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Deep Learning Conceptual
Design of Sit-to-Stand Parallel
Motion Six-Bar Mechanisms

The sit-to-stand (STS) motion is a crucial activity in the daily lives of individuals, and its
impairment can significantly impact independence and mobility, particularly among dis-
abled individuals. Addressing this challenge necessitates the design of mobility assist
devices that can simultaneously satisfy multiple conflicting constraints. The effective
design of such devices often involves the generation of numerous conceptual mechanism
designs. This paper introduces an innovative single-degree-of-freedom (DOF) mechanism
synthesis process for developing a highly customizable sit-to-stand (STS) mechanical
device by integrating rigid body kinematics with machine learning. Unlike traditional mech-
anism synthesis approaches that primarily focus on limited functional requirements, such as
path or motion generation, our proposed design pipeline efficiently generates a large
number of 1DOF mechanism geometries and their corresponding motion paths, known
as coupler curves. Leveraging a generative deep neural network, we establish a probabilis-
tic distribution of coupler curves and their mapping to mechanism parameters. Addition-
ally, we introduce novel metrics for quantitatively evaluating and prioritizing design
concepts. The methodology yields a diverse set of viable conceptual design solutions that
adhere to the specified constraints. We showcase various single-degree-of-freedom six-
bar linkage mechanisms designed for STS motion, presenting them in a ranked order
based on established criteria. While the primary focus is on the integration of STS
motion into a versatile mobility assist device, the proposed approach holds broad applica-
bility for addressing design challenges in various applications. [DOL: 10.1115/1.4066036]
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living facilities. This paper addresses the critical need for develop-
ing innovative solutions to enhance mobility and independence in
individuals facing challenges in STS motions.

In STS maneuvers, the human body’s joints follow distinct motion
trajectories. Replicating these trajectories with an external mecha-
nism is crucial for achieving natural kinematic function, as devia-
tions may result in unnecessary stresses on joints and muscles and
potential injuries. Unlike robotic exoskeletons, precise alignment
of robot and human joint axes may not be essential [4]. However,
practical considerations, such as device size, actuation method
choice, and joint placement, introduce additional design constraints,
necessitating the exploration of multiple mechanism design con-
cepts. Current methods for designing single-degree-of-freedom
(DOF) mechanisms that follow a path often yield a limited set of
solutions through computationally expensive processes. Given the
preference for single-DOF mechanisms due to their simplicity and
cost-effectiveness, the problem of mechanism design for STS
motion is formulated as “designing a single-DOF linkage mecha-
nism where a floating link generates human body joint motion
paths while adhering to geometric constraints suitable for a
compact mobility device.”

Existing work in path synthesis typically models the given path

1 Introduction

The sit-to-stand (STS) and stand-to-sit motions, collectively
denoted as STS henceforth, represent fundamental activities of
daily life (ADL) critical for the overall well-being and autonomous
functionality of individuals. These motions engage a majority of
lower body muscles and are typically executed around 60 times
per day, with some variability (+22) as reported in the literature
[1]. Unfortunately, the elderly population and individuals affected
by neuro-muscular disabilities, such as post-polio syndrome, multi-
ple sclerosis, cerebral palsy, or injuries, encounter difficulties in per-
forming these motions without external assistance. Research
indicates that more than 6.8 million Americans rely on various
forms of mobility assistive devices [2], and over 2 million individ-
uals aged 64 and above experience challenges in rising from a
seated position [3]. The incapacity to execute such fundamental
ADL significantly diminishes the quality of life for disabled indi-
viduals, potentially leading to premature admission to assisted
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as a sequence of precision points, framing the problem as an optimi-
zation task to minimize errors between the precision points and the
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generated points. However, for STS motion, capturing the overall
shape of the path is critical, even at the expense of precision,
while satisfying other critical constraints, such as vertical lift in
the sagittal plane. Traditional optimization approaches are acknowl-
edged for their slow convergence, susceptibility to local minima,
sensitivity to parameter changes, and dependence on initial condi-
tions [5-9].

Closed-loop linkage mechanisms exhibit nonlinear relationships
between input and output variables, making the synthesis problem
overdetermined and lacking an analytical solution, especially for
higher-order mechanisms. For instance, a six-bar linkage can
trace an 18-degree algebraic curve, presenting greater complexity
compared to four-bar linkages [10]. In summary, poor representa-
tion of motion paths, nonlinear relationships, and inter-
dependencies between input and output that resist simplification
into simple analytical mathematical models, and known problems
with optimization approaches have impeded progress in the mech-
anism synthesis area.

In addressing the aforementioned challenges, our proposed solu-
tion involves the utilization of a variational autoencoder (VAE)
[11], a deep generative neural network model falling under the fam-
ilies of probabilistic graphical models and variational Bayesian
methods. While generative adversarial networks (GANs) [12]
have demonstrated proficiency in generating realistic images and
various synthesis tasks, we advocate for VAE due to considerations
related to maintaining training stability, avoiding issues like mode
collapse and vanishing gradients intrinsic to GANs, and leveraging
a latent space in VAE for the sampling of analogous coupler curves.
VAE:s have a notable advantage over vanilla neural networks (NN)
due to their capacity to produce a myriad of solutions using their
latent space. Additionally, by embedding the coupler curve within
an image space, we can model the overall shape of the given path
rather than relying on a sparse set of precision points. A trained
VAE model obviates the need for an initial guess, generating mech-
anisms approximating the input, and the Gaussian structure of the
latent space ensures that minor input modifications do not dispro-
portionately alter the output. In summary, the merits of employing
the VAE-based approach lie in its ability to overcome the limita-
tions of traditional methods and its potential scalability for higher-
order mechanisms. We term this approach a data-driven paradigm,
where raw data suffices, and post-training, queries yield immediate
results—a concept aligning with Erdman’s vision of future tools
benefiting from a memory or previous solutions library [13].

This paper addresses the kinematic and geometric constraints
associated with STS motion. We introduce two key components:
(1) a mechanism design pipeline integrated with deep neural net-
works for the exploration of diverse conceptual designs tailored
to STS motion, and (2) a collection of six-bar linkage mechanisms
generating the motion path of the shoulder joint while ensuring a
constant orientation of a supporting bar along the path. A constant
orientation motion along an arbitrary path is also defined as a par-
allel motion. This supporting bar is pivotal in providing upper body
support and serving as a fixture for attaching ancillary items. Upon
identification of a suitable mechanism, two instances of it are inte-
grated into parallel planes within a walker-like frame. Figure 1 illus-
trates a prototype of the STS mobility assist, incorporating two
planar six-bar linkage mechanisms confined to move in the sagittal
plane.

Our methodology, expounded upon in subsequent sections,
begins with the creation of a dataset featuring planar four-bar mech-
anisms. These mechanisms have normalized coupler curves, which
are transformed into corresponding image representations. Subse-
quently, we employ a VAE to learn the distribution of these
curve images, associating a unique descriptor with each coupler
curve and storing them alongside their respective mechanism
parameters. During synthesis, an input curve undergoes descriptor
computation by the VAE, and the four-bar mechanisms in the
dataset with the closest descriptors are identified as potential solu-
tions. We then derive the four-bar cognates of the generated solu-
tions, i.e., mechanisms that generate the same coupler curve [14].
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Fig. 1 A mobility assist prototype shown in sitting (left) and
standing positions (right) are the two sets of six-bar mechanisms
in parallel planes driven by electromechanical actuators. A
New York-based manufacturer of physical rehabilitation prod-
ucts partnered with Stony Brook University to bring this device
to the market and positioned it as an ambulation therapy aid.

By combining two specific cognates of the four-bar mechanisms
using an algorithm presented in the paper, we obtain a set of
six-bar parallel motion mechanisms. However, not all six-bar mech-
anisms may meet the design constraints, necessitating a hard con-
straint test for filtration. Following this test, we introduce a metric
to rank the remaining six-bar candidates, facilitating the selection
of the most suitable and optimal mechanisms. This structured
approach ensures efficient mechanism synthesis, yielding a meticu-
lously filtered and ranked set of solutions. An illustrative overview
of this design pipeline is provided in Fig. 2, with detailed explana-
tions in subsequent sections.

This paper introduces a novel mechanism concept design pipe-
line with contributions in three key areas:

(1) Development of a complete normalization technique that for
the first time effectively resolves the invariance issues con-
cerning translation, rotation, scaling, and reflection of
coupler curves.

(2) A computationally efficient algorithm for generating parallel
motion six-bar mechanisms based on the cognates of four-bar
mechanisms.

(3) Introduction of new quantitative metrics for systematic
ranking and evaluation of generated mechanism design
concepts.

The paper also highlights limitations associated with utilizing an L?
norm within the latent space of a VAE to assess the similarity of
coupler curves. To address this limitation, an alternative method
using a sequence-matching algorithm based on dynamic program-
ming is proposed.

The subsequent sections of this paper are organized as follows.
Section 2 provides background information on kinematic synthesis
and offers a brief review of relevant literature pertaining to the
design of single-DOF mechanisms for physical therapy and rehabil-
itation devices. Section 3 delves into the normalization technique,
image-based representation of coupler curves, the NN architecture,
the sequence-matching algorithm, and database preparation.
Section 4 details the design specifications, criteria, and application
of the VAE in designing various STS mechanisms. Finally, Sec. 5
summarizes the findings.

2 Background

The primary objective of this paper is to introduce a comprehen-
sive design methodology that integrates rigid body kinematics and
machine learning for the synthesis of motion-generating devices.
Mechanism synthesis entails determining both the topology, charac-
terized by the interconnection pattern of links and joints, and the
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Fig. 2 Design pipeline for coupler curve representation, query, evaluation, and mechanism synthesis

dimensions of links and locations of joints, based on specified
motion or path requirements. Input problems are traditionally cate-
gorized into path, motion, or function synthesis, as extensively dis-
cussed in seminal texts on kinematic synthesis by Norton [15] and
Erdman and Sandor [16].

Recent endeavors have seen a growing interest in framing func-
tional tasks in physical therapy and rehabilitation as path or motion
generation problems. Various approaches include the design of
adjustable single-degree-of-freedom linkage systems for ankle tra-
jectory tracing [17], knee-ankle-foot orthosis using six-bar mecha-
nisms [18], and a 3R open chain for ankle joint trajectory
tracking [19]. Machine learning has also been employed for predict-
ing rehabilitation gait [20]. Alternatively, these tasks can be viewed
as motion generation problems, leading to the design of cam link-
ages for lower-limb rehabilitation [21], clustering-based machine-
learning techniques for upper-limb rehabilitation [22], and linkage
mechanisms with elastic components for creating desired gait pat-
terns [23]. Conditional generative adversarial networks have been
explored for designing six-bar mechanisms [24].

Ge et al. [25-27] and Deshpande and Purwar [28,29] proposed a
kinematic mapping approach for simultaneous type and dimension
synthesis of mechanisms for motion generation. Although imple-
mented in a mechanism design tool [30], this approach often
yields impractical mechanisms with circuit, branch, and order
defects and provides a limited number of solutions [31]. For
example, for a five-position motion generation problem, they
obtain only up to four constituent dyads of a planar four-bar mech-
anism [26]. Bottema and Roth [32], Ravani and Roth [33], and
McCarthy [34] provide the most comprehensive treatment of the
kinematic mapping approach to the motion synthesis problem.

Traditional optimization and Atlas-based methods have been
employed for path synthesis [35,36], while Fourier coefficients
and artificial neural networks have been used for representing and
synthesizing coupler curves [37,38]. Reinforcement learning has
been applied to treat straight-line path synthesis as an iterative opti-
mization problem [39].
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Recent work by Purwar et al. [40-43] has incorporated machine
learning techniques to synthesize defect-free mechanisms and
handle uncertain user inputs. The input curve has been modeled
as an image to address variable algebraic complexity [44]. Datasets
for data-driven methods have been created [45—47], and invariant
representations of coupler curves have been proposed [48]. Chal-
lenges in deep learning design of robot mechanisms have been out-
lined [42]. Building upon this foundation, the present paper
establishes a design pipeline with quantitative evaluation criteria
for generating linkage mechanisms for STS motion under multiple
constraints.

3 Overview of Model

Single-DOF mechanisms, sharing identical link ratios, exhibit
affinely invariant coupler curves with variations in position, scale,
rotation, and reflection. To compactly represent this information
in a database, we employ a normalization process that ensures the
affinely invariant nature of coupler curves before digitizing and
embedding them into an image space. In this section, we provide
a comprehensive overview of our normalization and digitization
methods. We also discuss the architecture of our VAE and introduce
a curve-matching algorithm that addresses the limitations of using
only a neural network for comparing two coupler curves. Addition-
ally, we present a summary of the complete design pipeline and the
preparation of the dataset.

3.1 Normalization and Digitization. Our normalization and
digitization method draws inspiration from the work of Sener and
Unel [49], which presents a general-purpose approach for applying
various affine transformations to data points, including translation,
shearing, rotation, scaling, and reflection. We adapt this method to
obtain an affinely invariant representation of coupler curves,
referred to as a canonical representation. This involves centering
the coupler curves about the origin of a chosen reference frame,
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isotropically scaling them to a specified image size, rotating them to
maximize the non-Gaussianity of the underlying curve data, and
normalizing reflections based on the third-order central moment
of the data points. We elaborate on each of these processes in the

following.

1. Centering: Given a set of N points on a curve denoted by
Xo; € R% i=1...N, their center point is defined as the average
of the Cartesian coordinates, represented by

X=[xy] = Zfil Xy;/N. The centering process involves aligning
the center point to the origin of a chosen reference frame, expressed
by Eq. (1), where the first subscript of Xy; denotes the processing
phase of the points. The centering matrix is denoted as Mj.

1 0 —x
X1i=M1X0i= 0 1 —)_) Xoi;i=1...N (1)
0 0 1

2. Uniform scaling: The scaling factor is determined by the point
on the coupler curve farthest from the origin. In our method, a rect-
angular window encapsulates the entire coupler curve, and the
scaling ensures that all points fit within the window. If the farthest
point Xt is at a distance d from the center, and the half-window size
is one unit, the point distribution is scaled by 1/d as represented in
Eq. (2).

1/d 0 0
X5=MpX;;=| 0 1/d 0 |X5i=1...N 2)
0 0 1

3. Rotation invariance: To achieve rotation invariance, an orthog-
onal matrix M3 is computed as shown in Eq. (3) using independent
component analysis (ICA) [50].

X35 =MsXy; = |:A;I)3 ?]XZi 3)
ICA is a statistical technique employed for identifying independent
directions in feature space. In our case, ICA serves to estimate the
unmixing matrix, which is the desired orthogonal matrix. We
utilize the FastICA [51] in an iterative approach to compute the
transformation matrix M3. Algorithm 1 outlines the detailed steps
of this process. The algorithm includes functions such as nl_func-
tion() for component-wise transformation using a nonlinear func-
tion (we chose x’), mean() for computing the average of each
column, broadcast() for duplicating rows, Grahm_Schmidt() for
performing Grahm-Schmidt orthogonalization, and expand() for
homogenizing the matrix. The loop continues until the components
of the resulting matrix M3 converge within a tolerance value ¢ (set
to 10™) over a maximum of K iterations (set to 200). The final
unmixing matrix M3 is then applied to the data points as shown
in Eq. (3).

Algorithm 1 Non-Gaussianity maximization

Input: Centered, uniformly scaled, and (N, 2)-sized data X, max iteration
K, and numerical tolerance &
Output: The unmixing matrix M3
Initialize a new matrix M3 of size (2, 2) with random values
foriin 1 to K:
MSprev « M3
nl_response « nl_function(X - M7)
matrix multiplication
nl_average « (nl_response” - X,)/N
nl_prime_average < mean(nl_prime(nl/_response))
nl_prime_expand < broadcast(nl_prime_average)
> Broadcast nl_prime_average from (1,2) to (2,2)
M5 < nl_average — (nl_prime_expand - M3)
M3 < Grahm_Schmidt(M3)
if all(abs(M3 — M3r.y)) < €:
break
return expand(M3)

> Make copy
> dot(-) indicates

> Check convergence

> Homogenize

013306-4 / Vol. 147, JANUARY 2025

4. Reflection invariance: While mechanisms and their coupler
curves may undergo reflection, the absence of normalization can
introduce redundancy in the database. The fourth transformation
matrix My in Eq. (4), addressing reflection, relies on the absolute
values of the third-order central moment of X3 [49].

X4 = My X (C))
Here the matrix My is defined based on the signum function sgrn and
the calculated moments as detailed in the following:
0 sgn(my;) O
sgn(m; ) 0 01,
0 0
sgn(m; 2) 0
0 sgn(my,1)
0 0

For a 2D curve, the p, g-order moment is defined as

if|my ] > [my|
M, =

otherwise

_—0 O =

Rl
mp,q=Ninpy? )
i=1

Compared to the normalization method proposed by Deshpande
and Purwar [44] for four-bar coupler curves, our approach ensures
consistent orientation and incorporates reflection invariance. Their
method aligns the principal axis of the largest eigenvalue with the
x-axis, which can result in different alignments depending on com-
puting architecture or the initial orientation of the coupler curve.
Additionally, their method does not account for mirroring,
whereas our approach accommodates mirrored coupler curves
achievable through mirrored mechanisms. Figure 3 illustrates the
disparity between the two methods. The overall transformation
matrix M is given by MyM3M,M;.

5. Digitization: Finally, the planar points are assigned to
64-by-64 equally divided bins, resulting in a 64 X 64 pixel image
of the coupler curve. Figure 3(d) displays the digitization
outcome for the curves depicted in Fig. 3(c). The curve image
serves as input to the neural network architecture, generating a cor-
responding descriptor for database search.

3.2 Neural Network Architecture. In this paper, we employ a
convolutional neural network (CNN)-VAE [11,52,53], which
encodes a probabilistic distribution of coupler curves and decodes
to generate new curves. The encoding phase involves feeding
images of coupler curves to the CNN-VAE, obtaining their latent
representations as features for the input path. The hyperparameters
for our CNN-VAE network are detailed in Table 1 for the encoder/
recognition part and Table 2 for the decoder/generative part.

The loss function used for training the machine learning model is
presented in Eq. (6), where Lyag is the sum of the reconstruction
loss Lgec and the Kullback-Leibler (KL)-divergence regularizer
Lreg. The reconstruction loss is implemented using the binary
cross entropy (BCE) function, and the regularization term endows
the latent space with a Gaussian distribution. The BCE losses in
the training batch of n = 400 images are summed up, where X rep-
resents the input and ground truth, and X is the predicted image
from the VAE model. Further notation includes Xlgk) denoting the
grayscale value at pixel location (j, k) of the ith sample image
and d representing the number of latent space dimensions (set to

2 -
50 in this implementation). Moreover, al(-’) and ;4(’)2 represent the

mean and standard deviation, respectively of the squared jth
latent dimension value for the ith sample image.

Lvag = Lrec + Lreg ©6)
where
n 64 64 N . . .
Lree == 3 > (XM log (%) + (1 = X log (1 - X))
=1 =1 k=1
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Fig. 3 Part figure (a) shows a set of randomly rotated and mirrored coupler curves. The first row shows the curves that are
rotated incrementally counterclockwise from left to right, while the curves in the second row are the corresponding reflected
versions of the ones in the first row. Then, in the remaining five rows, each curve undergoes a random rotation, translation,
scaling, and reflection. For the display purpose, we have plotted them in almost the same size after scale invariance. The cor-
responding normalization results from Deshpande and Purwar [44] are shown in (b). Here, there are four different results
because reflection brings two variants, and these two variants are rotated such that their first principal axis is aligned with
the x-axis. Furthermore, the alignment gives two different results because the alignment can be along the axis’s positive direc-
tion or the negative direction. Therefore, there are four (2 x 2) different results for these initial curves. Comparatively, the new
method presented in this paper has only one normalization result, regardless of the initial orientation or reflection, as shown in
(a). Finally, the curve is digitized, and (d) shows the digitized result from (c).

Table 1 Encoder/Recognition network architecture
Layer Filter count Filter size Stride Output shape Activation
Input — — — (64, 64, 1) —
Convolution 1 32 (11, 11) (1,1) (64, 64, 32) ReLU
Max pool 1 — 2,2) (2,2) (32, 32, 32) —
Convolution 2 64 5,5) (1, 1) (32, 32, 64) ReLU
Max pool 2 - (2,2) (2,2) (16, 16, 64) —
Convolution 3 128 3, 3) (1, 1) (16, 16, 128) ReLU
Max pool 3 — (2,2) (2,2) (8, 8, 128) —
Flatten 1 — — — 8192 —
Fully connected 1 (u) — — — 50 —
Fully connected 2 (o) — — — 50 (exponential)

Table 2 Decoder/Generative network architecture
Layer Filter count Filter size Stride Output shape Activation
Input — — — 50 —
Fully connected — — — 1024 ReLU
Reshape — — — (16, 8, 8) —
Transpose convolution 1 128 A3,3) 2,2) (16, 16, 128) ReLLU
Transpose convolution 2 64 5,5) 2,2) (32, 32, 64) RelLU
Transpose convolution 3 32 (11, 11) (1, 1) (64, 64, 32) None
Transpose convolution 4 1 A3,3) (1,1) (64, 64, 1) None
and instances, an L?> norm of the difference between two latent

1 <& d a2 a2 2
LReg=§ZZ:(aiu> +u —log(6V) - 1)

=l j=

The trained neural network aims to faithfully reproduce the input
coupler curve image and ensures that the latent space has a multi-
Gaussian probabilistic distribution, allowing for the generation of
new and useful coupler curves. Figure 4 visually depicts the training
process outcomes after every 30 epochs for an example coupler
curve.

3.3 Curve Matching. The CNN-VAE architecture establishes
a Gaussian structure in the latent space, implying that (1) similar
curve images correspond to similar latent representations, and
(2) the similarity between coupler curves is reflected in the numer-
ical values of their respective latent vectors. Although in most

Journal of Mechanical Design

vectors is a viable metric for assessing the dissimilarity between
two coupler curves, challenges arise when a discontinuity sepa-
rates the two latent vectors. While the literature in machine learn-
ing suggests that the latent space could possess a manifold
structure, characterized by smoothness and local convexity [54],
systematic exploration of this concept remains an open question.
Figure 5 illustrates this issue. The figure demonstrates that the
reconstructed coupler curve image undergoes significant changes
in certain dimensions. For instance, an identical magnitude of
change in the 44th and 45th dimensions of the latent representa-
tion results in vastly different images, while minimal changes
are observed in the 5th, 25th, and 35th dimensions. Moreover,
reducing the dimension of the latent space may yield a blurrier
image, indicating that the features of the input curve are not accu-
rately captured. This example underscores the necessity of intro-
ducing an alternative metric, beyond a simplistic L?> norm of the
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Fig. 4 These are the training results every 30 epochs. The change of output from the VAE
model shows the neural network learns to reconstruct a similar image gradually.
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Fig.5 An inputimage is sent to the VAE and its 50-dimensional latent representation is com-
puted. The image can be reproduced using the decoder part of the VAE. However, changing
the latent vector in different dimensions results in changing the image in different ways.
This set of images shows the same change amount in some dimensions (dimensions 5, 15,
25, 35, 44, and 45). While the changes in dimension 25 and 35 result in almost the same
image as the reconstructed image, the changes in dimension 44 and 45 result in drastically

different images.

difference in latent representations, to effectively compare the sim-
ilarity of coupler curves.

Our design pipeline generates mechanisms and their associated
coupler curves for comparison with the input path. However, due
to potential differences in length and time sequence between the
coupler curves and the input path, a straightforward direct compar-
ison becomes impractical. To address this challenge, we introduce a
sequence-matching algorithm. The concept of curve sequence
matching involves associating each point of the input curve with
a point in the coupler curve in a non-decreasing order.

It is crucial to note that the lengths of the two sequences need not
be identical. To achieve this, we employ the dynamic time warping
(DTW) algorithm [55]. DTW identifies the sequential mapping that
minimizes the sum of differences between matched points in two
given sequences. Comparatively, chamfer distance, a conventional
method that computes the smallest sum of two sets of points, cannot
detect the order difference. By dynamically programming the align-
ment process, DTW determines an optimal path that minimizes dis-
similarity, offering a robust measure of similarity between
sequences. The fundamental approach involves computing a cumu-
lative cost matrix, initialized with the first element set to zero and
the remaining elements in the first row and first column set to infin-
ity. This matrix is filled using dynamic programming, considering
the minimum cumulative cost from three possible alignments at
each step and incorporating the distance between corresponding
points in the two sequences, computed using the L? norm.

The cumulative cost in the bottom-right corner of the matrix sig-
nifies the dissimilarity between the two sequences, while the aligned

24
//’/ N .
. A |3
N/

Fig. 6 Four-bar mechanism topology for four-bar mechanisms
saved in the database
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pairs illustrate the optimal alignment. Algorithm 2 provides a com-
prehensive depiction of the entire DTW process.

Algorithm 2 Dynamic time warping

Input: Curve sequences P and Q
Output: rprw > Dissimilarity measure
DTWtable < ones(len(P) + 1, len(Q) + 1) * N > Set N to
an arbitrarily large number
DTWrtable[0,0] =0
for i in Itolen(P):
for j in Itolen(Q):
prev = min([DTWtable[i — 1, j],
DTWtable[i, j — 1],
DTWrtable[i — 1,j — 1]])
DTWtableli, j1 = prev + diff(P[i — 1], Q[j — 1])
> diff: L? norm
return DTWtable[len(P), len(Q)]

3.4 Mechanism Database Preparation. In this section, we
first discuss how we prepare a dataset of planar four-bar mecha-
nisms, which could trace both open and closed curves with different
number of points on them. We use a grid-based generation of planar
four-bar mechanisms where pivots and coupler points of four-bar
mechanisms are located randomly at discrete locations of a grid.
Following Deshpande and Purwar [44], the size of the grid was
chosen to be 7 X 7. A four-bar linkage mechanism (Fig. 6) can be
described as a sequence of five points collected in a vector of
joints ¢ as

¢ =(jo, 1, J2, J3, ja)
where a joint is represented as j; = (x;, ;).

Without any loss of generality, we fix jy at (0, 0) and randomly
locate jj, j», and j3 on the grid points; see Fig. 7 as an example.
We place the joint j4 on a coupler body frame attached to the link
defined by j, and j;. This is done to ensure that we are not
wasting computational resources locating coupler points on
invalid mechanisms. Figure 8 shows a few coupler curves from

the same mechanism defined by (jo, ji, j2, j3) While varying js.
We follow a three-step process to create the mechanisms: first, we
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Fig. 7 lllustration on the combinations. The joints, except the
one at (0, 0), can be on any point denoted with a circle as long
as the combination of these joints leads to a valid mechanism.

generate mechanisms based on the combinations of (jo, ji, j2, j3),
and obtain unique mechanisms according to link-length ratio com-
binations. Second, we simulate all of these mechanisms and
compute the transformation matrix from the coupler body frame
to the fixed frame. Third, we compute the position of j; by multiply-
ing the position of j; in the moving frame with the transformation
matrix.

For the first step, the values of x; and y; are set to integral values
in [=3, 3]. Therefore, the number of combinations is 7° = 117, 649,
where a lot of duplication exists. Thus, we use the ratio of link
lengths to filter out repeated or undesired combinations according
to the rules as follows:

(1) Remove all combinations where j; and j; are co-located
(i # k). Such combinations would form a structure and
cannot move at all when one of them is a moving joint and
the other is a fixed joint, or it becomes a rotating rigid
body when two coincident points are fixed joints.

(2) We denote the ground link to be the reference link /oy, /; to be
the link connecting jo and j, /> to be the link connecting j; and
J3,and [3 to be the link connecting j, and j3. Then, we check all
combinations of (I1/ly, l»/ly, l3/lp). If the link ratios are the
same, the mechanism is not added to the database.

These rules result in 4957 unique link-length ratio combinations,
1407 of which can do full rotations according to the Grashof
condition.

Then, for the second step, we use our recently proposed planar
N-bar simulation algorithm [56] to simulate mechanisms and create

Fig.8 This figure shows a distribution of coupler curves gener-
ated when the coupler point is varied by a unit distance in both
the x- and y- directions. The four-bar mechanism in this figure
is defined by (jo, j1, 2, j3) = ((0, 0), (-1, —1), (-3, -3),(-2,3))
labeled in Fig. 6. The circle in the center of this figure corre-
sponds to is produced when Zp, =[0, 0, 1]T, i.e., when the joint
ja coincides with j,. As Bp, changes, different coupler curves
are produced. For example, the coupler curve on the immediate
right of the circle corresponds to Bp, =[1, 0, 1]". The coupler
curves overlap each other in the fixed frame; however, for
visual clarity, we have drawn them here spaced out.

Journal of Mechanical Design

coupler curves. We remove mechanisms, where a link adjacent to
the ground link can not rotate more than 20 deg. Such mechanisms
produce coupler curves of limited length to be practically useful.
After removing such mechanisms, the number of mechanisms
shrinks to 4909. The transformation matrix can be expressed as

cosa —sina f,
gT = | sina cosa (7)
0 0 1

where F stands for the ground/fixed frame, B stands for the moving
body frame, and « is the angle between the positive x-axis and the
link l,. Here, t, and ¢, are x; and yj, respectively since the origin
of the moving frame coordinate system is located at j;. Then,
finally, the coupler curves can be computed with the expression as
follows:

pa=5T"p4 ®)

where Bpy = [x4, v4, 117. If j4 co-locates with j; or js, coupler curves
are circles. We do not want circles to overwhelm our dataset, so we
disallow locating j4 at one of the moving pivots. With that restriction,
the total number of combinations/mechanisms in the database is
4909 x 47 = 230,723.

We use 200,000 randomly picked coupler curves from the data-
base as the training set, which enables our CNN-VAE neural
network to represent different types of coupler curves.

3.5 Design Pipeline. Our design pipeline begins with the train-
ing of a CNN-VAE, where we minimize the reconstruction and
KL-divergence loss. The trained encoder is then employed to index
the four-bar mechanisms in the database. Coupler curves are inputted
into the encoder network, and the mean vectors (i) representing the
distribution of the curve are saved for subsequent queries. When a
new coupler curve is introduced to the encoder, its mean vector is
compared to those in the database using k-nearest-neighbor search.
The k-nearest mechanisms, based on the shortest distances using L?
norm, are selected as candidate solutions.

These candidates are subsequently transformed to align with the
size and orientation of the raw input curve, determining their posi-
tions in the plane. An algorithm then combines two cognates of the
four-bar mechanisms to generate a six-bar mechanism for achieving
parallel motion. We further filter out six-bar mechanisms that fail to
satisfy the design specifications. Finally, the DTW algorithm is
applied to rank the mechanisms based on spatial positioning and
point sequence matching fitness. An overview of this pipeline is
presented in Fig. 2.

The essential data saved include one positional state of each
four-bar mechanism, the topological representation of the mecha-
nism, and their descriptors, i.e., the mean vector () for each mech-
anism and the neural network parameters.

4 Sit-to-Stand Mechanism Synthesis

In this section, we leverage our design pipeline to generate a
plethora of conceptual design solutions for planar six-bar mecha-
nisms, aligning with the natural kinematics of the sit-to-stand move-
ment. We present the design specifications for the STS mechanism,
outline the generation of six-bar mechanisms with parallel motions,
introduce performance metrics, and finally, present and discuss the
results.

4.1 Design Specifications. Research has shown that, despite
variations in the specific motion paths adopted by individual
users during STS maneuvers, the overarching movement pattern
remains consistent [57]. Additionally, Kamnik et al. [58] have
asserted that, in the context of STS motion, the upper body is
restricted to movement within the sagittal plane while undergoing
orientation changes in the anteroposterior direction. Consequently,
it is reasonable to infer that a substantial proportion of individuals
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Fig. 9 This paper’s goal is to find several mechanism concepts
that can generate a constant orientation motion along the STS
J-curve for the shoulder position

unable to execute a standing-up motion possess the ability to control
their upper body orientation. Carr [59] has advocated for the limita-
tion of arm movement during the STS motion, particularly for the
elderly, emphasizing that the positioning of the arms influences
the body’s center of mass. Research has also indicated that when
the arms are unrestrained, there is a notable increase in undesirable
ankle angular displacement. Considering this, we impose the fol-
lowing requirements on the chosen mechanisms:

(1) Perform the sit-to-stand motion by following the natural tra-
jectory of the shoulder joint, known as the J-curve (see
Fig. 9).

(2) Provide a floating link along the chosen path, maintaining its
orientation.

(3) Achieve a vertical displacement of the shoulder joint by at
least 191in., accommodating individuals of average height
between 5 ft and 6 ft, approximately 95% of the population.

The parallel motion requirement is based on the assumption that
users will rest their hands on a horizontal support bar, necessitating
constant orientation during the STS motion. As planar four-bar
mechanisms cannot generate this specific motion, we explore poten-
tial six-bar mechanisms to fulfill this requirement. Additionally,
spatial constraints such as the mechanism’s envelope, link ratio,
and overall dimensions are considered. These include:

(1) The entire mechanism should fit within a 40 X 40 in. rectan-
gle, ensuring integration in a compact device.

(2) The length ratio of the largest link to the smallest link should
not exceed 4.5 for optimal transmission angle.

Figure 9 illustrates the size of the 40 X 40in. window, while
Fig. 10 depicts the J-curve and its preprocessed result. This curve

(a) (b)

jole Pl
\\\ lj/f"\\\ . Jo
i1 G N\ Z \
J4 N ({L . N
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Fig. 10 Part figure (a) is the J-shaped curve to be synthesized.
The curve is captured from the image in Fig. 9 and (b) is the pre-
processed result using the techniques in Sec. 3.1.

is encoded in the latent space, enabling a nearest-neighbor search
to produce four-bar mechanisms that trace the curve. The subse-
quent section outlines an algorithmic approach for computing the
cognates of four-bar mechanisms and combining them to create par-
allel motion six-bar mechanisms.

4.2 Generating Parallel Motion Six-Bar Mechanisms.
According to Roberts—Chebyschev theorem [60], three four-bar
linkages called curve cognates [61] can trace the same coupler
curve. A six-bar Watt I linkage can be generated by combining
two of the three cognates of a four-bar linkage. This six-bar mech-
anism can perform a parallel motion along the given curve. Most
texts on the kinematics of machines, such as by Uicker et al. [62]
present a graphical approach to finding cognates and forming
six-bar mechanisms. Sherman et al. [14] have presented a method
based on kinematic equations to construct cognates of four-bar
and six-bar linkages by permuting link rotations. Here, we present
a simple algorithm meant for fast implementation. Figure 11
shows three example J-curve cognates.

The first step in building the six-bar linkage mechanism is to find
the cognates for the four-bar linkage mechanism inside it. Algorithm
3 shows the process of finding two cognates from a four-bar mecha-
nism, where findTriangleAngles(a, b, c) is a function that computes
the inner angle formed by three vertices (a, b, c). In the algorithm, j;,
J3, and ju (see Fig. 6) correspond to points a, b, and c, respectively.
The function findPosofC(a, b, a, f, y) computes the third vertex ¢
according to the two points and the three angles a, f, and y. The
function computeSlope(p,, p2) takes two points as input to
compute the slope of the line joining p; to p,. In the function
findPosofC(a, b, a, , v), two values satisfy the constraints, while
only one is suitable for the cognate.

As shown in Fig. 11(d), the basic idea behind this algorithm is
that (1) the topology constructed by the three four-bar cognates
has four similar triangles, which are Ajjija, Ajojops. Ajapspas
and Apyjsp2, and (2) the topology has three parallelograms,

i pa
o— | pa \ i
L = v pime = - ;':i"_
Q) N,
\\ Ja “J]
\\ jzb
2 N
)3

Part figures (a), (b), and (c) show three four-bar cognates, whose coupler point j, share the same trajectory. When one

of the three cognates is known, the other two cognates can be computed according to Algorithm 3, which is based on the

geometry shown in (d).
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Fig. 12 These two figures show the generation of a six-bar with
parallel motion. First, we take two cognates (Figs. 11(a) and 11(c))
output from Algorithm 3, and make two fixed joints coincide.
Then, it takes all five joints in the first four-bar and two joints
of the second four-bar to create a six-bar linkage. The resultant
six-bar linkage can generate a parallel motion because its two
joints trace two parallel curves: (a) two joints in the two four-bars
are coincided and (b) the two four-bars are merged into a six-bar.

namely joj1jap1, jaj2paja, and pajapaps. Specifically, py and p3 are
computed using the parallel vectors because the other three nodes
in their corresponding parallelograms jojijap1 and jijapajs are
known, respectively. Next, p», ps, and ps are computed using the
four similar triangles. While each findPosofC(a, b, a, f, y) gives
two results, only one combination of ju, pa2, ps, and ps can create
the third parallelogram which is pyjapsaps. Hence, there are two
pairs of parallel vectors, i.e., jsp, || pspa and p; ps || pajs, and
these two parallel relationships are used to find the correct combi-
nation of p,, p4, and ps.

Algorithm 3 Find cognate combinations

Input: The combination of joints jo, ji, j2, j3, j4 for a four-bar linkage
Output: Two cognates with the same topology as input
JosJ1sJ25 735 Ja < ((x0, Yo), (x1, y1), (X2, ¥2), (x3, ¥3), (X4, y4))
a, B, v < findTriangleAngles(ji, j3, ja)
Pr<Jja—ji+Jo
p3<js—j3+h
for ps in findPosofC(jo, j2, a, f, 7):
for py4 in findPosofC(js, p3, a, B, 7):
for p; in findPosofC(p1, ja, @, B, 7):

k1 = computeSlope( ps, p4)

k2 = computeSlope(py, js)

k3 = computeSlope(js, p2)

k4 = computeSlope( p2, ps)

if (abs(k1 — k3)) + (abs(k2 — k4)) < le — 3:

return [(jo, p1, ps, P2, J4), (J2, P3, P5s P4, ja)]

Furthermore, only two of the three cognates can achieve the
desired parallel motion along the J-curve, which are given by
(o» J1» J2 J3- j4) and (j2, p3, ps, pa, ja) output by the above algo-
rithm. These two cognates are shown in Figs. 11(a) and 11(c),
respectively. A six-bar mechanism is created based on Algorithm
4, where the returned ordered combination of joints corresponds
to the right image in Fig. 12.

Algorithm 4 Generate parallel six-bar mechanism

Input: The combination of joints jo, ji, j2, j3, ja for four-bar linkage
Output: Six-bar linkage mechanism parameter

Get 2" cognate parameters from Algorithm 3 as cog2
JosJvsJ2s J3s ja < ((x0, yo), (x1, Y1), (x2, ¥2), (x3, ¥3), (X, ¥4))
J5sJ6sJ75J85 Jo < cog2

Jg < Js +jo—j

Jo < Jjo +Jjo—Jj1

return (jo, 1, /2,3, J4,J8,J9)

Journal of Mechanical Design
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Fig. 13 T-SNE plot for the latent representation distribution of
curves. Here, 5000 coupler curves are randomly picked from
the database to illustrate their latent representation distribution.
The “+” correspond to the mechanisms that satisfy all the con-
straints specified in Sec. 4.1, which is a subset of the mechanism
set shown with gray dots. The “x” sign point corresponds to the
image representation of the input coupler curve.

Table 3 These are the statistics for the 114 found mechanisms

S $2 53 score
Mean 1.00 1.01 1.27 3.28
Std. Dev. 0.15 0.17 0.40 0.41
Max 1.54 1.42 1.61 4.08
Min 0.71 0.78 0.01 1.78

Fig. 14 This is the best six-bar parallel mechanism found
through the pipeline. Specifically, the two parallel coupler
curves are drawn, and the STS curve is fitted by the left
coupler curve.
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Fig. 15 The labeled length unit is an inch for all the 12 automatically selected six-bar Watt | mechanisms. Each column shows
mechanisms sorted according to different metrics: the first column for the first metric r.et, the second for riengin, and the third for
rprw- The scores computed according to Sec. 4.3 are displayed on top of each mechanism image. The inner gray rectangle enve-
lopes the mechanism throughout its entire motion. The black curve represents the input J-shaped curve. The two gray curves for
each mechanism represent the parallel motion of two coupler curves. For visual clarity, the two coupler links are shaded trans-
parent gray. The black dots with a slightly bigger size represent the fixed joints, and the rotating arrow indicates the actuator joint
for the mechanism.
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Fig. 16 The labeled length unit is an inch for all the 12 best six-bar Watt | mechanisms, which are ordered with a descending
score from left-to-right and top-to-bottom. The top-left mechanism receives the highest overall score described in Sec. 4.3 out of
the 114 mechanisms, and the bottom-right mechanism receives the lowest score out of the 12. Each component of the score is
also displayed with (s1, s2, s3) on top of each image. The gray rectangle envelopes the mechanism throughout its entire motion.
The black curve represents the input J-shaped curve. The two gray curves for each mechanism represent the parallel motion of
two coupler curves. For visual clarity, the two coupler links are shaded transparent gray. The black dots with a slightly bigger
size represent the fixed joints, and the rotating arrow indicates the actuator joint for the mechanism.
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The six-bar mechanism is then translated, scaled, rotated, and
reflected according to the curve fitting between the curve traced
by j4 and the input J-curve. The transformation matrix is obtained
by multiplying its own normalization matrix and the inverse
matrix for the input curve.

4.3 Ranking the Mechanisms That Satisfy All Constraints.
The goal of this paper is to find a large number of conceptual
design solutions that meet design specifications as presented
earlier. These solutions are further evaluated and ranked based on
the following three criteria:

(1) Maximize the aspect ratio r,., of the height to width for the
mechanism envelope to reduce the bulk in the depth
direction.

(2) Minimize the ratio ry,g; of the largest-to-smallest link
length. The minimum of this value is 1, i.e., all links have
the same length. Notably, the moving triad is considered to
be composed of three binary links, and their link lengths
are considered in the link-length ratio computation. Smaller
link-length ratios lead to a better transmission angle.

(3) Minimize the sequence match error between the generated
coupler curve and the input curve.

For the last criterion, maximizing the match of two sequences
means minimizing the difference between two curves. Thus, the
value of rprw should be as small as possible. To satisfy this con-
straint and fit with our goal, the DTW algorithm is run twice for
two given point sequences because the proposed DTW Algorithm
2 only detects in one direction, but we match the point sequence
regardless of their direction. Then, the minimum of the two map-
pings is chosen to be rprw for this curve.

Based on the three criteria, we create a cumulative rank score

Sscore =W1 51+ W2 52+ W3- 83 )

Furthermore, we want sy, s, and s3 have the same magnitude of
impact for the final score when the weights wy, w,, and w3 are all
equal to 1. Therefore, the ratings need to be scaled. We choose a
simple linear function for 7, and s; as shown in Eq. (10). Here,
Treer 18 the average rating for aspect ratio in the filtered six-bar mech-
anisms.

51 =2 (10)
rrect
Next, s, should be low when 7,44 value is large. We introduce
the power function as shown in Eq. (11). This function is monoton-
ically decreasing, and it is equal to 1 when 7,g4 is equal to the
average link-length ratio rating 7e,gs-

$H=2X 0.5 Ttengin/ rengin) (11)

Similarly, for the DTW score metric, the power function is
applied as shown in Eq. (12).

s3=2X 0.50oTw/ToTw) (12)

where Fprw is the average DTW matching error. Here, each compo-
nent is a ratio and thus dimensionless. The weights wy, w,, w3 can
be chosen to relatively weigh each of the criteria.

4.4 Results and Discussions. Following a kNN search with k
set to 5000 and a subsequent filtering phase that excludes six-bar
parallel mechanisms failing to meet the constraints outlined in
Sec. 4.1, we obtain a set of 114 six-bar mechanisms. The T-SNE
plot [63] in Fig. 13 illustrates the filtered and selected coupler
curves. Although most curve representations closely resemble the
input representation, a few outliers exhibit significant deviations
from the input. This suggests the possibility of obtaining a curve
that deviates from the input curve when relying solely on kNN.
To address this, a sequence-matching algorithm is implemented
as the ranking metric, mitigating this issue. Utilizing three

013306-12 / Vol. 147, JANUARY 2025

metrics, the best-fitted mechanism out of the 114 is determined.
Figure 14 showcases this optimal design. Table 3 provides statistics
for each metric, with s3 exhibiting the highest deviation, indicating
that some synthesized mechanisms yield poor curve-fitting results.
This underscores the importance of the curve-matching metric in the
pipeline.

For comparative analysis, Fig. 15 presents 12 selected mecha-
nism design concepts arranged in descending order based on the
three metrics (sq, 52, s3) in each column. In the first column, the
top left mechanism design concept is most suitable if the aspect
ratio of the mechanism envelope is a priority. For a smaller link
ratio or a higher s, value, the mechanism in the top middle is pref-
erable. If matching the target trajectory is the primary goal, then the
mechanism in the top right column is a better choice. Additionally,
we consider the overall score value. Figure 16 displays 12 selected
mechanism design concepts sorted by the overall score, emphasiz-
ing the solutions that satisfy all design constraints.

4.5 Computational Complexity and Time. The machine
learning-driven computations presented in our work can be gener-
ally divided into three parts: data generation, training, and infer-
ence. Using an Intel Core 19 CPU with 32 GB memory, it took 2
h to create a database of 230,723 four-bar mechanisms for the
STS path. The training time was approximately 5 h. Subsequently,
the inference time can be divided into sampling time and filtering to
match the design constraints and criteria. This took about 20 min.
During inference, the DTW algorithm took 90% of the computation
time because the time to compute the difference between two path
sequences is comparable to O(nm), where n and m are the two
sequence lengths (number of points) respectively, and this algo-
rithm is performed twice (both directions) for all 114 solution can-
didates. The search in the dataset is done within a minute, using a
k-d tree. The time complexity is O(dklogn), where d is the data
dimension (50), k is the k value for k-nearest-neighbor (5000),
and n is the number of samples in the dataset (230,723). Other
tasks, like the normalization, parallel six-bar mechanism generation,
and mechanism rating took less than 1 min altogether.

5 Conclusions and Future Outlook

In this paper, we have presented a novel design pipeline for the
conceptual generation of linkage mechanisms for a sit-to-stand
motion. We presented a comprehensive data normalization
method adapted from the pattern recognition field. Then, we
showed that this approach effectively produces many design con-
cepts while simultaneously satisfying design constraints. We also
presented several metrics to assess different criteria and a composite
score for quantitatively evaluating selected mechanisms. At the end
of this process, a mobility assist device can be created by selecting
two copies of identical six-bar mechanisms and integrating them in
parallel planes of a custom walker frame, which helps users get up
from a seated position.

The method presented in this paper is broadly applicable to a
dataset of mixed types of linkage mechanisms, such as four-, six-,
eight-, and ten-bar mechanisms. However, one of the challenges
is the efficient simulation of all the different types of mechanisms
of which there can be a large variety. For example, an eight-bar
mechanism has 153 unique linkages with a ground-connected actu-
ator that can be constructed from the 71 distinct eight-bar mecha-
nisms [64]. While the number of mechanisms that may need to be
simulated depends on the application, we estimate that for the
general path synthesis problem, all 153 configurations of eight-bar
mechanisms may require more than 1M mechanisms. Once the
database generation is complete, there is an additional cost of train-
ing NNs, path matching, and filtering. Furthermore, a 1M dataset
generally means a longer search time and a larger storage space.
Unless there is a direct mapping that can combine the type and
dimensions of mechanisms, one can expect to create different
NNs for different types. This is where a graph-based VAE for
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mechanism design can help reduce this complexity. However, this
is an unexplored topic. Extension to spatial mechanisms is non-
trivial due to a combinatorial explosion of mechanism parameters,
which would require even larger data sets. Moreover, there are no
general-purpose simulation algorithms for spatial mechanisms yet
available that can readily create datasets. Besides, there are
yet-to-be-researched fundamental issues related to the representa-
tion of the input, such as 3D coupler path and motion, mapping
from the input to the mechanism parameters, and effective and effi-
cient NN architectures, which are discussed in a position paper [42].
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