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Abstrakt
V této práci zkoumáme možná využitı́ inerciálnı́ch měřenı́ k detekci došlapů šestinohých kráčejı́cı́ch
robotů. S využitı́m relativně levných akcelerometrů je možné vytvořit detektor došlapů, který
ummožňuje šestinohému robotovi překonávat i nerovné terény. Kromě detekce došlapů také zk-
oumáme možná využitı́ akcelerometrů ke klasifikaci různých druhů terénů. Z měřı́cı́ch módů,
které poskytujı́ použité akcelerometry, jsme vybrali dva: standardnı́ plynulý měřı́cı́ mód a mód
založený na přerušenı́ch, který naměřená data filtruje a vybı́ra ta, která splňujı́ určité požadavky.
Detektory došlapů založené na předfiltrovaných datech dosahujı́ lepšı́ch výsledků, než detek-
tory využı́vajı́cı́ kontinuálně měřená data. Mı́ra abstrakce, které detektor došlapů dosáhl, mu
umožňuje detekovat došlapy i při zvýšenı́ celkové rychlosti pohybu navzdory tomu, že detektor
byl naučen na mı́rně odlišných akcelerometrických datech nasbı́raných při nižšı́ch rychlostech.
V porovnánı́ s předchozı́ metodou detekce došlapů inspirovanou měřenı́m torznı́ch sil v kloubech
robota se jeho celková rychlost zvýšila jak v přı́padě rovného terénu, tak v přı́padě terénu nerovného.
Detektor došlapů i terénnı́ klasifikátor jsou testovány na šestinohém kráčejı́cı́m robotovi.

Klı́čová slova: Kráčejı́cı́ roboti, Detekce došlapů, Inerciálnı́ měřenı́
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Abstract
In this thesis, the possible usage of the inertial measurements for the foot-strike detection of the
hexapod walking robot in rough terrains is examined. We show that affordable accelerometers
attached to robot’s legs can be utilized for a reliable foot-strike detection and thus allow the robot
to crawl irregular terrains. Furthermore, we examine the possible advantages of two operation
modes of the accelerometers and the underlying foot-strike detection pipeline. Namely, the foot-
strike event detection in a continuous stream of data from accelerometers. And interrupt-based
mode, in which the accelerometers filters data at the hardware level to provide only relevant data
around the foot-strike event. We also investigate the possibility of using the accelerometers for
the terrain classification. The proposed utilization of the interrupt-based mode provides signif-
icantly better performance. The presented foot-strike detector supports generalization from the
data collected using the slow locomotion to faster locomotion where the inertial signals slightly
change. The speed of the hexapod walking robot in both flat and rough terrains is improved in
comparison to the adaptive motion gate that uses a force threshold-inspired position controller for
the foot-strike detection. Both the foot-strike detection and the terrain classification have been
experimentally tested using a real hexapod walking robot.

Keywords: Legged robots; Foot-strike detection; Accelerometric measurements
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Chapter 1

Introduction

Robotics is nowadays rapidly evolving research field with many practical deployments. Advance-
ments in miniaturizations and energy efficiency help to push mobile robotic research forward. The
primary objective of mobile robotics is to develop intelligent and autonomous systems and deploy
them in increasingly complex scenarios and environments. Mobile robots can be divided according to
locomotion mechanism into three main categories; wheeled, tracked, and legged robots. The main ad-
vantage of legged robots over wheeled or tracked robots is a capability of traversing rough terrains in a
non-destructible way (terrain negotiation), for the price of more complex locomotion control methods
that control robot legs when crawling over rough terrains.

Different locomotion control methods for walking robots have been presented in recent years, but
they all share a common property of utilizing feedback control from sensors to negotiate irregular
terrain and to maintain the robot stability. Even though mechanical construction of the legged robots
providing more degrees of freedom may improve its ability to traverse rough terrain [1], locomotion
control system is crucial to achieving smooth and non-hazardous locomotion. Hence studying and
progressive improvement of locomotion control is crucial for improving robot behavior and its per-
formance in various scenarios, accomplishing the desired mission objectives as well as increasing the
overall locomotion speed. A speed of the locomotion is one of the key factors for the robot perfor-
mance; fast locomotion control allows a walking robot to accomplish given tasks more quickly and
therefore improve its overall performance in the missions. Thus the primary motivation for this thesis
is to provide fast and reliable locomotion over rough terrain for affordable hexapod walking robot
using as few newly added sensors as possible.

During the locomotion, a leg either move to new foothold (swing phase) or support the body
(stance phase). Several problems may arise after missed foot-strike (transition between swing phase
and stance phase). Firstly, missed foot-strike may results in a situation, when most of the robot’s
mass is supported by fewer legs than expected, which put under stress both actuators and construc-
tion. Stressed actuators require more electric current to flow through them, which may result in an
overheating and may lead to failure of servo and lost their ability to support the body. Secondly, after
the missed foot-strike, the body is asymmetrically raised, which may move the center of mass out of
expected area and possibly result in stability loss. The loss of the stability may cause robot falling
and damage. Therefore reliable and timely detection of foot-strike is critical for both maintaining the
stability of the robot and preventing the robot from being damaged.

Our work is based on robotic platform presented by J. Mrva and J. Faigl in [2], where the au-
thors have employed easy-to-use hexapod walking robot platform using feed-back solely from 18
Dynamixel AX-12A servos. Even though this suggested approach provides a reliable and relatively
affordable solution for the foot-strike detection, it is, unfortunately, limited by the servo communi-
cation speed resulting in relatively slow speeds of locomotion. Therefore, in this thesis, we suggest
extending the existing hexapod platform by adding inertial sensors used for the foot-strike detection
enabled by specific features of the used accelerometers. We also aim to reach the same foot-strike
detection reliability as the groundwork and if possible, speed up the overall locomotion of the hexa-
pod. The original intentions of the groundwork are to provide a relatively cheap solution, hence to
stick with these ideas we suggest to use six affordable 3-axial ADXL345 accelerometers attached to
an individual leg of the robot along with a central reference heading system mounted on the robot
trunk. The used accelerometers provide eleven operation modes and features. We decided to exploit

1



1. Introduction

properties of the continuous stream mode and event-based single-tap mode. The stream mode contin-
uously provides data, whether the single-tap mode filters data at the hardware level and provides only
relevant data around the particularly configured event.

Our approach suggests using motion controller developed by the authors of [2], further referred as
the adaptive gait, to supervise learning of signal detectors for foot-strike detection based on inertial
feedback. Even though the adaptive gait is relatively slow, it was already proven it is capable of
traversing irregular terrains. In presented results, we show, that our best performing foot-strike detector
is sufficient enough to allow a robot to crawl over rough terrains. Furthermore the proposed signal
classifier learned on the relatively slow adaptive gait is capable of keeping its properties even if the
overall speed of gait cycle is increased, demonstrating its generalization capabilities. The suggested
approach provides up to 1.7 times speedup of the groundwork approach [2] in the irregular terrain
and up to 1.5 times speedup of the groundwork approach in the flat terrain. Aside from the foot-
strike detection, the possible usage of the inertial measurements for the terrain classification has been
examined.

The remainder of the thesis is organized as follows. The problem addressed together with the
description of the hexapod locomotion, differences between the gaits and groundwork [2] are provided
in the following section. The related approaches are outlined in Chapter 3 along with the description
of the used classification methods. The hexapod platform and the employed sensors are presented
in Chapter 4 with the emphasis on the used accelerometers. The proposed approach using inertial
measurement for the terrain detection is described in Chapter 6. Results of two validation scenarios;
the proposed classification methods success rate and the comparison to the previous work [2] are
reported in Chapter 6 followed by the conclusion in Chapter 7.

2



Chapter 2

Problem Statement

Multi-legged robots are usually more complex than wheeled or tracked robots. For example, our
platform has 18 controllable degrees of freedom (DoF) that is far more than controlling steering and
and the forward velocity in a regular car. The complexity of the multi-legged enhances capabilities of
the robot terrain negotiation, but the robot also requires more advanced control. One possible way to
control multi-legged robots is to use defined motion pattern - gait. Gait control distinguishes between
two phases of locomotion for each leg. A leg in the swing phase moves to a new foothold, and on the
contrary, a leg supports the robot body in the stance phase. [3] During the robot movement, the robot
legs alternate between the swing phase and stance phase.

Leg movement patterns can be distinguished by the number of legs supporting body (implying
the number of moving legs) in each step of a gait cycle. According to the number of simultaneously
moving legs, n-pod gaits are defined. Different n-pod gaits vary in the overall speed of the hexapod
and its stability. At least three legs are required to support the body to keep the robot stable. This
restriction allows only three possible n-pod gaits; tripod (n = 3), tetrapod (n = 4) and pentapod
(n = 5).

The tripod gait splits legs into two triplets. One triplet alternates another while three legs are
moving and three legs are supporting the body. The most stable triplets consist of the front and the
rear leg from one side of the hexapod and the middle leg from the other side. Each gait cycle consists
of only two steps, which makes the tripod gait fastest gait from the all mentioned above at the cost of
losing stability in cases of failure of any supporting legs.

1. 2. 3. 4. 5. 6.

Figure 1: The visualization of the six steps of the tripod gait. In step 1., all legs are in the old
footholds. Three legs are moving to the new footholds in step 2., and the other triplet is moving to the
new positions in step 3. The steps 4., 5., and 6. are similar to the steps 1., 2., and 3.

The tetrapod gait defines three pairs of legs. Two pairs (four legs) support body, while one pair
is moving. There are several combinations of legs in pairs and the order of the alternation. The most
stable combinations require each leg from different sides of the hexapod and variation in the front-rear
position. An example of one possible combination is (left-front,right-middle), (left-middle,right-rear),
(left-rear, right-front). The tetrapod gait cycle consists of three individual steps of each pair of legs,
which makes it slower than the tripod gait, but it increases stability by adding a leg to support body.

The pentapod gait operates with each of the hexapod legs individually, meaning only one leg is
moving, while five remaining legs support the body. The order of legs in the pentapod gait does not
affect the overall stability of hexapod, but most common approach uses the clockwise or counter-
clockwise order of the leg alternation in the gait cycle. The pentapod gait requires six steps in each
one of it, and therefore it is the slowest, but the most stable one.

All n-pod gaits are periodical gaits, and the legs are moved in the same order. There are also

3



2.1 Regular and Adaptive Gait

1. 2. 3. 4. 5. 6.

Figure 2: The visualization of the six steps of the tetrapod gait. In step 1., all legs remain in the old
footholds. The step 2., the first pair of the legs is reaching new positions. The second pair of the legs
is moving to new footholds in step 3. followed by the last two legs in step 4. The steps 5. and 6. are
similar to the steps 1. and 2.

1. 2. 3. 4. 5. 6.

Figure 3: The visualization of the six steps of the pentapod gait. In each step (1.-6.) only a single
leg is reaching new foothold, which makes the pentapod gait slow compared to the tripod gait and the
tetrapod gait.

non-periodic gaits, for example free gait or wave gait. Free gait use other factors such as external
perception of the robot to choose the order of the legs to traverse tough terrains.

2.1 Regular and Adaptive Gait

Sw
ing

phase

Stance phase

(a) Regular gait

U
p

Forward

D
ow

n

Body leveling

(b) Adaptive Gait

Figure 4: Regular gait leg trajectory visualized in (a) without any feedback; and several examples of
adaptive gait leg trajectories (b). The adaptive gait combines the ground detection during the swing-
down phase of the leg with the consecutive body leveling phase which causes the irregular rectangle-
like quadrilateral shape of trajectories.

Regarding the ability of the locomotion to traverse rough terrains we can further distinguish two
additional types of gaits: regular gait for flat terrains and adaptive gait for irregular terrains. Legs
driven by the regular gait follow the predefined fixed trajectory. An example of leg endpoint trajec-
tory is shown in Fig. 4a, where the leg movement in the swing phase is divided into two lines, but
trajectories of different shapes are also possible. The regular gait assumes flat horizontal surfaces,

4



2.1 Regular and Adaptive Gait

therefore all points are strictly defined, which makes this gait type useless for traversing irregular
terrain.

On the other hand, the adaptive gait specifies only certain points of the trajectory, which provides
adaptivity of the shape of the trajectory. Even though different trajectory shapes are possible, the
authors of [2] decided to splits the leg movement during the swing phase into three lines; up-line
(swing up), forward-line (swing forward), and down-line (swing down) resulting in a rectangle-like
quadrilateral trajectory shown in Fig. 4b. In this particular case, only upper-points (ending point of
the up-line and starting point of the down-line) are defined, ground contact points (starting point of the
up-line and ending point of the down-line) are variable and limited only by a minimal reachable point
is given by leg the construction. In rough terrains, the position of the ground contact points varies
during the hexapod movement because of differences in the terrain heights. Therefore a detection of
the foot-strikes is required to stop the leg movement in the swing down phase at the time when the leg
reaches the ground contact point.

Swing up

Swing forward

Swing down

Swing phase

Move leg down

(small step)

Ground

detected?
NO

Body Leveling

Stable state

Stance phase

Compute posture

transform from

leg positions

Apply positions

- level body

YES

Figure 5: Overview of the gait cycle (stride) together with the visualization of the body leveling.

In the case of the missed foot-strike, the ground reaction force increases, which can result in stabil-
ity loss, actuators overheat or damaging the robot itself. Therefore the main problem being addressed
in this thesis is to provide fast and reliable foot-strike detection using relatively cheap accelerometers.
We aim to keep the reliability of the previously deployed force threshold-inspired position (FTP-
inspired) control presented by J. Mrva and J. Faigl in [2]. The FTP-inspired control implemented by
the authors in the adaptive gait is based on the position error, which is a difference between the ex-
pected position of the leg and the real position read from servomotors. The leg motion in the swing
down phase is divided into small steps while the current leg position is being read from the servos
after the each step.

Whenever leg descending is stopped or slowed by the ground, the position error starts to increase
over the motion cycle and if the position error exceeds the given offset the adaptive gait classifies a
foot-strike and stops the leg movement. Although the adaptive gait provides a reliable foot-strike de-
tection mechanism, its speed is limited by reading speed of the current position of the servos required
at each iteration of the motion cycle. The current servo position can be read only every 16 ms and as
long as each motion cycle requires reading from 3 servos, the overall time required for collecting the
all needed data increase to 48 ms.
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2.1 Regular and Adaptive Gait

The communication delay of the method suggested by J. Mrva and J. Faigl in [2] limits the gait
speed and consequently makes the robot driven by this approach relatively slow. Therefore we aim to
improve the adaptive gait using inertial data from the accelerometers instead of slow-to-obtain servo
positions. In particular, we consider cheap and easy-to-use hexapod platform with 18 Dynamixel
AX-12 servos with a single relatively inexpensive accelerometer (ADXL345) attached to each leg.
Optionally we add one more inertial measurements unit (namely AHRS unit Xsens MTI-30) mounted
on the hexapod body to obtain the absolute body orientation.

Two main issues are related to the considered accelerometer measurements. Firstly, the movement
is divided into small discrete steps, which cause vibration. These vibrations along with high acceler-
ation peaks in the sharp corners of the leg trajectory then spread through the whole robot and affect
the accelerometer measurements. This noise in measured data makes the foot-strike detection based
on inertial measurements more challenging. Therefore, an event detection mechanism is required to
correctly detect foot-strike events and maintain the robot attitudes when crawling the irregular ter-
rains. Secondly, the leg position and robot orientation are changing over time and differences in the
mounting direction of the accelerometers requires data unification to use one foot-strike detector for
all of the hexapod legs.

In addition to problems related to inertial measurements, using machine learning classifiers re-
quires a locomotion controller capable of crawling irregular terrains to collect real data from a rough
terrain for learning. Then these classifiers can be deployed in irregular terrains to classify foot-strikes
by themselves. Since FTP-inspired controller implemented in the adaptive gait already provides this
capability, it is used for both learning data collection and for labeling collected data.
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Chapter 3

State of the Art

Two areas of science are mainly related in the topic of the herein studied on-line foot-strike de-
tection. Firstly, in biomedical engineering, requirements for precise foot-strike detection methods
arose in the 1960s as a response to first experiments with Functional Electrical Stimulation (FES).
The FES replaces or amplifies electrical pulses in the muscles, which helps individual to restore their
walking abilities affected by injury of the central motor nervous system (such as “drop foot” problem,
Parkinson disease, spinal cord injury, brain trauma, etc.). Time precise distinction of the gait phases
is required to improve the efficiency of the FES, Note some authors [4–7] differentiate between more
phases than just the stance and swing phase, however the further distinction is based on the position
of the toe and heel during leg locomotion; ergo it is specific to a human-like leg structure.

Secondly, in mobile robotics, the advancements initiated the second wave of interest into this topic
at the end of 20th century. Progress in mobile robotics makes existence of human-like robots and
multi-legged robots possible and the foot-strike detection became required for the correct locomotion,
maintaining the humanoid stability [8, 9] and leg sensing data was even used for terrain classification
[10]. In the following sections, the approaches are discussed based on two criteria; used sensors and
used classification method, followed by brief introductions of the Support Vector Machines (SVM)
and the Neural Network (NN) approaches utilized in our proposed solution to the on-line foot-strike
detection.

3.1 Suggested sensor combinations
Several sensors and sensor combination have been proposed in the literature to be used in collecting
data for foot-strike event classification. A most straightforward approach such as [11] uses only micro-
switches attached under a foot. Micro-switches can also serve for a validation of detected foot-strike
events as in [12]. Another relatively straightforward proposal uses solely force sensitive resistors
(FSR), which changes its electrical resistance based on the applied force. Usually, several FSRs are
used to detect heel-load and toe-load, hence one FSR is placed under the heel and several others
(namely two in [7] or four in [4]) under a metatarsal head. FSRs are robust, reliable and well-known,
and therefore, they are widely used as a reference system in several other approaches (such as [13,
14]). Even though both force sensitive resistors and micro-switch are well-known and reliable, we
decided not to use them for several reasons. Firstly, we expect that both above-mentioned sensors
would behave rather odd in the sand and generally loose terrain. Secondly, information obtained
from micro-switch is strictly limited into two states, hence it is impossible to use that data for terrain
classification1. Lastly, force sensitive resistors have low accuracy, even though using an array of FSRs
can improve its performance [15], and therefore, they are not used for terrain classification, even
though K. Suwanratchatamanee and M. Matsumoto in [9] used the triplet of FSRs to determine slope
orientation under humanoid robot legs.

Another widely used sensors are accelerometers, either just one or several, all uniaxial, biaxial
and triaxial or even triple of uniaxial accelerometers. Using accelerometers provides more variability
such as placement, which is not limited under foot-contact part of leg as in cases of FSR and micro-
switches. Generally speaking, accelerometers can bring more information, for example they can be

1Terrain classification is one of the branches studied in our lab, hence sensors allowing terrain classification are preferred
for its possible future use.
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3.2 Existing classification methods

used for determination of shank orientation [16, 17] or even determine the whole kinematics chain of
the human leg [14, 18] used for the foot-strike event classification, which would be impossible using
FSR or micro-switches. Last but not least, accelerometer can be used in the terrain classification for
both legged robots [10] and wheeled robots [19], for detection of stair ascend/descend and ground
slope (upslope, downslope, ground plane) of human subject [17] as well.

Other possible sensor equipment is a combination of force sensitive resistors (FSRs) on foot and
several accelerometers on various parts of the leg [5, 6]. Such a combination brings more information
about the leg movement than using only FSRs, but as it is mentioned above, using FSRs cannot easily
provide any new data for terrain classification, which makes FSRs surplus for future use in our lab.
It is worth mentioning that most of the approaches use FSRs as a reference for other sensors used
for foot-strike detection. Beside FSR, force sensitive floor plates [7], visual movement image [20],
camera-based position capture system [5], and micro-switches [12] have been used to verify foot-strike
event detection approaches. Also note that force/torque sensors are used for terrain classification [8],
and that approach inspired by the force position threshold is used for a foot-strike detection in the
groundwork [2].

3.2 Existing classification methods
Several groups of methods have been developed for foot-strike detection or generally gait phase de-
tection. Firstly, rule-based detection algorithms usually with a finite-state-machine representation of
the gait defined with manually set parameters for transitions between the states have been used by a
significant number of authors. Secondly, using artificial neural networks (NN) has been proposed by
several authors and lastly Support Vector Machines (SVM) have been used as well.

3.2.1 Rule-based detections algorithms

Rule-based detection algorithms generally require a set of rules used for classifications of the collected
data. There are two main approaches implemented for the rule-based detection. Cycle-like structure
of the gait is presented by J. K. Lee and E. J. Park in [12] and by H. Jonghee et al. in [20]. In these
works, only two states are defined, ergo transitions between all states of the gait are valid. J. K. Lee
and E. J. Park in [12] have been using local maxima and local minima of the angular velocity and
angular acceleration to define conditions for the transition between the foot-end contact (beginning
of the swing phase) and initial contact states (end of the swing phase), which is similar to foot-strike
detection. Similarly H. Jonghee et al. have been looking for peaks in the horizontal and vertical
acceleration to distinguish between swing and stance phase in [20].

Beside the cycle-like structure, the finite state machine gait representation have been suggested
by I. P. I. Pappas et al. in [5], later in [6], A. T. M. Willemsen et al. in [21] and by Milica Djurić
in [14]. All the above-mentioned authors differentiate more than two gait phases. Gait phases are
expressed as a finite state machine in which states correspond with the gait phases, and possible
transition between the states (gait phases) are defined based on human gait. I. P. I. Pappas et al.
in [5] and later improved in [6] uses three FSRs and gyroscope to distinguish between five gait states
supporting some pathological features of the gait such as shuffle or shamble. Their approach has been
tested on various surfaces. Milica Djurić in [14] reconstructs the position of each leg part using up
to six triaxial accelerometers. His approach uses the set of four conditions derived from the inertial
measurement to determine the gait phase. In [21] A. T. M. Willemsen et al. use only four uniaxial
accelerometers (basically two biaxial accelerometers) and similarly to I. P. I. Pappas et al. differs
between five gait phases.

Most of the algorithms mentioned in this subsection require either combination of FSRs and ac-
celerometers [5, 6] or require multiple accelerometers [21] on a different part of the leg, which would
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3.2 Artificial Neural Networks

be challenging for our platform and would require different classifiers for particular n-pod gaits. Re-
construction of the leg in [14] a priori assumes that relative position of the leg parts is related to the
gait phase, which might be valid for human subjects using own sensors to move their legs, but it cannot
be expected from our robotic platform.

3.2.2 Artificial Neural Networks

Another group of authors using both sole accelerometers, a combination of accelerometers and FSRs,
and even solely FSRs bets on using artificial neural networks (NN). In [7] Adam Miller proposed us-
ing simple multilayer neural network for classification of foot-contact and foot-off (swing and stance
phase) using data from two FSR under heel and toe metatarsal bone. Similarly, in [13] N. Mijialović
et al. propose to use a two-layer neural network with four input neuron, 15 neurons in each of hidden
layers and one output neuron designed to classify swing and stance phases based on the data from 2
triaxial accelerometers2. An almost identical approach was suggested independently by Y. Schimada
et al. in [22], where the authors developed a neural network to distinguish between two gait phases as
well. The proposed neural network uses only measurements from one biaxial accelerometer located
on the thigh of human subjects. S. Došen et al. present neural network classifier [18] as a part of the
optimal walking gait controller using a combination of four FSRs and four biaxial accelerometers on
foot, shank, thigh, and even pelvis. The authors construct an input vector consisting of the current
accelerometer dataset, two sets of delayed accelerometer data, the current set of FSRs data, and two
sets of delayed FSRs data. This huge input vector is being fed into neural network consisting of one
hidden layer with ten neurons and one output neuron. An interesting approach using an Adaptive logic
network (neural network that changes the size of the hidden layer when needed) has been developed
by R. Williamson and B. J. Andrews in [16]. This approach is obtaining data from three uniaxial ac-
celerometers located on a knee of the human subject. Another approach [19] suggested by S. Otte et al.
is using recurrent neural networks (RNNs), more precisely the Dynamic Cortex Memories (DCMs are
improved long-short-term memory NNs), and vibration data of wheeled robot to classify 14 types of
mainly outdoor terrain.

Even though some approaches uses previously rejected sensors (i. e., the FSRs or micro-switches)
[7] or requires a combination of rejected sensors and a large number of accelerometers [13], two
approaches look promising. Y. Schimada et al. propose in [22] to use only two triaxial2accelerometers
relatively close to each other and R. Williamson and B. J. Andrews propose in [16] to use data from
three uniaxial accelerometers located only a few centimeters apart, which is in both cases similar to
our suggestion of using only one triaxial accelerometer per a single leg of the robot.

3.2.3 Support Vector Machine

Last but not least group of approaches considers Support Vector Machine (SVM) for gait phase dis-
tinction, terrain classification, and slope classification. The authors of [4] collect data from four FSRs
(two under heel and two under first and fifth metatarsal head) to detect five gait phases using SVM.
Similarly, L. Hong-Yin and T. Kai-Yu use data from three accelerometers to differentiate between the
swing and stance phases utilizing the SVM classifier in [17]. Regarding the gait phase classification,
F. L. C. Bermudez et al. deployed SVM terrain classifier for legged robot in [10]. The proposed clas-
sifier uses various data from onboard sensors (inertial measurement unit, motor control, and magnetic
encoders) and it is capable of distinguishing three different types of terrain. SVM method has been
also used for terrain classification by K. Walas et al. in [8]. The authors propose collecting force and
torque data followed by the Fast Fourier Transformation and the Discrete Wavelet Transformation to
identify five different types of mainly indoor-like terrains.

2Authors use only two most significant axes from each of the triaxial accelerometers.
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Table 1: Summary of the State of the Art Approaches

Gait
Phases Accelerometer FSR Detection method

A. T. M. Willemsen et al. [21] 5 4 uniaxial — rule-based (FSM)3

I. P. I. Pappas et al. [5] 5 1 uniaxial 3 rule-based (FSM)4

I. P. I. Pappas et al. [6] 5 1 uniaxial 3 rule-based (FSM)4

Lee and Park [12] 2 1 triaxial — rule-based3

Williamson and Andrews [16] 5 3 uniaxial — neural network – ALN4

B. Huang et al. [4] 5 — 4 SVM
Adam Miller [7] 2 — 2 neural network
N. Mijailović et al. [13] 2 2 triaxial5 — neural network4

H. Jonghee et al. [20] 2 1 triaxial — rule-based
Y. Shimada et al. [22] 2 1 biaxial — neural network
Milici Djurić [14] 7 3 triaxial — rule-base (FSM)4

Došen and Popović [18] – 4 biaxial 4 neural network

Even though some of the methods again uses previously rejected sensors (i. e., the FSRs) [4, 10],
there are approaches supporting our intentions of using an accelerometer to provide data for the SVM
classifier [8, 17]. In the following section, we discuss Support Vector Machines and used types of
Neural Networks.

3.3 Support Vector Machine
The Support Vector Machines (SVMs) are set of methods of supervised machine learning presented
by Vladimir Naumovich Vapnik and Hava Siegelmann in 1963 [23] and extended during the following
years by other authors [24]. The SVM can be used for the classification [25], regression [26] or other
tasks such as the outliers detection [27]. However, the SVMs are mostly used for the classification.

In the SVM, each input data vector of the dimension n is represented as a point (vector) in the
n-dimensional features space. The SVM algorithm then finds the hyperplane in the n-dimensional
feature space, which divides points into two classes. We called the training data linearly separable
if we can find two parallel hyperplanes that separates the classes so that the distance between these
two hyperplanes is the longest possible. Any hyper-plane in the area bounded by these hyper-planes
(so-called “margin”) separates the input data into appropriate classes, therefore additional selection
is required. V. N. Vapnik and H. Sieggelmann proposed to use hyperplane, which distance from the
both bound hyper-planes is the longest possible, ergo the hyperplane in the middle of the “margin”
area. An example of the maximum-margin hyperplane, the “margin” area and the bound hyper-planes
are visualized in two-dimensional space on the linearly separable data in Fig. 6a. The margin of the
maximum-margin hyperplane in the case of the linearly separable data is so-called hard-margin.

There are also data set, for which it is impossible to find maximum-margin hyperplane. In this
cases, we call the data linearly non-separable, and other approaches are used. For the linearly non-
separable input data, the outliers in each class are ignored, and the hyperplane with the maximal
margin is used to differentiate between two classes. We call the margin of the linearly non-separable
data the soft-margin. The hard-margin is always preferred by the SVM over the soft-margin, even
though the soft-margin of linearly separable data set is bigger than the hard-margin, the points near
the different class (possible outliers) are not ignored at the expense of the lower hard-margin. An

3Authors used micro-switches for validation of proposed method.
4Authors used force sensitive resistors for validation of proposed method.
5Authors use only two most significant axis from each of the triaxial accelerometers.
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(a) An example of linearly separable two-
dimensional input data. The class A (blue) and the
class B (orange) can be divided using hard-margin
hyper-plane (full line) in the middle of the margin
area bounded by dotted lines. The distances to the
closest samples from both classes are marked by
double-head arrows.

x

y

(b) An example of the linearly non-separable two-
dimensional input data. The class A (blue) and
the class B (orange) cannot be separated using the
hard-margin hyper-plane because of the outlaying
class B sample. Therefore the soft-margin hyper-
plane (full line) is used and visualized in the center
of the margin bounded by dotted lines.

Figure 6: An example of the linearly separable data (a) and linearly non-separable data (b) with the
hard-margin and soft-margin respectively marked.

example of the linearly non-separable data is visualized in the Fig. 6b.

x

y

(a) An example of the raw input data in two-
dimensional space. The class A (blue) is bounded
by an ellipse, therefore the polynomial kernel
function can be used to separate the class B (blue).

xy

z

(b) The data raw data (a) with the feature z added
using the polynomial kernel function z(x, y) =
x2 + 0.25y2. The three-dimensional space is pro-
jected into the x-z plane projection.

Figure 7: The visual comparison of the raw input data (a) and the data after adding new feature using
the polynomial kernel function (b).
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In the 1992, the B. E. Boser et al. [24] presented the kernel functions to improve the SVM based
on the work of M. A. Aizerman et al. [28]. The proposing of the kernel functions transforms the
feature space. The kernel function transformation can be nonlinear and can increase the dimension
of the feature space. The linear, the polynomial, the sigmoid, the hyperbolic tangent, and the radial
basis functions are usually used as a kernel function, even though defining custom kernel function is
also possible. In the example (Fig. 7) of nonlinearly separable data, the polynomial kernel function
z(x, y) = x2 + 0.25y2 allows using the hyperplane for the classification.

3.4 Neural Network
The neural networks are another set of methods of the supervised machine learning methods that are
inspired by biological neural networks. The original idea of using neural network was proposed by
Warren McCulloch and Walter Pitts in [29], but the first simplified neural network called perceptron
was developed in the 1960’s by Frank Rosenblatt. The further improvement resulted in the first multi-
layer neural network proposed by Alexey G. Ivakhnenko et al. in 1965.

Input
layer

Hidden layers
Output
layer

Input 1

Input 2

Input 3

Input 4

Output

Figure 8: An example of the neural network structure with four neurons in the input layer (blue), five
neurons in each of the hidden layers (green) and a single output neuron (orange).

Neural networks consist of individual units called neurons. Each neuron has a given number of
inputs x, one output, activation function and bias b. Neurons are connected via edges, and they are
usually grouped into layers as visualized in Fig. 8. Each edge starts from the output of the neuron and
ends in the input of the other neuron. The activation function of the neuron takes as an argument sum
of the weighted input signals z,

z =
∑
j

wjxj = w.x, (1)

where the vector of weights w represents a relevance of the vector of the input x. The vector of the
weights changes during the learning process, which is described further.

Based on the activation function, we can distinguish between the perceptron and the neuron. The
perceptron uses the step function:

s(z) =

{
0 z ≤ bias
1 z > bias

, (2)

where the bias is the threshold value. On the other hand, the neuron uses the group of activation

12



3.4 Neural Network

functions called sigmoid functions such as hyperbolic tangent function (3), arctangent function (4)
and the logistic function (5), that is so called sigmoid function.

σ(z) = tanh(z) (3) σ(z) = arctan(z) (4) σ(z) =
1

1 + e−z
(5)

The connections between the neuron layer define the types of the neural networks. Three main
neural network types relevant for this thesis are further discussed; multi-layer neural networks, long-
short-term memory neural networks, and the recurrent neural networks.

The multi-layers neural networks are commonly used for various tasks [30]. They consist of the
input layer, numerous hidden layers, and the output layer as visualized in Fig. 8. The number of
neurons in the input layer varies based on the number of the features in the input data, and the number
of neurons in the output layer depends on the number of classes. The number of hidden layers and the
number of the neurons in the hidden layers depends on the solved problem.

Input
layer

Hidden
layer

Output
layer

Previous
hidden
layer

Next
hidden
layer

Input 1

Input 2

Input 3

Input 4

Output

Figure 9: An example of the recurrent neural network structure with four neurons in the input layer
(blue), five neurons in each of the hidden layers (green), and a single output neuron (orange). The
outputs of the hidden layer from the previous sample (gray, left) are used by the hidden layer, therefore
the previous hidden layer is visualized under the input layer. The outputs of the current hidden layer
are used by the RNN for the next sample, hence the following hidden layer (gray, right) for the next
sample is visualized under the output layer.

The Recurrent Neural Networks (RNNs) are neural networks, which current state is influenced
by its previous states. They are usually used for processing of stream-like data, where the next state
is affected by the previous state or states; e. g. speech recognition, language modeling, translation,
image captioning, etc. [31]. The information transition between each state is in the RNNs done by
connecting the output of the hidden layers from the previous states to the input of the hidden layers
of the current state as visualized in Fig. 9. The dimension of the input, output, the number of the
hidden layers and the number of neurons in the hidden layers are set similarly to the multi-layer NNs.

13
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The RNNs are capable of the good performance on the data, where the current output depends on the
relatively recent previous inputs, whether they behave poorly on the data with long-term relations [32].

The Long-Short-Term Memory (LSTM) NNs are modified RNN, which improve their ability to
learn the long-term relations. The LSTM was firstly introduced in 1997 by Sepp Hochreiter and
Jürgen Schmidhuber [33]. Similarly to the RNNs, also in the LSTMs the previous state propagates
to the current state. Besides a long-term memory connection is implemented to transfer additional
information over time.

Regardless the structure of the neural network, the learning process is required. Even though D. O.
Hebb in 1949 proposed unsupervised learning method called Hebbian learning [34]; the backpropa-
gation supervised learning method proposed by Paul Werbos in his thesis [35] is predominantly used
for learning neural networks. The backpropagation modifies the weights of the neurons based on the
classification error. The classification error is backpropagated from the output of the neural network
through the last hidden layer way up to the first hidden layer. During the backpropagation, the weights
of the neuron inputs are modified accordingly. The backpropagation is then repeated during the learn-
ing process. Certain neural network types require modified backpropagation process, for example,
RNNs uses backpropagation through time (BPTT) [36].
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Chapter 4

Used Hardware and Platform

In this thesis, we propose to improve the existing platform presented by J. Mrva and J. Faigl in [2]
that is composed only cheap and easy-to-use hexapod platform and a central control unit. We have
extended this platform by adding six three-axial accelerometers Analog Devices ADXL345 one on
each leg and central Xsens MTI-30 three-axial inertial measurements unit is shown in Fig. 10. This
chapter describes the hardware used in our work. Firstly, hardware communication is introduced
followed by a brief description of the used platform and central control unit. In the middle of the
chapter, the proposed accelerometers are characterized and their measure modes and other features
are presented. Lastly, the multiplexer printed circuit board and central inertial unit are described.

Figure 10: Overview of the used platform with all additional equipments.

4.1 Hardware Connections
Three main communication interfaces are used for the communication; I2C (Inter-Integrated Circuit),
USB (Universal Serial Bus) and UART (Universal Asynchronous Receiver-Transmitter). The I2C is
used for collecting data from the accelerometers, USB is used for communication with Xsens and the
UART-to-USB converter is used for sending instructions to servos.

All accelerometer I2C communication interfaces are connected to hand-designed multiplexer
printed circuit. Signals (SDA - serial data and SCL - serial communication clock) are multiplexed
into single I2C bus, hence three multiplex address pins (ADD) are used to choose the particular ac-
celerometer. The address pins for the multiplexer and single I2C bus is attached through the Shifter
Shield extension board to the Odroid central control computer of the robot. Beside the I2C commu-
nication interface, each accelerometer is connected directly to the Shifter Shield via its INT (interrupt
pin) to transfer the interrupt signal to Odroid. All pins from Odroid itself are remapped to the Shifter
Shield.

Servo motors are commanded via UART bus connected to UART-to-USB converter, which is
linked via USB to Odroid. Xsens inertial unit is directly attached to Odroid via USB. The verall

15



4.1 Hardware Connections

communication structure of the used hardware is visualized in Fig. 11. The power source (Li-Pol
battery or adapter) is connected through a pair of switches to both AX/MX Power Hub (inside the
UART-to-USB converter) and Odroid central control unit.

Odroid XU-4

Odroid Shifter Shield

Multiplexing PCB

ACC1 ACC2 ACC6
...

XSENSUART-to-USB

servo1 servo2 servo18...

... GPIO

I2C ADD

I2C I2C I2CINT1

INT1

INT2

INT2

INT6

INT6

USBUSB

UART

Figure 11: Overview of the hardware connection between the main components of the hexapod plat-
form. Actuators and sensors (orange) and electronic parts (blue) are connected via buses (double lines)
or single wire (single line).
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4.2 Hexapod body
The used platform consists of 18 Dynamixel servos connected to UART-to-USB converter, plastic
body plates, and frames. Each of six hexapod legs is composed of several plastic parts and three
servos which make three degrees of freedom (DoF) per each leg. The platform has two separated
power circuits. One for servomotors and the second one for the central control unit allowing turning off
overheated servos while keeping the central control unit running. Additional holes for bolts fastening
accelerometers to legs and other components screwed to the body were drilled into the plastic body
frames and plates.

Figure 12: Overview of used platform .

4.2.1 Hexapod Leg
Each hexapod leg is composed of three links and three servomotors. Links and servos are called from
the body to the foot: coxa, femur, and thibia as shown in Fig. 13. Values read from the actuators are
further referred as θc for the coxa servomotor, θf for the femur servomotor, and θt for the thibia.

The Coxa joint allows leg movement in a plane parallel to the body plane, while the femur and
thibia joints allow movement in the plane that is perpendicular to the body plane and on the position
of the coxa joint. This construction feature is used in the adaptive gait [2] where the movement of
the coxa servo and movement of the pair of femur and thibia servos are split into sub-phases (see
Section 2.1) such that whenever a leg is moving vertically, mainly the femur servo is moving, while
the thibia servo rotates minimally. Therefore reading position from single servo is required by the
adaptive gait [2].

4.2.2 Servomotors
The utilized servomotors (Dynamixel AX-12A) communicate with the central control unit via UART
communication interface, which provides half duplex asynchronous serial communication. The servos
can operate in two modes; joint mode and the wheel mode suitable for wheeled or tracked robots. In
both cases, the resolution of the servo is limited to 1024 units per a single rotation, which gives the
resolution 0.35◦. Moreover the joint mode limits maximum rotation to 300◦ range [37].

The used servos allow setting the desired position every 1 ms, however, reading the current servo
position takes about 16 ms. The period is caused by the communication delay between the request for

17



4.3 Central Control Unit
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Figure 13: Hexapod leg scheme with leg parts, joints, and joint angles labeled.

Figure 14: Front and rear view of used servos Dynamixel AX-12A.

the current position and servo response. The groundwork approach used in the adaptive gait requires
luckily only reading position from one servo (namely femur) which turns out to 48 ms for one iteration
of the tripod gait cycle. Even though the number of readings was reduced to the minimum value, this
delay still represents a significant bottleneck in the FTP-inspired approach [2], which is addressed in
this thesis by the proposed foot-strike detection using accelerometer measurements.

4.3 Central Control Unit
The proposed approach uses the Odroid XU-4 embedded computer as the central control unit. The
Odroid XU-4 is equipped with 2 GHz ARM CORTEX A7 octa-core processor (Samsung Exynos5422)
accompanied with 2 GB RAM and 16 GB eMMC5.0 HS400 Flash storage with Ubuntu 16.04.2 LTS.
Additionally, an active fan cooling unit has been chosen over passive tall-blue-heat-sink cooler to
allow placing XU-4 Shifter Shield over the Odroid itself. We have decided extends the Odroid XU-
4 by adding the Shifter Shield extension board, which enables using 3.3 V or 5 V logic while the
general purpose input output (GPIO) pins of the Odroid natively operate at 1.8 V [38]. This voltage
amplification is necessary because the supply voltage of the used accelerometers is specified in the
range from 2.0 V to 3.6 V [39]. Even though the plain Odroid XU-4 allows using up to six pairs of
pins as six independent I2C, only two pairs of pins are usable for I2C by adding the Shifter Shield
necessary for powering the accelerometers [38].
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4.4 Accelerometer

(a) Central processing unit Odroid XU-4 with fan
cooling unit.6

(b) Central processing unit Odroid XU-4 covered
by Shifter Shield extension board.7

Figure 15: Central processing unit Odroid XU-4 with and without the Shifter Shield extension board.

4.4 Accelerometer8

The used accelerometer ADXL345 Analog Devices soldered on two different printed circuit board
(PCB) (as seen in Fig. 16a and Fig. 16b) is small, high resolution, triaxial accelerometer with the range
up to ±16 g. Accelerometers are nowadays used in various applications, therefore ADXL345 is cus-
tomizable to suit the specific requirements of various applications. The standard continual measure-
ment mode as well as single-tap and double-tap modes, free-fall and activity/inactivity sensing modes
are provided at the hardware level directly by the ADXL345 chip and described in Section 4.4.1.
These functions may optionally be mapped on one or two interrupt output pins (visible in the middle
of the PCB in Fig. 16b). Beside the above-mentioned modes, the ADXL345 accelerometer provides
32-level first in, first out (FIFO) buffer to store measured values and reduce digital interface usage.
The FIFO buffer modes are presented in Section 4.4.2. The ADXL345 supports two digital interfaces;
SPI (Serial Peripheral Interface) both 3-wire and 4-wire and I2C further discussed in Section 4.4.3.

(a) An older version of the used ADXL345 mi-
crochip in the ready-to-use board by MikroElek-
tronika.9

(b) A newer version of the used ADXL345 mi-
crochip in the ready-to-use board by SparkFun.10

Figure 16: Two variants of the printed circuit boards (PCB) with the ADXL345 accelerometer chip.

6Source: http://www.hardkernel.com/main/products/prdt_info.php
7Source: https://wiki.odroid.com/accessory/add-on_boards/xu4_shift_shield
8Most of the information is derived from the ADXL345 datasheet [39].
9Source: https://www.mikroe.com/accel-spi-board

10Source: https://www.sparkfun.com/products/9836
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4.4 Measure Modes of Accelerometer

4.4.1 Measure Modes of Accelerometer

In this section, we further describe the ADXL345 measure modes with the emphasis on the modes
used in our approach (i.e. stream and single-tap) along with general settings which share all measure
modes. Two parameters of the measurement are same no matter what measure mode is chosen; the
measure range and the measurement resolution. Four acceleration ranges ±2 g, ±4 g, ±8 g and
±16 g are possible, and two different output resolutions are implemented; 10-bit resolution and the
full resolution. The 10-bit resolution keeps the length of the measured data, but vary in acceleration
represented by least significant bit for different ranges (from 3.9 mg/LSB for ±2 g to 31.2 mg/LSB
for ±16 g). On the other hand, the full resolution keeps the value represented by the least significant
bit (4 mg/LSB) same for all ranges and vary in the length of the measured data. Those and every other
setting made to customize measurements are stored in series of registers provide by the ADXL345.

Stream mode continuously provides the measured data at the given measure rate. Two measure
rates are implemented: standard data mode (from 6.25 Hz to 3200 Hz) for regular operation of the
accelerometer; and low power mode (from 12.5 Hz to 400 Hz) for power saving. In our proposed
method, only the standard data mode is used.

Single-tap mode collects data continuously, but only if given conditions are met, the measured
data are stored in FIFO for further processing. Two parameters specifying the condition for the single-
tap are the threshold and the maximum duration. The threshold represents a minimal absolute value
of the acceleration that is required for the event to be considered as a possible single tap. Exceeding
the threshold value in any of the axis starts a countdown. If the acceleration is higher than the given
threshold for a shorter time than the maximum duration, an event is classified as single-tap, and the
interrupt pin is set to high (assuming that single-tap is enabled). An example of the single-tap even is
visualized in Fig. 17 with both mentioned parameters labeled.
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Figure 17: Example of the interrupt triggered by x-axis with settable parameters.11

The threshold value is stored in two-byte THRESH_TAP register with the scale factor 62.5 mg/LSB
and the maximum duration is saved in the DUR register with the scale factor 625 µs/LSB. In both
cases, setting the value of 0x00 may result in undesirable behavior [39]. The single-tap feature itself
and any other features are enabled in the one-byte INT_ENABLE register and mapped to interrupt pins
by one-byte INT_MAP register. Notice that it is necessary to set the value of 0x00 in the Latent
register to disable the double-tap mode.

Beside the single-tap and stream modes used in our approach, the accelerometer ADXL345 pro-

20



4.4 FIFO Modes of Accelerometers

vides the double-tap detection, activity and inactivity detection, free-fall sensing, watermark bit, and
overrun bit. The double-tap mode allows to detect double-tap events defined by the same parameters
as the single-tap mode but with additional parameters defining the minimum time between taps and
the maximum waiting time for the second tap. The activity sensing mode provides a detection of the
acceleration activity based on a given minimum acceleration. Similarly to the activity sensing mode,
the inactivity sensing mode provides detection of the inactivity base on the given maximal accelera-
tion and minimal time of acceleration. The free-fall sensing mode allows detecting free falls based on
the threshold value and the minimum time of the free fall. Both the watermark bit and overrun bit
are related to the FIFO buffer. The watermark bit has the value of 1 whenever the number of stored
samples in FIFO exceeds a given number, and the value of the overrun bit determines whether data in
the FIFO registers have been replaced.

4.4.2 FIFO Modes of Accelerometers

In addition to the measure modes, the accelerometer ADXL345 provides an embedded 32-level FIFO
(first in, first out) buffer. Similarly to the measurement modes, the FIFO buffer can operate in various
modes, and it can be disabled as well. All the settings related to the FIFO are stored in the one-byte
FIFO_CTL register shown in Tab. 2. Two the most upper bits (D7,D6) are used for selecting the
FIFO mode, the trigger bit (D5) is used in the trigger mode described further and purpose of the bits
(D4-D0) varies for different FIFO modes.

Table 2: Functions of the FIFO_CTL register bits.

D7 D6 D5 D4 D3 D2 D1 D0
Mode Trigger Sample bits

Bypass mode 0 0 none none
FIFO mode 0 1 none the number of samples for the watermark bit
Stream mode 1 0 none the number of samples for the watermark bit
Trigger mode 1 1 use INT(1+D5) the number of samples before the interrupt

The bypass mode bypasses (disables) the FIFO buffer, which therefore remains empty. In this
mode, the values of bits D4-D0 in the FIFO_CTL register are ignored.

In the FIFO mode, the accelerometer collects data and stores them in the FIFO buffer. If the num-
ber of samples in the FIFO buffer exceeds the value of the sample bits, the watermark interrupt is set
to 1. FIFO continues saving measured data until it is full and then stops. Note that the accelerometer
stay operational, therefore other features such as single or double tap can be used regardless FIFO is
filled.

The stream mode is similar to the FIFO mode; the usage of the sample bits remains the same as
the values stored in D4-D0 determine the number of samples required to set the watermark interrupt
bit to 1. The only difference between this two modes is in handling cases when the FIFO buffer is
full. The previously mentioned FIFO mode stops collecting data after filling the FIFO buffer, but in
the stream mode, older data are replaced by newer.

In the trigger mode, the accelerometer waits for an interrupt to occur on either INT1 or INT2. If
the trigger bit (D5) in the FIFO_CTL register is set to 0, INT1 is used to trigger the trigger mode,
et vice versa (setting 1 in the trigger bit causes the trigger mode to be triggered on INT2). After the
interrupt occurrence, the FIFO buffer stores the last n samples defined in the sample bits and continues
to collect samples until the FIFO buffer is full. In the trigger mode, collecting new data is stopped
when the FIFO buffer is filled.
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4.4 Communication with Accelerometer

4.4.3 Communication with Accelerometer
The ADXL345 accelerometer provides two communication interfaces; SPI and I2C. Even though
SPI provides higher communication speed, I2C has been chosen over SPI for two main reasons.
Firstly, I2C requires only two wires (SDA and SCL as shown in Fig. 18) to transfer the data. The
SPI, on the other hand, requires three (SDIO, SCLK and CS) or four (SDO, SDIO, SCLK and CS)
wires. Choosing the SPI would therefore significantly decrease the number of the GPIO pins usable
in the future. Secondly, the Odroid supports natively I2C communication interface, which makes
implementation easier and reduces communication errors. The number of wires required for different
communication interfaces is shown in Tab. 3.

Table 3: Number of wires required by communication interfaces.

Communication
interface

Wires per accelerometer Total number of wires required
without
interrupt

with
interrupts

with interrupts
with interrupts and

address
I2C 2 3 18 11

SPI (3-wires) 3 4 24 —
SPI (4-wires) 4 5 30 —

The chosen I2C is the synchronous master-slave single-ended serial bus. Thus I2C requires a
clock signal, allows multiple master devices and multiple slave devices (master-slave) and the signal
voltage is relative to the ground (single-ended). The I2C interface consists of two wires each for one of
two signals: synchronous clock (SCL) for the communication synchronization; and synchronous data
(SDA) for data transfer. I2C supports two communication speed: standard running at the 100 kHz;
and fast at 400 kHz. The accelerometer ADXL345 provides only two possible I2C addresses based
on the logical (high/low) value of the SDO/ALT ADDRESS signal (shown in Fig. 18). The SDO signal
is required only by the SPI interface, hence the ALT ADDRESS can be used when the I2C interface
is operational. The limitation of usable address forces us to develop a multiplexer printed circuit board
described in the following section.

PROCESSOR

D IN/OUT

D OUT

RP

VDD I/O

RPADXL345

CS

SDA

ALT ADDRESS

SCL

Figure 18: I2C connection diagram.12

Accessing the measured data is provided by six one-by registers13(two bytes per each axis). There
are two possible ways of reading from the registers using I2C: single-byte reading; and multiple-byte
(batch) reading. The single-byte reading reads one byte on the given address, while n-byte reading
sequentially reads n bytes starting on the given address ADD and ending for the address ADD+(n-1).
Using six-byte reading is recommended to prevent changes in the stored data between each single-byte
reading as it is described in [39].

12Modified version of Figure 8 from the ADXL datasheet [39] now respecting International Electrotechnical Commission
standard
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4.5 Multiplexer Printed Circuit Board

These six registers are used for accessing the measured data no matter which FIFO mode and
measure mode is used. In the case of the bypass FIFO mode, the measured data are stored directly in
these six registers. All other FIFO buffer modes send data from the top of the stack to these six data
registers. Similarly to the bypass FIFO mode, using six-byte read is necessary to collect data from all
theaxes, because reading any of six data register flushes all stored data in data registers and initiate
loading another sample stored in FIFO. Note thatthe time delay of 5 µs between readings from data
registers is required for the communication speed higher than 1.6 MHz but as long as the maximum
communication speed of I2C is far below this value (maximum 400 kHz), this delay is not a concern
for I2C.

4.5 Multiplexer Printed Circuit Board
There are two main reasons why multiplexer printed circuit board is required to be developed. Firstly,
the Shifter Shield extension board provides only two I2C communication interfaces, which is not
enough for collecting data from all six ADXL345 accelerometers. This problem cannot be resolved
by removing the Shifter Shield extension board, because Shifter Shield provides the power voltage
level required by the accelerometers. Secondly, the used accelerometers do not provide the setting
of their addresses, albeit it is possible to select an alternative address by connecting ALT_ADRESS
to the power voltage instead of connecting it to the ground, as shown in Fig. 18. Using both I2C
interfaces provided by the Shifter Shield together with the combination of standard and alternative
addressing would result in four possible-to-connect accelerometers, which is still insufficient for six
accelerometers required for the hexapod walking robot.

Therefore, a pair of the Texas Instrument high speed CMOS multiplexers CD74HCT4051 for
both I2C signals (SDA and SCL) are utilized. Each of the multiplexer provides multiplexing up to 8
signals, but requires multiplexing address consisting of three address bits (A0, A1, and A2) and thus
three general purpose input output (GPIO) pins of the Odroid address both multiplexers.

The required printed circuit board (PCB) has been designed in the Autodesk Eagle PCB design
software. Connectors for the accelerometer wires and 6-pin header have been added to improve mod-
ularity of the PCB and enabling easy attachment of the connected accelerometers and replacement
of malfunctioning accelerometer. The order of wires in the connector has been chosen to decrease a
possible noise and crosstalk by placing both I2C signals on one side of the connectors, the ground
wires next to them, and the powered wires in the opposite side of the connector. The interrupt wire
has been soldered into a one-pin connector, and it can be therefore attached regardless to other signal
connectors. The interrupt signals are connected to six GPIO pins which are set up to be software
interrupt pins.

Table 4: The order of the wires in the accelerometer connector.

Wire name Value of signal

1 Serial Clock (SCL) variable

2 Serial Data (SDA) variable

3 ALT ADDRESS grounded

4 Ground (GND) grounded

5 Supply Voltage 3.3 V (VCC)

6 Interface Supply Voltage 3.3 V (VCC)

I INT1 variable

13DATAX0, DATAX1, DATAY0, DATAY1, DATAZ0 and DATAZ1
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4.6 Central Inertial Unit

4.6 Central Inertial Unit
Inertial data measured by the accelerometers can be transformed (rotated) from the end-effector co-
ordinates into the hexapod body coordinates, but even after this transformation based on the forward
kinematics, the data remains relative to the rotation of the hexapod body. An inertial measurement
unit attached to the body platform is required to define the rotation of body based on the gravity.
The body orientation is necessary for obtaining the inertial measurements in the world coordinates.
The deployed Xsens MTI-30 unit provides this capability and furthermore can serve as the Attitude
Heading Reference System unit (AHRS) compensating drift from the gyroscopes integration by both
gravity and the earth magnetic field to improve the precision of measurements.

Figure 19: Xsens MTI-30 inertial measurement unit.14

14Source: https://www.xsens.com/products/mti-10-series/
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Chapter 5

Proposed Methods

In this chapter of the thesis, the proposed methods for the foot-strike detection using accelerometer
measurements are presented. The proposed method is divided into five sections. First three sections
correspond to data processing steps, the fourth section describes the data collection provided by the
groundwork adaptive gait [2]. In the last section, aside from the foot-strike detection method, the
proposed method for the terrain classification using the inertial data are be described.

The data processing pipeline consists of the following steps: the data acquisition followed by the
data processing, and ended in the foot-strike detection. The data acquisition takes care of transferring
data from the accelerometer to the central control unit. The data processing compensates differences
in the leg position during the robot movement and the attachment of the accelerometer on the robot
leg. The foot-strike detection determines whether leg hits the ground or not, and therefore, if leg
should continue in movement or its motion should be stopped. The data acquisition and the detection
methods, varies for the particular approach, while the data processing remains the same.

There are two different approaches presented in this thesis based on different measure modes of
the accelerometer; the stream method (Fig. 20) is using the data from the continual reading of the
acceleration measurements and the single-tap method (Fig. 21) is utilizing the data provided by the
accelerometer ADXL345 with the namesake feature enabled. A similar terminology applies to classi-
fiers (stream classifiers and single-tap classifiers) mode, inertial measurements (stream measure mode
and single-tap measure mode) and the data (stream data and single-tap data). The differences between
these proposed methods are the most obvious in the data acquisition step, therefore the characteristics
of the stream method and the single-tap method are described in detail in the following section.

5.1 Data Acquisition
The data acquisition is the first step of data processing pipeline. The purpose of this step lies in the
transferring of the measured data from the accelerometer to the central control unit necessary for the
further processing.

In the stream mode (visualized in Fig. 20), the controller continuously reads the current data from
the accelerometer. The main trait of the stream mode is setting the bypass FIFO mode, which disables
the FIFO buffer and allows reading data instantly. Using a particular gait (such as the used tripod gait
or tetrapod gait) results in the requirement for multiple reading done simultaneously as several legs
can be in the swing phase at the same time. Therefore, the bandwidth of I2C has been divided equally
between the individual accelerometers. Three parameters need to be set in the accelerometer in the
stream mode; the acceleration range, the resolution, and the data rate. The acceleration range ±16g
and the full resolution have been set to keep as much information provided by the accelerometer as
possible. Setting 10-bit resolution would decrease the accuracy of the measurement, and smaller range
would result in the information loss during the expected high peaks. The data rate of the stream mode
is set to 200 Hz as the higher data rate is not possible because of the bandwidth of I2C. The standalone
thread has been implemented for periodical data reading. Each 5 ms, the current inertial data stored
in the all accelerometers are read sequentially one by one while using multiplexing addresses (see
Section 4.5). After collecting all the required data and passing them for further processing (lasting
∆t ms), the reading thread is put to sleep for the remaining time (5−∆t ms).

The single-tap mode (visualized in Fig. 21) depends on the interrupts generated by the ADXL345.
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5.1 Data Acquisition

Accelerometer

Continuous acc. readout

I2C
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compensation
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T

joint angles(θc, θf , θt)
T

IMU orientation

(φyaw, φpitch, φroll)
TEvent detection

0α

Decision

Figure 20: Foot-strike detection in the stream (continuous) operation mode.

The main trait of the single-tap mode is enabling the single-tap feature and enabling the trigger FIFO
buffer mode (see Sections 4.4.1 and 4.4.2). The same measurement parameters as for the stream
mode are required in the single-tap mode extended by those related to the single-tap mode and trigger
FIFO mode. The acceleration range and the resolution remains the same as in the case of the stream
mode, but the sampling rate was experimentally increased to 800 Hz. Two additional parameters are
required for the single-tap measure mode; the minimum tap duration and the tap threshold for which
the appropriate values have been found experimentally. The minimum tap duration is set to 6.9 ms,
and the tap threshold is set to 4.9 g. The single-tap mode has been enabled and mapped to the interrupt
signal INT1. Lastly, two parameters need to be set for the trigger FIFO mode; the triggering interrupt
pin and the number of the samples before interrupt occurrence. The center of the single-tap peak has
been set to be approximately in the center of the FIFO buffer by setting the value of 16 in the sample
bits, and the triggering interrupt of the trigger FIFO mode has been set to the interrupt signal INT1.
Unlike the stream mode, the single-tap mode requires a different approach in the data collection. All
six GPIO (general purpose input output) pins chosen to be connected to the INT1 interrupt signals are
continually read in the endless cycle waiting for logic one to occur. Whenever the hardware interrupt
appeared, all data stored in the FIFO buffer are read and send for processing followed by resetting the
interrupt FIFO mode, which allows a new event to be classified.

Accelerometer

Detect
INT?NO

INT

Read acc.
bufferYES

I2C

Posture
compensation

32 × accα = (αx, αy, αz)
T

joint angles(θc, θf , θt)
T

IMU orientation
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T

Event clas-
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32 × 0α

Decision

Figure 21: Foot-strike detection in the single-tap (interrupt) operation mode.
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5.2 Data Preprocessing

5.2 Data Preprocessing
Read accelerometer measurements have to be processed to unify the orientation of the measured data.
Three particular reasons cause differences in the collected data. Firstly, in the rough terrains, the
robot trunk orientation may vary based on several factors such as the slope of the traversed terrain.
Secondly, the orientation of the accelerometer varies during the leg movement relative to the body.
Lastly mounting of the accelerometer on the left and right legs is different.

Thus we are looking for the rotation matrix R that express the raw data accα = (αx, αy, αz)
measured in the end-point coordinates of the global reference frame 0α

0α = R accα. (6)

The nature of the particular reasons for different orientation of measured data allows splitting R
into three rotation matrices corresponding to each rotation transformation

R = RbodyRlegRacc. (7)

The joint angles (θc, θf , θt) of the respective leg along with the global orientation of the robot trunk
(φyaw, φpitch, φroll) and the constant coxa angle mount offset θoff

c and the constant accelerometer mount
angle βoff defines the rotation matrix R. The body rotation based on the terrain slope is affected only
by the rotation around x and y axes, therefore only φpitch and φroll change the accelerometer orientation
resulting in (8). The joint angles (θc, θf, θt) varying during the leg movement along with the constant
coxa angle mount offset θoff

c rotates the accelerometer data in the xy-plane and xz-plane as visualized
in Fig. 13. These leg related rotations are expressed in (9). Lastly, the end-point coordinates are
affected by the constant accelerometer mount angle βoff that differs for left and right legs, i.e., 0◦ and
180◦, respectively, as outlined in (10).

Rbody = Ry(φpitch)Rx(φroll), (8)

Rleg = Rz(θc − θoff
c )Ry (−θf − θt) , (9)

Racc = Ry(βoff), (10)

where Rx(ϕ), Ry(ϕ), and Rz(ϕ) are the rotation matrices around the respective axes by angle ϕ (11).

Rx(ϕ) =

1 0 0
0 cosϕ − sinϕ
0 sinϕ cosϕ

, Ry(ϕ) =

 cosϕ 0 sinϕ
0 1 0

− sinϕ 0 cosϕ

, Rz(ϕ) =

cosϕ − sinϕ 0
sinϕ cosϕ 0
0 0 1

 (11)

The global orientation (φyaw, φpitch, φroll) of the robot is provided by the attitude heading reference
system (AHRS) unit Xsens MTI30 attached to the hexapod trunk. The joint angles (θc, θf , θt) are set
in the central control unit, and therefore accessible directly. The coxa angle mount offset θoff

c and the
accelerometer mount angle βoff do not vary during the robot movement; hence, they can be stored as
constants specific to each leg. The transformed data are ready to be fed into the event detector in the
case of the stream mode and into the event classifier in the case of the single-tap mode.

5.3 Foot-Strike Detection
After the preprocessing, data are unified and ready to be classified. Two classifiers are used for each
operation mode; the event detector in the case of the stream operation mode and the event classifier
in the case of the single-tap operation mode. This distinction between the event detector and event
classifier is based on the fact that the stream operation mode produces a continuous time-equidistantly
stream of data, therefore events (foot-strikes) are detected, whereas the single-tap operation mode
provides discrete event data, which are not related in time, hence events are classified to foot-strikes.
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5.4 Data Collecting and Learning

Both classifiers may differ in classifier input data vector length. The data produced by the ac-
celerometer in the single-tap operation mode always consists of 32 measurements resulting in a vector
of size 96. This size of the single-tap operation mode vector originates in the size of the FIFO buffer.
The i-th interrupt data obtained from the accelerometer in the single-tap operation mode is expressed
as

vini = (αix1
, αiy1

, αiz1
, αix2

, αiy2
, αiz2

, . . . , αix32
, αiy32

, αiz32
). (12)

The stream operation mode allows only reading one sample at the time, which does not provide
enough information for the event detector, therefore the sliding window containing more than one
sample is required. The sliding window in the current context means a buffer storing the last n samples.
Each time the new data are collected, the content of the sliding window is updated; the new data are
added on the beginning, the older data slides to right and the oldest sample are removed from the view.
There is no direct restriction on the size of the sliding window, but we stick to the same number of
samples as in the case of the single-tap operation mode. The input vector of the event detector in the
time t with the sample rate τ is shown in (13).

vin[t] = (αx[t], αy[t], αz[t], αx[t− τ ], αy[t− τ ], αz[t− τ ] . . . , αy[t− 31τ ], αz[t− 31τ ]) (13)

The input vectors for both operation modes were then fed into event detector and event classifier.
We considered three classification methods in the total; Support Vector Machine (SVM) for both
operation modes, Long-Short Term Memory (LSTM) recurrent neural network learning using the
Back Propagation Through Time (BPTT) for the stream operation mode and finally a simple multi-
layer Neural Network (NN) for event classification of the single-tap operation mode.

5.4 Data Collecting and Learning
The most important part of the foot-strike detection is the learning of the detector/classifier using real
data. The learning data was collected while the hexapod was guided through the area made from
wooden blocks of variable height. Both data from the accelerometers and the foot-strikes events
detected by the adaptive gait [2] were recorded while the robot traverses the rough terrain. The data
collected from the groundwork was used as the reference and helps us to label the collected accelerom-
eter data. We collected 1332 events in the stream operation mode and 1401 events in the single-tap
mode in total. The recorded data were then split into the training and testing data in the ratio 0.7:0.3.

Several issues arose during the learning process for both measure modes. Firstly, data collected
in the stream measure mode are unbalanced (one foot-strike event per several hundreds of samples).
Hence we decided to modify the raw data (Fig. 22a) to alternate between zero and one whenever
a foot-strike event occurred. The modified data (Fig. 22b) are then used for the Neural Network
event detector. The modified data (Fig. 22b) made possible to use standard learning approaches with
the root mean squared standard minimization as the objective function for the NN event detector.
Secondly, differences in the sampling rate of the relatively slow groundwork adaptive gait and the
higher sampling rate of accelerometers in the stream measure mode resulted in the fact that there
are several accelerometer measurements samples between two adaptive gait foot-strike classification
labels. Therefore we have decided to expand the peak in the raw data to the k-nearest accelerometer
samples, where k is determined based on the number of accelerometer measurements between two
adaptive gait samples. The labeled data with the expanded label peaks is used for learning the SVM
classifier using a sliding window. Lastly, using the interrupt based asynchronous data collected in
the single-tap measure mode requires assigning each of the event detected by the accelerometer to
the appropriate label. Hence, each single-tap data are labeled based on the closest adaptive gait data
available. This method of labeling the single-tap data is used for the both SVM and feed-forward NN
event classifiers.
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(b) Modified foot-strike data in the stream measure mode.

Figure 22: Mean value of the raw foot-strike data (a) is close to zero, therefore the loss used in the
BP is small in each learning epoch, hence the learning process is slowed down. On the other hand
the using alternating data (b) with the mean value close to 0.5 increase the loss used in the BP and
improve the learning efficiency.

5.5 Terrain classification method
The terrain classification from to inertial data has been tackled by S. Otte et al. in [19] for the wheeled
robot and by F. L. G. Bermudez et al. in [10] for the legged robots. We believe the most information
about the terrain are contained in the inertial data at the moment of the foot-strike, therefore the
single-tap measure mode has been used for collecting data used in the terrain classification task. The
settings of the single-tap is identical to the setting for the single-tap based foot-strike detection and the
collected raw data have been unified as described in Section 5.2. The unified data are then fed into the
feed-forward neural network with a single hidden layer. The size of the input layer of the proposed
NN is same as the number of the samples provided by the accelerometer ADXL345 and each classified
terrain class has the corresponding output neuron.
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Chapter 6

Results

The proposed ground detection methods have been experimentally evaluated in two scenarios.
Both scenarios used real data collected by the hexapod walking robot with the groundwork adaptive
gait [2]. The performance of the individual detection methods examined in the first scenario have
been evaluated on the datasets collected using the adaptive motion gait. The best performing ground
detection method from the first scenario has been then deployed on the hexapod platform in the second
scenario. The performance of our approach has been tested in several experimental trials and then
compared to the performance of the groundwork [2]. In addition to the foot-strike detection, the
possibility of using inertial data for the terrain classification is examined in the third scenario.

6.1 Learning scenario
The performance of the individual methods has been statistically evaluated on the data collected on
rough terrain laboratory test-track shown in Fig. 23 using the groundwork method [2]. In our lab-
oratory, the test-track is the widely used way to approximate expected real-life rough terrains. The
whole terrain test-track of the dimensions 2.5 × 1.2 m consists of the wooden frame and over 200
wooden 10× 10 cm blocks that vary in slope and height. The accelerometer data along with ground-
detection provided by adaptive motion gait [2] has been collected while the robot has been guided
by an operator across the experimental test-track. The accelerometer data has been then used as the
input of the classification methods, where the ground-detection presents the expected output of the
classification methods. The different settings of the measure modes required recording datasets for
the single-tap measure mode and the stream mode separately, hence the stream dataset has been col-
lected with 1332 foot-strike events followed by the single-tap dataset consisting of 1401 foot-strike
events. These datasets have been used for individual learning method and the experimental tuning of
the parameters of the methods as described in Section 5.4.

Figure 23: Hexapod in the test-track used to simulate real-life scenarios.

For the stream measure mode, the SVM classifier and the LSTM NN classifiers have been used.
The SVM classifier with 32 elements wide sliding window for the accelerometer data 0~α has been
learned to detect the foot-strike events. Multiple kernel functions have been tested: the polynomial
kernel function with the degree in the range 〈3, 10〉 and the radial basis function (RBF). Later, the
RBF has been chosen to be used as the kernel function because the polynomial kernel functions be-
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Table 5: Detection results

Stream Single-tap
SVM LSTM SVM NN

Precision 0.63 0.57 0.81 0.78
Recall 0.31 0.15 0.85 0.65

have poorly on the given data in comparison to the RBF. Next, the Long-Short Term Memory neural
network (LSTM NN) has been trained using the Backpropagation Through Time (BPTT). The LSTM
consists of 3 inputs (αx, αy, αz), 32 hidden states and a single output. The sigmoid function

σ(x) =
1

1− e−x
(14)

is used as the activation function. The data modified as described in Section 5.4 and fed into the
LSTM give the expected output.

For the single-tap measure mode, the SVM classifier has been used together with the feed-forward
Neural Network (NN). Similarly to the stream measure mode, the SVM uses the radial basis function
(RBF) as the kernel function and size of the input data 0~α is 32 elements as well, but different nature
of the collected data discussed in Section 5.3 requires individual classifier for the single-tap measure
mode. Along with the SVM classifier, the feed-forward Neural Network (NN) has been trained using
the backpropagation (BP). The feed-forward Neural Network consists of 32 inputs, single hidden layer
of the same size and the single output using the sigmoid activation function σ(x) (14).

The classification results of the proposed classifiers are summed up in Tab. 5 and visualized in
Fig. 24. Classifiers based on the single-tap measure mode have been more successful than the classi-
fiers using the stream measure mode for the reasons discussed further in this section. The single-tap
SVM classifier (Fig. 24b) has reached the best performance and has been used in the following sce-
nario. The feed-forward NN using the single-tap (Fig. 24c) data provides the competitive results to
the single-tap SVM, unlike the LSTM neural network in the stream mode, which provides poor results
even on the modified data. The stream measure mode based SVM classifier (Fig. 24a) have been more
precise than the LSTM neural network, even though it has not been as successful as the single-tap
based classifiers.

The possible explanation of the different success rates of the stream measure mode based classi-
fiers and the single-tap measure mode based classifiers lies in the different sampling rate of the stream
measure mode (200 Hz) and the single-tap measure mode (800 Hz). The foot-strike event can be
simply missed in the stream mode because of the lower sampling frequency, which cannot be fur-
ther increased because of the already reached limit of the I2C bandwidth. On the other hand, in the
single tap measure mode, only the relevant data are transferred reducing the I2C usage and allow-
ing the higher measure rate. Let’s further note that the single-tap method provides a fusion between
rule-based detection algorithms [12] and algorithms based on machine learning [22]. Hence, the basic
rule-based decision algorithm implemented right in the chip (see Section 4.4.1) roughly filters out
some of the events and pass relevant data into the advanced machine learning classifier. This two-step
classification might also improve the overall performance of the single-tap approach.

6.2 Testing scenario
Regarding the results in the previous section, the single-tap SVM classifier is chosen to be deployed
into the hexapod central control unit and further evaluated in the additional scenario. The alternative
inertial adaptive gait is implemented by replacing the force threshold-inspired position control [2] in
the adaptive gait by our proposed classifier. Our inertial adaptive gait uses the feedback solely from
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(a) The SVM classification results using the data from the stream measure mode.
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(b) The SVM classification results using the data from the single-tap measure mode.
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(c) The NN classification results using the data from the single-tap measure mode.

Figure 24: The comparison of the classification method; the SVM using data measured in the stream
measure mode (a), the SVM using the data obtained in the single-tap measure mode (b) and the NN
using the data measured in the single-tap mode (c).

the accelerometer without any additional sensors nor measurements including servo position used by
the FTP-inspired approach.

In this scenario, the performance of the proposed classifier has been examined in two experiments,
in which the robot has been requested to traverse both flat terrain and the rough terrain in the test-track
using only new implemented inertial adaptive gait. Firstly, the general test of the proposed classifier
has been carried out. The robot was placed on the flat surface and its ability of movement was ob-
served. As expected, the performance of the hexapod was sufficient enough to traverse the flat terrain,
so the hexapod was moved to the test-track (Fig. 23) to approach the rough terrain. The proposed
classifier was able to detect foot-strikes in the rough terrain and the robot was able to traverse rough
terrain, which support the expected benefits of using inertial measurements in the foot-strike detection
over the FTP-inspired detection. Beside the verification, we focused on the further improvement of
the proposed classifier, and therefore, we started to gradually increase the speed of the motion aiming
to reach the limits of the classifier and examine the generalization level of the classifier. Increasing
the motion speed requires certain level of the generalization of the learned classifier because changing
speed of the leg movement during the swing down phase results in slightly different accelerometer
data. Before proceeding to the details of the speeding up process, let’s recall that without any feed-
back, the robot would be unable to traverse any form of rough terrains. The speeding up process
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6.2 Testing scenario

was split into two stages; speed increasing and performance measurements. The speed of the for-
ward movement has been in each iteration of the speeding cycle slightly increased or decreased using
the binary-like search using results from the previous performance (e.g., increase in the case of im-
provements et vice versa). After the finding the optimal speed, the two experiments have been carried
out.
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Figure 25: An illustrative comparison of the hexapod speed for the groundwork adaptive gait (orange)
and the proposed inertial adaptive gait (blue).

In the first experiment, the speed and the stability of the proposed classifier have been compared to
the groundwork. Two types of data has been collected; the inertial and the visual. The visual data have
been used for the position localization and speed calculation for both classifiers and the inertial data
have been used for the stability comparison. The robot has performed ten guided trials of traversing
flat terrain using inertial adaptive gait and ten guided trails using the adaptive gait [2].

The position of the robot was tracked by the ceiling-mounted visual fiducial system [40] using the
April tag added to the top of the hexapod. The visual data has been then processed, the trajectory has
been reconstructed and the speed has been calculated for both adaptive gait and the proposed inertial
adaptive gait. The changes of the speed over time are visualized in Fig. 25 for the hexapod using the
groundwork adaptive gait and the speed of the hexapod using our inertial adaptive gait as well. The
average speed and the standard deviation have been calculated as follows. The groundwork adaptive
gait [2] vg = (0.038±0.006) ms−1 and the proposed inertial adaptive gait vp = (0.056±0.007) ms−1.
On the flat surface, usage of the inertial adaptive gait provides 1.47 times locomotion speed up of the
speed of the groundwork adaptive gait.

The stability of the robot during the locomotion is greatly influenced by the reliability of the
ground detection. Therefore we have experimentally verified the reliability of the proposed method
by observing the body motion. The additional inertial measurement unit Xsens MTi-30 has been
mounted to the hexapod body to measure the body orientation and acceleration. The inertial data
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Figure 26: The five-number summary of the performance indicators: the linear acceleration in the
z-axis (a), the pitch (b) and the roll (c) angles for the groundwork FTP-inspired classifier (orange) and
the proposed classifier (blue).

has been collected with the 400 Hz during the robot locomotion. Then, the linear acceleration in
the z-axis and the pitch and the roll angles have been chosen as the performance indicators. The
variances of the performance indicators have been computed. The five-step summary for the linear
acceleration in the z-axis and the pitch and the roll angles are visualized in Fig. 26. The average linear
acceleration in the z-axis is similar for the both classifiers and the standard deviation is surprisingly
higher for the groundwork classifier than for the proposed classifier: the groundwork adaptive gait
azg = (−0.22 ± 2.76) ms−2 and the proposed inertial adaptive gait azp = (−0.12 ± 1.73) ms−2.
For both measured angles, the standard deviation is higher for the proposed method as expected from
the visual observation of the uneven motion of the hexapod using the proposed classifier. The pitch
and the roll for the groundwork methods are φrollg = (−0.52 ± 2.50) × 10−2 rad and φpitchg =

(−4.32±2.86)×10−2 rad, respectively. The pitch and the roll for the proposed classifier are φrollp =
(−0.18± 4.04)× 10−2 rad and φpitchp = (−2.87± 7.71)× 10−2 rad respectively.

In the last step, the performance in the rough terrain using the test-track was examined. The robot
has performed five guided trials of traversing the laboratory test-track for the adaptive gait and the
proposed inertial adaptive gait, while traverse time was measured and used to quantify the progress.
We have experimentally found that reached data generalization allows to speed up the robot locomo-
tion up to 1.7 times the maximum speed of the FTP-based method used in the groundwork [2] in the
rough terrains. The absolute value of the overall forward speed was increased from 0.03 ms−1 for the
groundwork approach up to 0.05 ms−1 for our approach.

6.3 Terrain classification scenario
In the last scenario, the possible usage of the inertial measurements for the terrain classification have
been examined. The scenario was divided into two parts. Firstly, the data from various terrains have
been collected, classifier has been created and learned. Secondly the classifier has been tested.

In the first part of this scenario, the robot has been guided through four types of the terrains:
flat floor; soft flat terrain represented by the artificial turf; the rough terrain represented by the test-
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6.3 Terrain classification scenario

Figure 27: The terrain classification scenario overview. Four types of terrains are present: flat (floor),
soft left (artificial turf, on the left), rough (test-track, upper center) and the rough soft (test-track
covered by the black cloth, upper right). The robot is tracked using the April tag attached to the top of
the hexapod.

track; and rough soft terrain represented by the test-tracked covered by the black fabric. All types
of the terrain are visualized in Fig. 27. For each terrain, separate data set has been collected using
the groundwork adaptive gait. In total, 5694 unified single-tap events have been collected for all four
terrain classes. The data have been split into the training data and the testing data in the ratio 0.7:0.3
and labeled in hot-one encoding based on the terrain and the neural network has been learned.

Table 6: Confusion matrix

Flat Flat Soft Rough Rough Soft

Flat 0.91 0.06 0.03 0
Flat Soft 0.02 0.91 0.07 0
Rough 0.05 0.20 0.75 0
Rough Soft 0.08 0.33 0.59 0

The first part of the terrain classification scenario provides unexpected results summed in the
confusion matrix depicted in Tab. 6. Even after experimenting with the combination of the multiple
parameters such as the number of the hidden layers, the loss function used in the learning process and
the used matrix the neural network was unable to classify the soft rough terrain (test-track covered by
the black fabric). In two cases, changing the parameters resulted in the absolutely wrong classification
of the flat soft terrain (flat artificial turf), while the soft rough terrain was classified relatively well.
These results leads us to thought, that the similarities in the inertial data obtained in the soft flat
terrain and the soft rough terrain are beyond the distinguishing abilities of the neural network and the
difference in the parameter affect the preferred class. On the other hand, the neural network was able
to distinguished between the flat terrain (floor) and the soft flat terrain (flat artificial turf).

In the second step of the terrain classification scenario, the previously developed terrain classi-
fier has been tested in the real-life-like scenario. The robot robot has been guided through the area
(Fig. 27) covered by four previously mentioned terrain. The position of the robot has been tracked by
the ceiling-mounted visual fiducial system [40] using the April tag added to the top of the hexapod,
similarly to the testing of the foot-strike classifier. The data collected using the inertial measurements
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6.3 Terrain classification scenario

have been then classified using the terrain classifier. The classified data have been processed using the
majority of three and then the classification results have been paired with the points obtained from the
tracker. The points with the classified terrain and the original terrain are visualized in Fig. 28. The
rough soft terrain has not been classified at all, as expected from the previous step of this scenario. The
flat soft terrain has been classified most successfully from all chosen terrains and the rough soft terrain
has been mostly classified as the flat soft terrain. Surprisingly, the classification of the flat terrain has
not been as successful as predicted by the previous results.
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Figure 28: The visualization of the hexapod trajectory over the different terrains: flat (gray), flat soft
(green), rough (orange), and rough soft (dark gray). The color of the trajectory corresponds to the
classified terrain as labeled in the legend. The rough soft terrain has not been detected at all.

36



Chapter 7

Conclusion

In this work, possible advantages of using solely inertial measurements for the foot-strike detection
of the hexapod walking robot in rough terrain has been examined and then compared with the method
proposed in the groundwork [2] based on adaptive motion gait which uses only feedback from the
servomotors. Beside commonly used event detection using the stream of accelerometer data, the event
classification based on the single-tap feature provided by the ADXL345 accelerometers has been
investigated and experimentally evaluated. In the total, four classifiers have been developed; the Long-
Short Term Memory event detector for stream data, feed-forward Neural Network event classifier for
single-tap interrupt based data and SVM for both types of data. The classifiers based on the single-tap
data provided better results in comparison to stream data classifiers, therefore regarding the presented
results, it seems that the usage of rule-based filtration of inertial data inside the accelerometer itself is
more suitable and may improve the overall performance of the classifiers. The Support Vector Machine
classifier for single-tap (the best performing classifier) was deployed on the hexapod walking robot
and then tested in scenarios similar to the real-life traversing rough terrains. The proposed foot-strike
detection method is not only able to achieve the same results as groundwork but also surpasses its
ancestor and allows to increase the hexapod locomotion speed. The increasing of the locomotion
speed led to 1.5 speedup of the overall forward speed in the flat terrains and up to 1.7 speedup in
the rough terrain traversing. Further improvements in learning methods are required to improve the
performance and additional speed up the locomotion in difficult terrain, hence we suggest using self-
supervised learning of the event classifier based on the evaluation of the locomotion stability. Beside
the foot-strike detection, the possible usage of the inertial measurements for the terrain classification
have been examined. The terrain classifier using the neural network has been developed and tested
on four types of the terrain. Even though the classifier has been able to distinguish between certain
terrains (flat and flat soft), the further improvements and possibly adding data measured by different
devices are required to improve the classification capabilities of the terrain classifier.

The hexapod walking platform is presented in Section 3.4 and the locomotion of the robot is
described in the first part of the problem statement. The methods of the foot-strike detection and the
terrain classification using the inertial measurements are introduced in Section 2.1 and the inertial
data processing is described in Section 5.2. Three suitable classification methods (SVM, NN and
LSTM NN) are chosen for the foot-strike detection and are described in detail in Section 4.6 and their
results are reported in the first part of Section 5.5. The best performing classifier are compared to the
groundwork method in the second part of Section 5.5. The possible usage of the terrain classification
is outlined at the end of Section 4.6 and the terrain classification results are presented in the last part
of Section 5.5. All given tasks of this thesis have been successfully accomplished.
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