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Abstract: Lower limb prostheses offer a solution to restore the ambulation and self-esteem of am-
putees. One key component is the prosthetic socket that serves as the interface between prosthetic
device and amputee stump and thereby has a wide range of impacts on efficient fitting, appropriate
load transmission, operational stability, and control. For the design and optimization of a prosthetic
socket, an understanding of the actual intra-socket operational conditions becomes therefore neces-
sary. This is however a difficult task due to the inherent complexity and restricted observability of
socket operation. In this study, an innovative mechatronics-twin framework that integrates advanced
biomechanical models and simulations with physical prototyping and dynamic operation testing
for effective exploration of operational behaviors of prosthetic sockets with amputees is proposed.
Within this framework, a specific Stewart manipulator is developed to enable dynamic operation
testing, in particular for a well-managed generation of dynamic intra-socket loads and behaviors that
are otherwise difficult to observe or realize with the real amputees. A combination of deep learning
and Bayesian Inference algorithms is then employed for analyzing the intra-socket load conditions
and revealing possible anomalous.

Keywords: prosthetic socket; mechatronics-twin; biomechanical modeling and simulation; Stewart
manipulator; stochastic dynamic process; wearable sensor; Autoencoder (AE); Bayesian Inference
(BI); Hidden Markov Model (HMM); data classification; anomaly detection

1. Introduction

Transfemoral (above knee) amputation is a surgical procedure performed to remove
the lower limb above the knee joint when that limb has been severely damaged via trauma,
disease, or congenital defect. Limb prostheses offer a solution to reduce the negative impact
of physical disabilities due to the amputation. One key component of a transfemoral
prosthesis is the prosthetic socket that serves as the interface between the residual limb and
prosthesis. A suitable socket must ensure efficient fitting, appropriate load transmission,
stability, and control. With an average prosthetic use of 10 h per day, the comfort from
the socket is the most important factor among the artificial limb users. Nevertheless, the
design of highly comfortable prosthetic sockets is a difficult task in practice. For example,
around 35.3% of amputees reject their prostheses or show a rather low satisfaction level
due to comfort issues [1]. Some typical socket-related issues include low bio-mechanical
fitness, hampered dynamic control, unnecessary pain, and medical complications (e.g.,
skin lesions). One reason for this is that most of the operational properties are difficult
to know a priori, to observe, and to quantify for socket design and optimization. The
intra-socket operational conditions are inherently individual, resulting from very specific
volume fluctuations, tissue evolvements, body dynamics, etc.
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This paper presents a novel mechatronics-twin framework that addresses the above-
mentioned challenge by serving as an analytical replica for revealing the complex opera-
tional interplay of amputee, prosthetic device, and prosthetic socket. The overall approach
is characterized by an integration of (a) virtual behaviors based on a combination of ad-
vanced bio-mechanical modeling, simulation, and Finite Element Analysis (FEA); and (b)
physical behaviors based on well-controlled motions of a six-degree-of-freedom parallel
manipulator referred to as the Stewart platform. In particular, while the virtual behaviors
are useful for establishing basic understanding of fundamental bio-mechanical operational
conditions and interactions of individual amputees, the physical behaviors allow a refined
investigation of such operational conditions and interactions that are otherwise difficult to
observe or realize with the real amputees. Moreover, the framework also aims to constitute
an important basis for successful deployment of next generation flexible wearable sensors
inside bionic prosthetic sockets for real-time monitoring of dynamic load conditions. By
reproducing the operational scenarios of concern, such virtual and physical behaviors allow
the training and testing of data-driven algorithms for the sensor functions. With this paper,
we also present the design of advanced analysis functions based on Deep Learning (DL)
and Bayesian Inference (BI) algorithms for encoding and classifying the measured dynamic
intra-socket operational conditions.

The rest of this paper is structured into the following sections: Section 2 provides
an overview of the mechatronics-twin framework. Section 3 discusses related concepts
and technologies in the domains of prosthetic design, operation perception, and analysis.
Sections 4–6 elaborate the support for modeling, simulation, prototyping, dynamic testing,
and analysis. An experimental evaluation of our perception system is presented in Section 8.
In Section 9, we provide concluding remarks and discuss future work.

2. Mechatronics-Twin Framework for Prosthetic Sockets

As the interface between amputee stump and prosthesis, prosthetic socket constitutes
the most important factor affecting the comfort level of prosthesis usage. The operational
context is given by gait cycles that characterize the dynamic process of walking. Each
gait cycle is defined as a temporal interval that starts with an initial ground contact by
the heel of one foot, and ends when the contact is repeated for the same foot [2]. As a
fundamental design requirement, an optimized socket should not only ensure efficient
fitting, but also guarantee appropriate load transmission under the constraints of operation
stability and temperature variations. Normally, a change of the socket design made on
the shape and material (Shape&Material), or the suspension (Suspension) for the adhesion
between stump and socket, could result in changes to the socket operational conditions
that are characterized by the intra-socket pressure (P), shear stress (τ), temperature (T),
and volume fluctuations (∆V) [3]. Such physical conditions determine then the relative
movements between stump and socket (Displacements) and thereby the operational comfort
and bio-mechanical properties (Comfort&Biomechanics). Especially, among all these physical
conditions, an optimized pressure (P) load condition implies often not only better con-
trollability of prosthetic limb but also lower stump stress and fluctuation. Accordingly, a
more precise perception of the pressure load conditions is considered to be a key factor for
successful socket design [3–5]. With this paper, the perception of the intra-socket pressure
load conditions is the primary focus, of which the same methodology could be used for the
perception of other intra-socket physical conditions of interest.

The mechatronics-twin framework serves as an analytical replica for revealing the
complex operational interplay of amputee, prosthetic device, and prosthetic socket. As
shown in Figure 1, the framework is comprised of a set of virtual and physical services.
These include: (1) Biomechanical modeling and simulation of overall gait dynamics; (2) FEA
for basic analysis and virtualization of possible intra-socket load conditions; (3) 3D printing
and prototyping of specific test stumps and sockets for physical tests; (4) physical testing by
Stewart platform with the test stumps and sockets; (5) sensor data acquisition and collection;
and (6) operation condition analysis and anomaly detection. Based on some measured
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basic bio-mechanical properties and operational conditions of the amputee, these services
together allow a systematic exploration of possible intra-socket operational conditions.

Figure 1. Overview of the mechatronics-twin framework that allows both virtual and physical replica-
tions of prosthetic socket device. The virtual replication is supported by two services: Ê Biomechani-
cal modeling and simulation; and Ë FEA. The physical replication is supported by three services: Ì

Prototyping with 3D printing and integrating; Í dynamic testing by Stewart platform; and Î sensor
data acquisition and collection. The analysis is supported by the service Ï operation condition
analysis and anomaly detection.

For the overall methodology, the support can be either generic or specific. The generic
cases are related to the simulation and testing of some predefined stumps and sockets,
in combination with some well-defined in-socket pads for overall state space exploration
and design guide. The specific cases are related to individual configurations and analysis
together with more specific operational scenarios. It is useful for covering critical situations
not solved by the generic cases. As a fundamental step, the specific configuration of a stump
needs to be reconstructed by combining and processing images from several noninvasive
measurement methods, including 3D scanning for geometry, Computerized Tomography
(CT) scanning for the bony structures, and Magnetic Resonance Imaging (MRI) scanning
for the stump soft tissue. To determine material properties of a specific amputee residual
limb, a modern SWE (Shear Wave Elastography) method [6] is preferrable. The replication
by the test stump is then based on a mixture of hyper-elastic silicone for a reasonable
conformance with the material properties [7]. Moreover, the Stewart platform is a robotic
manipulator where the motion and force profiles can be programmed. This means that
certain peculiarities of the gaiting of individuals (e.g., gait period, ground reaction forces,
etc.) can then be reproduced.

For the analysis of intra-socket conditions, we assume the operational conditions
of concern follow the semantics of stochastic finite-state automaton [8]. In particular, we
also consider the socket operation within gait cycles as a Markovian Process [9]. During
physical testing, specific sensors are used for measuring the actual the intra-socket pressure
conditions. More formally, we assume the sensor reading Xt at time t is based on a discrete
state Zt of socket operation at the same time instance. Due to measurement uncertainty, the
sensor function is described with the following probabilistic expression:

Sensor Function: P(Xt|Zt). (1)

Given the condition of state Zt−1, the current state Zt of socket operation is inde-
pendent of all the states prior to t− 1. The state transition representing a specific socket
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operation in gait cycles as a Markovian Process, which is given by the following probabilis-
tic expression:

State Transition: P(Zt|Zt−1). (2)

These probabilistic models can be defined in many different ways, such as by a
mixtures of Gaussian distributions, a Bayesian network, or a neural network. Together,
they constitute the quintessential mechanism for the perception and analysis of socket
operational conditions.

3. Related Work

Transfemoral (above knee) amputation is a surgical procedure performed to remove
the lower limb above the knee joint when that limb has been severely damaged via trauma,
disease, or congenital defect. Essentially, the usage of the prosthetic device aims to restore
the ambulation and self-esteem of the amputee as much as possible. The major components
of a transfemoral prosthesis include socket, suspension, knee joint, pylon, and feet [10]. Among
these prosthetic components, the socket serves as the interface between the residual limb
and the prosthesis. It must protect the residual limb and appropriately transmit the
forces associated with standing and ambulation. The most frequently reported critical
pressure load range measured in the ischial containment socket during gait is between
60–69 kPa [11–14]. Any pressure load value outside this range could imply poor load
distribution and reduced comfort level [15]. In operation, some typical socket-related
issues include low bio-mechanical fitness, hampered dynamic control, unnecessary pain,
and medical complications (e.g., skin lesions). One reason for this is that the intra-socket
operational conditions are inherently individual, resulting from very specific volume
fluctuations, tissue evolvements, body dynamics, etc.

To support the socket design, a computer-aided socket design approach has been pro-
posed [16]. The key features consist of digital socket sculpting and patching, together with
the graphical modeling procedure however, the tool does not offer any decision support
or use any measured operation data. More recent work by [17] present a virtual tool for
allowing the emulation of various actual socket operations. The aforementioned work was
fostered with shape optimization techniques to automate the search for a socket design
solution [18]. In [19], a modeling–simulation analysis workflow has been developed to
provide insights about the stump–socket interaction using patient specific configuration
data. However, the usability and effectiveness of these methods are hampered as no infor-
mation about the actual socket operation were involved in the analysis. Without knowing
the pressure distribution over the stump, it is very difficult to associate socket fitness and
comfort with the socket shape and therefore it is very difficult to propose rectification
actions that will improve socket design. Reconstructing the pressure distribution over
the stump requires the use of pressure sensors embedded in or attached on the socket.
In addition, it requires models, which based on the point-measurement generated by the
pressure sensors can provide an estimation for the pressure distribution.

For the design of a prosthetic socket, a perception of the intra-socket dynamic load
conditions would constitute an important basis that helps the prosthetists to optimize
the configuration for improved operational fitness and comfort. One recent approach to
development of embedded sensors through fully personalized liners is presented in [20].
The feasibility of this approach was demonstrated through experiments with a transtibial
amputee. Another sensor design and development approach is found in [21], addressing
especially some key performance issues, including accuracy, repeatability, and hysteresis.
Meanwhile, several other studies show that FEA is also a useful method for estimating the
intra-socket pressure distribution given the dynamic loads of a gait cycle. For example,
the study by [22] suggested FEM can be classified as an alternative method to evaluate
the pre-fabrication prosthetic device. In [23], an investigation of FEA for estimating the
dynamic interactions between limb and socket was also introduced. The socket and femur
were defined as elastic materials, while the bulk soft tissues were defined as a hyperelastic
material. Results for fast dynamic modeling of a stump-socket interaction are presented
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in [24], including a support for real-time soft-tissue deformation in high conformance
with corresponding FEA results. Yet, recent research demonstrates there is still a lack of
complete frameworks that include embedded operation sensing, biomechanical analysis,
socket optimization design, and experimental validation.

As one approach to modern limb prosthesis, our work is searching for an integration
of technologies to support novel sensory and data analytic capabilities. The overall concept
of our mechatronics-twin framework is similar to the notion of digital-twin in regard to
the replication of a physical target system on the basis of measurements [25]. By the
notion of mechatronics, we refer in particular to the effort of developing the framework with
a synergetic integration of mechanical, electronic, and electrical solutions, with the key
features ranging from biomechanical modeling and simulation, to physical emulation by a
Stewart manipulator, and to operation sensing with printed sensors and advanced analysis
functions. The framework differs from a digital-twin by also enabling a combination of
virtual replication (by digital means) and physical replication (by the robotic manipulator).
The approach addresses especially the challenge of complex biomechanical dynamics of
prosthesis operation as well as the need of physical replica for data generation and sensor
calibration. Clearly, any approaches that rely only on the amputees will not be preferable.
This would, in the worst case, cause further trauma to the amputees.

For the physical dynamic testing, our approach adopts the printed wearable soft sensor
Quantum Technology Super Sensor (QTSS™) [26] as the base technology for the intra-socket
dynamic pressure measurement. Such a choice is motivated by the facts that such sensors
could be more robust against environmental disturbances (e.g., vibration, acceleration, or
temperature fluctuation) and more transparent for the intra-socket deployment, compared
to other pressure sensor technologies, such as resistive transducer, piezoelectric transducer,
optical pressure transducer, and capacitive transducer [27]. As a kind of Force Sensing
Resistor (FSR), the sensel of the QTSS™ sensor strip consists of material with quantum
conduction that exhibits a change of resistance according to the pressure applied on its
surface. Meanwhile, as for many other applications of print wearable electronics, some
fundamental performance concerns need to be carefully managed, such as regarding the
drift (i.e., the change of measurement over time with the same load), hysteresis (i.e., the
divergence of measurement in loading and unloading), and lack of repeatability (i.e., the
ability of repeating a measurement with the same load) [28–31]. For successful usage
of wearable sensors for intra-socket condition measurement, sensor calibration becomes
therefore important.

For the calibration of wearable resistive sensors, it is necessary to take the actual
operational conditions into consideration. One reason for this is that the curvature and
surface hardness of prosthetic socket could affect sensor accuracy [32]. Moreover, different
bio-mechanical configurations and gait behaviors also lead to different dynamic load
conditions that in turn may interfere with the sensor drift and hysteresis, as well as other
frequency response characteristics negatively. To cope with such a fundamental issue, we
adopt neural networks as a special type of probabilistic model for being able to learn the
sensor functions directly based on in-socket test data and to use the same data-driven
strategy to facilitate sensor re-calibration. In concept, our approach is similar to the usage
of probabilistic models for the treatment of uncertainties in robot perception [33–37]. We
use in particular Autoencoder (AE), which is a specific variant of deep learning neural
networks typically used for signal denoising and data compression [38–40] to support an
unsupervised learning-based synthesis of sensor models. The advantage of using an AE
over using other neural networks such as Multilayer Perceptron (MLP) [41] is that the
sensor’s uncertainty due to process or measurement errors can be fine-tuned.

Qualified simulation and dynamic testing constitute the basis for characterizing the
operation conditions. Such measurement data are fundamentally time series data, i.e.,
sequential data over time (e.g., the daily values of a currency exchange rate). There are
specific classification algorithms for solving the corresponding classification problem, such
as AutoRegression Moving-Average (ARMA) [42]. The performance of such classical time
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series analysis methods depends however often on the availability of a big amount of
data with strong seasonality. The deep learning approaches, such as RNN [43], LSTM [44],
and GRU [45], may have a good performance in predicting the data, while working only
as black boxes. The state-based methods [46], such as Hidden Markov Model (HMM),
and Dynamic Bayesian Network (DBN), allow the incorporation of some existing domain-
knowledge about system observability, dynamics, and causality, and thereby could be
better optimized for situations with delimited data as well as uncertain measurements.
In other words, these methods could have better resilience against the sparsity of data,
compared to neural networks with the performance depending on the amount of data
available for training. For the design of our perception system, we consider therefore
HMMs as a core method for coping with the targeted dynamic process, which is inherently
stochastic and only partially observable. Similar work can be found in the area of robotics
with promising results [47,48]. As a special type of Bayesian Inference (BI) [46,49], HMM
is widely used in speech recognition [50,51], natural language modeling [52], on-line
handwriting recognition [53], and for the analysis of biological sequences such as proteins
and DNA [54,55]. Anomaly detection refers to the identification and classification of
system conditions that differ from some preferred conditions. It could be supported
directly by a reasoning of patterns in data, such as with SVM and K-NN [52,56–58]. The
classification could also be supported with probabilistic classification [59]. On the basis
of HMM, probabilistic classification allows a quantification of the discrepancies through
statistical inference.

4. Modeling and Simulation of Overall Operational Conditions

The first two services of the mechatronics-twin framework (i.e., the service Ê and Ë

shown in Figure 1) provide the support for virtual replication of socket operation. The goal
is to elicit the most fundamental operational characteristics of a prosthetic device as an
integral part of an amputee. In particular, it gives an estimation of the piston-forces and
moments within the amputee stump-socket assembly during walking. Knowledge of such
physical interactions is essential for a more detailed analysis of stump and prosthesis dy-
namics. The work is based on OpenSim [60], which is an open source tool for the modeling,
simulating, and analyzing of neuromusculoskeletal systems, and ANSYS Workbench [61],
which is a commercial software tool for advanced FEA of intra-socket load distribution.

The work starts with a quantification of amputee body geometries, sizes of the pelvis-
femur structure, and prosthetic socket based on a combination of measurement and esti-
mation. As described previously, stump measurement by scanning constitutes the basis
for identifying the properties of the femur. These geometry data are not only essential for
visual representation of the bodies, but also important in the estimation of piston-forces
with inverse dynamics when combined with a configuration of associated body masses.
To achieve good scaling in biomechanical models, proper measurements of the limbs are
required to determine the joints connecting the various bodies. The masses of the residual
limb are initially approximated by equating the volumetric density of the default healthy
limb to the residual limb. The Static Optimisation Tool of OpenSim is then used for a further
adjustment of these masses regarding the kinematics and ground reaction forces of the test
subject. In [62], a similar approach is used to develop a transfemoral biomechanical model
in OpenSim to estimate joint torques.

A biomechanical model for identifying the piston-forces of transfemoral or transtibial
prosthesis within dynamic gait cycles is then constructed with OpenSim as shown in Figure 2.
In particular, an amputee leg model, shown in Figure 3, is developed to stipulate the related
multi-body parameters of particular concern. These include: (1) Interface_r, representing
the imaginary rigid joint between the femur and the socket located at the COM (Center
of Mass) of the stump and (2) Interface_SP, representing the joint between the socket (S)
and femur pylon (P). During a gait cycle, the piston-forces and moments are related to
the contact forces between stump and socket as shown in Figure 3. The conjunction of all
force vectors FC over the discrete regions of stump surface t at each specific gait phase is
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equivalent to the piston force FP and moments of the same stump. The contact force FC at
each region is a composition of normal force experienced from the pressure FN and shear
force FS of the same region.

Figure 2. A snapshot of biomechanical model and related gait phases.

Figure 3. Basic force tensors determining the intra-socket loads condition. (a) Basic configuration of
an amputee leg model integrating transfemoral socket and stump (Right Leg). (b) Basic force tensors
determining the intra-socket loads condition.

Given such force and moment data, the piston-forces and moments are calculated
according to the simulated ground reaction forces during gait cycles and the corresponding
multi-body transformation through the Inverse Dynamics Tool of OpenSim. In Figure 4, one
example of the piston forces and moments over 7 gait cycles is shown. They are represented
in terms of percentage of gait cycle. The sampling frequency for the simulation is 100 Hz.
These internal joint reaction data are then exported for the analysis of socket-stump interface
conditions by FEA (i.e., the service Ë), to provide an effective characterization of possible
intra-socket load conditions of concern before any further physical tests.

Within the mechatronics-twin framework, the FEA by ANSYS Workbench provides the
support for establishing the virtual behaviors relating to the contact forces on stump surface,
based on the internal joint reaction data from the biomechanical modeling and simulation.
In addition, the analysis also provides insights about contact forces and displacement on the
interface of stump and socket. The work begins with a setup of the FEA model by importing
the geometries of the stump, socket, and femur to the DesignModeler of ANSYS Workbench.
The simulation setup also includes defining the material properties of the bodies in terms of
density, Young’s modulus, and Poisson’s ratio, or in the case of hyperelastic composition in
terms of the Mooney–Rivlin parameters. Due to the complex interplay of surface conditions,
modeling with conventional software such as MATLAB Simscape Multibody would be a
less preferred option. Currently, our framework supports a basic homogeneous linearly
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elastic material model, in correspondence to the physical stump replicas to be produced
with silicone mixtures as described in Section 5 below. The calculated internal joint reaction
data by OpenSim are thereafter used as the inputs to the FEA software. See Figure 5 for one
example of the derived pressure load conditions by FEA.

Figure 4. One example of piston forces and moments over seven consecutive gait cycles, shown by
seven trajectories: (a) Rotation moment around X-axis (lateral-medial axis) and (b) piston force along
X–axis (lateral-medial axis).

Figure 5. One example of average pressure load of seven consecutive gait cycles (medial-posterior).

5. Physical Prototyping and Dynamic Testing by Stewart Platform

The services of physical prototyping and dynamic testing (i.e., the service Ì and Í

shown in Figure 1) are responsible for producing the physical replica of femur-stump
assemblies and prosthetic sockets, according to a measurement of related conditions of
femurs, stump assemblies, and sockets. For the prototyping, 3D printing is used mainly
due to its efficient lead times as well as its support for a geographical distribution of
activities (e.g., having the patient measurement in one region of the world and the testing
in another region). The stump replicas are produced by a shell mold casting process using
silicone mixtures in correspondence to the simulation support mentioned previously, for
which the shell is first created based on the geometry of the stump. The hyperelastic
material properties of the silicone can be either estimated according to the respective
product specification or precisely determined using the rolling indentation probe method
introduced in [7]. Similarly, a femur prototype is also generated by printing and integrated
with the stumps. The related design tasks are supported by Meshmixer [63], which is a
composition tool for arbitrary surface meshes, see Figure 6a.
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Figure 6. The physical prototyping and dynamic testing: (a) The shell mold casting process of silicone
stump. (b) The physical test-rig with the femur-stump assembly and prosthetic socket mounted on
the Stewart manipulator. (c) The sensors deployed inside the socket for measurement of dynamic
pressure load conditions.

Within the mechatronics-twin framework, physical testing is supported by a Stewart
manipulator. The goal is also to refine, verify, and validate the corresponding virtual
behaviors using the physical prototypes of femur-stump assembly and prosthetic socket,
see Figure 6b. Each leg of the Stewart manipulator is mounted with a load cell and a linear
actuator for the motion control. The tests are carried out based on specific force references
derived from biomechanical modeling and simulation. As one key step in the process of
motion control, the kinematics and dynamics of dynamic testing are defined based on a
lumped-parameter model approximation of the socket-stump-femur assembly. In particular,
each leg of the Stewart manipulator, representing one Degree of Freedom (DoF) of the
platform, is modeled by a specific parameterized spring-mass-damper model. The complex
operational behaviors of prosthetic devices are generated by a composition of these models
together. Currently, our framework supports the estimation of lumped parameters for each
DoF including the polar coordinates based on a pattern search algorithm similar to [64].
For the motion control of testing, the current framework adopts a cascaded force-position
control approach, where the kinematics of the Stewart platform is estimated using the
actuator positions and forward kinematics through a Newton–Raphson approximation [65].
The load conditions are measured by the printed wearable soft sensor QTSS™ (Quantum
Technology Super Sensor), shown in Figure 6c.

6. Sensor Data Acquisition and Collection
6.1. Sensor Data Acquisition by AE

One part of the service Î (shown in Figure 1) is the support for sensor data acquisition,
relating to the identification of a sensor function for each individual QTSS solution as
defined in Equation (1). The design goal is to effectively manage and treat the measurement
uncertainty caused by the inherent variations in sensel design, printed electronics, and intra-
socket interactions. Due to the operational complexity, we opt for a data-centric approach
to this task. In particular, a specific variant of deep learning neural networks, referred to as
Autoencoder (AE), is used to capture the functional relation between the sensor signal data
(i.e., voltage) and the possible source dynamic load conditions (i.e., measured pressure).
Such a data-driven approach to sensor calibration, as mentioned before, is motivated by
the unique variation of specific contact surfaces among measurement points (e.g., varying
curvatures of the intra-socket regions), as well as the inherent performance uncertainty
of specific printed electronics (e.g., exhibiting drift, hysteresis, and repeatability). To this
end, all deep-learning neural network-based methods could in fact be useful by providing
support for encoding the expected nonlinear transformations, while filtering the undesired
operational disturbances or uncertainties. The main reason for choosing AE over other
deep-learning neural network-based methods is due to its transparency in terms of its
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support for an explicit intermediate latent space representation. Such an intermediate
representation is useful not only for justifying the robustness of a calibrated sensor function
regarding its dynamic operational ranges, but also for compressing raw sensor data for
effective storage and transmission.

AE has a feed-forward structure with two neural networks. The design is characterized
by the following parameters:

Autoencoder : Q = (I , Î , H,F ,G) (3)

where I refers to the input data and Î refers to the output data; F is the encoder func-
tion, F : I → H; H represents the latent variables in the AE; and G is the decoder
function, G : H → Î . Autoencoders are trained to minimize reconstruction errors:
F ,G = arg minF ,G ‖I − Î‖2. The training and usage AE as a sensor function is given
in Algorithm 1. In our case, the training data for AE are generated by deploying the
sensors within socket and then subjecting it to some well-defined reference cyclic pressure
loads (i.e., the ground truth data). Since the AE design is trained with reference cyclic
pressure loads, the outputs recover such load conditions, while removing all measurement
uncertainties during the same intra-socket operational conditions. During the training
phase, it is also possible to compare directly the outputs with the reference inputs in the
manner of supervised learning. Gaussian noises can also be added to the inputs during
training or calibration for improving the robustness of sensing.

Algorithm 1: Training and using AE for sensor data treatment.

Result: Calibration results (pressure) Î , Loss
Input: Train signals (voltage) Itrain, test data Itest, Ground truth for trainset

Iground.
AE Training Mode for Sensor Calibration:
H ← F (Itrain)
Îtrain ← G(H)
Loss← ‖Iground − Îtrain‖2

AE Operation Mode:
Îtest ← G(F (Itest))

6.2. Sensor Data Collection by HMM

Another part of the service Î (shown in Figure 1) is the support for sensor data
collection, responsible for the encoding of measured socket operational conditions. Since
the physical intra-socket dynamic conditions can only be estimated by the outputs of
sensors, we use HMM [66] to build a Bayesian network that integrates the probabilistic
models of Equations (1) and (2) for the inference of likely intra-socket dynamic conditions.
The inference is conducted as a well-structured form of BI, where possible pressure load
conditions are inferred based on the probabilistic characteristics of pressure observation
and process dynamics. The outcome typically includes the estimations of likely states and
state paths, which constitute the basis for further operational condition analysis, such as
classification or prediction.

Essentially, a HMM model defines a discrete-time stochastic dynamic process with a
sequence of finite operational states with associated probabilistic observations by sensing.
The model is usually displayed as a directed graph of Bayesian network as shown in
Figure 7, defined by the following 5-tuple of parameters:

Hidden Markov Model : Θ = (Z, X, A, B, Π) (4)

where, Z is a sequence of hidden or latent states of random variables due to the state
transition in the dynamic process of socket operation. For a time interval with T discrete
instances, it is given as (Z0, Z1, . . . , ZT) for the latent states at the discrete time instances t. X
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is a sequence of T observations of the latent states by sensor in the form of (X1, X2, . . . , XT)
for the observations at the time instances of t during T. Each latent state Zt has its condition
defined by some random variables, which correspond to the intra-socket pressure load. We
discretize the pressure load into a set of N discrete hidden states S = {S1, S2, . . . , SN} and
let the condition of Zt be given according to the state variable S. Similarly, we consider
there are M possible values of the obviation with {V1, V2, . . . , VM}. Π denotes the initial
probability distribution of (Z0, Z1, . . . , ZT) regarding the N latent states. The progress
of dynamic process (i.e., the edges in Figure 7) is captured by A and B. A defines the
probabilities of state transition P(Zt|Zt−1) (Equation (2)), given as a stochastic matrix for
the state transition model with elements {a11, a12, . . . , aNN}. From every latent state i, each
ain represents the probability of reaching another state j, with ∑N

n=1 ain = 1. B defines
probabilities of state observation P(Xt|Zt) (Equation (1)), given as a stochastic matrix with
elements {b11, b12, . . . , bNM}. From every latent state i, each bim represents the probability of
reaching an observation m, with ∑M

m=1 bim = 1.

Figure 7. A graph representation of Hidden Markov Model (HMM), where the node corresponds to
the states and sensor observations (i.e., Zt and Xt), and the transition and observation probabilities
are denoted by the edges.

HMM has its parameters trained with data. In particular, the states are defined by a dis-
cretization of the physical properties of concern. For example, the intra-socket pressure load
0–100 kPa can be divided evenly into N discrete states with S = {S1, S2, . . . , SN}. We refer
the measurement data as D, given as the observation sequence X1..T for re-scaled logic time
intervals T. For probabilistic execution progress description, we denote one probabilistic
path of execution progress through T with ξT and the most likely path of execution progress
with ξT∗ . The most likely states at each time instance t in T in such paths are denoted with
ξT

t and ξT∗
t . For example, a ξ60 could have one valid path given by (z1

1, z1
2, z2

3, z3
4, z2

5, . . . , z1
60)

with ξ60
2 = z1

2 (i.e., state at the time instant 2 is S1) and ξ60
4 = z3

4 (i.e., state at the time instant
4 is S3), while the most likely path ξ60∗ is given by (z1

1, z2
2, z2

3, z3
4, z2

5, . . . , z1
60) with ξ60∗

2 = z2
2

(i.e., state at the time instant 2 is S2) and ξ60∗
4 = z3

4 (i.e., state at the time instant 4 is S3). As
a result, a trained HMM model characterizes some ξT with its parameters Θ. The training
itself follows the concept of MLE (Maximum Likelihood Estimation) through a fitting of
the parameters with the data set D that has M samples and N Latent states:

HMM Identification: ΘTrained(D,N) = arg max
θ

ln p(D|θ, N)

=
M

∑
m=1

ln
N

∑
i

πiN (xm|µi, σi)
(5)

here, the training with D essentially identifies the parameters of the model ΘTrained that
maximize the conjunctive probability of all related samples xm. The computation is nor-
mally supported through dynamic programming approaches such as with the Baum–Welch
algorithm [46], which is a special case of the Expectation Maximization (EM) algorithm for
fitting the parameters of HMM (i.e., the state transition model, the emission model, and the
initial state distribution) according to the observed data. The model training procedure is
shown with Algorithm 2.
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Algorithm 2: Training HMM-based cluster model for the description of reference
operation.

Result: N (µ
[Com f ort]
k , σ

[Com f ort]
k ), ΘTrained

Input: DCom f ort, K
N ← AIC(DCom f ort)

ξT∗ [Com f ort] ← ΘTrained(DCom f ort ,N)(DCom f ort)

for k = 1, 2, . . . , K do
N (µ

[Com f ort]
k , σ

[Com f ort]
k )← ξT∗ [Com f ort](k)

end
Note:
N refers to the number of discretized states for the load conditions;
k is one of the K number of temporal clusters;
Dcom f ort is the data set from comfortable socket usage;
ξT∗ [Com f ort] refers to the ξT∗ that is labeled as Comfort. It is derived from the HMM
model trained with Dcom f ort for the same data set Dcom f ort;

N (µ
[Com f ort]
k , σ

[Com f ort]
k ) refers to the N (µk, σk) for a ξT∗ [Com f ort].

Within the mechatronics-twin framework, the trained HMM models constitute the
basis for inferring different operational scenarios. That is, when fed with a specific new
observation data set DObs, labeled as Obs, the trained HMM model defines the most likely
path of execution progress ξT∗ [Obs]:

HMM Inference: ξT∗ [Obs] ← ΘTrained(D,N )(DObs) . (6)

As preparation for comparing different operational scenarios, the time series data of
inferred operational paths are further grouped according to the phases of gait progress.
This means that the ξT∗ of time interval T is segmented into K number of time-based
soft clusters, referred to as temporal clusters. Such a clustering enables the alignment
of similar operational phases in different gait cycles despite the actual lengths of their
T. Moreover, each temporal cluster is assigned a unique Gaussian Kernel, shaped by the
corresponding execution progress data of ξT∗ that are mapped to the model. Each cluster k
has the following parameters:

Temporal Cluster: ξT∗(k) ∼ N (µk, σk) (7)

where µk, σk represent the Gaussian mean and variance of execution progress data ξT∗(k),
which are the data of ξT∗ mapped to the cluster k = {1, 2, . . . , K}; and K is the total number
of such clusters for the time interval T. For the mapping of execution progress data series
to the K clusters, a temporal cohesion criterion is used and given by RBF (Radial Basis
Function) [67] defined as follows:

Temporal Cluster Cohesion: ξT∗(k) =
T

∑
i=1

ξT∗
i · ϕ(i, ωk)

ϕ(i, ωk) = e−ε‖i−ωk‖2

(8)

where i = {1, 2, . . . , M} refers to M logic time instances associated to the inferred execution
progress data in the time interval of length T; ωk = (T/K) · (k− 1) is a reference time point
for each K-th cluster of the total K classification clusters for the same time interval of length
T; ε is a scaling constant. In effect, with this RBF-based criterion, each progress data will be
weighted differently in different classification clusters.

For establishing a reference trajectory for operation classification and anomaly de-
tection, the training of HMM models is preferred to be based on the data that represent
comfortable socket usage. Such a data set, denoted with DCom f ort, could be collected from
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test cases that may have delimited gait dynamics (e.g., with slower paces), or specific socket
configurations (e.g., with specific liner choices), yet are perceived to be comfortable by
the user.

7. Operation Condition Analysis and Anomaly Detection

This service of operation condition analysis and anomaly detection (i.e., the service Ï

shown in Figure 1) is responsible for quantifying similarity or discrepancy of measured
operational conditions. The design is focused on the classification of collected dynamic
operational conditions with the procedure shown with Algorithm 3. For each set of newly-
collected operation data DOperation, we use the pre-trained HMM model based on comfort
data DCom f ort for inferring its most likely path of execution progress ξT∗ [Operation] (see
Equation (6)) as follows:

β
T∗ [Operation]
t = {ln p(ξT∗ [Operation]

t | (µ[Com f ort]
k ± αk · σ

[Com f ort]
k ))}

t ∈ (1, . . . , T); k ∈ (1, . . . , K); ((k− 1) · T
K
) ≤ t ≤ (k · T

K
)

(9)

where µ
[Com f ort]
k and σ

[Com f ort]
k are the parameters in the model of N (µ

[Com f ort]
k , σ

[Com f ort]
k )

that characterizes the k-th temporal clusters of the reference execution path ξT∗ [Com f ort]; αk
is a term for the sensitivity of k regarding the likelihood. As a notation, βT∗ [Operation] refers
to the sequence of all β

T∗ [Operation]
t over the time interval T. For each execution progress

ξ
T∗ [Operation]
t , we detect thereafter the anomalous condition with the following dynamic

threshold criteria τ, given as a function of the likelihood of one or multiple observations:

τ
T∗ [Operation]
t = f (β

T∗ [Operation]
t (k))}

t ∈ (1, . . . , T); k ∈ (1, . . . , K).
(10)

Algorithm 3: Detecting anomalous operational conditions using HMM-based
cluster model.

Input: DOperation, K,N (µ
[Com f ort]
k , σ

[Com f ort]
k ), ΘTrained(DCom f ort ,N), Threshold

Result: Anomalyt,¬Anomalyt
βT∗ [Operation] ← ΘTrained(DCom f ort ,N)(DOperation)

for t = 1, 2, . . . , T do
if β

T∗ [Operation]
t < τ

T∗ [Operation]
t then

Anomalyt
else
¬Anomalyt

end
end

8. Case Study and Results

For the evaluation of our approach, we used OpenSim [60] models for the simulation
of biomechanical behaviors and ANSYS [61] models for the identification of reference
intra-socket pressure distribution. The physical stump replica is produced through a shell
mold casting process using a silicone mixture with Shore Hardness A26. This hardness rating
corresponds to a homogeneous linearly elastic material model with a Young’s modulus
(E) of 0.9649 MPa and Poisson’s ratio (υ) of 0.49, which is subsequently used in defining
the material model in FEA [68]. The physical tests are supported with a printed wearable
QTSS™ sensor strip inside the socket. The results of dynamic testing by the Stewart
platform show that the proposed control strategy is capable of achieving the required
magnitude and wave form of the dynamic load cycle. However, a phase shift of the
measured data can also be observed, mainly due to the computation delay. This restricts the
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current dynamic testing to relatively slow gait cycles. The implementation of data analysis
functions is done with the hmmlearn [69] and scikit-learn [70] package in Python.

The identification and calibration of the sensor function have been done by applying
some standard periodic load cycles with known pressure conditions, recording the mea-
surement outputs of such experiments, and thereby training an AE (Autoencoder) as the
sensor function for the nonlinear transformations, see Figure 8. Within the AE, both the
encoder and decoder have three layers respectively. The topological structures of these
two parts are also made mirror-symmetrical with 50–150–200 neurons in size. During the
training process, we also added some white noise in order to improve the robustness of
this sensor function. To get a smooth regression curve of sensor modeling, we use Leaky
ReLu (Leaky Rectified Linear Unit) as activation functions for the encoder and decoder. We
used the MSE (Mean-Square Error) as the loss function.
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Figure 8. Results of the sensor function (Pressure 7→ Voltage) trained with AE (Autoencoder) and
MLP (Multilayer Perceptron). For the sensor function trained with AE, the MSE (Mean-Square Error)
figures of pressure decreasing and increasing phase are around 0.024 and 0.017, respectively. These
could be compared with the MSE figures of the sensor function trained with MLP for the same data,
which are 0.035 and 0.021 respectively. While the overall performances of these two methods are
quite similar to each other, the results of AE are smoother, such as readings between 4 and 9 KPa of
the pressure increasing phase. (a) Pressure decreasing phase. (b) Pressure increasing phase.

The training of HMM for Bayesian Inference of intra-socket load conditions in different
operational scenarios is based on specific data sets of measured socket operational data.
The training procedure follows the description of Algorithm 2, with the comfort operation
data and seven discrete latent states. Figure 9a shows the corresponding operational data,
with different color points for highlighting the results from temporal clustering according
to the criterion of temporal cluster cohesion defined by Equation (8). Figure 9b shows the
inferred Gaussian characteristics of execution progress by comfort data (as defined with
Equation (7)) in temporal clusters. Through the variable α, it is possible for the confidence
interval that constitutes a basis for anomaly detection as defined by Equation (9).
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Figure 9. Characterizing execution progress based on temporal clustering. (a) Temporal clustering
for execution progress data of multiple gait cycles. (b) Gaussian characteristics of execution progress
data in multiple temporal clusters.

With trained HMM models characterizing socket operations, the anomaly detection
aims to reveal the operational anomalies in terms of undesired intra-socket load conditions
(e.g., too high pressure level) or operational failures of a sensor itself (e.g., broken electrical
wire) according to the probabilistic divergence of operation data. Due to the support
of temporal clustering, possible temporal drifts on timeline (e.g., load with the right
pressure level but not at the right phase in a gait cycle) can also be detected with the same
measure. Such an anomaly detection capability is normally not possible with conventional
classification methods such as Support Vector Machine (SVM). Figure 10 shows the results
of the HMM-based inference of execution progress. The anomaly detection is based on an
estimation of execution progress (according to Equation (9)) and the dynamic threshold
(according to Equation (10)), shown with the log-likelihood data in the same figure.

For an optimized detection threshold (Equation (9)), we set α = 2.6, which gives a
confidence interval of around 95% in each Gaussian distribution. Such a dynamic threshold
allows us to effectively treat reasonable dynamic pressure fluctuations, such as due to the
inherent bio-mechanical effects of socket operation at a specific phase of a gait (e.g., relating
to the interplay with soft tissue of amputee stump). For the overall evaluation, we also
compare the performances of our dynamic threshold criteria and some other fixed static
thresholds. As shown by Table 1, the dynamic approach could in general outperform those
static approaches regarding the rates of FP (False Positive) and FN (False Negative). The
main reason is that the combination of HMM and a temporal clustering with logic time for
the phase alignment in our design together constitutes an effective means for fine-grained
detrending of operation data with strong stochasticity.
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Figure 10. The execution progress trajectories and the detection of anomalies by dynamic threshold.
The analytical data is the round truth data generated by a simulation-based FEA (Finite Element
Analysis) of a quadrilateral transfemoral socket with well-defined amputee gait cycles. The reference
data represent the load conditions with comfortable socket operation. For the evaluation of algorithmic
design, each data set contains around 600 data. The Test data represent the measurement from specific
operational scenarios containing anomalies.

Table 1. False Positive, False Negative, and precision with a different threshold.

Threshold False Positive Rate False Negative Rate Precision

Fixed log-likelihood (−3) 14.75% 3.14% 85.25%
Fixed log-likelihood (−7) 2.83% 54.30% 97.07%
Dynamic log-likelihood 6.34% 8.71% 93.66%

9. Conclusions

This paper presents a novel mechatronics framework that integrates advanced model-
ing, simulation, testing, and data analysis for an effective exploration of complex opera-
tional behaviors of prosthetic sockets. It serves as the analytical replica of the prosthetic
operations with both virtual and physical behaviors for effective data-driven analysis
and the avoidance of unnecessary trauma to the amputees. As one fundamental strat-
egy for effective characterization of stochastic dynamic processes, we incorporate trained
probabilistic models in terms of neural network and HMM. Such a data-driven approach
allows us to effectively cope with the operational complexities of prosthetic sockets and
embedded sensors. This also facilitates anomaly detection by probabilistic classification
and dynamic threshold. One key research objective of our work is to promote an integration
of technologies and scientific methods, as called for by several research communities and
engineering domains (e.g., computer science, bioengineering, etc.), as well as application
and industrial areas (e.g., prosthetics, printed wearable electronics, etc.). The overall con-
tribution is characterized by a novel combination of emulation, perception solutions, and
data analysis methods.

The results by case study show that the proposed solutions can fulfill the expected
goals. Meanwhile, the current design of this framework would open up many perspectives
for future research. To further address the fundamental challenges in analyzing the dy-
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namic conditions of prosthetic sockets, two venues are of particular interest for future work.
One venue is related to the improvement of biomechanical simulation and the FEA-based
analysis. In further studies, the modeling support can be enhanced with a mixture of
heterogeneous friction coefficients as well as more complex hyperelastic material models
for the stump. The simulation and testing cases can also be automated for a different load
or gait conditions. As our current work is focused on the identification of possible ways for
producing physical replicas, a further elaboration of the design would be of interest, espe-
cially regarding the tradeoff among replica fidelity, emulation performance, and production
cost. Another venue is related to the inclusion of multi-modality in the measurement
and classification of prosthetic socket operation by means of higher-dimension tensor for
collecting and analyzing the data from multiple sensors. To this end, we believe that VAE
(Variational Autoencoder), another variant of Bayesian Inference, could be useful. For
example, it could provide effective treatment of more complex probabilistic models for
stochastic dynamic processes. Algorithms based on LSTM/RNN can also be integrated
with an Autoencoder for sensor data treatment.
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