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DynoSAM: Open-Source Smoothing and Mapping Framework
for Dynamic SLAM

Jesse Morris*, Yiduo Wang, Mikolaj Kliniewski and Viorela Ila

Abstract—Traditional Visual Simultaneous Localization and
Mapping systems focus solely on static scene structures, overlook-
ing dynamic elements in the environment. Although effective for
accurate visual odometry in complex scenarios, these methods
discard crucial information about moving objects. By incor-
porating this information into a Dynamic SLAM framework,
the motion of dynamic entities can be estimated, enhancing
navigation whilst ensuring accurate localization. However, the
fundamental formulation of Dynamic SLAM remains an open
challenge, with no consensus on the optimal approach for
accurate motion estimation within a SLAM pipeline.

Therefore, we developed DynoSAM, an open-source frame-
work for Dynamic Objects SLAM that enables the efficient
implementation, testing, and comparison of various Dynamic
SLAM optimization formulations. We further propose a novel
formulation that encodes rigid-body motion model in object pose
estimation as well as an error metric agnostic to object frame
definition. DynoSAM integrates static and dynamic measurements
into a unified optimization problem solved using factor graphs,
simultaneously estimating camera poses, static scene, object
motion or poses, and object structures. We evaluate DynoSAM
across diverse simulated and real-world datasets, achieving state-
of-the-art motion estimation in indoor and outdoor environments,
with substantial improvements over existing systems. Addition-
ally, we demonstrate DynoSAM’s contributions to downstream
applications, including 3D reconstruction of dynamic scenes and
trajectory prediction, thereby showcasing potential for advancing
dynamic object-aware SLAM systems. Code is open-sourced at
https://github.com/ACFR-RPG/DynOSAM

Keywords—Dynamic SLAM, Mapping, RGBD Perception

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) has been
a key research area for over three decades [1]. Despite signif-
icant advancements, most SLAM systems are designed with
the assumption of a predominantly static environment [2], [3],
[4]. This limitation presents challenges in real-world scenarios,
as dynamic objects are common and must be accounted for.

Traditionally, SLAM systems classify sensor measurements
associated with moving objects as outliers, excluding such data
from the estimation process [5], [6], and in doing so, discard
valuable information about dynamic elements. Incorporating
these objects into the SLAM framework enables accurate
modeling of dynamic environments [7], [8], which directly
benefits navigation and task planning systems [9], [10] and
enhances the overall robustness of SLAM [11], [12].

Although learning-based methods have advanced robotic ca-
pabilities in dynamic environments, especially in autonomous
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Fig. 1: DynoSAM is an open-source smoothing and mapping framework
for Dynamic SLAM. (a) presents the system output, which includes camera
and object trajectories, as well as the static and per-object dynamic map. (b)
visualizes the feature-based front-end which performs multi-object tracking
in addition to visual odometry. (¢) shows the dynamic map from the camera’s
perspective, highlighting the estimated trajectory of each object and the
tracked 3D points.

vehicle applications with access to large datasets, there re-
mains a critical need for SLAM solutions in scenarios where
motion models are unknown and data is scarce. These chal-
lenges are particularly pronounced when operating in unstruc-
tured environments [13] or space exploration applications [14].
As a result, there is increasing interest in extending SLAM
systems to incorporate observations of dynamic entities and
estimate their motions [1], [15], [16], [17], [18], [19]. In this
paper we define the term Dynamic SLAM as SLAM solutions
that optimize for object motions and/or poses in addition
to robot trajectory and the static structure, to distinguish
from those that exclude objects to be robust in dynamic
environments [6], [20], [21]. This paper focuses on studying
purely Visual SLAM (vSLAM) formulations, though we have
further discussed IMU-integrated experiments and results.
There exists limited consensus in the community for how
to best formulate the Dynamic SLAM problem. The seminal
work of Henein et al. [11] showed that the estimation problem
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can be designed around estimating for the full SE(3) object
motion. These motions are jointly optimized with the camera
poses, and the static and dynamic structures, from which the
per-object trajectory and velocities can be recovered. Their
following work, VDO-SLAM [15], extended this formulation
into a complete pipeline, but was never formally published.
The works of Judd et al. [17], [22] similarly prioritize object
motion, using this information to segment moving objects and
track objects through occlusion. Comparatively, many systems
directly estimate for object poses [23], [24], [25], typically
using a constant-motion model fully constrain the estimation.
However, downstream applications such as reconstruction [8],
navigation [26] and prediction[27] often require information
on both object pose and motion.

Our prior work [18] identified a further point of compar-
ison between Dynamic SLAM formulations. Instead of only
considering the estimation of either object pose or motion,
this study termed and compared object-centric formulations,
where dynamic points and motions are represented in an
object’s body frame, with world-centric formulations, which
represent the variables in the world-frame. The insights from
our work demonstrated that the choice of formulation plays a
vital role in determining the behavior of convergence and the
resulting estimation accuracy. Using the world-centric motion
model [11], [15], [18] this study showed that explicit modeling
of the object’s rigid-body kinematics is essential for accurate
results, especially when direct estimation of the object pose is
required.

The inconsistencies in results and the variety of approaches,
coupled with the communities growing interest in Dynamic
SLAM motivated us to develop Dynamic Object Smoothing
And Mapping, DynoSAM, a framework that allows for easy
and modular prototyping, implementation and evaluation of
Dynamic SLAM formulations. The suffix ‘-SAM’ is inherited
from the GTSAM [28] library which our framework is built
upon, thereby allowing highly customizable estimation prob-
lems to be designed and implemented.

In this work, we present a detailed theoretical foundation for
Dynamic SLAM based on a world-centric model for object
motion. Furthermore, to support downstream tasks requiring
object poses, we propose a novel formulation that explicitly
uses the rigid-body kinematic model for accurate, direct pose
estimation. To rigorously evaluate these formulations, we
have integrated them into a full Dynamic vSLAM system;
Fig. 1 presents an example output of our system estimating
complex dynamic object motions. We assess the accuracy and
performance of our system using a variety of indoor and out-
door datasets. To standardize and facilitate valid comparisons
between systems, we additionally propose a new error metric
for evaluating object motion. Compared with other dynamic
SLAM pipelines [15], [17], [23], [24], we achieve state-of-the-
art accuracy in the estimation of motion and pose of objects.
We demonstrate that our camera pose estimation is robust in
highly dynamic environments and compare with AirDOS [29],
DynaVINS [20] and ORB-SLAM3 [4]. Finally, we demon-
strate that our formulations can directly inform downstream
navigation tasks by integrating our framework with dynamic
object reconstruction [8] and trajectory prediction methods.

In summary, the contribution of this paper is threefold:

« Theoretical Foundations for Object Motion Estima-
tion. We present a detailed theoretical formulation for
representing and integrating observations of rigid bodies
in motion within Dynamic SLAM. We offer a set of
formulations that form the theoretical basis for practical
system development, including a novel Dynamic SLAM
formulation that directly parametrizes each object’s pose
in the scene and explicitly encodes rigid-body kinematics.

e A Modular and Practical Dynamic vSLAM System.
We implement a complete Dynamic Visual SLAM sys-
tem that integrates the various formulations discussed,
supporting both batch and sliding-window optimizations.
In addition, we provide a practical demonstration of our
Dynamic SLAM pipeline with downstream tasks highly
relevant for navigation, such as dynamic object recon-
struction [8] and trajectory prediction. The framework
is modular and extensible, allowing researchers to easily
test and benchmark new formulations within a consistent
evaluation setup.

« Extensive Benchmarking and Novel Evaluation Met-
ric. We introduce an object motion evaluation metric
that is agnostic to object reference frame definitions. Our
framework is exhaustively evaluated on multiple public
datasets, achieving state-of-the-art results. To our knowl-
edge, this work provides one of the most comprehensive
evaluations of Dynamic SLAM formulations to date.

As part of our contribution we open-source our C++ imple-
mentation of DynoSAM, which is integrated with the Robotic
Operating System 2 (ROS2) [30]. We provide data logging and
serialization tools for each module to facilitate evaluation and
debugging, as well as an accompanying automated evaluation
suite that has been used to generate all results in this paper.
To facilitate modularity and parallelization of key components,
DynoSAM'’s implementation is inspired by Kimera [31].

II. RELATED WORK

This section provides an overview on how SLAM systems
address the challenges of dynamic environments over the
years. We focus on state-of-the-art Dynamic SLAM systems
that estimate object poses and motions, but we also include
those systems that aim to improve robustness by removing or
ignoring dynamic objects.

A. SLAM in Dynamic Environments

In order to handle the dynamic entities in the environment,
conventional SLAM systems such as ORB-SLAM 3 [4] and
DynaVINS [20] detect any moving observations as outliers
and reject them to create a global map that only contains static
structures using methods such as RANSAC [32], point corre-
lations [33] and robust bundle adjustment formulation [20],
[21]. Deep learning methods have also been recently used
to semantically understand the scene, and detect and remove
dynamic objects [6], [34], [35]. By taking an active approach
in removing dynamic objects, these methods provide robust
and accurate camera pose estimation in dynamic environments.
However, any relevant information about the motion of the

54 pt

0.75in

19.1 mm

54 pt
0.75in
19.1 mm



54 pt
0.75in
19.1 mm

Margin requirements for the other pages
Paper size this page US Letter

54 pt
0.75in

IEEE Transactions on Robotics (T-RO) paper, presented1gt1IEﬁA 2026, Vienna, Austria. Cite as T-RO paper.

objects is discarded. Khronos [36] operate in dynamic envi-
ronments by proposing a spatio-temporal SLAM formulation
that unifies short-term changes, e.g. from dynamic objects,
with long-term scene changes, and extracts moving objects
from their representation using a geometric motion detection
method [37]. However, they do not utilize any estimate of
object motion and rely on a dense reconstruction pipeline to
detect and track objects in the scene.

To improve the robustness of camera pose estimation in
dynamic environments, many of these methods either implic-
itly or explicitly identify and segment out moving objects in
the scene. While motion detection and segmentation is highly
relevant for Dynamic SLAM, we highlight that our work is
primarily interested in the estimation of object motions and
poses, in addition to segmenting motions.

B. Dynamic SLAM

To represent the kinematic information of these objects, Dy-
namic SLAM methods incorporate measurements of dynamic
entities in the SLAM formulation in addition to the static ones.
These systems first segment dynamic observations from the
static background using information such as kinematics [17],
[24] and semantics [15], [23], [25], before solving for the pose
or motion of these objects in addition to the camera/robot
poses and the map of the environment either via joint opti-
mization [18], [23] or separate estimation, such as frame-to-
frame object motion tracking using sparse scene flow [38].

Several neural network-based methods have also been pro-
posed in recent years [39], [40], [41], [42] to estimate the scene
flow of 3D points or voxels. These systems focus on estimating
the motions of individual points in the form scene flow vectors.
While they produce impressive results, these systems do not
recover the motions or poses of dynamic objects, and are
therefore not further discussed in this paper.

1) Object Pose Representation: Within the Dynamic SLAM
formulations that explicitly model the object, the most com-
mon and intuitive representation is to directly estimate the
object’s pose [23], [25], [43], [44]. Assuming each object
is a rigid body, observed points on these objects are static
in a body-fixed local object reference frame. By defining
the poses of objects and in turn their local frames, there
is an immediate advantage that each object point can be
expressed in the object reference frame with a single variable
in the optimization problem, reducing the overall number of
variables in the system. Huang et al. [24], [25] cluster point
observations on moving objects based on temporal rigidity
to identify underlying rigid bodies. Their method, although
able to extract dynamic objects from the scene, demonstrates
poor object motion accuracy. Alternatively, several methods
model objects using simple geometric primitives such as
cuboids [45], [46], [47], [48] and ellipsoids [49] to define their
poses. DynaQuadric [19] has proposed a joint optimization
framework that models dynamic objects as quadrics, explicitly
defining the per-object scale and demonstrating highly accurate
camera localization. However, they evaluate only their object
pose errors against other quadric-based methods and neglect
object motion evaluations.

When focusing on specific object types, BodySLAM++ [50]
and DSP-SLAM [51] leverage learned object shape prior mod-
els and achieve accurate object pose estimation. Their results
demonstrate the benefit of integrating learned priors into a
graph-based optimization framework, but BodySLAM++ is
restricted to only estimating human poses and DSP-SLAM
provides no understanding on object dynamics. Assuming
strong knowledge on object motion, TwistSLAM [47] uses
mechanical joint constraints to restrict the degrees of freedom
for object motion estimation, and estimates accurate object
poses under constrained motion. Their results however suggest
limitations in estimating complex SE(3) object motions.

In comparison, other methods seek to estimate the full
SE(3) motion of each object without the addition of semantic-
specific constraints. Among these solutions, DynaSLAM
IT [23] takes an object-centric approach to pose and velocity
estimation and reports the most accurate egomotion when
compared with other approaches. By comparison, DynaSLAM
IT presents poor object motion estimation, and the authors
consider their use of sparse features as the main reason behind
such performance. However, our prior work [18] shows that
the formulation used by Bescos ef al. [23] does not explicitly
model the rigid-body kinematics, resulting in poor estimation
accuracy even with a dense object representation.

2) Object Motion Representation: An alternative formula-
tion is to estimate object motions directly in a known reference
frame, such as a camera frame that moves with a sliding
window [17], [22], [52], or a well-defined reference frame
like the world frame [15], [18], [29], which commonly coin-
cides with the first camera/robot pose. MVO [17] represents
the dynamic points in the camera frame, but models object
motions in the object frame. They define object poses using
point observations when each object is first observed, similar
to the method of Bescos et al. [23].

Chirikjian er al. [53] showed that a SE(3) motion can be
expressed in any reference frame, and based on this concept,
VDO-SLAM [11], [15], [54] proposes a factor graph formu-
lation to represent and estimate rigid-body object motions in
the world frame without the need to estimate object poses.
AirDOS [29] employs the same rigid-body motion model,
extends it to articulated objects, e.g. humans, via a learning-
based human pose estimator [55], and estimates the motion
of each segment of an articulated object. They quantitatively
demonstrate direct improvement in camera pose estimation
due to the incorporation of dynamic objects. While the study
of non-rigid body motion outside the scope of this paper,
we find such a strategy inspiring for our future works. The
motion models employed by [15], [29] are interrogated in [18]
which showed, by comparing world and object-centric formu-
lations, that a world-centric approach better encodes rigid-
body kinematic models, leading to more accurate motion
estimation, more efficient convergence behavior and often
shorter computation time, despite requiring more variables.

A comprehensive review of the relevant literature highlights
practical challenges, including the scarcity of open-source Dy-
namic SLAM libraries, systems, and datasets, which prevent
rigorous comparison and evaluation. Inconsistent definitions of
object reference frames further complicate pose and motion
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assessment. These limitations motivated the development of
DynoSAM, a flexible and comprehensive framework for Dy-
namic SLAM with frame-agnostic error metrics for evaluation.

III. BACKGROUND
A. Rigid-Body Motion

Understanding rigid-body motion is fundamental to Dy-
namic SLAM as it provides a mathematical foundation to
model the motion of objects in the environment. Our frame-
work builds upon this understanding to estimate the motion
of objects directly using frame-to-frame observations of 3D
points on rigid bodies.

A rigid body, by definition, maintains its shape and size
throughout motion; and therefore the distance between any
pair of points on the object will not change. However, while
these points must move together rigidly, the apparent motion
of each point depends on the location of the observer. For
instance, a point on a rotating wheel may appear stationary to
an onboard observer but moving to one to a stationary observer
external to the wheel. This example highlights the distinction
between what we term as local motion, which is perceived by
a reference frame that is rigidly attached to the object, and the
observed motion which is perceived by an external observer.

In accordance with rigid-body kinematics, a reference frame
is represented by a homogeneous transformation and can be
rigidly attached to a rigid body, or can be placed anywhere
in the environment. A pose of a frame defines the SE(3)
homogeneous transform that contains the frame’s position and
orientation with respect to another reference frame, e.g. the
observer frame.

To discuss these concepts more concretely, consider Fig. 2,
which depicts a rigid body moving freely from time-
step 1 to 2. Two arbitrary frames {A} and {B} are
fixed to the object and observed by the fixed reference
frame {O}. ©A;,°B; € SE(3) denote the poses of
frames {A;} and {B;} relative to {O} prior to motion, while
©A3,°B, € SE(3) denote the corresponding poses after
motion, as shown by the solid black arrows in Fig. 2.

For any moving frame, we define its motion as a change in
pose following Chirikjian e al. [53]. This motion is a SE(3)
homogeneous transformation that converts one pose into an-
other and thus describes the movement of a frame. Importantly,
for a rigid body this motion can be represented in any arbitrary
frame [53]. To express this information unambiguously, we
adopt the three-index notation [53] for these motions which
allows the observer frame to be explicitly identified in addition
to the moving frame. For example, ﬁiH A, and giH B, are the
local motions for frames {A} and { B} respectively, while the
observed motion is ?Hz. The remainder of the section details
how each local motion is depends on its frame of origin,
in contrast to the observed motion which is independent of
the moving frame and can therefore describe the rigid-body
motion of any point on the rigid-body.

1) Local Motion: Local motion describes the process of
moving a reference frame from one pose relative to another as
perceived by a frame on the moving object. Local motions are
shown in Fig. 2 as green and blue arrows e.g. ’ng& € SE(3)

1
\]H\.

Object at
timestep 2

Object at
timestep 1

Fig. 2: Tllustrative example of two arbitrary frames, { A} and { B}, attached
to a moving rigid body. Solid black arrows show the poses of each frame,
while green and blue arrows show the corresponding local motions of each
frame. The red arrow denotes the observed motion yHy which is a unique
transform that describes the rigid-body motion of all points on the object.
For this reason we draw it unattached to any specific reference frame. C is a
constant transform that defines the rigid-body’s kinematic constraint. Observe
that both local and observed motions can be used to correctly transform the
pose of each frame in accordance the kinematic constraints. However, local
motion is dependent on the chosen reference frame and incorrect use leads to
the invalid propagation of ©B; to ©B,

is the transformation of pose © A to © A, from the perspective
of frame {A;}'.

These local motions form a standard kinematic chain which
allows poses of frame {A} and {B} to be propagated such
that no rigid-body kinematic constraint are violated, i.e. C
remains constant:

@] O A
Ay =CA, 4'Hy,

(@) (0} B
B, = °B, 5'Hp,.

ey

Vitally, each local motion is dependent on the frame’s origin
and can therefore break the rigid-body constraint if applied to
a pose with a different origin; this specific case is illustrated
in Fig. 2 where ﬁiH 4, is applied to “B;. The resulting pose
OB, violates rigid-body constraints, as the relative transfor-
mation from B, to €A, is clearly not equal to C.

2) Observed Motion: Observed motion describes the mo-
tion of a rigid body as seen by an external observer. In Fig. 2,
the observed motion from time-steps 1 to 2 is defined with
respect to {O} and is therefore written H,. Unlike local
motion in (1), this motion is invariant to the choice of
body-fixed reference frame and can there be applied to any
pose associated with a fixed reference on the object, whilst
upholding rigid-body constraints: 01H2 = AolH Ay = B?HB2.
The observed motion is shown with a red arrow that, impor-
tantly, is not attached to any specific reference frame. This
highlights that, unlike local motions, the observed motion does
not have a geometric interpretation yet exists as a unique
transform that can propagate the poses “A; and °B; to A,
and “B,, as well as any other point that is rigidly attached to
the object.

Tt is worth noting that usually in robotics ﬁH B is considered, which
allows for the simpler notation AHp. In this case, AHp is the coordinate
transform from A to B and its matrix is the same as that of the motion ﬁH B-
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While these underlying principles have been previously
established, notably in [53] and subsequently applied to the
estimation problems in [11], [15], [18], a full derivation of
observed motion within the context of Dynamic SLAM has
not been previously presented. We believe a more complete
derivation is crucial for understanding the benefits of this
representation and in this section we show how to derive
({ H, given the relations defined in (1) and by exploiting the
rigid-body constraint C between {A} and {B}. Each local
motion can be represented with a single observed motion when
expressed in a common origin frame:

QHy =CA; J'Hy, OA 7! (2.0)
=9B; 5'Ca, 4'Hy, 5'CL 9Bt @)
=“B1 5'Cya, 4'Hy, 22C;! 9By (2.2)
=B 5Hp, °Bi 7Y, 2.3)

where (2.0) is the definition of a frame change of a pose
transformation [53], and because ZC 4 = O B~19 A, we arrive
at (2.1). Given that frames {A} and {B} belong to the same
rigid body, their relative transformation ~C 4, is invariant
to time, i.e. BICA1 = B2CA2, hence we can reach (2.2),
which can be re-written as (2.3) following the kinematic chain
visualized in Fig. 2.

Equation (2) shows that Ong remains constant regardless
of the choice of {A} and {B} and, therefore, this represen-
tation of motion is independent of the rigid body’s frame of
reference. Furthermore, using (1), we can rewrite (2) as:

TH, = A2 %A, ' =9B2 9B, 3)
allowing new composition relationships to be established:
OA; =9H,°A, @
9B, = 9H, “B;.

We highlight that the composition order of the observed
motion in (4) is not the same as that for the local motion
in (1) due to their fundamental differences, and we direct the
interested reader to [53] for more details.

In a dynamic scene with many objects and significant
occlusions, the distinction between local and observed motion
play a crucial role. The camera can only observe the motions
of a small set of points on each object in a busy scene and
considering only local motion makes it difficult to infer the
object’s overall motion as each point experiences a unique
motion. However, if instead we expressing these points in a
common external reference frame, the apparent motion of all
points on the object can be observed directly and described
using a single homogeneous transformation, i.e. the observed
motion [53], which is the foundation for our formulation of
the Dynamic SLAM problem.

B. Notations

We define the notations for the Dynamic SLAM problem
by considering a dynamic scene comprised of camera poses
X and object poses L:

= {"VX,, € SE(3)}rex, €Tk

£={"Lj € SE(3) keK;

where {W} is the fixed world frame, K is the set of all time-
steps and J is the set of all object indices. Throughout this
work we liberally use the super-script j or sub-script £ to
specify the subset denoting to a particular object or at a specific
time-step, e.g. Ji € J referring to all the observed objects at
time-step k. The camera WX, and object WLy poses define
the location of frames { X} and {L;} with respect to {WW}.

We denote m® = [rhi7 1} T as the homogeneous coordinates
of a 3D point m’ € R®, where i is a unique tracklet index
and indicates correspondences across frames. Any point in the
world frame can be transformed into the camera frame:

kak WX—l Wi

mj.

We use m € M to refer to both static and dynamic points. In
the case of a static point, "m;, = Wm as we omit the time-
step k to indicate the variable is time invariant. To minimize
notation clutter, we liberally omit indices ¢ and j when there
is no ambiguity.

We denote motion of the camera as T and the motion of
any object j as H. From now onwards we use H to only
refer to the motion of objects, rather denoting general motion
as in Sec. III-A. Between time- steps k — 1 and k the local
motions of the camera and object are X T X, and | L 1H L
respectively. In the case where our notatlon is already exphclt
in denoting which pose the transformation is referring to, i.e.,
camera pose with T or object pose with H, we simplify the
notation by only using time-steps:

Xk 1 Lk 1
T = Xk Tx,, o Hip=

These transformations describe local motions and, follow-
ing (1), can be used to propagate the camera and object poses
from k — 1 to k:

w Xk
X1 51Tk

w Lk 1
Li1 5 Hg

WX, —

WL, =

()
(6)

For the purposes of object motion estimation, our frame-
work uses an observed motion representation, as discussed
in Sec. III-A2. In the context of SLAM this reference frame
can be any observable frame, e.g. the camera frame at the
start of a sliding-window. In this work, we represent our object
motions in the world frame {W}, following the works of [11],
[15], [18]. Such a representation is convenient for downstream
applications like mapping and planning, as it allows all state
variables in our formulations to be defined with respect to
a common coordinate system. For any object 7 this motion
is denoted as , "/ Hj,. Due to its representation in the world
frame we refer specifically to it as the absolute motion. We
define the set of all object motions as:

w _ Wi\ J€ETk
k‘—lHk? — {k—lHk:

kEK:j
Using (3) we define our absolute motion in terms of a
change in object pose:

p i Hy = "L, VL @)

Following the composition rules defined in (4), ;. 1Hk will

54 pt
0.75in
19.1 mm

54 pt
0.75in
19.1 mm



54 pt
0.75in
19.1 mm

Margin requirements for the other pages
Paper size this page US Letter

54 pt
0.75in

IEEE Transactions on Robotics (T-RO) paper, presented1gt1I@ﬁA 2026, Vienna, Austria. Cite as T-RO paper.

move WLk,l to WLk when applied on the left-hand side:

YLy = JHy WLy ®)
Vitally, this propagation holds for any point ¢ on a rigid-body:
Wmj, = MHy Ymg ©

Thus, the transform ;" H;, describes the motion of any and
all points on an object from £ — 1 to k. Since we can
directly observe 3D object points, (9) allows us to easily
derive cost functions in terms of all tracked points on the
object. This equation underpins all our formulations and is
fundamental to our Dynamic SLAM framework. A more
detailed derivation of (9) is included in Appendix A which
highlights how this equation implicitly encodes the rigid-body
kinematic constraints discussed in Sec. III-A.

IV. FOUNDATIONS FOR DYNAMIC SLAM

This section details the graph-based Dynamic SLAM for-
mulations included within our framework. We demonstrate
how the concept of observed motion, explained in Sec. III,
is applied to directly estimate both object motions (Sec. IV-B)
and poses (Sec. IV-C). These formulations constitute the
back-end of a visual Dynamic SLAM pipeline. As a result,
we assume dynamic objects can be tracked and 3D point
measurements of static and dynamic features can be provided
by a visual SLAM front-end. While we outline our front-end
(Sec. V-B) and include it in our open-source implementation,
the formulations discussed in our framework are agnostic to
any specific front-end implementation.

For each approach, we define residual functions r associated
with covariance matrices 2. These are used to construct factors
¢ in the form:

1
#() oc exp{ —5Irl% } (10)

Under the standard assumption of zero-mean Gaussian noise,
we take the negative log of (10) and drop the scaling-factor
allowing us to collect all residuals and construct a nonlinear
least-squares problem:

OMAP — argmin ZHI‘H%
0

For completeness, our framework also includes the object-
centric formulations explored in [18]. However, due to their
inferior performance, this work does not discuss them further.

an

A. Measurements

We define the following notation for visual features. Direct
measurements are denoted as z,p € R? and represent 2D
pixel measurements on the image plane. We denote 3D point
measurements in the local sensor frame {X} as z3p € R3. In
the context of stereo/RGBD SLAM, we assume the depth d of
each pixel measurement z,p is available for every time-step

k, and 3D measurements are constructed accordingly:
[Z3D,1]T = kak :W_I(ZZD,d). (12)

where 771(-) is a sensor’s back-projection function, e.g.
pinhole camera model. We further specify the notation for sets

Fig. 3: World-centric motion formulation factor graph. We show three static
landmarks (blue) and one landmark on a dynamic object (orange), tracked
over three frames. Camera poses are in grey and object motion in green. The
point measurement factor (¢3p,r) is shown in white, the fernary motion
factor (¢3p, ) in magenta and the object motion smoothing factor (¢sp) in
dark blue. The prior factor on the first camera pose is shown in black.

of measurements corresponding to static and dynamic entities.
Sop,r and Ssp i denote the set of static 2D keypoints zp
and their corresponding 3D landmark measurements zsp at
time k, respectively. Similarly, D,p j, and Dsp j, are the sets
of dynamic measurements. The set of all static measurements
(2D and 3D) is Si. The set of dynamic measurements on a
particular object is specified using the super-script j, e.g. ,DgD, &
is the sub-set of 3D measurements on object j at time k.

B. World-Centric Motion Estimator

The formulation for the World-Centric Motion Estimator
(WCME) directly estimates object motions and their rigid-
structure, as well as the static scene and camera pose:

0= "Xy, M Hr, WMy, kK. (13)

This formulation was first proposed in [15] and evaluated
in [18] which established it as a highly accurate method
for object motion estimation. Fig. 3 shows the corresponding
factor graph for this formulation and includes three static
landmarks (blue) and one landmark (orange) on a dynamic
object that are tracked over three frames.

Given a 3D observation of a point (static or dynamic),
we constrain the point to the world frame using a point
measurement factor:

W—1 W
I3p R = Z3Dk — X my. (14)

For every static point, W m is initialized as V' m = "' X z3p
when the point is first observed. We use the same method to
initialize each dynamic point at every frame k.

The relative transformation between consecutive camera
poses is modeled using the between factor:

V
rox = [log (JUITR! WXL VX)L as)

where the odometry X,f_iTk can be estimated by the front-end
of a visual SLAM system, such as the proposed one described
in Sec. V-B, or from alternative sources such as an Inertial
Measurement Unit (IMU) if available. The operation [log (-)]"
maps an SE(3) transformation to R°.
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From (9) the ternary object motion factor models the motion
of any point ¢ on a rigid body j as in [15], [18]:
Wmic - kl}[;Hk Wm;;—l’

'spH = (16)

This cost function relates a pair of tracked points on a rigid-
body object with the object motion.

Finally, for each object j an object smoothing factor is
introduced between consecutive motions:

\%
o = [log (4 5HG Ly Y HL )|

This enforces a constant motion model represented in {1V}
and prevents abrupt, drastic and unrealistic changes in object
motions between consecutive frames. This constraint holds
since any constant change in the body frame also leads to
a constant change in the reference frame pose change, as
shown in [11]; an extended version of this proof is included
in Appendix B.

The nonlinear least-squares problem is constructed using the
combination of these factors:

7)

GMAP — arg;nin(HI‘oH%O =F ||r5X||%5X

+ > palltorld, + Y. enleoglE, .

mESsp, k mEDsp,k (18)
Y S pleoald,, ¢ anaHn%w),
J€Tk meDl JE€ETk

3D,k

where r is prior residual on the first camera pose state variable
and p;, is any robust cost function. In our implementation,
we use the Huber [56] function. While not being directly
incorporated in this estimation, the trajectory of each object
WL can be recovered by recursively propagating the previous
pose using the estimated motion following (8):

Wi, =, "H,.."H,, VL, (19)

where s is the first time-step at which this object is observed.
This method requires an arbitrary first pose WL, to be defined,
which anchors the resulting trajectory. Since the estimated mo-
tion is an absolute motion, we can define this pose anywhere
relative to {W'}. Practically, we construct ' L, upon the initial
observation of an object using the centroid of all object point
observations as its position and identity as its orientation. In
addition, any method that provides object pose, such as learned
techniques, can easily be adopted. For experiment evaluation,
we use the ground truth object pose to set VL., aligning the
origins of estimated object trajectories and that of the ground
truth to facilitates proper evaluation as discussed in Sec. VI-B.

C. World-Centric Pose Estimator

Up to this point, we have used the rigid-body motion YH
to directly parametrize the object state. This perspective, used
in both our work and prior studies, has enabled effective
estimation of object motion and recovery of object pose.
However, while kf‘{Hk provides valuable insight regarding
object dynamics, directly estimating the object pose WL is
highly relevant for downstream tasks. We therefore propose the
World-Centric Pose Estimator (WCPE), a novel formulation

osLL

Fig. 4: World-centric pose formulation factor graph. As with the previous
formulation (shown in Fig. 3), three static landmarks (blue) and one dynamic
landmark (orange) are shown. The object pose, L, is shown in yellow with
the modified motion (¢3p,r.1,) and smoothing factor (¢s7,7,) in magenta and
dark blue respectively.

that parametrizes the object state in terms of its pose WL. Un-
like other estimators that use a motion prior [17], [23] between
poses, our formulation uses the rigid-body motion directly as a
constraint between poses, based on the measurement of object
points. This approach therefore demonstrates the importance
of using the absolute motion representation as the foundation
for new Dynamic SLAM formulations.
WCEPE estimates the states:

0= ["VXp," L,V Myl ke K (20)

The core of this approach is as follows: equation (7) shows
how a motion kf‘in explicitly models a pair of consecutive
object poses. Using this idea, we reformulate our factors to
make every "L a variable of the system. The corresponding
factor graph is shown in Fig. 4. Substituting (7) into (16) forms

a new quaternary object motion factor:
Wi Wy Wyp-1 W._.i
I'sp,LL = m% — Lk Lk—l m}cfl. (21)

We similarly define the smoothing factor in-terms of object
pose by substituting (7) into (17). This forms the object pose
smoothing factor:

_ v
rsLr = [log ((WLk—l WL];_lg) (WLk WL;:L))]
(22)
The nonlinear least-squared problem is constructed as:

GMAP _ a,rg;nin(”l‘o”%o + HI'SX”%)(;X

+ > ullroeld, .+ Y. pulvo gl L

S€S3D7k deD}D,k
15 30D SNSRI 31
€Ik meD? JETk

3D,k

(23)

We highlight that our formulation represents both object
motions and their points in the world frame. This differs
from existing methods that also estimate for object pose but
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use an object-centric representation for points [23], [18]. This
small difference is vital to ensure the rigid-body motion model
remains explicit and therefore the potential problems of object-
centric formulations outlined by Morris ef al. [18] are avoided.
Furthermore, by continuing to base our formulation on the
absolute motion representation, we can define {L} anywhere
on the object, as the absolute motion representation is inde-
pendent of the object’s reference frame and pose (Sec. III-A).
This flexibility enables the integration of various initialization
methods, e.g. SLAM front-ends or observation centroids,
without compromising rigid-body kinematic constraints.

V. SYSTEM

Our work is primarily focused on the estimation of object
motions and poses and it is highly relevant to provide an
open-source Dynamic SLAM system to facilitate evaluation
and wide-spread use. Based on the formulations discussed
in Sec. IV, this section presents the DynoSAM pipeline, a
factor-graph-based Dynamic Visual SLAM system.

Our pipeline is broken into the typical frontend-backend
structure. As shown in Fig. 5, our pipeline takes stereo/RGBD,
instance segmentation masks and dense optical flow as input,
and produces globally consistent trajectories of the camera and
objects as well as the static structure and temporal map of each
object (Fig. 5 (a-c)). The front-end (Sec. V-B) processes this
input data to generate static and dynamic feature tracks and
provides initial estimates for the back-end. It is responsible
for object-level data association across frames, ensuring that
features are consistently tracked on the same object to enable
robust estimation. The robust handling of noisy depth and
optical flow data, as well as segmentation inaccuracies, have
been well studied in et al. [11], [54], which serve as inspiration
for our front-end implementation. Further evaluations, while
relevant for real-world deployment, is beyond the scope of this
particular work, since our primary focus is the understanding
and evaluation of the Dynamic SLAM back-end. The back-end
(Sec. V-C) implements our presented formulations in Sec. IV
and defines the Dynamic SLAM estimation problem. It fuses
static and dynamic measurements via a GTSAM-based [28]
factor-graph optimization to produce a globally consistent
estimate of the dynamic scene. Our implementation is flexible
to accommodate any custom formulation for Dynamic SLAM
and options for full-batch smoothing where the system is
optimized over all measurements, as well as a sliding-window
estimation which bounds the size of the optimization problem
are available. We emphasize that while our primary contribu-
tions encompass the back-end of a Dynamic SLAM pipeline,
we highlight that our open-source front-end also includes
implementation improvements, such as multi-threaded object
tracking for improved efficiency, and a range of user options.

We implement both the world-centric motion and pose
formulations explained in Sec. IV as part of our system,
and exhaustively test and analyze them on a wide variety of
datasets, the result of which is presented in Sec. VI.

A. Image Preprocessing

The front-end requires a set of four images Zj as input
per time-step. Each Zj, consists of a RGB image I,f , an

instance segmentation I,f , per-pixel optical-flow I}, and
per-pixel depth I” , as shown in Fig. 5. We undistort and
align I with the depth image I that is obtained from
an RGBD or stereo camera system. Both depth and optical-
flow are expected to be dense and can be obtained from
classical [57] or learned methods [58], [59]. Finally, I;f is
used in the process of masking out dynamic objects from the
static background. Our system requires all background pixels
to be labeled as 0 and object pixels in the scene are labeled
1...n,. This processing is performed online as an integral
part of our complete SLAM pipeline; currently RAFT [58]
and YOLOVS [60] are used to compute dense optical-flow and
semantic instance segmentation respectively.

B. Front-end

The DynoSAM front-end performs per-frame visual track-
ing, producing an initial estimation of camera pose WX,
and per-object motions kl"{?—lk as well as a set of visual
measurements as defined in Sec. IV-A:

Zk = {Sk,'Dk}

The reminder of this section introduces each front-end module.
The Feature Detection & Tracking module (Sec. V-B1) gener-
ates Zj, by tracking static and dynamic features from Zj. These
measurements support camera pose estimation (Sec. V-B2)
and multi-object motion estimation (Sec. V-B3). Joint Optical-
Flow (Sec. V-B4) and Object Motion Refinement (Sec. V-B5)
components are used to further refine camera pose and object
motion estimates.

1) Feature Detection & Tracking: The feature detection and
tracking module matches corresponding static and per-object
features between consecutive frames. I}? and If are used for
feature detection and tracking while I} is used to determine
whether a keypoint belongs to the static background or a
dynamic object. This module ensures consistent tracking of
features on the same object while maintaining sufficient spread
and density of features across frames to preserve the accuracy
of both visual odometry and object motion estimation.

After detection and tracking, all features are initially marked
as inliers and may be marked as outliers during the motion
estimation module as visualized in Fig. 5. Once both static
and dynamic keypoints are tracked, we use the input depth
map [ kD to directly obtain 3D measurements Dsp j and Ssp
from 2D pixel measurements, forming the local map shown
in Fig. 5. We provide a detailed explanation below.

Static Feature Tracking. At each time-step, a sparse set of
detected static keypoints Syp i, are tracked across consecutive
frames using optical flow. Our framework offers options to
select different feature extraction algorithms depending on the
use case; for our experiments we used Shi-Tomasi corners [61]
for indoor environments and ORB [62] features for outdoor
environments. By default, our front-end uses the Lucas-
Kanade tracker [63] to generate feature correspondences. The
input optical flow I}" can also be used when it is reliable.
Once tracked, our front-end performs geometric verification
to discard poor correspondences.

To improve robust tracking, we retain only relevant
features by applying Adaptive Non-Maximal Suppression
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Fig. 5: DynoSAM system diagram. Our pipeline receives RGB, Segmentation, Optical Flow and Dense Depth images (on the left) as input and outputs
static/dynamic map points, object and robot trajectories, shown in (a). A complete front-end is included for feature and object tracking as well as a back-end
where different Dynamic SLAM formulations are implemented. The per-object map and trajectory is highlighted in (b) and the camera trajectory in (c).

(ANMS) [64] to the detected keypoints. This procedure re-
tains only the most informative and reliable features, while
simultaneously promoting a spatially uniform distribution of
features across the image. ANMS achieves this by culling
uninformative features whilst ensuring that a minimum number
of features remain (800 in our experiments). Our front-end
will detect new keypoints on the static structure if the number
of inlier tracks falls below this minimum threshold. This
adaptive mechanism ensures that a consistently high number of
well-distributed features are tracked across successive frames,
thereby enhancing tracking robustness and accuracy.

Dynamic Feature Tracking. We track a dense set of
features Dyp j for each object. Dense tracking is important
to achieve good coverage over the entire observable object for
robust motion estimation [54]. For each dynamic measurement
we maintain an associated object-level label j, such that
features can be associated to the same object between frames.

The instance segmentation mask I} is used to retrieve the
object label j per pixel. While this mask can be generated
from any standard instance segmentation network, many of
these networks do not guarantee that the instance labels will
be temporally consistent. Before tracking dynamic keypoints,
object masks are tracked using [65]. We then remap the
original instance labels to a temporally consistent label j per
object. If the user has their own instance segmentation and
tracking method, they can choose to bypass this algorithm.
In that case, the user only needs to ensure that each pixel
represents the unique tracking label j.

Although the instance segmentation mask I,f is able to
separate objects from the background, it cannot distinguish
between static and moving objects. To address this, we use the
method of Zhang et al. [54] to identify moving objects based
on scene flow, allowing us to focus on tracking features only
on the dynamic objects. This module can be easily modified to
integrate learning-based methods to identify moving objects.

Once the moving objects in the image are identified and
tracked, dense features are extracted by sampling keypoints
uniformly within each tracked object mask. Optical flow

IF is then used directly to find the correspondences between
frames. Our tracking algorithm ensures that, where possible,
a consistent and significant number of features (800 in our
experiments) on each object are tracked. Similarly to static
points, only inliers from the previous frame are used.

2) Initial Camera Pose Estimation: At each time-step,
static measurements S, are used to estimate the initial camera
pose. As shown in the motion estimation module in Fig. 5,
the first step is the PnP algorithm [66] which estimates WX,
by minimizing the re-projection error:

'2D,R = ZéD,k — W(lezl Wm’) (24)

between the tracked static keypoints in the current frame at
time-step k£ and the local map constructed from the previous
frame. RANSAC verification and outlier rejection is performed
using the implementation as provided by OpenGV [67] to
obtain robust initial estimation of the camera pose. This initial
camera pose is further refined through joint optical flow and
pose optimization method detailed in Sec. V-B4.

3) Initial Object Motion Estimation: The initial object
motion kf‘{Hk € Hjy, is estimated following the method of
Zhang et al. [15]:

i W~—-1 W W i
r—ZzD,k—W( X w—1Hi mj_q)

= Z%D,k - "T(kl/‘;Gk sz—ﬂ’

(25)
(26)

where kf‘{(}k = WX,Zl kf‘in Since (26) is in the same
form as (24), we can solve for kf‘{Gk in the same fashion,
and the object motion:

w w w
p—1Hi =" Xp 121G

can be directly recovered. As before, RANSAC is used to
detect outliers and update the inlier tracks in the current
frame. Building on [15], we enhance the initial object motion
estimation and refine the inlier tracks through two additional
steps, detailed in Sec. V-B4 and Sec. V-BS5, respectively. The
method proposed in Sec. V-B4 was used in [15] to improve
the estimation and tracking. With the addition of Sec. V-B5
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our method augments this process to further improve the
estimation and identify outliers. At each stage of the refine-
ment process, the set of inlier tracks is updated, significantly
improving the robustness of the estimation. The three-steps
outlined assumes that the motion of each object is independent,
allowing DynoSAM to parallelize the object motion estimation
process by handling each object instance in a separate thread.

4) Joint Optical-Flow Refinement: Following the work
of [15], [54], the optical-flow is jointly refined with the camera
pose and object motions. This step ensures robust and accurate
tracking of both static and dynamic features and helps to
account for any errors in the initial optical-flow calculation.
The measured flow and the associated SE(3) transformation
are jointly refined by reformulating the re-projection errors
from (26) and (24) in terms of the measured flow:

rfH =2Zp 1+ 1, — (., 2 Gr Vmj_))

i i - i @7
rrx =Zpj_1 + 1, — W(WXk ' Wm')

where fj_1 j defines the optical flow between two keypoints:

fr—1,k = ZoD.k — ZoD,k—1.

Given 3D-2D point correspondences, the resulting non-linear
least squares problem is formulated using a factor graph:

N N
<Z pulrsols, + ZIIro(f)II%O> ;

) % (28)
where 6 represents either "V X, camera pose or kl}[{Gk in
the case of object motion estimation. Depending on 6, ry g
is either ry x or ry g, as in (27). The covariance matrix
o € R?*2 associated with the flow prior ro(f) is diagonal
and associated with the measured optical-flow. As each object
moves independently, we construct and solve this optimiza-
tion problem in parallel per object. During optimization, we
enhance robustness by eliminating additional outliers, specif-
ically those exhibiting large re-projection errors.

{6,614} = argmin
0.8k 11}

5) Object Motion Refinement: The object motion estimates
can be further refined by employing the rigid-body motion
model defined in (16) to formulate an additional nonlinear
least-square optimization problem that directly estimates the
object motion kf‘{Hk In contrast to the preceding step, which
uses a 2D pixel error, this residual function is based on 3D
point errors. Empirically, we have observed that this 3D-
based approach significantly enhances estimation accuracy and
removes additional outliers not previously identified. Using the
motion estimate from the previous step as an initial estimate,
the motion only refinement graph shown in Fig. 6 is build per
object and defines the nonlinear least-squares problem:

GkMAP :arggﬂn(”rg(ka_l)ﬂéo + ||I’0(WX]€)||%O (290)

+ Y sl . (29.1)
D} ,uD}

+ Z ||r3D,H||§)3DyH>, (29.2)
D! ,uD!

Fig. 6: Factor graph representing the motion only refinement graph. For each
object j € Jx, the motion is refined by minimizing the 3D motion residual
using measurements of points tracked between k£ — 1 and k. In our example
we show the dynamic points in orange, the motion in green, the 3D motion
residual in purple and the re-projection factors in white. We only show two
sets of points ¢ and ¢ + n, while in reality there would be n motion factors.
The Levenberg—Marquardt solver is used to obtain the fi-
nal object motion estimate kf‘{Hk. Based on (24), (29.1)
forms projection factors with an associated covariance matrix
Yap,r € R?*2, connecting dynamic points and the observing
camera poses at time-step k£ — 1 and k. (29.2) describes the 3D
motion residual of (16) and connects the common motion with
each tracked landmark. ¥3p 5 € R3*3 is the associated co-
variance matrix. Equation (29.0) represents prior factors on the
camera poses. Since this refinement step focuses exclusively
on improving object motion estimation, and not camera pose, a
strong prior on the camera poses are used during optimization
achieved by assigning the covariance matrix ¥ € R6*¢ with
very small values (e.g. o = 0.0001).

C. Back-end

The back-end fuses static and dynamic measurements to
jointly estimate the trajectory of the camera and each object
as well as a global map of static and dynamic points. Our
back-end allows different Dynamic SLAM formulations to
be selected and used for estimation. Full-batch and sliding
window methods are provided for optimization.

As previously discussed, formulations can represent objects
using different state variables (poses or motions as shown
in this work) and in different frames of reference (locally
as in DynaSLAM II [23] or in the camera frame as in
MVO [17]). Therefore, to support modularity, evaluation and
use in downstream applications DynoSAM defines a common
interface between the formulation the system output. A pose-
estimation processing step is implemented that converts all
estimated states into a common output:

O, = [WXka kl/‘inv WLk, WMk] kek (30)

If the formulation used does not directly estimate a required
output element, it must be computed directly from the avail-
able information. This behavior is enforced in DynoSAM’s
back-end implementation via clear layers of abstraction.

D. Implementation

The camera pose and motion estimation algorithms de-
scribed in the previous sections are implemented in C++.
GTSAM 4.2 [28] is used for all non-linear optimization
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(b)

(d) (e)

Fig. 7. Example scenarios from datasets used: (a): KITTI tracking, (b): OMD, (c): Outdoor Cluster, (d): TartanAir (Shibuya), (d): VIODE.

problems which are solved using Levenberg-Marquardt. For
all experiments, unless otherwise specified (Sec. VI-E), full-
batch optimization is used.

At each time-step, the back-end component constructs a
system by incorporating new factors and variables based on
inputs from the front-end, which consists of initial estimates
for the camera pose VX, per-object motions kl"{?—l  and a set
of visual measurements Zj. After optimisation, the estimates
are processed to generate the output Ok.

For both formulations discussed in Sec. IV, the system
defines new variables at each time-step for , " Hy or V'L,
which represent the state of each object, and initializes from
the front-end where applicable.

The combination of factors and state variables results in
a Dynamic SLAM problem that, compared to a typical static
SLAM system, is significantly more complex, and may contain
ternary (16) and quaternary edges (21). Despite the significant
increase in graph size and associated bookkeeping DynoSAM
efficiently manages the construction of each graph. DynoSAM
achieves this by decoupling the measurement bookkeeping
from the implementation of individual Dynamic SLAM for-
mulations through abstraction layers, as mentioned in the pre-
vious section. This design choice dramatically simplifies the
implementation of new formulations, allowing researchers to
easily experiment with different approaches. Further technical
details regarding graph construction and the abstractions used
are available in our documented open-source software.

Finally, we note that loop closure has not been incorporated
into the system and is beyond the scope of this work.

VI. EXPERIMENTS

The primary focus of this work is the estimation object mo-
tion and pose. Hence, we evaluate both DynoSAM’s WCME
(Sec. IV-B) and WCPE (Sec. IV-C) formulations on a range of
indoor and outdoor datasets featuring diverse dynamic objects
and contain ground truth for both camera pose and object mo-
tion/pose. To facilitate a wide range of comparison we evaluate
DynoSAM on the KITTTI tracking [68], OMD [52] and Out-
door Cluster [24]>. We use VDO-SLAM [15], MVO [17] and
ClusterSLAM [24] as state-of-the-art Dynamic SLAM systems
to assess our object motion/pose estimation. Furthermore, we
propose a new evaluation metric for object motion and discuss
how it better facilitates comparison across systems.

In addition to object motion/pose, we evaluate our camera
pose estimation by comparing against DynaSLAM II [23],

2The datasets are provided in addition to the paper and can be found at https:
//huangjh-pub.github.io/page/clusterslam-dataset/. Note that the ground truth
rotation is actually in [qw, gz, qy, gz] form instead of the [qz, qy, gz, qu]
format stated on the website

VDO-SLAM [15], MVO [17], ClusterSLAM [24], Air-
DOS [29], ORB-SLAM3 [4] and DynaVINS [20]. Datasets
that do not contain ground truth object information, such as
TartanAir Shibuya [29] and VIODE [69], are also included to
validate the accuracy and robustness of our camera pose esti-
mation in highly dynamic and challenging environments. Our
evaluation is conducted using the metrics outlined in Sec. VI-B
and provides a comprehensive assessment of these systems. All
evaluation metrics are included in our open-source framework
and are based on the implementation of evo [70].

A. Datasets and Third Party Results

1) Sequences with Camera & Object Ground Truth: We
use the KITTTI tracking dataset [68], Outdoor Cluster [24] and
OMD [52] (Fig. 7 a-c) to evaluate object motion and pose
estimation in scenes with multiple objects, complex motion,
occlusion, and semi-rigid entities such as cyclists. We use a
processed version of the KITTI tracking dataset containing
ground truth information per object per frame. Outdoor Cluster
is simulated and provides ground truth. OMD uses a Vicon
system to capture all ground truth trajectories [52].

KITTI and Outdoor Cluster represent large-scale outdoor
driving scenarios with numerous moving objects. However,
most of these objects experience relatively constant motion.
We therefore additionally include swinging_4_unconstrained
(S4U), the OMD sequence with the most challenging dynam-
ics, which features 4 swinging cubes with unconstrained and
unpredictable motions. The hand-held camera motion further
increases the difficulty. While MVO uses another OMD se-
quence to test their object re-association ability after occlusion,
this functionality is not relevant for motion evaluation and is
therefore not assessed in this work.

2) Challenging Sequences with Only Camera Ground
Truth: While not our primary focus, evaluating camera pose
estimation is crucial to demonstrate DynoSAM’s accuracy
and robustness in challenging conditions, including dynamic
objects, occlusions, and low light. We test on the simulated
TartanAir Shibuya [29] and VIODE [69] datasets. TartanAir
features over 30 moving humans with complex motions that
frequently occlude the view (Fig. 7 (d)). VIODE poses further
challenges with full occlusion scenarios as shown in Fig. 7 (e),
low-light, and includes UAV-like motion with extreme trans-
lation and rotation. This dataset additionally contains IMU.

3) Obtaining Third Party Results For Object Motions:
Obtaining consistent object motion/pose evaluation from third-
party systems is challenging due to limited open-source op-
tions and different metrics and formats. Of the Dynamic
SLAM systems we compare against, only VDO-SLAM [15]
is open-source, and we used it to generate results directly. To
ensure fairness we run VDO-SLAM on the same processed
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data as DynoSAM. VDO-SLAM shares the underlying motion
formulation with WCME but differs in its use of g2o0 [71] for
optimizations, as well as in its front-end design and tracking
strategy. MVO [17] reports object motions for a few sequences,
and the authors kindly provided results on S4U and KITTI 00
for our evaluation. ClusterSLAM [24] uniquely reports average
camera and object pose errors accumulated over all Outdoor
Cluster sequences. We therefore report an accumulated average
error on this dataset and compare against the values reported
by Huang et al. [24]. DynaSLAM 1I [23] provides per-object
pose errors for a few selected objects per sequence. On the
KITTI dataset, without source code, we cannot align object
IDs and thus unfortunately compare only camera pose for
these sequences reported in their paper. We however note that
DynoSAM improves upon DynaSLAM II's reported object
pose estimation by 91% in rotation and 36% in translation.

B. Metrics

This section details the metrics used in our DynoSAM
framework to evaluate the accuracy of pose and motion
estimations for camera and objects. For any error E;, € SE(3)
at time-step k£, we compute and report the root-mean-squared
error (RMSE) of the translation and rotation component sep-
arately throughout a sequence:

E; = RMSE(trans (Ey))
E, = RMSE(rot (Eg))

RMSE(e) = | 3 e
kex

where ey, is the scalar error of either the Lo norm of the trans-
lational component, denoted as trans (Ey), or the angle of the
rotational component, denoted as 7ot (Ex), of E; € SE(3).

€2V

1) Pose Evaluation: Camera and object pose estimation
accuracy is evaluated using Absolute Trajectory Error (ATE)
and Relative Pose Error (RPE) as defined by Sturm et al. [72].
Given a ground truth transformation M, € SE(3) at k and
a corresponding reference estimate My € SE(3), the ATE is
defined as:

ATE = RMSE(trans (M}, My ) ). (32)

The ground truth reference frame is emphasized in red to
clearly distinguish it from the estimated reference frame.

ATE is commonly used to assess the global consistency in
trajectory estimation [3], [23], [25] and we use ATE to evaluate
the accuracy in camera pose. We do not evaluate ATE for
objects since it greatly depends on the ATE of the camera and
how the object frame is defined for each system.

We use the RPE metric for camera and object pose evalua-
tion. Unlike in some classical visual SLAM systems [3], [68]
where RPE evaluates the accumulated camera pose errors over
distance traveled, this RPE metric quantifies the difference in
relative poses between consecutive frames and is employed by
state-of-the-art Dynamic SLAM systems [17], [23], [24], [25]:

RPE;, = (M.}, M) (M1, My).  (33)

We report translation and rotation error separately using (31).
For camera pose, we set M = WXk to compute ATE and
RPE. We assess object RPE by setting M = YL

2) Motion Evaluation: The primary scope of our work
focuses not only on poses but, more importantly, on object
motion estimation. For proper motion evaluation, we must
again consider how the motion changes when represented in
different frames. As discussed in Sec. III-A, the local motion
of an object depends directly on where the body frame is
defined on the object. Since the object frame may be arbitrarily
defined, there is no guarantee that the frame {L} for any object
7 will align between different systems and with the ground
truth. Setting M = WL, in (33) and evaluating the object
RPE, as many systems do, highlights the potential discrepancy:

L

RPE, (L) = "} 'H L " 'H,,

otk k—1

as this error compares the ground truth motion in the ground
truth object frame with the estimated motion that is repre-
sented in the estimated object frame. Therefore, depending on
the definition of {L} relative to {L;} the reported error may
be highly inconsistent.

An obvious solution is to instead directly evaluate the
observed motion "H. This representation is agnostic to
the placement of the object frame on the rigid-body and is
shared between all systems, including ground truth. However,
expressing the motion error in the world frame has the
unintended effect of ‘scaling’ the error’s magnitude with the
objects position relative to {WW}, as shown in Appendix B.
Consequently, even a small discrepancy in the actual motion
can have a large error when the object is far from the origin.

To resolve both of these issues, we propose a new metric,
Motion Error ME, that evaluates all motions in the ground
truth object frame as a local object frame that is common
to all systems. This metric can be easily calculated from the
observed motion representation using (35) or if the transform
between the estimated and ground truth object frame is well
defined. For each object j at k, ME is defined as:

_ Lgk 19y—1 Luk 1
ME,, = " HL P, (34)
where
w
Lgr,k 1 _ Wy —1 w w
klek - Lgt,k—l k—lHk Lgl»k—l' (33)

Conceptually, ME compares the ground truth motion in the
ground truth frame with the estimated motion also expressed in
the ground truth object frame. Equation (35) demonstrates how
the estimated motion ,J‘{H;c can be expressed in the ground
truth object frame using only ground truth object poses.
While both RPE and ME evaluate the accuracy in relative
transformations along an objects trajectory, ME is agnostic to
how each system defines the object frame. By accounting for
any differences in definitions, this metric facilitates valid com-
parisons between systems. As most existing systems primarily
evaluate RPE for objects, we report both RPE and ME metrics.
However, we primarily focus on analysing ME as we believe
this is a better indicator of accuracy.
As before, we report the RMSE for the translation and
rotation error throughout the sequence for all objects, follow-
54 pt
0.75in
19.1 mm

54 pt
0.75in
19.1 mm



54 pt
0.75in
19.1 mm

Margin requirements for the other pages
Paper size this page US Letter

54 pt
0.75in

IEEE Transactions on Robotics (T-RO) paper, presented1gt1IEﬁA 2026, Vienna, Austria. Cite as T-RO paper.

TABLE I: Quantitative evaluations of camera trajectory (ATE and RPE) against other Dynamic SLAM systems. Entries marked with ‘-> indicate that results
are not available for that sequence. Best results are marked in bold and second best with underscore.

KITTI Outdoor Cluster OMD
00 01 02 03 04 05 06 18 20 L1 L2 S1 S2  avg S4U
DynaSLAMII | 129 231 091 069 1.42 1.34 0.19 1.09 1.36 = . . = = 0.21
. VDO-SLAM | 3.37 6.74 247 212 453 3.8 045 9.94 7.82 - - - - - 0.19
£ ClusterSLAM - - - - - - - - - - - - - 0.53 -
E MVO 1.53 - - - - - - - - - - - - - 0.05
<  WCPE (ours) | 0.82 2.00 073 0.82 2.01 158 0.31 1.84 1.26 | 061 052 009 0.13 034 | 0.11
WCME (ours) | 0.82 2.00 0.73 0.82 201 158 031 184 1.26 |061 052 009 013 034 | 0.11
DynaSLAM II | 0.06 0.04 0.02 0.06 0.06 0.03 0.04 0.02 0.04 = . 5 s = =
~ VDO-SLAM | 0.08 0.05 0.03 003 006 003 01 003 004 = - - = = 0.77
~< ClusterSLAM - - - - - - - - - - - - - 1.15 -
| MVO 0.19 - - - - - - - - - - - - - 0.76
&  WCPE (ours) | 0.05 0.03 0.02 0.05 0.06 0.06 0.05 004 0.04|0.02 002 001 0.02 002| 0.69
WCME (ours) | 0.04 0.03 0.02 005 006 0.05 005 0.04 004|002 002 001 002 0.02| 0.69
DynaSLAM II | 0.04 0.05 0.04 0.04 0.07 006 0.02 0.05 0.07 = = . = = =
~ VDO-SLAM | 0.09 0.15 0.05 0.09 0.14 0.11 0.04 0.09 0.30 - - 5 - - 0.12
\Ei ClusterSLAM - - - - - - - - - - - - - 1.10 -
g MVO 0.07 5 5 = = = = 5 = = = 5 = = 0.004
& WCPE (ours) | 0.04 0.04 0.03 0.05 0.07 0.05 0.01 004 0.04 | 004 0.02 0.01 002 0.02 | 0.006
WCME (ours) | 0.04 0.04 0.03 005 006 0.05 0.01 004 002|004 001 001 002 0.02| 0.006

ing (31). We report average motion error for each sequence.
However, DynoSAM also outputs per-object errors for more
detailed comparison if necessary. Only objects observed for at
least 3 consecutive frames are included.

3) Frame Alignment: To ensure our framework performs
fair and accurate evaluation, it is vital that we correctly align
the world, the camera and object frames with their respective
ground truth frames. During experiments we align the ground
truth origin to the estimated trajectory using Umeyama’s
method [73]. For camera pose evaluation, the estimated and
ground truth states share a common and well defined reference
frame, making alignment and comparison simple. To facilitate
a valid evaluation of RPE, we define the start of each object
trajectory using the first ground truth object pose, i.e. (19) to
ensure a common object frame definition. To guarantee that
the estimated objects also share the same world frame, we
calculate kf‘{Hg[,k and WLgt7k directly from the dataset using
the newly aligned ground truth odometry.

C. Camera Pose Error

Table I, Table II and Table III show comparisons of camera
pose estimation using ATE and RPE. Our results demonstrate
that in RPE, we predominantly achieve better results than all
other systems. In cases where we perform worse, the difference
is marginal with the maximum error difference being 0.02° in
rotation and 0.02m in translation.

ATE is a measure of global consistency and accumulated
drift. Across all datasets we demonstrate comparable and in
some cases better results than other systems. Notably on the
TartanAir (Shibuya) dataset, we perform better than VDO-
SLAM in all cases and AirDOS in most sequences, as shown
in Table II, demonstrating our robustness in environments with
a large number of (non-rigid) dynamic objects. DynaSLAM II
produces marginally better results over KITTI Sequence 03—
18 in ATE. We believe this is due to our more conservative
motion segmentation algorithm which results in relatively
fewer static tracks, particularly in scenes with many objects.

This introduces greater rotation bias into the visual odometry,
notably on longer sequences, thus increasing the ATE.

The VIODE dataset is challenging due to the camera’s
complex motions and scenarios of full occlusion by dynamic
objects. Song et al. have demonstrated with their Visual-
Inertial Odometry (VIO) system, DynaVINS [20], that, in
these situations, tight IMU integration is vital for robust ego-
motion estimation as no static features are available. We
therefore tightly integrate the IMU into our backend using the
preintegration method of Forster et al. [74] for the VIODE
experiments. This highlights the flexibility of our framework
to easily integrate inertial data. Table III shows DynoSAM’s
superior RPE on the majority of sequences. Compared with
ORB-SLAM3 [4] (running in IMU mode), we demonstrate
superior robustness as DynoSAM completes all sequences
while ORB-SLAM3 fails on three, as indicated by *. While
we outperform DynaVINS [20] in RPE, DynaVINS produces
the best ATE, likely due to its comprehensive mechanism
that rejects dynamic object features using IMU-informed pose
priors. Consequently, DynaVINS is more robust during the
transition phase of total occlusion. These situations occur in
all VIODE sequences and biases DynoSAM’s eventual ATE,
but do not affect our RPE accuracy on average. However, we
believe that DynaVINS’s VIO mechanism is complimentary
to our system and can be integrated in the future to improve
overall accuracy and robustness. Running DynoSAM without
the IMU results in the estimation diverging, as indicated by
 in Table III. We omit the numerical results due to space
limitations and because it is clear from the DynaVINS paper
that the IMU is needed in these challenging conditions [20].

Finally, both proposed DynoSAM formulations demonstrate
almost identical performance. This is expected as they share
a common formulation for visual odometry.

Overall we demonstrate our camera pose estimation is
accurate and robust in various highly dynamic environments
that include rigid and non-rigid objects, full occlusion and
complex camera motion. We outperform most systems on RPE
and produce comparable if not better ATE results. The IMU
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TABLE II: ATE evaluation of camera pose on TartanAir (Shibuya) [29]
compared against AirDOS [29] (with mask) and VDO-SLAM [15].

TartanAir Shibuya

Standing Road Crossing ~ Road Crossing

Human (Easy) (Hard)

I I 111 v \% VI VII
- AirDOS 0.06 0.02 0.10 0.03 0.02 0.22 0.56
E VDO-SLAM | 0.10 0.61 0.38 039 0.22 024 0.66
= WCPE (ours) | 0.03 0.03 0.02 0.02 0.03 0.04 0.18
< WCME (ours) | 0.02 0.04 0.02 0.02 0.04 0.03 0.19

TABLE III: ATE and RPE evaluation of camera pose on VIODE [69]
compared against DynaVINS [20] and ORB-SLAM3 [4]. Both systems are run
in stereo-inertial mode. DynoSAM is run with full IMU fusion in the backend
and sequences marked with T indicate failure cases (i.e. trajectory divergence)
without the use of the IMU. * indicates total failure cases. Mid/High labels
indicate sequence difficulty and number of dynamic objects.

VIODE
City Night
Mid  Highf

City Day
Mid  Hight

Parking Lot
Midf  Hight

0.104 0.150
0.217

2.515 2.128
2.515 2.128

0.024 0.027
0.008 0.014
0.008 0.014

0.087
0.049
0.049

0.194
1.693
1.360
1.360

0.147 0.056 0.065
3.006 * *

2.560 1.377 0.764
2.560 1.377 0.764

0.019
0.006
0.006

0.126
0.036
0.036

DynaVins
ORB-SLAM3
WCPE (ours)
WCME (ours)

ATE (m)

0.019
0.015
0.015

0.023
0.020
0.020

0.015
0.005
0.005

DynaVins
WCPE (ours)
WCME (ours)

0.09
0.105
0.105

0.102
0.070
0.070

0.096
0.190
0.190

0.111
0.040
0.040

DynaVins
WCPE (ours)
WCME (ours)

RPE,(°) |RPE; (m)

integration on the challenging VIODE dataset further demon-
strates the flexibility of our framework and the robustness of
our algorithm under these challenging conditions.

D. Object Motion and Pose Errors

Table IV report object motion and pose errors across all
sequences. Table V summarizes the average percentage im-
provement of our approach over existing systems to highlight
our framework’s consistent accuracy. As discussed previously,
we have found comprehensive comparison challenging due
to the limited number of open-source systems and sequences
that each system reports on. We report both RPE and ME
evaluations, but we focus on ME since we believe this metric
is more accurate for evaluation between systems (Sec. VI-B2).
However, existing systems do not report ME and many are
closed-source. We use ‘-’ to indicate sequences where results
could not be obtained.

ClusterSLAM [24] only reports RPE as an accumulated av-
erage. Table V shows that our framework is upwards of 6 times
more accurate in both rotation and translation, demonstrating
our superior performance.

Table V demonstrates that DynoSAM outperforms
MVO [17] across all metrics, except in RPE, on the
OMD where MVO is more accurate by a small margin.
Our framework is particularly accurate in translation, with
a 39% improvement in ME; and 12% improvement in
RPE;. However, reporting the ME individually for each
object in the S4U sequence in Table VI shows that that
DynoSAM outperforms MVO on most objects, thereby

reinforcing our accuracy even on this highly dynamic dataset.
We additionally outperform VDO-SLAM on all objects.
Compared to DynaSLAM II we show an average 445%
improvement in object ATE.

Compared to VDO-SLAM [15], our framework in general
exhibits superior accuracy in object motion and pose esti-
mation. Such improvement is particularly pronounced on the
OMD, where DynoSAM is 34% more accurate in rotation and
21% in translation errors, as measured by the ME metric. How-
ever, there remains some situations such as KITTI 05, 06 and
18 where VDO-SLAM performs better. While the difference
on KITTTI 05 is marginal, 06 and 18 exhibit larger performance
differences that merit further investigation. Although these two
systems share a similar WCME formulation and are expected
to yield comparable results, they differ in the solvers they
use and in their underlying approaches to object tracking.
Since we report performance averaged across all objects, such
variations can significantly affect the final results, especially
in sequences with many objects (KITTI 18). We believe this is
a key reason for the discrepancies in the corresponding VDO-
SLAM and DynoSAM performances. In the future, we will
explore tracking quality by including the MOTP metric [23];
however, this is outside the main scope of this paper.

Finally we compare between WCME and WCPE. Across
all sequences the average error difference is only 0.06 m in
translation and 0.11° in rotation, demonstrating comparable
performance. Out of the 14 sequences tested there are only
three sequences (KITTI 03, 06 and 20) where the difference
in error is greater than one standard-deviation, calculated
independently for translation and rotation across all sequences.
In these instances, WCPE’s slightly degraded performance is
likely due to its sensitivity to object pose initialization.

In WCPE, object poses are initialized at each time-step
using the centroid of observed object points. Since these
observations often represent only a partial view of the object,
the resulting initialization may not be consistent with previ-
ous estimates, introducing additional noise. This limitation
can be mitigated in future work by using pose prediction
methods to provide better priors or serve as complementary
measurements. While WCPE is not necessarily expected to
outperform WCME in motion estimation specifically, it re-
mains highly relevant, as direct pose estimation is attractive
for many downstream applications such as navigation [27]
and reconstruction [8]. Therefore, we believe that it remains
relevant to introduce WCPE and examine its performance
despite the slight degradation in motion accuracy.

Finally, Fig. 8 compares the per-frame ME before and after
optimization on object 2 (cyclist) from KITTI 00, highlighting
our accurate estimation across the entire trajectory. These
results further demonstrate our systems capability to deal with
only partially rigid objects, i.e. a cyclist, despite its motion
breaking the explicit rigid-body assumption. We hypothesize
that as long as the object experiences a single predominant
motion, and sufficient object points can be tracked, our method
will recover the overall trajectory, as shown in Fig. 8 (c).
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TABLE IV: Quantitative evaluations of average object motions (ME) and poses (RPE) for all experiments. Entries marked with ‘-

5

indicate that results are

not available for that sequence. Best results are marked in bold and second best with an underscore.

KITTI Outdoor Cluster OMD
00 01 02 03 04 05 06 18 20 L1 L2 S1 S2 avg. S4U
VDO-SLAM 1.38 2.15 1.68 0.39 2.8 0.48 2.8 0.36 0.47 - - - - - 0.96
5> ClusterSLAM - - - - - - - - - - - - - - -
E MVO 3.36 - - - - - - - - - - - - - 1.1
S WCPE (ours) | 1.23 091 095 0.27 0.76 0.56 2.8 1.15 0.39 | 0.86 0.74 0.68 240 1.17 1.6
WCME (ours) | 1.29 0.86 1.06 0.26 1.01 0.49 0.39 0.6 0.33 | 0.82 0.70 0.69 236 1.14 | 0.71
VDO-SLAM 0.11 035 043 0.15 0.38 0.19 11 0.16  0.57 - - - - - 0.02
‘e ClusterSLAM - - - - - - - - - - - - - -
;:]3 MVO 0.27 - - - - - - - - - - - - - 0.03
S WCPE (ours) | 0.09 0.40 0.73 0.15 0.1 0.14 022 031 0.39 | 0.07 0.08 0.03 0.13 0.08 | 0.07
WCME (ours) | 0.15 034 04 0.15 009 0.13 0.11 020 0.05 | 0.08 0.06 0.04 0.15 0.08 | 0.02
VDO-SLAM 140 125 1.34 032 1.04 0.64 1.49 0.38 047 - - - - - 3.3
6:, ClusterSLAM - - - - - - - - - - - - - 10.3 -
o MVO 2.7 - - - - - - - - - - - - - 3.1
& WCPE (ours) | 1.27 089 1.02 027 074 0.6 3.00 1.38 0.37 1.7 234 061 207 1.68 4.1
WCME (ours) | 1.38 0.80 1.06 0.27 1.04 062 274 1.16 0.33 1.3 228 0.67 2.00 1.56 &2
VDO-SLAM 0.28 034 030 0.20 094 0.17 046 0.13 0.09 - - - - - 0.06
E  ClusterSLAM | - - - - - - - - - - - - 865 -
5 Mvo 028 - - - - oo oo o005
a WCPE (ours) 043 1.18 2.0 0.67 1.28 2.6 1.84 217 0.09 | 1.84 0.74 099 163 1.33 0.06
WCME (ours) | 0.27 0.32 0.79 0.19 092 0.16 0.48 0.2 0.12 1.9 0.72 094 1.50 1.27 | 0.04
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Fig. 8: Example of per-frame ME before (a) and after (b) optimization using the WCME. We show results for object 2, a non-rigid body (cyclist) on KITTI
00. Translation and rotation errors are shown individually; along the top and bottom rows respectively. The resulting trajectories are compared to the ground
truth in (c¢). These results demonstrate our systems capacity to handle non-rigid bodies in the case where the object experiences a predominant motion.

TABLE V: Average percentage improvement of DynoSAM Motion es-
timator compared to state-of-the-art Dynamic SLAM systems. Green cell
blocks indicate improvement over existing systems while red blocks indicate
relatively worse accuracy.

| VDO-SLAM [15] | ClusterSLAM [24] |MVO [17]

ME’!‘ (O ) -
ME¢(m) —
RPE,(°)
RPE¢(m)

E. Sliding Window Optimization

We have so far presented results from a full-batch solution
that incorporates all measurements into a single optimization.
This solution, while accurate, is computationally intensive and
unsuitable for online use. Moreover, we hypotheise that object
motions should exhibit increasing independence over extended
time horizons, even for objects with strong motion priors, such

TABLE VI: Per-object ME and ATE errors on the OMD (S4U) using the
WCME. Object ID’s correspond with the following object’s in the dataset -
1: top left, 2: top right, 3: bottom left, 4: bottom right.

R 2 3 4
VDO-SLAM | 1.256 0.770 0.907 0.927
ME,(°) MVO 0.542 0843 1.648 0.854
DynoSAM (ours) | 1.138 0.544 0443 0.474
VDO-SLAM | 0.0243 0.0234 0.0148 0.0293
ME (m) MVO 0.0169 0.0269 0.0232 0.0309
DynoSAM (ours) | 0.0214 0.0233 0.0086 0.0291
DynaSLAMII | 041 037  1.09  0.28
ATE(m) 0 0SAM (ours)| 0.09 021 008 0.15

as vehicles on highways, thus making optimization over the
global trajectory potentially unnecessary.
Therefore, we implemented a sliding-window approach that
solves smaller, more efficient batch problems every w frames,
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TABLE VII: Average object ME comparison of full-batch vs. sliding
window approach on the KITTI and OMD datasets.

Full-Batch Sliding Window
ME;(°) ME¢(m) | ME,(°) ME(m)

KITTI 00 1.11 0.072 1.039 0.065
OMD (S4U)| 0.729 0.022 0.659 0.021

reusing estimates from the previous window to initialize
overlapping variables. As shown in Table VII the sliding-
window method achieves marginally better per-frame error.
Furthermore, Fig. 9 compares the per-frame error of each ap-
proach. The average ME for each object on the KITTI 00 and
OMD sequences is reported. Note that full-batch demonstrates
slightly more consistent accuracy, as seen in Fig. 9 (a) between
frames 70 and 85. The larger error occurs at window overlap
and is likely a result of poor front-end tracking at that frame.
Our preliminary results indicate that incorporating motion data
over a receding time horizon is beneficial.

F. Computation Time

Fig. 10 presents the runtime breakdown for each module
in the front-end. The feature tracking module, which includes
feature extraction, matching, and geometric verification, re-
quires less than 50 ms. The motion estimation module, respon-
sible for estimating the camera pose and all object motions
per frame, averages 100 ms to produce all estimates. However,
the majority of processing time is spent on the object motion
refinement component, which takes approximately ~250ms
per object to solve the nonlinear optimization problem. The
runtime of this component depends heavily on the number
of points involved in the optimization, leading to significant
variation in processing times.

(a) Per-frame Motion Error on KITTI 00
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Fig. 9: Object motion errors comparing full-batch vs sliding window. We
take the M E (rotation and translation) for each object per frame and report
the average for KITTI 00 (a) and OMD (S4U) (b). The WCME is used for
both sets of results.
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Fig. 10: Runtime breakdown of DynoSAM'’s front-end. (a) shows the timing
for feature tracking and (b) shows the timing per each estimation module
discussed in Sections V-B2, V-B3 (PnP Solve), V-B4 (Joint Optical Flow)
and V-B5 (3D Motion Refinement). (b) uses log-scale for the timing axes.

In our experiments, the time required for full-batch opti-
mization ranges from 80s to 700 s, depending on the size of
the constructed factor graph. While the full-batch optimization
may not meet real-time requirements, it is important to note
that practical applications typically rely on much smaller
sliding window optimizations in the back-end. This approach
significantly reduces computational demands and improves
efficiency for online operation. In our experiments, using a
window size of 20, the average sliding-window optimization
is ~16 s. Future work will focus on enhancing the efficiency of
the back-end, including techniques such as conditional variable
elimination [75], to better support real-time applications.

VII. DOWNSTREAM TASKS

The proposed Dynamic SLAM system accurately estimates
the motions of dynamic objects, as validated in Sec. VI. By
eliminating the need for prior knowledge of motion mod-
els or object categories, our framework enables a range of
downstream applications. This section explores how accurate
motion estimation, produced by our pipeline, can facilitate
dynamic object reconstruction and trajectory prediction, both
of which are crucial for navigation systems.

A. Dynamic Object Reconstruction

Many reconstruction systems assume the environment to
be static and rigid [76], [77], as with static SLAM systems.
Leveraging DynoSAM for object segmentation and motion es-
timation, we show that the output of DynoSAM can be directly
used by a reconstruction system, such as DynORecon [8], to
incrementally map dynamic rigid-body objects.

The accurate motion estimation from DynoSAM facilitates
an easy and efficient integration of new object measurements
into each existing object reconstruction while maintaining
object rigidity. Based on (9), applying kl"{Hk as estimated by
DynoSAM to all points on the object guarantees a consistent
motion from time-step k — 1 to k. Equation (2) and (4) further
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show that the same motion can consistently transform any
reference frame fixed to the object. Similar to the treatment
of object pose in Sec. IV-B and Sec. [V-C, we can define an
arbitrary reference frame that is rigidly attached to the object
body without any prior knowledge of its pose, and use k_V[in
to move this body-fixed frame with respect to the global world
frame. This allows us to express all object points in the body-
fixed frame, “m, where they are static and time-invariant with
respect to their local frame. This representation allows new
observations to be integrated into each object reconstruction
while remaining consistent with previous measurements [8].
Fig. 11 presents an example of DynORecon incrementally
constructing all 4 dynamic objects (free-floating cubes) in ad-
dition to the static background using DynoSAM’s estimations
in the OMD experiment [52]. As shown in Fig. 11 (b-d), ac-
curate motion estimations from the upstream Dynamic SLAM
system enables a consistent incremental surface reconstruction
as the object undergoes complex movement. Building up a
correct representation of dynamic objects, as more of them
are observed, provides a more comprehensive understanding
of moving obstacles in the scene, and is therefore beneficial
to other robotic applications such as planning and navigation.

B. Object Trajectory Prediction

Trajectory prediction plays a key role in path planning and
control in dynamic environments. Safer and more efficient
navigation can be achieved by incorporating the anticipated
future movements of dynamic objects into navigation algo-
rithms [10], [26], [78], [79].

We therefore integrated our DynoSAM pipeline with Tra-
jectron++ [27], a state-of-the-art trajectory prediction algo-
rithm that uses a graph-structured recurrent model to forecast
trajectories. Trajectron++ uses current and historical state
information, including pose and velocity for each object in the
scene to generate real-time 2D predictions. Object poses are
taken directly from DynoSAM’s pose estimates WL, while
velocities are calculated from the estimated motion kf‘{Hk.
This processed DynoSAM output is used to train and test

(a),

13

Fig. 11: Our downstream application, DynORecon [8], incrementally builds
up surface mesh reconstructions of both dynamic objects and static back-
ground in the OMD (S4U) experiment [52]. (a): dynamic object meshes and
their trajectories (uniquely colored) as well as the static background (grey),
in addition to camera pose and trajectory (green); (b-d): the incrementally
constructed mesh of Object 3.
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Fig. 12: Predicted object trajectories based on the output estimation of
DynoSAM. We show inferred predictions compared to the future ground truth
trajectory of Object 2 on KITTI 00. Two snapshots are shown along the
object’s trajectory where (a) illustrates an initial prediction based on only 1
previous state and (b) shows prediction based on 4 prior states.

Trajectron++ on the KITTI tracking dataset (Sec. VI-A). We
trained the base Trajectron++ model from scratch within the
adaptive prediction framework [80].

Fig. 12 presents a snapshot of Object 2’s (cyclist) pre-
dicted trajectory at frames 67 and 103 (a-b respectively).
On average, our predictions closely track the ground truth
trajectory without exhibiting significant overshooting. These
results, while preliminary, demonstrate that estimates from our
Dynamic SLAM framework are accurate enough for trajectory
predictions tasks, and our prediction results are of sufficiently
high accuracy to be leveraged for planning modules [9], [79],
[81], or as informative motion priors within our Dynamic
SLAM framework. Furthermore, our future work will in-
vestigate trajectory forecasting algorithms that generate 3D
predictions fully leveraging the SE(3) output of DynoSAM.

VIII. LIMITATIONS AND FUTURE WORK

Our proposed Dynamic SLAM method achieves high ac-
curacy in both motion and object trajectory estimation, high-
lighting the crucial role of the back-end in generating precise
and smooth object trajectories. While the front-end already
operates close to real time, the back-end is currently solved
in a full-batch manner and will be improved in future work to
support incremental inference.

Currently, our system uses a simplistic approach that relies
on a constant motion constraint to model changes in object
motion. As discussed in [17], this is akin to a constant velocity
model, i.e. zero acceleration, which produces locally plausible
motion but cannot capture motions of accelerating objects as
accurately. Moving forward, we will exploring more sophis-
ticated motion models, potentially through learning, which
better capture an objects the short-term dynamics.

In addition, our system is currently designed to estimate
the motion of rigid-bodies. While we have shown examples
demonstrating its robustness in semi-rigid cases, a more com-
prehensive approach to non-rigid cases is highly relevant.

Finally, we plan to leverage advanced transformer models
such as SAM2 [82], [83] and FlowFormer [59] to improve
scene understanding and explore new directions in Dynamic
SLAM. We have designed DynoSAM with an emphasis on
modularity and extensibility to facilitate such further research.
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IX. CONCLUSION

We have introduced DynoSAM, a cutting-edge, open-source
framework for Dynamic SLAM that represents a significant
advancement in the robotics field. By outlining the key theo-
retical concepts and formulations underpinning our approach,
we provide a robust foundation for tackling the challenges of
estimation in dynamic environments. DynoSAM offers a well-
structured platform for implementing, testing, and evaluating
Dynamic SLAM solutions, empowering researchers to develop
and benchmark innovative methodologies with greater ease
and precision. Importantly, our implementation is designed
for flexibility, with clearly define interfaces between modules,
facilitating integration with existing and new methods. This
contribution paves the way for more reliable and adaptable
robotic systems in dynamic and complex settings.

This paper thoroughly examines state-of-the-art methods
for the Dynamic SLAM problem and introduces a novel
formulation tailored for real-world applications. We highlight
the importance of framing the problem in terms of observed
motion, which enables accurate estimation and recovery of
object trajectories. Additionally, we evaluate all the discussed
formulations and demonstrate that our framework outperforms
existing systems in both motion estimation and visual odom-
etry, setting a new benchmark for Dynamic SLAM solutions.

The paper also demonstrates DynoSAM’s effectiveness in
downstream tasks such as motion prediction and 3D recon-
struction. These capabilities collectively form the foundation
for future dynamic object-aware navigation systems. With
its user-friendly infrastructure and comprehensive evaluation
suite, we aim for DynoSAM to serve as a robust platform for
advancing research in Dynamic SLAM.
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APPENDIX
A. Rigid-body motion on points in the world frame
As discussed in the work of Zhang et al. [15], for any point

on a rigid-body object measured in the world frame "'m;,
there is the following equation:
11% Wy L
m; = Lk ’“mk
(36)

Ly 1

w L
= "Ly _1Hp "*my

] L
simce WLk = WL]C,1 ,:_1Hk

Based on the rigid-body assumption of this object, L+ m;,
is time-invariant, and therefore “m = “*my, = L¢ 1m;_q:

% w Ly 1 L
myg = Lk—l klek 3 1mk_1
w Ly 1 Wy-1 W
= Lk,1 k—lHk Lk—l mpg_1 (37)
= kWHk ka 1
=, _
L — .
where kl}[{Hk = "L, o 1Hy WLkil, an operation

referred to as a frame change of a pose transformation by
Chirikjian et al. [53].

B. Constant motion model in different frames

As discussed by Henein et al. [11], we can show that if the
body-fixed frame pose change is constant then the absolute
reference frame change is constant too:

Li 1 Ly
p—1Hr = C = " Hppy

W H, = "L © VL
WHy o ="L,Cc VLt
WL, ="L,_, C
WH ="L,,ccct VLY,
="L,.,c"L Y

w
= p_1Hg

given that, (38)

However, when the change in local motion is not constant,
the change in absolute motion scales with distance the object is
from {W}. This relationship is highly relevant for the object
smoothing factor in (17) which enforces a constant motion
constraint in the {WW} frame. Let the change in local motion
be defined as:

Ligy—1 L
ta="H e € SE(3) (39)
and the change in absolute motion:
VA ="H ! Hy € SE(3) (40)
We can then say:
WH =" VLY
ppiHere = VLige VL (41)

— WLk‘+1 Wlel WLk+] LA WLfl

k41
w w LA Wp-1
= kHepr " Lep A UL

Substituting (41) into (40) defines the relationship between
the change in motion when represented in the local-body and
world frames:

WA — WLk—‘,—l LA WL—l

k1 (42)

Consequently, the residual and covariance of the object
smoothing factor will increase proportionally with the object’s
pose. To mitigate this effect for our smaller-scale experiments,
we set the covariance of the smoothing factor to a sufficiently
large value. The same ‘scaling’ behavior as represented by (42)
is also present when evaluating motion errors using '~ H
instead of “ H., as a small discrepancies in the local motion
LH can lead to a large error in "H due to 42).
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