. The profiles then oscillate around
the zero value because of human slip recovery reactions.
The differences of the θ̈HH profile by the motion capture and
the IMU measurements primarily result from the numerical
differentiation approximations. However, despite the abovementioned differences, a clear distinction of the θ̈HH profiles
between the normal walking and walking with slips is observed
shortly after the heel strike.
As shown in Fig. 10(c) and (d), the heel acceleration ẍ s
under the normal walking quickly increases to and stays
around zero until the heeloff. For the walking with slip case,
the ẍ s profile first increases similarly as in normal walking
but after the heel strike, the heel does not stop but keeps
accelerating (between 20–100 ms). A similar trend of the heel
acceleration curves was also reported in [17] and [19]. The ẍ s
profiles also show a large variation after around 150 ms, and
this could result from the start of human recovery reactions.
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Fig. 11. Estimation of the heeloff angle θHe and heeloff event detection for
all subjects. “◦” markers: heeloff instances detected by the IMU measurement.
“” markers: Vicon motion capture system.

The values of the model parameter γ and the threshold Ss are determined by the θ̈HH and ẍ s profiles shown
in Fig. 10(a) and (c), respectively. The profiles of θ̈HH under
normal walking show a consistently small variations across
all subjects, and therefore, we use the first lowest peak point
of θ̈HH profile of normal walking, marked Pnθ̈ in the figure,
to determine the value of γ . We obtain γ = −562 and
γ = −377 deg/s by the motion capture system and the IMU
measurements, respectively.1 Similarly, we use the slipping
acceleration profile ẍ s to determine the value of Ss . As shown
in Fig. 10(c), the peak point Pnẍs of the ẍ s profile is collocated
with Pnθ̈ . We obtain Ss = 2.83 by the motion capture data and
Ss = 1.57 by the IMU measurements. The used shank angle
thr = 22◦ , obtained as
threshold to terminate the algorithm is θSh
the mean of the 50% stance of all subjects. Fig. 11 shows the
estimates of the heeloff angle θHe and the detection time for
all subjects using the IMU measurements and the heel marker
thr = 3◦ is used to detect
positions. Similar to [7], a threshold θHe
the heeloff event. From the results in Fig. 11, the IMU-based
heeloff events match with the motion capture results.
C. Discussion
In the experiments, all slips were unexpected and varied in
the total slipping distance and subjects’ performed recovery
reactions. Although it is impossible to represent the recovery
of all subjects, we chose to present the subject experiments
with significant slipping distances and successful slip recovery
in order to demonstrate the algorithm performance. The subject
presented in Fig. 4 shows a clear slip recovery in a sagittal plane allowing easy visualization. This particular subject
performed a rapid and successful slip recovery response. The
rapid response allowed subject to regain forward momentum
and continue with gait. The subject might take short recovery
step of the trailing leg or walk with a trailing foot outside of
the slippery surface to perform rapid slip recovery reaction.
1 These values of parameter γ are actually obtained from two standard
deviations of the θ̈HH profiles. Similarly, the following Ss values are obtained
from two standard deviations of the ẍs profiles.

Some of the participants had to perform multistep recovery
reaction to regain their balance. Successful slip detection
and characterization of all these slips further validate our
algorithm, showing its robust and reliable performance.
The conference publication [26] is a preliminary development of this paper. Compared with the results in [26], the
presented slip indicator is different and performs much more
reliably and robust. We specifically list the major differences
as follows. First, the newly proposed slip indicator factor SI
combines two highly correlated variables, rather than one
in [26]. The slip indicator uses instantaneous values of linear
and angular accelerations rather than the integration of the
shanks angular velocity, and as a consequence, it results
in significant differences between the normal walking and
walking with slip. This treatment enhances the slip detection
sensitivity and robustness. Second, we enhance the differences between no-slip and slip by introducing the exponential
function in (9). Moreover, the SI formulation proposed in
this paper includes the heel acceleration information and
also captures the movement of the hip with respect to the
stance foot. The hip-foot angular acceleration captures the
relationship between the COM and coefficient of performance
and, therefore, represents the subjects overall behavior during
normal walking and slip recovery gait. This is fundamentally
different compared to SI computation in [26], where only
the integrated shank angular velocity is considered. The SI
formulation in [26] mainly characterizes a knee position with
respect to the foot and is heavily dependent on the gait and
slip balance recovery strategies. Due to large variations among
the subjects slip recovery gaits, the leg kinematics during slip
(i.e., shank kinematics) vary significantly among the subjects.
All of the above-mentioned differences allow SI proposed in
this paper to be less gait dependent and detect slip quicker
than the one in [26].
The parameters γ and Ss are indeed associated with and
highly correlated with the human motion and gait. Fig. 10
clearly shows that the trend of the results obtained from both
measurement systems match closely, indicating the important
underlying kinematics are reflected in both system measurements. However, the threshold parameters are not independent
of the measurement methods. The double numerical differentiation of the Vicon measurements θHH and x s introduces
errors in calculation and, consequently, affects the value of
parameters γ and Ss . The potential errors are also introduced
by the IMU measurements, due to possible imperfect attachment of the sensors on the subjects legs and their imperfect
orientations in the sagittal plane. All of these errors affect
the measurements and the threshold values determination of
parameters γ and Ss . Therefore, we separately determined
the γ values from the angular accelerations of the individual measurement method from the θHH profiles, as shown
in Fig. 10(a). Similarly, the values for parameter Ss were
obtained as two standard deviations of the ẍ s profiles of the
individual measurements methods [see Fig. 10(b)]. We propose
the two standard deviations criteria to determine both the γ
and Ss values to include a wide range (95%) of gait variations.
The system performance using a single γ value from the
combined Vicon and the IMU measurements would result in
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significantly decreased sensitivity of slip detection. Similarly
is true for parameter Ss . If using γ and/or Ss from IMU and
the Vicon measurements, the result would show increased false
slip detection. In both cases, the systems would result in poor
performance. Therefore, we designed separate threshold values
for each measurement method as presented in Section V-B.
Comparison of EKF estimates x s with the ground truth
in Fig. 5(a) showed discrepancies following the slipping foot
liftoff event. This is due to the discontinuous kinematic
condition, assuming the heel acceleration measurement ahx is
aligned horizontally with the floor. On the contrary, the estimates of angles q1 and q2 are not affected by the foot-lift event,
since they are directly correlated with the IMU measurements.
The possible reasons for these discrepancies shown in error
results (Fig. 6) lie in the assumption of constant hip velocity
and neglecting the friction force in the slip dynamics model.
The presented system contains five IMUs as it was designed
to achieve satisfactory performance and for real-time applications. For practical applications, it might be desirable to reduce
the number of IMUs to simplify the system. The number
of the used IMUs can be indeed reduced to three, located
at the thigh (hip), shank, and foot, respectively. The IMU
at the heel cannot be directly replaced with the one on the
shank, due to the differences in heel and shank kinematics.
For the slip indicator factor computation, we indeed used
only three IMUs, namely, It 1 , Ih and one on the shank
(e.g., Is1 ). Therefore, reducing the number of IMUs would
affect the method to compute thigh’s and shank’s angular
accelerations, by taking derivatives of angular velocity from
the IMU gyroscope measurements. However, by reducing the
number of IMUs, we sacrifice the accuracy of the results by
introducing errors due to the differentiation of the gyro angular
velocity measurements. The focus of this paper is mainly to
show the satisfactory performance of the slip detection system
in real-time applications. Sensor configuration optimization is
out of the scope of this paper.
Direct comparison of the proposed slip detection system
with other existing ones is not possible because, to the
best knowledge of the authors, no other similar system has
been reported in the literature to characterize and estimate
slip dynamics. The closest slip-induced fall detection system
was reported in [14] in which the slip detection time was
around 250 ms. Compared to the average slip detection time
(59 ms for the IMU data), our approach shows a significant
improvement with several times faster than that in [14].
The significant reduction of the slip detection time is one of
the major contributions and it enables the development of slipinduced fall prevention system. For example, wearable robotic
assistive devices design requires fast slip detection and the
average detection time (59 ms) in this paper is much shorter
than that of human sensorimotor mechanism (200 ms) [35].
To the best knowledge of the authors, no other system has
been reported to detect slip prior to human sensory system
does. The presented slip detection system can be potentially
integrated into the rehabilitation or assistive devices to help
recover and prevent from slip-induced falls and injuries [36].
The proposed slip detection system was developed to detect
and characterize the unanticipated slip. The abnormal and/or
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asymmetric gaits are not included and this is one limitation of
this paper. The values of the slip indicator threshold parameters
were tuned only using the young healthy subjects in the
experiments. The successful gait event detection using the
IMUs for the elderly, the subjects with impaired gait, and
the stroke subjects was reported in [7] and [37] using the
same methodology for the young population. Therefore, the
development in this paper could be potentially used for elderly
with a new set of the tuned threshold parameters. As reported
and analyzed in [35], the walking gaits on slippery surfaces
are different with the normal walking if the human subjects are
aware of the surface conditions and have prior slip experience.
The slip detection and estimation for human walking with prior
slip experience and knowledge are out of the scope of this
paper.
Although the presented algorithm has not been used in real
time, given the values of threshold parameters determined from
multiple subjects, the slip indicator, and estimation calculations are expected to reproduce the same results in real-time
applications as the offline calculations. The shear forces during
walking are the highest during heel strike and the toeoff and
slips most likely occur during these events. We observed such
increased friction demand pattern in the previous study [27],
and the increased chance of slipping during the heel contact.
Similarly, the existing literature confirms that the heel contact
is the most critical phase when slips result in falls [38]. Many
of the existing clinical research studies focus on slip during
the heel strike and backward falls [39]. The biomechanics
of slip reveals that, during slip at the heel strike, the human
COM is positioned behind the base of support (BOS), causing
less chance to recover from slip. Contrary to this, during the
toeoff slip, the COM is normally within the BOS allowing a
greater chance for successful slip recovery and fall prevention.
Due to the above-mentioned reasons and widely studied cases,
this paper focuses on slip detection at the heel strike only,
which is a limitation of this work. The conclusions of the
results are based on a limited sample size of eight young
healthy subjects. Although the study included male and female
population, the height, weight, age, and musculoskeletal functionality/health were not fully explored and require further
studies.

VI. C ONCLUSION
In this paper, we developed and validated a novel slip
detection and estimation algorithm during human walking.
The algorithm relied on the novel slip dynamics model
and measurements from wearable inertial sensors attached
on the lower limbs. By fusing the slip dynamics model,
IMU measurements, and the physical and walking constraints,
we obtained an accurate slip estimation with the EKF design.
In addition, we proposed a novel slip indicator to detect slip
shortly after the heel strike. The slip indicator combined the
measurements of the heel horizontal acceleration and the hipheel angular acceleration. The experimental results confirmed
the effectiveness of the slip detection and estimation algorithm.
The developed algorithm and method have the potentials to

1410

IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING, VOL. 16, NO. 3, JULY 2019

be used for real-time applications in slip and fall prevention
devices and design.
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