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Abstract— This paper introduces a framework for monocular
3D reconstruction of cheetah movements, leveraging a combi-
nation of data-driven and physics-based modeling as well as
trajectory optimization. Unlike traditional methods that rely
solely on kinematics, our approach integrates dynamic motion
principles, enhancing the plausibility and generalization of
motion estimates. Validated on the cheetah running dataset,
AcinoSet, we achieve mean per-joint position errors of 78.8 mm
and 72.5 mm, showcasing significant advancements over the
existing model used in AcinoSet. By addressing the challenge of
absent ground truth data, this work not only advances animal
motion capture techniques but also informs the development
of bio-inspired robotic systems, offering a robust solution for
accurately capturing complex animal locomotion in natural
settings.

I. INTRODUCTION

Studying animal movements in their natural habitats is
essential for understanding how they navigate complex envi-
ronments rapidly. The cheetah (Acinonyx jubatus), known for
its unparalleled speed and agility, serves as a uniquely chal-
lenging subject for examining quadruped dynamics. Through
3D motion capture of cheetahs in the wild, researchers
can unravel the biomechanics of these animals, offering
insights critical for the development of legged robots that
navigate complex terrains more effectively than their wheeled
counterparts [1].

This research not only advances robotic mobility but also
contributes to the conservation of wild cheetahs. Traditional
methods for in-field 3D motion capture, especially for high-
speed wildlife like cheetahs, are often too invasive. Recent
efforts have aimed to overcome this by employing non-
invasive, markerless 3D motion capture using multi-view
low-cost camera systems to create the first cheetah running
dataset, AcinoSet [2]. However, the complexity of multi-
camera setups limits the flexibility of motion capture data
that can be collected.

A solution to this limitation lies in adopting a monocular
camera system. Such a system simplifies the capture process
significantly—reducing the need for costly equipment and
intricate calibration, and enabling the extension of the capture
area to track moving subjects. Thus, a monocular system
facilitates the collection of a more diverse range of data and
allows for the utilization of existing wildlife footage. An
example of a 3D monocular reconstruction is shown in Fig. 1.

To address the challenges of 3D monocular reconstruction,
we investigate two 2D-to-3D methods using both data-driven
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Fig. 1: Cheetah in flight phase of locomotion taken from
AcinoSet [2] and its corresponding 3D reconstruction using
a monocular image.

and physics-based modelling that builds on the full trajectory
estimation (FTE) method developed for AcinoSet. These
methods leverage a prior model of the cheetah’s pose and
motion to enhance the accuracy of 3D reconstruction. Our
work includes improvements to AcinoSet using a previously
developed multi-camera system. This facilitates the training
of a data-driven model through linear regression and a Gaus-
sian mixture model. Furthermore, this aids in the evaluation
of the the monocular 3D reconstruction results. Lastly, we
adopt our physics-based model from a similar FTE method
developed in our previous work on dynamic estimation [3].

Our findings demonstrate that both models significantly
improve 3D reconstruction accuracy on a subset of AcinoSet,
with mean per-joint position errors (MPJPE) of 78.8 mm and
72.5 mm, respectively. These improvements reflect a 50 %
reduction in error for straight-line runs and a 20 % reduc-
tion for more complex maneuvers. Although both models
exhibit comparable performance, the physics-based approach
demonstrates better generalization and produces more physi-
cally realistic estimates, while the data-driven model achieves
faster solution times.

II. LITERATURE REVIEW

A. Data-driven Models

Data-driven approaches in monocular 3D motion estima-
tion prioritize learning from training sets, typically derived
from motion capture systems. Historically, statistical model-
ing, particularly within a Bayesian framework, was prevalent
in the late ’90s for human motion analysis [4]–[6]. These
methods frequently employed Principal Component Analysis
(PCA) for reducing the dimensionality of motion data, creat-
ing a more manageable subspace without sacrificing critical
information [7]. Studies like [4] and [6] utilized Gaussian
probability distributions over PCA-obtained subspaces for
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statistical modeling, while [5] applied a Gaussian mixture
model (GMM) to encapsulate prior probability distributions.

The inherent symmetry and repetitiveness in human and
animal motion render PCA and Markov processes, such as
hidden Markov models (HMM), effective for constraining
the solution space and constructing motion models [8]. This
synergy has been notably applied in human motion synthesis,
particularly within the computer graphics domain [8]–[10].

The advent of large, diverse datasets has catalyzed deep
learning’s application in 3D pose estimation, facilitating
direct 3D pose estimation from 2D data through methods like
pose “lifting” [11] and CNN-based regression processes [12].
These advancements have extended to laboratory animal
studies, exemplified by the LiftPose3D toolbox [13], despite
its limitations in capturing temporal dynamics and the added
complexity of natural environments for generating reliable
ground truth data. This backdrop underscores our data-
driven approach’s foundation, which builds upon principles
established before the surge of deep learning, aiming to
address the unique challenges posed by natural environment
motion capture.

B. Physics-based Models

Data-driven approaches often utilize kinematic models
that overlook kinetic motion’s foundational principles, po-
tentially leading to biomechanically inaccurate and overly
generalized motion estimates. Physics-based models address
these limitations by integrating kinetic principles—such as
internal forces and reaction to external forces—providing a
more robust framework for dynamic motion analysis. This
integration not only enhances motion plausibility but also
facilitates the detailed study of biomechanics through the
evaluation of internal joint torques and external ground
reaction forces, an approach increasingly adopted for human
torque analysis in optimal control problems [14], [15].

Trajectory optimization has emerged as a preferred method
for refining monocular 3D pose estimation, offering signif-
icant advancements by incorporating physics-based model-
ing [16]–[20]. Notably, this approach was utilized to analyze
dynamic human-object interactions from internet videos,
providing insights into complex motion patterns [17].

However, trajectory optimization methods often face chal-
lenges in real-time execution due to the complexity of solv-
ing large-scale non-linear optimization problems. Alternative
physics-based methods that do not require full trajectory
consideration offer real-time capabilities but rely heavily on
accurate initial kinematic reference motion, achieved through
PD controllers or reinforcement learning policies [21]–[24].
Additionally, the majority of these approaches necessitate
a prior knowledge of contact timing, often determined via
neural network architectures that estimate contact states
based on 2D poses [17], [21]. More recently, differentiable
physics simulators have been used for monocular human
pose estimation that do not need known contact timing [25].

In our work, we employ the trajectory optimization frame-
work, echoing the non-real-time methodology used in the
multi-camera system study of [2], with the aim to refine

its application without the requirement for real-time pro-
cessing. Given the constraints of relying on precise initial
kinematic estimates for real-time simulation, we focus on
the more comprehensive trajectory optimization approach,
setting aside the discussion on real-time methods due to
feasibility concerns.

III. DATASET

A. AcinoSet

AcinoSet [2] is a cheetah running dataset that is used
for the evaluation of all methods in this work. The dataset
contains 90 running videos with six different views. There
are 7588 human-annotated frames and the average video
length is approximately two seconds.

Out of a total of 93 trials in AcinoSet, only 27 were
deemed reliable enough to be used as “ground truth”. Trials
were chosen based on:

• visual plausibility of the resultant 3D reconstruction,
• the accuracy of the estimated multi-view camera extrin-

sic parameters, and
• whether the multi-view camera system was synchro-

nized correctly for a particular trial.
Left with 27 trials, the data was split into a training set of
size 15 and a test set of size 12, corresponding to 1629 and
1340 individual poses respectively. This was further reduced
to 1539 and 1268 individual poses by removing the first and
last three poses for each trial, since it was evident that the
start and end poses of a reconstruction suffered from edge
effects.

The training set was used to estimate the prior pose and
motion model described in Section V-A. The test set used
to evaluate the performance of each monocular method is
shown in Table I. It is a subset taken from AcinoSet for two
different cheetahs, consisting of 10 trials: 5 steady-state runs
and 5 maneuvers. A steady-state run is defined as a straight
continuous run at a constant speed. A maneuver is defined as
anything that cannot be classified as a steady-state run, i.e.
runs that involve turns or deceleration/acceleration events.
Note that each trial contains one stride of the cheetah.

TABLE I: The test dataset selected from AcinoSet. The
length is presented as the number of frames in the trajectory
divided by the video frame rate.

Test Trial Length (s)
Manoeuvres:
T1 2017 12 09/bottom/jules/flick2 30/90
T2 2019 03 09/jules/flick1 34/120
T3 2019 03 03/phantom/run 42/120
T4 2017 09 02/top/phantom/run1 2 45/90
T5 2017 08 29/top/jules/run1 2 34/90

Runs:
T1 2017 08 29/top/phantom/run1 1 44/90
T2 2017 08 29/top/jules/run1 1 30/90
T3 2017 09 02/top/jules/run1 30/90
T4 2019 03 07/phantom/run 57/120
T5 2017 09 02/bottom/jules/run2 33/90
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B. Kinetic Dataset

The kinetic dataset was used to develop and evaluate
the use of a physics-based model of the cheetah [3]. It
was acquired from the Royal Veterinary College [26]. The
original work done for [26] gathered trials of the cheetahs
chasing a mechanical lure across eight force plates and in
front of four cameras.

From the original dataset, a subset of 5 trials of two
different subjects1 was selected. Both the video and the force
plate data were resampled to a 200 Hz sample rate to be used
in our experiment.

IV. MULTI-BODY DYNAMICS

The state vector of a cheetah pose is defined as q ∈
R3+3L, which contain absolute coordinates for the angles, to
fully describe the configuration of the system. Note that L is
the number of links in the system and q denotes all positional
information relative from the center of mass (COM) about
the system.

In this work, two different dynamic functions are used:
kinematic and kinetic. The kinematic model does not con-
sider the forces that produced the motion, whereas the kinetic
model includes internal and external forces acting within and
on the system. The kinematic model assumed a constant
acceleration between time steps, allowing the dynamics to
be simply captured as

q̈(k +∆k) = q̈(k) +w(k), (1)

where q̈(k) denotes the accelerations of the system at time k
and w(k) is an input disturbance that allows for deviations
from the assumed constant model. This is an important
quantity for estimating motion, because it is not certain that
our motion model perfectly captures the dynamics of the
subject—instead, deviations from this model are allowed, but
minimized as much as possible.

The kinetic model follows the more general form for the
equations of motion of a rigid multi-body system (below
the time parameter k has been omitted for clarity, but it is
assumed that this equation is time dependent), which is often
expressed as

M(q)q̈+C(q, q̇)q̇ = G(q)+Bu+JT
L(q)λ+JT

A(q)a+w,
(2)

where M(q) represents the inertia matrix, C(q, q̇) captures
Coriolis and centrifugal terms, G(q) is the gravity vector,
B maps inputs u to generalized forces, JT

L(q) is the contact
Jacobian and λ the corresponding contact forces, and JT

A(q)
is the angle constraint Jacobian that maps the constraint
torques a into the equation of motion.

In this work Bu represents the joint torques produced by
the cheetah during locomotion, henceforth referred to as τ .
For both dynamic equations (Equations 1-2), the position and
velocity (i.e. the state of the system) are easily determined

1The subjects were Cheetah 1 and Cheetah 2 referred to in Table 1 of [26].

from the accelerations by using Euler’s method, as shown:

q̇(k +∆k) = q̇(k) + ∆kq̈(k +∆k), (3)
q(k +∆k) = q(k) + ∆kq̇(k +∆k). (4)

V. DATA-DRIVEN APPROACH

AcinoSet was used to facilitate data-driven techniques to
obtain a strong prior on the pose and motion of the cheetah.
The pose prior was modeled using a GMM and the motion
prior was modeled using linear regression (LR).

A. Pre-process

Both of our models require that the dataset be manipulated
to isolate the data of interest. The pose prior is estimated
using a GMM to model the distribution of the training
dataset. For this purpose the absolute position and orientation
of the cheetah is not considered, as it provides no useful
information about its pose. Therefore, the pose vector is
truncated to exclude these parameters (from size 28 to 22).

The motion prior is assumed to be a linear model that pre-
dicts the evolution of the pose state. This predictor function
is estimated using LR with a window size, Tw, that encap-
sulates the number of past states used to predict the next.
For example, a regression function qr

k = g(qr
k−1,q

r
k−2)

has a window size Tw = 2 to predict the current pose
at time k from the previous two poses. The training set
without manipulation is represented as X ∈ R1539×28. In
order to obtain an estimate of the regression function above,
the dataset is transformed into the form X ∈ R1539×28Tw .
This provides the necessary structure to perform time series
forecasting using LR.

B. Full Trajectory Estimation

The goal is to “score” the trajectory with both data-driven
models, i.e. determine the likelihood of an output trajectory.
In doing so, good solutions are expected to score high for
both models, resulting in outputs that are similar to those
found in the training set. The idea is that the log of the
likelihood function can be used to measure the “goodness
of fit” for a particular model. This log likelihood function
then serves as an error metric that is minimized in the cost
function

g(q) = emeas + emodel + epose + emotion, (5)

where emeas and emodel terms have been established in [27].
The epose term is modeled using the GMM and emotion is
modeled using a regression function. Each term has been nor-
malized independently and therefore has equal importance
during minimization.

For the GMM, the negative log-likelihood allows the
determination of the pose likelihood. For example, the higher
the value the more unlikely the pose, given the model. The
negative log-likelihood of the GMM is defined as

epose =

N∑
k=1

− log(L(µ,Σ,α|qk)), (6)
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where µ, Σ, and α are learned parameters of the GMM and
L denotes the likelihood function.

The linear regression function is of the form, y = βTqr+
ϵ. This is of a similar form to the dynamic function f(·),
where the current state, along with some added noise, is
used to predict the next state. If the noise is assumed (in this
case ϵ) to be normally distributed (a valid assumption when
using LR to obtain the model), the negative log-likelihood
can be determined by the sum of squared errors:

emotion =

N∑
i=1

pr∑
j=1

(
ϵi,j

σmotion,j

)2

, (7)

where σmotion,j is the standard deviation of the prediction
error on the training set, and pr is the size of the pose vector
(i.e. 28). In addition, it is assumed that each component j is
independent, i.e. the covariance estimate from the trajectory
is diagonal.

Similar to the dynamic function, an equality constraint is
established to capture ϵ:

yk − βTqr
k−1:k−Tw

− ϵk = 0, (8)

defined at each finite time k.

VI. PHYSICS-BASED APPROACH

The main goal for the kinetic dataset was to determine
the plausibility of adopting a physics-based model proposed
in [3], where the contact timing was assumed to be given for
simplicity. However, here the contact state and timing need
to be determined automatically in order to develop a method
that is comparable to the data-driven approach. Hence contact
detection is required. This operation is performed prior to the
physics-based FTE, which allows for the original formulation
of the physics-based FTE to be used thereafter. Here, the
original physics-based FTE formulation is constrained to a
single camera, i.e. c = 1, and the cost function includes
the GMM pose prior. The resultant cost function for the
monocular physics-based FTE is

g(q, τ ) = α1emeas + α2emodel + α3epose + α4esmooth, (9)

where esmooth is established in [3], and α1 = 1, α2 =
10 000, α3 = 1, and α4 = 1. Each hyper-parameter was
chosen through experimentation. The pose prior reduces the
likelihood of invalid pose estimates, as it did in the data
driven model.

The kinematic FTE solution was determined so that con-
tact detection is performed on the resultant trajectory. A
simple height heuristic (when the foot is below a certain
threshold it is assumed to be in contact with the ground) to
determine the contact points cannot be relied upon for the
following reasons:

• The constant acceleration model has a smoothing effect
on the resultant trajectory. This in turn makes it difficult
to know the duration of the contact, if its discontinuous
characteristics are removed by the smoothing.

• The rigid body model of the cheetah potentially exac-
erbates the previous issue, by preventing the common

oscillatory behavior of shoulder joints during contact.
This results in additional uncertainty in the determina-
tion of the touchdown and takeoff contact events.

Thus, a more nuanced contact detection algorithm is re-
quired. From [26], a contact detection process was developed
to take the cheetah’s speed into account to determine the
duration of the stance using a linear model. As such, if a
touchdown event is detected and the speed of the cheetah is
known, a prediction of the takeoff event is possible. Hence
the time and duration of the contact has been determined.

The timing of when a touchdown event occurs is very chal-
lenging to ascertain, especially given the smooth kinematic
FTE solution. Consequently, in implementation, a height
heuristic (when the cheetah’s paw is within 5 cm of the
ground) together with a zero-crossing velocity event is used
to determine the rough location of the midpoint of a stance.
Then the duration of the stance was used to complete the
contact detection process.

A. Contact Detection

Table II provides the results of the contact detection
method. For the trials used in both the kinetic and AcinoSet
datasets, the contact points were labeled using the start and
end times of each contact event, forming a ground truth to
compare against. Note that with the kinetic dataset the paws
are clearly visible at touchdown and takeoff contact events.
This is not the case for AcinoSet, and therefore uncertainty
is attached to the quoted result in Table II. The assumption is
that a contact point is reliably labeled to within ±1 frames.
For AcinoSet, this corresponds to a total of 40 uncertain
contact points (10 examples of 4 contact events)—or in other
words 13.6 % (40 out of a total of 294 labeled points).

As expected, evaluation on the kinetic dataset yields the
highest success rate due to the clear visibility of the paws.
Also, the linear model used to relate the cheetah’s speed
with the stance duration was originally determined using this
dataset in [26]. Evaluation on AcinoSet was done for trajecto-
ries obtained via the kinematic and data-driven FTE (referred
to as ‘Monocular AcinoSet’ in Table II) methods. Surpris-
ingly, the contact detection using monocular reconstructions
obtain a better success rate than when using multiple views.
Nevertheless, the confidence bands do overlap, meaning that
a comparison has little significance. However, with certainty,
the contact detection performance on AcinoSet is definitely
in excess of 60 %, which appeared to be adequate for our
purposes.

TABLE II: Contact detection results on both datasets.
Dataset # Labeled # Estimated Success Rate (%)
Kinetic 201 216 90.3
Multi-view AcinoSet 294 300 75.3± 13.6
Monocular AcinoSet 294 292 83.0± 13.6

VII. EVALUATIONS

Two different approaches have been established to per-
form monocular 3D reconstructions of the cheetah in the
wild. Here, a quantitative analysis of the performance of
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each method on the test set is presented, together with a
comparison between the kinematic (referred to as “Default”
in the results), data-driven, and physics-based FTE methods.

A. Comparative Study

The results for the steady-state runs are shown in Table III
and for the maneuvers in Table IV. We evaluated them with
three scores: mean position error (MPE), mean per-joint
position error (MPJPE) and COM velocity error (CVE). In
Table III it is clear that both the data-driven and physics-
based approaches outperform the default case in every cat-
egory. Both approaches reduce the error by approximately
50 % for every category, which in itself is a significant
improvement. The data-driven approach has the lowest value
for MPE, while the physics-based approach has the lowest
MPJPE and CVE scores. The difference in average MPE is
only 6.9 mm and 1.1 mm for the MPJPE.

In Table IV, the same can be said about both approaches
outperforming the default case in every category, albeit not
as significantly. Here, the error is reduced by approximately
20 %. The physics-based approach scores the best for the
MPJPE and CVE, while the data-driven approach has the
lowest MPE. As with Table III, it is doubtful whether one
approach clearly outperforms the other, even though there
is a 60.4 mm difference in MPE. There is an outlier value
for the physics-based T3 in Table IV, which explains this
disparity.

In conclusion, the relative tracking of joints is similar
between the two approaches; however, the data-driven ap-
proach has an advantage in tracking the absolute translations,
while the physics-based approach provides better accuracy in
tracking the dynamics of the COM. This suggests that motion
tracking of the cheetah is better done with the physics-based
approach, even though the data-driven approach stays closer
to the cheetah in 3D space.

Overall, the performance on the steady-state run dataset
yields a significantly lower error than the maneuver dataset.
This is expected, as the assumption is that maneuvers are a
more challenging estimation problem.

Lastly, it should be mentioned that there is a possibility
of an inherent bias towards the data-driven and default
approaches because the constant acceleration motion model
is shared across these methods, including the ground truth
data. Therefore, the physics-based approach might unfairly
be penalized for its use of a different dynamic equation of
motion.

The average optimization time for each method is shown
in Table V2. The physics-based approach takes significantly
longer to perform the estimation task. This is consistent with
the literature on the limitations of a physics-based trajectory
optimization approach for motion estimation [23].

B. Ablation Study

For both approaches, there were added terms in the cost
function to regularize the solution. The contribution of each

2Experiments were run on an Intel Core i9-7980XE processor (18 cores,
36 threads, 2.60 GHz base clock speed) and 32 GB of RAM.

TABLE III: Comparison of monocular 3D reconstruction on
the steady-state run dataset. Bold values are representative
of the ‘best’ result in that category.

T1 T2 T3 T4 T5 Avg

MPE (mm)
Default 158.9 351.5 185.5 171.3 395.8 252.6
Data-driven 109.0 133.6 136.7 135.7 133.0 129.6
Physics-based 126.2 137.8 159.5 97.7 161.3 136.5

MPJPE (mm)
Default 88.4 134.4 123.1 95.5 176.7 123.6
Data-driven 49.7 64.7 64.5 55.9 80.7 63.1
Physics-based 57.6 59.2 64.9 64.4 63.9 62.0

CVE (m)
Default 0.74 1.16 1.49 0.54 2.96 1.38
Data-driven 0.42 0.35 0.78 0.57 0.56 0.54
Physics-based 0.36 0.55 0.73 0.18 0.45 0.45

TABLE IV: Comparison of monocular 3D reconstruction on
the manoeuvres dataset. Bold values are representative of the
‘best’ result in that category.

T1 T2 T3 T4 T5 Avg

MPE (mm)
Default 430.8 195.8 346.7 147.7 260.5 276.3
Data-driven 246.8 178.5 218.1 165.3 108.8 183.5
Physics-based 109.0 260.5 531.2 122.8 201.3 243.9

MPJPE (mm)
Default 173.6 117.1 77.8 91.5 106.4 113.3
Data-driven 115.2 103.7 98.8 79.2 75.8 94.5
Physics-based 80.7 89.6 85.8 66.6 92.4 83.0

CVE (m)
Default 1.49 1.01 2.62 1.01 1.80 1.59
Data-driven 1.5 0.55 0.71 0.68 0.85 0.86
Physics-based 0.48 0.77 0.74 0.21 0.49 0.54

term is evaluated by systematically removing terms from the
cost function. This analysis is summarized in Fig. 2. The
‘pose’ refers to the pose term epose, and the ‘motion’ refers
to the motion term emotion for the data-driven approach and
the smooth term esmooth for the physics-based approach.

It is clear from Fig. 2 that the inclusion of both pose
and motion terms produce the best result for all metrics.
Consequently, both terms combine to great effect. For the
data-driven approach, the pose and motion terms appear to
have a similar influence on the MPE and MPJPE. However,
as anticipated, the motion term provides a greater impact
on the CVE compared with the sole inclusion of the pose
term. In the physics-based approach, the pose term justifies
its inclusion by effectively reducing both the MPE and
MPJPE, while the motion term provides little influence in
this respect—as is expected. On the whole, Fig. 2 confirms
the benefit of including both terms into the cost function for
both approaches.

C. Qualitative Results

Visual evaluation of the results aids the interpretation of
the quantitative results in the previous sections. The side and
top views of three example trials are shown in Figures 3-5,
with the red circles indicating considerable errors in pose.
Note that the orange cheetah skeleton in the top view denotes
the monocular estimate, and the black cheetah skeleton is the
ground truth.

A visual example of the trial that produced one of the
lowest MPE and MPJPE values in Table III is shown in
Fig. 3. Evidently, the quantitative analysis is consistent with

TABLE V: Optimization time for each method.

Method Average Time (s)
Default 20
Data-driven 26
Physics-based 726
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Fig. 2: Ablation study results that clearly show the contri-
bution of each component added to the cost function. Error
bars are added to capture variability.

the visual results. There is a single incorrect pose Fig. 3(a)
and some unnatural body sliding Fig. 3(b) for the default
method. Otherwise, both the data-driven and physics-based
methods closely resemble the ground truth.

A visual example of the trial that produced the biggest
difference in MPE between the physics-based and data-
driven approaches, in favor of the physics-based approach
(Table IV), is shown in Fig. 4. It is evident in Fig. 4(b) that
both the default and data-driven approaches fail to produce
a physically plausible trajectory, whereas the physics-based
approach appears to track the motion of the cheetah with
reasonable accuracy. This clear incorrect reconstruction is
not as obvious in Fig. 4(a).

A visual example of the trial that produced the biggest dif-
ference in MPE between the physics-based and data-driven
approaches, in favor of the data-driven approach (Table IV),
is shown in Fig. 5. The physics-based approach produced a
high MPE because it is clearly off the ground truth track
for much of the trajectory. However, it roughly performs the
same motion, albeit at a slightly different location in 3D
space. This is in contrast to the other methods that might
favour implausible 3D translations to lower the reprojection
error in the cost function. In Fig. 5(a) each method has
incorrect poses, with the data-driven approach producing a
slightly more accurate 3D pose estimate than the physics-
based approach.

VIII. CONCLUSION

Both the data-driven and physics-based approaches pro-
vide significantly better 3D reconstructions as opposed to the
default kinematic method. The developed methods provide
reasonable 3D reconstructions of the cheetah in the wild
using monocular video.

It is not entirely clear which of these methods should be
favored as this would depend on the application. The data-
driven approach is quick to converge to a solution compared
with the physics-based approach. However, the latter pro-
vides better dynamic tracking of the cheetah’s COM. Both
yield similar and reasonably accurate pose estimates that are
consistent with MPJPE scores in human research [21].

(a) (b)

Fig. 3: Visual comparison of T1 steady-state run for all
monocular 3D reconstruction methods. (a) side-view. (b) top-
view. The default method is the only one that clearly shows
a substantial error in pose.

(a) (b)

Fig. 4: Visual comparison of T1 maneuver for all monocular
3D reconstruction methods. (a) side-view. (b) top-view. The
physics-based approach clearly outperforms both in terms of
tracking the global dynamics of the cheetah.

(a) (b)

Fig. 5: Visual comparison of T3 maneuver for all monocular
3D reconstruction methods. (a) side-view. (b) top-view. The
default method provides substantial body sliding and the
data-driven approach appears to provide the most accurate
result.

11643



Thus, the physics based approach is best suited for ap-
plications focused on biomechanics, whereas the data driven
approach is more suited for the analysis of individual pose
estimates.

That said, drawbacks for both methods have been identi-
fied. The data-driven approach is only as good as the ground
truth dataset used to train the models, and in this work, there
are potential deficiencies in the size, diversity, and quality of
the dataset. On the other hand, the physics-based approach
requires the contact timing to be known a priori. This is
challenging in wild and uncertain environments as shown
in Table II. Although the absence of a reliable 3D ground
truth somewhat hindered the evaluation process, the methods
developed in this work were found to produce reasonably
accurate monocular 3D reconstruction of cheetahs in their
natural environment.

Looking ahead, we plan to investigate challenges related to
scalability and pre-determined contact states. Both of these
issues are prevalent in this subject area, as the cheetah is a
fast animal that requires high frame rates to capture, and the
environment it traverses is often uneven and unpredictable.
This motivates an investigation into other methods that do not
suffer from these same issues, namely deep reinforcement
learning or sampling-based methods [22], [23].
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