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Abstract. This paper describes the development of a hierarchical control model for hybrid wheel-
leg hexapods that integrates high-level decision-making for locomotion mode switching with low-
level decentralized leg controllers based on a switching policy that is guided by visual environment
classification according to terrain roughness for autonomous gait selection. The method utilizes
Digital Elevation Models (DEM) of terrain over which the hexapod travels, to determine which
high-level locomotion mode to engage in controlling the low-level leg-joint variables to effectively
travel along the terrain. The model was simulated and validated in MATLAB/Simulink in which
the Stateflow Application was used to model the switching decision making logic, while a Medium
Gaussian Support Vector Machine (SVM) algorithm was developed to model the terrain
identification and classification function. The model of the decision-making logic was simulated
without errors and its response graph indicated complete (100%) accuracy in switching locomotion
modes to fit different types of terrain, while the Medium Gaussian SVM model demonstrated an
accuracy of 98.9% in identifying and classifying different types of terrain.
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1. Introduction

The idea of developing robotic versions of animals is an old one that has persisted till current times
[1]. This is not surprising considering the admiration that is often evoked by animals over their
beauty, efficiency, effectiveness and graceful bearing [2]. Likewise, the use of animals as a means
of conveyance has a very long history [3]. So, it is not surprising that ideas on using robotic
versions of animals as a means of conveyance have a long history as well [4]. Amongst animal-
mimicking robots, hexapods in particular have attracted an appreciable amount of interest because
of certain associative, design and operational reasons [5].

Hexapods are commonly associated with walking insects [6]- including ants which are well known
for their remarkably agile and graceful gaits, even when bearing burdens that are heavier than their
own weight [7]. The design of hexapods is considerably simplified by the relative abundance of
research information on insects upon which hexapod designs can be developed [8]. From an
operations point of view, although hexapods possess six legs, they have greater intrinsic
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mechanical stability than two-legged and four-legged robots [9] — as they can be viewed as a stable
tripod that is complementarily stabilized by its mirror image tripod. Also, they do not have so
many legs as to make the power consumed by moving the legs impractical [10].

Amongst the wide variety of hexapods that have been developed so far, hybrid wheel-leg hexapods
have a special niche due to the fact that they not only possess the ability to locomote by wheeled
motion when the terrain permits, but also have the ability to walk when the terrain is too rough for
wheeled motion [11]. This ability makes hybrid wheel-leg hexapods more energy efficient in
wheel-permitting terrain than walking-only hexapods, while endowing them to travel in rough
terrain that is beyond the capability of wheeled vehicles [12].

The fact that they possess more than one locomotion mode necessitates a switching mechanism to
effectively switch between modes when certain conditions prevail [13]. Within each of these high-
level locomotion modes, are lower-level locomotion methods consisting of several timed
combinations of wheel and leg-joint motion to make for effective travel over terrain. Effectively
combining high-level locomotion mode switching with low-level decentralized leg control
presents some challenges which are often surmounted by using complex solutions which
ultimately translate to an increase in cost of the hexapod along with greater difficulty in solving
problems or implementing improvements on the system.

This paper presents the development of a simple but effective form of such a hierarchical control
model for hybrid wheel-leg hexapods that integrates high-level decision-making for locomotion
mode switching with low-level decentralized leg controllers based on a switching policy that is
guided by visual environment classification according to terrain roughness for autonomous gait
selection. The developed system was modelled and simulated in the MATLAB/Simulink ® 2024
modelling environment with results that indicate they are viable solutions. The MATLAB
Stateflow application was used to model the decision logic of the locomotion switching system,
while the MATLAB Classification Learner application was used to develop the machine-learning
(ML) terrain classification model. The MATLAB Stateflow application has been successfully used
to model the switching logic of various dynamic systems [14], while the MATLAB Classification
Learner application has been successfully used to develop machine learning classification
algorithms for visual pattern identification and classification [15], [16].

Details of the methodology utilized in developing the models is presented in section 2. The results
obtained from simulating the models are discussed in section 3, and the conclusion drawn from
the research is provided in Section 4.

2. Materials and Method

This section presents the method used in modelling and simulating the high-level mode switching
control system, along with the terrain identification/classification system it works with. Section
2.1 and 2.2 describe the creation of the MATLAB Stateflow model for the high-level switching
logic that switches locomotion modes in accordance with how the terrain is classified based on its
visual terrain features, while Section 2.3 describes the steps involved in using the MATLAB
Classification application to model the algorithm that detects and classifies the terrain based on its
visual features.

2.1 Operating Philosophy of the High-Level Mode-Switching Control System
The system was modelled based on an operating philosophy for a semi-autonomous hybrid wheel-
leg hexapod system. The steps required to operate the system are as follows:
i.  The hexapod is powered on by the user.
ii.  The hexapod’s operating system initializes (checks that all instrument/control, electrical
and mechanical subsystems are functional) and when complete, displays the area covered
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1il.

1v.

Vi.

vil.

Viil.

1X.

by its surveillance cameras on a touch-sensitive human-machine interface (HMI), with a
prompt to the user to select a destination and a travel route to get there.

The user touches a destination on the surrounding area displayed on the HMI and traces a
travel route to get there.

The hybrid hexapod mobility platform (HHMP) receives the user-selected destination and
travel route inputs, then the terrain data of the most proximate section of the route is
analyzed to extract its topographical features which is then used to select locomotion
modes.

If the terrain of the section is classified to be relatively smooth, the high-level locomotion
switching controller switches on the lower-level locomotion controller specifically trained
for Wheeled Locomotion mode of travel. The lower-level algorithms in this mode then
generate (or predict) a velocity of travel, the angles of the leg joints for stability and the
joint compliance levels for safe and comfortable wheeled travel over the terrain.

If the terrain is classified to be too rough for wheeled travel, but has regular/periodic
(predictable) features, the high-level locomotion switching controller switches to Rhythmic
Walking Locomotion mode of travel. The lower-level locomotion controllers in this mode
then generate (or predict) rhythmic walking locomotion parameters such as the velocities,
accelerations and angles travelled by each of the leg joints, along with their joint
compliance levels and timing signals.

If the terrain is classified as too rough and unstructured for both wheeled travel and
rhythmic walking modes, the high-level locomotion switching controller switches to the
Non-Rhythmic Walking Locomotion mode of travel. The lower-level locomotion
controllers in this mode then generate the non-rhythmic walking locomotion parameters
such as the velocities, accelerations and angles travelled by each of the leg joints along
with the joint compliance levels and timing signals.

If during the swing phase of a walking-step, a leg gets stuck on an unmovable obstacle,
this “stuck’ condition will be sensed as an abnormally high reaction force (by reaction-
force sensors) and will trigger the locomotion mode switching controller to switch to the
‘Elevator Reflex’ mode in which the stuck leg performs arching elevation movements of
increasing height and range until the leg is freed from the obstacle.

If at the end of its swing phase while walking, a leg does not come in contact with a firm
surface as expected, this state will be sensed as an abnormally low ground reaction force,
which will trigger the locomotion mode switching controller to switch to the ‘Rhythmic
Searching’” mode in which the leg performs up and down motions in a sweeping search
pattern in the area around the point initially designated as a ground target position.

This operating philosophy is illustrated in the flowchart of Fig. 1. Following from it, the attributes
in Table 1 were identified for use in modelling and simulating the high-level locomotion mode
switching functions in the MATLAB/Simulink Stateflow modelling environment.
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Figure 1: Flowchart Illustrating the Operation of the Locomotion Switching System
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Table 1: Attributes of the High-Level Locomotion Mode Switching Control System

Attribute

Characteristic

Operating 1.

modes

1l

1il.

1v.

V.

V1.

Vil.

System initialization, to perform sub-system checks before beginning
the locomotion process.

Sensor signal reception/processing mode, to receive inputs from
sensors on which locomotion decisions will be made.

Wheeled mode, which is the locomotion mode on relatively smooth
terrain suitable for wheeled movement.

Rhythmic walking mode, which is the locomotion mode in rough but
predictably structured terrain.

Non-rhythmic walking mode, which is the locomotion mode in
rough and unstructured terrain.

Elevator reflex mode, which is the fail-safe mode when one or some
legs are stuck against an immovable obstruction.

Rhythmic searching mode, which is the fail-safe mode when ground
contact is lost by one or some of the legs during wheeled travel or at
the end of a leg step.

Transitions i
.
1ii.
iv.

Vi.
Vii.
Vviii.
iX.

X1.
Xil.
Xiil.
Xiv.
XV.
XVi.

XVii.

XViil.

XiX.

System initialization to sensor signal reception/processing mode
Sensor signal reception/processing mode to Wheeled mode

Sensor signal reception/processing mode to Rhythmic walking mode
Sensor signal reception/processing mode to Non-rhythmic walking
mode

Wheeled mode to Elevator reflex mode

Wheeled mode to Rhythmic searching mode

Rhythmic walking mode to Elevator reflex mode

Rhythmic walking mode to Rhythmic searching mode
Non-rhythmic walking mode to Elevator reflex mode
Non-rhythmic walking mode to Rhythmic searching mode.
Elevator reflex mode to Wheeled mode

Rhythmic searching mode to Wheeled mode

Elevator reflex mode to Rhythmic walking mode

Rhythmic searching mode to Rhythmic walking mode

Elevator reflex mode to Non-rhythmic walking mode

Rhythmic searching mode to Non-rhythmic walking mode
Wheeled mode to Sensor signal reception/processing mode (after a
partitioned section of route has been travelled).

Rhythmic walking mode to Sensor signal reception/processing mode
(after a partitioned section of route has been travelled).
Non-rhythmic walking mode to Sensor signal reception/processing
mode (after a partitioned section of route has been travelled).

Parallel Modes

None. Only one mode can be active at any given time.

Default Mode

Sensor signal reception/processing mode

Inputs i.

ii.
1il.

Touch sensor signal from user indicating destination and preferred
travel route.

Terrain sensor signal

Reaction force signal indicating: (i) Normal ground reaction force - 1
(i1) Abnormal loss of ground contact - 0 (i1) Stuck condition of legs —
2

Outputs

Locomotion mode appropriate to the terrain.
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2.2. Modelling of the High-Level Mode-Switching Control System

The high-level operation of the Locomotion Controller of the HHMP was modelled as an event-
driven system in the MATLAB/Simulink Stateflow modelling application. Signal source blocks,
a chart block and a scope block for output signal display were utilized to build the model as shown
in Fig. 2.

J—1

DRS

Step (Destination/Route Signal)
?

|
1
\—:
L:
73
.
Terrain Sensor Signal: ${TSS Mode

1-Relatively Smooth;
2- Rough but structured;
3 - Rough and unstructured

I‘L?
»{RFS

Reaction Force Signal:
0-Abnormal Loss of Ground Contact; .
Locomotion
1-Nomal;

2-Stuck Condition Contral

Figure 2: Model of the High-Level Locomotion Mode-Switching Control System

Within the chart block, seven state blocks were added and their entry actions defined to represent
operating modes as shown in Fig. 3.
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Figure 3: State Blocks within the Stateflow Chart Block Representing Operating Modes

Thereafter, transitions were drawn between the seven states, and their transition conditions were
defined according to the operating philosophy of the controller outlined earlier in section 2.1. This
is depicted in Fig.4. In Fig. 4, DRS means Destination/Route Signal which is inputted by the user.
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A condition of DRS==1 indicates that the user has inputted a destination and a route to the
destination. TSS means Terrain Sensor Signal with numerical values having meanings indicated
by the tag on the Terrain Sensor Block shown in Fig 2. RFS mean Reaction Force Signal and the
meaning of the numerical values of this signal are specified in the Reaction Force Signal Block

tag shown in Fig. 2.
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Figure 4: Transitions between States and their Conditions

The model was simulated, debugged, and modified to ensure its response consistently reflects its
operating philosophy accurately. The modification involved adding transitions to the chart-block
logic model shown in Fig 4. These new transitions are shown in Fig. 5 and Fig 6.
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Figure 5: New Transitions Made Between Modes 1,2 and 3
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Figure 6: New Transitions Made Between Modes 4 and 5

2.3. Modelling the Terrain ldentification and Classification System
The model for terrain identification and classification was developed using the Classification

Learning Process in MATLAB/Simulink’s Supervised Learner Toolbox [14]. The process for

developing the model is as described:
Acquisition of the training/validation data

ii.  Structuring the training/validation data
1. Fitting (training) and validating models.
Next each of these steps was implemented.

1.

2.3.1 Acquisition of the Training/Validation Data
The digital elevation model (DEM) data of terrain was modelled using the Random Number

Generation Tool of MATLAB’s Machine Learning and Deep Learning toolbox. The settings
entered into the tool’s interface to generate the data are shown in Fig. 7. One hundred and one

(101) terrain scans were generated in this way.
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Figure 7: Settings Entered into the Random Number Generation Tool to Model DEM Data
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Figure 8: Settings Utilized in the Training/Validation Session

3. Results and Discussion

The Stateflow model depicting the decision logic of the high-level locomotion-mode switching
system was simulated successfully in the MATLAB Stateflow modelling environment and it
produced an accurate output response graphically in the model’s scope in response to different
terrain types and sensor signals. This is shown in Fig. 9. It can be seen in Fig. 9 that when a user
inputs a destination/route signal (indicated by a signal level of 1 in the topmost graph) in terrain
detected as rough and unstructured (indicated by a signal level of 3 in the second graph from the
top), if the legs of the hexapod in a normal state, meaning that they are neither stuck nor in loss of
ground-contact (indicated by a signal level of 1 in the third graph from top ), the hexapod switches
its locomotion mode to ‘Non-Rhythmic Walking’ mode (indicated by a signal level of 3 in the
bottom-most graph of Fig. 9). Hence using the four graphs of Fig 9, the response of the locomotion
mode switching system to varying signal levels from a user, terrain sensors, and ground-reaction
force sensors were examined and found to accurately represent the original switching logic
captured in the system’s operating philosophy.
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Figure 9: Graph Showing Response to Different Terrain Types and Sensor Signals

The ML model trained (using supervised learning) to receive the DEM of different terrain and
classify them as smooth, rough with predictable features (structured) or rough and unstructured
was successfully modelled and validated by simultaneously training and validating 33 different
models from which the Medium Gaussian SVM (Support Vector Machine) model was determined
to be the best ML model developed, based on its classification accuracy of 98.90% and training

speed of 19.189 seconds.

Figure 10 shows the MATLAB generated graphs of accuracy of all 33 models developed.
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Figure 10: MATLAB-Generated Graph Showing Accuracy of the 33 Models Trained
4.  Conclusion

The results of this research indicate that the hierarchical control model developed is a viable one
for hybrid wheel-leg hexapods that have a need to integrate high-level decision-making for
locomotion mode switching with low-level decentralized leg controllers. The model adequately
demonstrated its operation based on a switching policy that is guided by visual environment
classification according to terrain roughness for autonomous gait selection.
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