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Fig. 1. Given an input mesh of a vehicle, our method automatically creates game-ready physics-based vehicle
rigs, such as the pickup pictured here. The axes in the image represent the local hinge of each wheel. We add
white strips to the wheels to make their rotation easier to see in the supplemental video.

We extend the concept of traditional rigging, which links polygonal meshes to an underlying skeleton for 3D
characters, to the creation of physics-based wheeled vehicle models directly from surface geometry. Unlike
character rigging, physics-based rigging involves assigning joints and collision proxies to animate the surface
geometry. We present an automated pipeline that transforms a polygon soup into a physics-based, multi-
wheeled vehicle model. The pipeline begins by using text-driven 2D image segmentation to identify vehicle
components, which are then mapped onto the 3D mesh. A rough estimate of collision geometries and joint
parameters is then used to initialize a rigid body simulation of the vehicle. Then, a numerical optimization
refines these parameters in order to produce more realistic vehicle behaviour. The final result is a functioning
physics-based vehicle for real-time simulations, which is demonstrated across a variety of vehicles, including
cars, tricycles, lunar rovers, and even a semi-truck with 10 wheels.
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1 Introduction

The process of rigging associates the geometry of a polygonal mesh or implicit surface with an
underlying articulation. While typically carried out on a 3D character, such as a humanoid or
animal, where there is a clear underlying skeletal structure controlling the coarse movement and
deformation of the fine-scale surface geometry, e.g., by linear blend skinning, animation of the
surface geometry may also be driven by a physics-based model, such as rigid body simulation. In
this context, physics-based rigging requires assigning a set of joints and bodies to animate the
surface geometry.

We are specifically motivated by the need for solutions to create physics-based vehicle models,
such as cars, when starting only from a 3D polygon mesh of a vehicle. The traditional process
for physics-based rigging is to first segment the mesh for each component of the vehicle, e.g., the
chassis and wheels. Then, a collision geometry is generated for each component that approximates
the shape of the surface mesh, before mass and inertia properties are assigned. Joints are also used
to attach each component to the main vehicle body (chassis). A process of iteratively resizing the
collision geometry and tuning joint position and orientation is repeated until the behaviour of
the vehicle is deemed to be satisfactory. The overall process is tedious and furthermore requires
domain expertise. An automatic pipeline would enable both novice and experienced users to create
physics-based vehicle models.

We address the issues of extensive manual tuning and requiring expert knowledge by proposing
Rig My Ride, a two-stage process for automatically rigging physics-based vehicles. In the first stage,
a text-driven 2D image segmentation is performed on the 3D surface geometry of the vehicle mesh
rendered from multiple viewpoints. This allows individual components to be identified across
multiple viewpoint renderings of the vehicle, which are used to segment the 3D mesh. A set of
collision proxies is then estimated based on the geometry of the original mesh and the segmentation
from the previous step. Furthermore, joints that couple the motion of wheels and the chassis are
also estimated. Rather than iterating tediously to tune collision geometry and joint placement, the
second stage of our pipeline uses a numerical optimization to refine the physics parameters of the
vehicle. This is done by crafting objective functions that measure the quality of vehicle behaviour,
which is evaluated using simulation roll-outs. The final result is obtained within minutes, giving a
physics-based vehicle model suitable for real-time applications.

Our contribution can be summarized as a pipeline for automatically generating physics-based
vehicle models that requires only an input polygonal mesh. Our approach only assumes that the
up direction is known, and that the user-provided polygon surface mesh has wheels that can be
reasonably approximated by a cylinder. No other properties, such as topological and geometric
validity, are guaranteed in the 3D models. Figure 2 shows an overview of our system and a preview
of our results.

2 Related Work

In this section, we cover related work on automatic rigging and skinning methods developed by
the graphics community. Additionally, since our pipeline can be viewed as solving a computational
design problem, we cover work on interactive and optimization driven algorithms for design of
articulated linkages and mechanical assemblies. However, we begin by briefly presenting some of
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the recent work on automatic segmentation of 3D objects using computer vision and foundational
Al models, since the rst phase of our pipeline segments the surface mesh of a 3D vehicle.

2.1 Part-based Segmentation

Part-based segmentation of 3D geometry has long been of interest for computer graphics researchers,
and a number of approaches have been proposed based on multi-objective optimization [Simari
et al. 2009], convex shape analysis [Kaick et2015], and data-driven methods [Xu et 2D16].

The survey by Rodrigues et al. [Rodrigues et2018] provides an excellent summary of earlier
approaches.

Recently, deep learning based approaches have proven to be successful in their ability to segment
and label regions of a 3D mesh. There are two general approaches here: i) segmentation directly
using features of the 3D model, ii) rendering the 3D model from multiple viewpoints and using a
robust 2D image-based segmentation technique to segment regions of each rendered image. With
the former class of approaches, it is common to use a point cloud generated from the surface
geometry as the input. Wang et al. [Wang et @020] proposed a few-shot approach that adapts a
segmentation retrieved from template objects contained in a labeled point cloud dataset. Sharp
et al. [Sharp et al2022] proposed to use network layers based on a simple di usion operator and
showed that they are e ective for learning tasks involving surface geometry. Their Di usionNet
architecture is somewhat agnostic to the geometric representation, accepting polygonal elements
and points as input. However, success in segmentation is demonstrated only for a limited class of
objects with 3D meshes that are well-suited for di usion. Our pipeline does not make assumptions
about the quality of the provided mesh, assuming only that we have a polygon soup representing a
vehicle. Other researchers have found that training networks for performing splitting, merging,
and xing operations helps generalize to out-of-distribution examples [Jones et al. 2022].

Related to the problem of segmentation of 3D models is determining the articulation between
individual parts. Self-supervised [Liu et.&023a] and unsupervised [Xu et 2022a] methods have
shown promise on this task, although they require an existing segmentation. Temporal sequences
of part motions may also be required as input [Xu et 2D22a; Yan et a2019; Yi et al2018]. Other
approaches nd kinematic hierarchies [Abdul-Rashid et 2021]. Our pipeline does not assume
that either a part-based segmentation or an articulation are provided. We instead optimize for a
vehicle model with revolute joints and an arbitrary number of wheels.

Accurate data-driven segmentation requires large, high-quality datasets of surface geometry and
labeled components, and some work has focused on developing framework to facilitate the tedious
labeling process [Yi et a016]. While databases of high-quality segmented 3D models exist, they
are often limited to a small number of exemplars per class of object and thus do not perform well
on geometry for out-of-distribution examples. However, databases of segmented and annotated 2D
images are much more common, and often contain orders of magnitude more training samples
compared to their 3D counterparts. This has lead to the development of powerful foundational
models for performing automatic segmentation of 2D images in the wild [Kirillov et2f123; Li
etal 2022; Luddecke and Ecker 2022]. A growing number of methods exploit the capabilities of text-
driven image foundation models to automatically perform part-level segmentation of 3D objects.
The general approach here is to extract segmentation labels of multi-view rendered images of the
object using pre-trained image-language models. Segmentation labels are then mapped back to a
point cloud [Liu et al. 2023c; Zhou et al. 2024, 2023] or polygonal mesh [Abdelreheem et al. 2023]
representation. Many authors note that it is not trivial to map 2D segmentation to 3D elements,
and work continues to address the problem of resolving multi-view label consistency [Thai et al
2024]. Our segmentation algorithm uses an approach similar to that of PartSLIP [Liu2028c],
where vehicle models are rendered from multiple viewpoints, enabling GLIP [Li €2G22] to
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identify vehicle components in each rendered view. The Segment Anything Model (SAM) [Kirillov
et al. 2023] is then used to perform pixel level segmentation in these regions. More details can be
found in Section 3.1. The use of these two models for rigging can be seen in Articulate AnyMesh
[Qiu et al. 2025], which was developed concurrently to our own work and leverages the power
of 2D segmentation techniques to create a variety of joints on a wide array of objects. However,
they apply a generalized di usion step to improve their segments, while we use a physics-based
optimizer.

2.2 Automatic Rigging

The process of rigging typically involves associating the geometry of a polygonal mesh with
degrees of freedom of an underlying articulated structure, i.e., a skeleton. Assigning which regions of
geometry are associated with the di erent parts of the articulated structure can be a tedious and time
consuming process. Numerous methods have been developed to reduce the time required for rigging.
The Pinnochio system [Baran and Popovi¢ 2007] computes rigging weights and a base skeleton
using a medial surface and provided skeleton. RigNet [Xu e2@P0] automatically computes

the underlying skeleton in addition to estimating weights. A medial axis type of representation

is computed and used as input to their method, but o ers little control of the speci ¢ template
used for rigging. MoRig [Xu et ak022b] allows the user to specify the target skeleton, although
requires exemplar motion sequences in the form of point clouds. Other work has similarly inferred
rig parameters from mesh animation sequences [Le and Deng 2014], however this requirement
does not apply to our target use case.

2.3 Computational Design of Mechanical Assemblies

Developing computational methods for designing articulated linkages and mechanical assemblies
has been of interest in the graphics community for a number of years. Many previous approaches
have focused on enabling non-expert users to create complex animated linkages [Coras et al
2013; Thomaszewski et.&014], compliant mechanisms [Megaro et2017b; Zhang et a2021],
robotic and animated characters [Geilinger et 2018; Maloisel et a023; Megaro et a2015a],
cable-driven linkages [Li et aR017; Megaro et a2017a] and fabricable machines [Bacher et al
2014; Megaro et a2015b]. Some researchers have noted that the parameter spaces of mechanical
assemblies can be highly non-linear, thus requiring robust numerical methods. This is especially
true in our application, since ground-wheel contact and optimization of the collision geometry gives

a discontinuous and noisy error landscape. We therefore use a stochastic gradient-free optimization
method [Hansen and Ostermeier 1996] to re ne the rig parameters of our vehicle models.

3 Methodology

For the following sections, let us de ne our model M with axis-aligned bounding box de ned by
Ghins Gnax ~min» ~max | min, | max With center G, ~, | ¢), and assume that the posititedirection

de nes the up direction. Our nal major assumption is that the default position of the wheels
would allow it to roll forward if the wheels were correctly segmented. However, we do not know
in advance the correct forward direction for the vehicle.

Our system's pipeline, which will take as input a vehicle mesh and output a rig for its wheels,
can be seen in Figure 2. We assume little about the initial geometry, so we perform the following
pre-processing steps to bring input geometry into a consistent format. We start by triangulating
the model. We then scale it such that the largest dimension becomes unit length, which helps
us place the cameras to render the geometry. We nally create a 3D point cBwiith a xed
surface density by uniformly sampling the surface of the model. Since we control the density of
the points, we can approximate the mean distance between a point and its next closest neighbour
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Fig. 2. Given an input mesh of a vehicle (le ), here showing ttever model, our method automatically
produces a rigged version of the vehicle mesh (right) that we a#ivein an interactive physics-based
simulation. The pipeline of our approach first uses multi-view rendering with a prompt based segmentation
to produce 2D wheel masks via GLIP and SAM. Masks are projected onto the model and clustered to identify
sets of 3D points that make up the wheels. Cylinders are fit to the point sets, and a gradient free minimization
uses physics simulation to optimize the wheel geometry and joint constraints so as to produce a functional
rig for interactive simulation.

in the point cloud,3, as the square root of one over the density. In our case, we settled on a very
dense point cloud of 300,000 points per unit squared, which results in approximately 0.002 units of
length between points.

3.1 Wheel Segmentation

Finding the wheels on the model is our rst challenge. Our approach is to render the model from
di erent viewpoints and identify which pixels in those images are the wheels. As such, we aim the
camera at the center of the mesh bounding box, and position it at the same height as the center of
the bounding box, at a distance such that a unit cube at the center of the bounding box perfectly
ts into its horizontal eld of view. We then rotate the camera about the z-axis of the model to
create rendered RGB images.

For each image, we use a two step process to identify which pixels make up the wheels. We rst
use GLIP [Li et al2022], which allows us to input our images and the prompt wheel of a vehicle
to obtain a set of bounding boxes for the wheels that appear in each image. We then pass each
image along with corresponding bounding boxes to SAM (segment anything) [Kirillov €2@23]
to obtain a set of masks which we merge together for each image. An example of such a mask can
be seen in Figure 3.

Identifying what parts of the 3D input geometry correspond to wheels becomes straightforward
given the masks produced by SAM. Since we know the position from which each image was
rendered, we cast a ray in the direction of each pixel in the mask and nd the intersection with the
model geometry to compute the visible point IR® on the surface of the model. We then nd the
pointin P which is closest to this visible point and ag it as being part of a wheel. Once this process
has been applied from every view, we then cluster all of the agged points by using DBSCAN [Ester
et al 1996], where we set the radius de ning the neighbourhood of a poinBade ned by the
density of our point cloud. This gives us large clusters for the wheels, but can also create some
extranoiseclusters which typically come from imperfections in the mask. We eliminate these extra
clusters by ignoring those that are too far away frokg,;,. We observe that a threshold 68 works
well across all of our vehicle models.

From this process, multiple crucial hyperparameters emerge: the number of images of the vehicle
that must be rendered, the need to include di erent viewpoints (such as the underside of the
vehicle), the resolution of each image, the prompt that we give to GLIP, and nally the con dence
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