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Abstract— Robot navigation within complex environments
requires precise state estimation and localization to ensure
robust and safe operations. For ambulating mobile robots like
robot snakes, traditional methods for sensing require multiple
embedded sensors or markers, leading to increased complexity,
cost, and increased points of failure. Alternatively, deploying
an external camera in the environment is very easy to do, and
marker-less state estimation of the robot from this camera’s
images is an ideal solution: both simple and cost-effective.
However, the challenge in this process is in tracking the
robot under larger environments where the cameras may be
moved around without extrinsic calibration, or maybe when in
motion (e.g., a drone following the robot). The scenario itself
presents a complex challenge: single-image reconstruction of
robot poses under noisy observations. In this paper, we address
the problem of tracking ambulatory mobile robots from a single
camera. The method combines differentiable rendering with the
Kalman filter. This synergy allows for simultaneous estimation
of the robot’s joint angle and pose while also providing state
uncertainty which could be used later on for robust control.
We demonstrate the efficacy of our approach on a snake-like
robot in both stationary and non-stationary (moving) cameras,
validating its performance in both structured and unstructured
scenarios. The results achieved show an average error of 0.05
m in localizing the robot’s base position and 6 degrees in
joint state estimation. We believe this novel technique opens
up possibilities for enhanced robot mobility and navigation in
future exploratory and search-and-rescue missions.

I. INTRODUCTION

Unlike their stationary counterparts, mobile robots are
designed to navigate through the physical world in environ-
ments that are often too treacherous for humans such as the
deep sea [1] and even other planets [2]. With mobile robots
acting as surrogates for humans, exploration for research
and search and rescue missions in extreme environments
are conducted without risking human lives [3]. A growing
class of mobile robots involves ambulatory systems. These
ambulatory mobile robots (AMRs) have specialized artic-
ulated robotic designs for enhanced mobility and stability
on uneven ground techniques in order to navigate broader
terrains. AMRs include but are not limited to quadruped
robots [4], flying drones [5], and snake-like and serpentine
robots [6], [7].

To ensure the safe operation of AMRs in complex envi-
ronments, various sensors are integrated into their systems.
These sensors aid in localizing the robot and understand-
ing its surroundings, though this can introduce increased
complexity in real-world deployments. A more streamlined
approach involves tracking AMRs using cameras. Cameras,
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Fig. 1: A snake-like robot, Arcsnake [7], is tracked on camera
in the outdoor environment by a hovering drone.

given their ease of installation and portability, are better for
navigating challenging terrains. For example, in the Mars
2020 NASA mission, where the Mars Helicopter utilized
onboard cameras to scout the landscape and guide the
Perseverance rover’s exploration. As we look to the future,
exploratory and search-and-rescue missions likely involve
collaborative efforts between multiple robots, and the ability
to track one robot using a camera mounted on another will
be crucial.

In this paper, we address the problem of tracking snake-
like robots from a single camera. Along the lines of the
Mars Helicopter’s mission, we aim to bring robot state
estimation from camera data to snake-like robots, and by
extension, other AMRs, to aid in future exploratory missions.
By estimating the pose and state of an AMR, drones can
provide more detailed guidance when providing mapping
of the environment [8]. Our focus is on snake robots that
draw inspiration from biological snakes [9] and are currently
funded by NASA for exploration on extraterrestrial planetary
bodies [10]. Toward this end, we recognize a fundamental
need for being able to track AMRs using only a monocular
camera. These techniques will also become foundational in
the future to deploying robots in search-and-rescue missions
or leveraging autonomous robot teams for work in the remote
wilderness.

The overall tracking approach involves first a method
for automatic robot mask generation. Leveraging this mask,
we present a tracking technique that seamlessly integrates
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differentiable rendering with the Kalman filter, ensuring
precise online state estimation. We conduct experiments in
both laboratory and outdoor environments (Fig. 1). Through
both qualitative and quantitative evaluations, we demonstrate
the effectiveness of our method in different scenarios. Our
contributions are threefold:

« We present the first work on marker-less state estimation
for a snake robot from a single monocular camera.

e Our method combines differentiable rendering with a
Kalman filter, and simultaneously estimates the joint
angle and the pose of a snake robot.

o Validation of the effectiveness of the algorithm on a
snake robot in both structured and unstructured envi-
ronments, achieving a localization accuracy of 0.05 m
for the robot base position and 0.11 rad on the robot’s
joint states.

II. PREVIOUS WORK
A. Robot Localization from Single Camera

Localizing the robot is crucial for a wide range of robotic
applications, especially when relying on a single camera,
which presents unique challenges. One popular approach
to address this is using the fiducial markers as 2D point
features [11], [12]. For articulated robots like a snake robot,
the 3D position of the markers can be calculated using robot
kinematics and the robot pose can be derived by solving a
Perspective-n-Point problem [13], [14], [15], [16].

As the field evolved, there was a shift towards marker-
less pose estimation. Initial efforts in this direction utilized
depth cameras to localize articulated robots [17], [18], [19],
[20]. With the rise of Deep Neural Networks (DNNs), a
new paradigm emerged. DNNs, with their advantages of
extracting point features without the need for markers, have
significantly enhanced the performance of marker-less pose
estimation for articulated robots [21], [22], [23], [24], [25].
Beyond keypoint-based methods, recent works [26], [27]
have demonstrated the potential of rendering-based methods.
Benefiting from the dense correspondence provided by robot
masks, rendering-based methods achieve state-of-the-art per-
formance on robot pose estimation. However, they suffer
from processing speed.

In this work, we adopt a rendering-based approach for
robot state estimation. Instead of purely relying on the
rendering, we integrate image moments with a Kalman Filter,
aiming to utilize temporal information to achieve precise and
fast online inference using a single camera.

B. Snake Robot State Estimation

For a broader category of mobile robots, the primary focus
of state estimation has been on localizing the robot within its
surroundings. For instance, Milella et al. [28] utilizes visually
distinctive features on stereo images for localization. Several
other works [29], [30], [31] have proposed methods that
take into account the environment dynamics and potential
measurement errors to enhance localization accuracy.

However, in the realm of snake robots, state estimation
becomes even more intricate due to the need to consider

Algorithm 1: Online State Estimation

Input : Initialized robot state Xgo, Xo|o
Output: Estimated robot state Xy|¢, Xy
1 while receive new image 1, do
// Motion Model
2 X[t 15 2tft—1 <
motionModel(X;_1¢—1, Vi—1, X¢—1)t—1)
// Observation from Image
3 M:ef < fseq(It)
a | my « computeMoments(M;)
// Observation Model

s Myji—1  reconstructMesh(Xyi—1)
6 Mﬁ:ﬁ — renderPrediction(xt|t_1, Mt\t—l)
7 | my < computeMoments (Mfﬁe—dl)
__omy
8 Ht - axt\t—l

// Compute the Residual

9 y, =m; — lilt

// Update Belief

10 Ky = Sy H, (H Xy H, )
11 Xyt = Xgp—1 + Kryy

12 Sie = (I — KeHy) X1

// Refine with Image Loss
13 for number of refinement steps do

14 My  reconstructMesh(Xy|;)
15 Mflrted < render Prediction(Xys, M)
16 L+ computeLoss(Mfthed, M)
17 Xt\t = Xt\t — )\aayélft
// Update Velocity
18 Vi < computeV elocity (X, Xp—1)t—1)

joint angles for accurate 3D space modeling. Historically,
state estimation for snake robots has relied on the robot’s
internal proprioceptive sensors, as highlighted by works like
Rollinson et al. [32], [33]. Then, the filtering methods,
like the Unscented Kalman Filter and Extended Kalman
Filter [34], [35], have been employed to account for the
measurement error for real-time estimation.

In this work, we seek to estimate both the position and
joint angle of the snake robot using only images. This
approach not only simplifies the estimation process but also
enhances the robot’s adaptability in outdoor scenarios.

III. METHODOLOGY

The overall proposed approach follows an online state esti-
mation method combining differentiable rendering of a robot
mask, with image moment prediction, a robot motion model,
and a Kalman filter to estimate the joint angle and the pose of
a mobile robot from a single camera. The method includes,
additionally, refinement steps and velocity update steps to
enhance the accuracy of the estimation, as well as model
transfer techniques to reduce computation and memory costs
so that the method can run on modest hardware. The details
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follow in the next section, and Algorithm 1 outlines the main
steps of the method.

A. Motion Model with Belief Propagation

For AMR navigation, the robot state, denoted by x;, can
encapsulate various attributes such as joint angles, camera-to-
robot transformations, and other necessary parameters at time
t. In this work, we define the robot state as x := [0, q, b],
where § € RY is the robot joint angle (N is the number
of joints), q is the quaternion, and b is the translational
vector for the first link of the robot. The quaternion and the
translational vector are parametrizations of the Tj € SE(3),
which is the robot pose in the camera frame.

The next state of the robot is predicted with a motion
model, based on its previous state and velocity. This predic-
tion phase provides a rough direction for belief propagation.
We will model the robot’s motion using a simple linear
relationship:

b1 =bi_1j—1 + V1AL (D

where we try to predict the position of the robot by;_; at
time ¢ by considering the previous robot position by _1};_1,
the velocity v;_1, and the time step At. We will make
the assumption that there is negligible process noise (i.e.,
imperfections in the system’s motion model are negligible
as compared to observation noise), leading to the following
expression for the propagation of the covariance matrix:

Zt|t71 = Ft21571|tf1FtT 2

In this case, F; is the identity matrix, reflecting our as-
sumption that the motion model follows a linear relationship
without any non-linear or stochastic effects.

B. Automatic Mask Generation for Segmentation

The proposed state estimation algorithm requires segment-
ing the robot from images, but manually labeling the robot
masks can be highly time-consuming. Recently, the zero-
shot generalizable segmentation model, Segment Anything
Model (SAM) [36], allows automatic robot mask generation
with simple bounding box prompts.

Given the binary robot mask of the previous frame,
M,_; € REXW  the bounding box prompt for the current
frame, B; := (uminavmivuumaaﬁaUmaac)’ is estimated by a
mask-to-box operation,

(Umin, Vmin) = min{ (u, v) | Ms_1[u, v] # 0} 3)
(Umazs Vmaz) = max{(u,v) | Mz_1[u,v] #0} (@)

Then, the SAM is utilized to generate the robot mask of
the current frame, given the bounding box prompt B, as
shown in Fig. 2. To ensure the robustness of the bounding
box prompt, the robot mask is dilated before performing the
mask-to-box operation.

Using SAM for robot mask generation can, however, be
slow as SAM is not optimized for real-time application
(around 0.5 seconds per frame using a single Nvidia GeForce
RTX 4090 GPU). To achieve real-time performance, we
utilize the robot masks generated from SAM to train a

Fig. 2: Example of the bounding box prompt generated by
mask-to-box operation (top) and the corresponding robot
mask generated using SAM (bottom).

lightweight neural network for segmentation. Specifically, we
employ DeepLabV3+ [37], a popular semantic segmentation
architecture, to segment the robot from RGB images during
the online estimation process. By training DeepLabV3+ with
the generated masks, we ensure that our system can segment
the robot in real-time with modest memory and computation
requirements, effectively enabling realistic deployment in the
wild.

C. Observation Model for Belief Propagation

In this section, we introduce the mapping from the pre-
dicted robot states x;|;_; to the observation of image moment
[38] my; in the proposed algorithm 1.

Given the predicted robot states X;;_;, which includes
joint angle and robot pose, we first reconstruct the robot
mesh by interconnecting individual robot body parts through
forward kinematics. For a snake-like (serpentine) robot, we
approximate each individual robot body part as a cylinder
with the dimension mentioned in [39], [7]. Given a mesh
vertex r” € R? on the n-th robot link, this vertex undergoes
a transformation into the robot base frame considering the
joint angle:

™ =T’ (0" 5)

where - represents the homogeneous representation of a
point (i.e. ¥ = [r,1]7), and T?(0) is the coordinate frame
transformation obtained from the forward kinematics [40].

Having the reconstructed robot mesh and the predicted
robot base-to-camera transformation, T, the PyTorch3D dif-
ferentiable renderer [41] comes into play to produce a virtual-
model-derived, or rendered robot mask. By referencing tech-
niques similar to those in [27], a differentiable silhouette
renderer paired with a perspective camera is employed. The
SoftSilhouetteShader is specifically leveraged to compute
pixel values that form the robot mask.

With the rendered robot mask, M, the image moments
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become computable as:
M;; = Z Z uvIM(u, v) (6)

Then, we derive the centroid, which is our observation for
belief propagation, by:

-

= (i i) g
We employ pytorch autograd [42] to track the gradient
of each step and compute the observation matrix H by
collecting the derivatives of the image moment m with
respect to the robot states Xy|;_1.

Finally, an Extended Kalman Filter (EKF) [34] is em-
ployed to update the belief of the robot states (lines 9-12 in
Algorithm 1), which ensures that our belief about the robot
states is continually refined as more observations come in.

D. Image Loss Refinement and Velocity Estimation

While image moments have historically proven useful in
object tracking [38], [43], their efficacy diminishes in the
complex arena of robot state estimation. This is because
they encapsulate only limited details of the robot mask.
Consequently, a direct method that compares the estimated
and reference robot masks provides an enhancement to state
estimation accuracy.

We predict the robot mask from estimated robot states
using the same differentiable rendering pipeline as described
in Section III-C. To measure the difference between this
prediction and the reference mask, we employ an image loss
function, which sums the squared differences between the
predicted mask MP™*? and the reference mask M"¢/ across
the image dimensions:

H—1W-1
L= (MPel(G ) =M (i) ®)
i=0 j=0
We refine the mean of the robot states by applying back-
propagation on this image loss (line 17 in Algorithm 1),
bringing the estimation closer to the true state.

As a final step, in service of the next belief propagation

timestep, we derive the velocity from the updated position:

by — by_q114—
Vt:% 9)

This velocity is used for the motion model in forthcoming
iterations, as it feeds into predictions for the robot’s future
states.

IV. EXPERIMENTS AND RESULTS

To comprehensively assess the efficacy of our proposed
state estimation algorithm, we collected datasets of a snake
robot operating in both structured and unstructured envi-
ronments. These datasets facilitated both qualitative and
quantitative evaluations of the state estimation method.

The snake robot hardware is described in [39], [7] and is
the evolutionary precursor to the NASA Extant Exobiology
Life Surveyor (EELS) robot [10] that is anticipated to serve
a science research vehicle for both earth science missions

as well as extraterrestrial planetary exploration on Saturn’s
moon, Enceladus, or Jupiter’s moon, Europa.

Snake-Lab Dataset: We introduced the Snake-Lab
Dataset for evaluating the accuracy of the joint angle estima-
tion and robot pose estimation. This dataset was acquired in
a lab setting using an Intel® Realsense™ camera at a resolu-
tion of (1280, 720). The robot’s joint angles were recorded
using electromagnetic sensors and were synchronized with
the captured images. Additionally, the robot’s spatial position
was determined using the depth capabilities of the camera.
For evaluation metrics, we employed the Euclidean distance
for position estimation and the L; norm for joint angle
estimation.

Snake-Outdoor Dataset: To examine the robustness of
our algorithm in less structured environments, we collected
the Snake-Outdoor dataset. This dataset comprises three
videos: the first two were recorded using a hand-held camera
at a resolution of (1280, 720), while the third was captured
via a drone camera, which has no direct connection to the
snake robot system. Given the absence of ground truth for
the robot’s state in this setting, we adopted the Intersection-
over-Union metric (IoU):

|Mref N Mpred|

loU = |Mref U Mpred|

(10)
to compare the ground-truth robot mask M"/ with our
algorithm’s estimated mask MP"e?,

A. Implementation Details

To train DeepLabV3+, we collected around 1500 images,
captured at a resolution of (1280, 720) and the ground truth
segmentation masks were generated using Segment Anything
Model [36]. We used the Adam optimizer [44] for gradient
descent with 20 epochs and 8 batch size. The initial learning
rate was set to 0.0001 and was decayed by a factor of 0.1 at
the 10th epoch.

During the online estimation, we resize the raw image
to a resolution of (640, 360). Both the observed robot mask
and the rendered robot mask are processed at this resolution.
For the refinement step, we set the learning rate to 0.005
and also used the Adam optimizer for gradient descent.
All computational experiments were executed on a system
equipped with an Intel® Core™ i9-11900F Processor and
NVIDIA GeForce RTX 4090. To strike a balance between
accuracy and processing speed, we perform 10 refinement
iterations for each incoming image, ensuring optimal perfor-
mance while sustaining an estimation speed of 1 FPS.

TABLE I: Average Position and State Estimation Error on
Snake-Lab Dataset

Position error (m)  Joint state error (rad)

Static 0.0278 0.0605
Moving camera 0.0647 0.0849
Moving robot 0.0587 0.1352
Overall 0.0540 0.1125
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Fig. 3: Plots of estimated joint trajectory vs. sensor reading
for the Snake-Lab dataset in the moving robot scenario.
For each joint, we plot the pitch and yaw angle separately.
Note that the snake robot uses magnetic encoders for sensor
readings and are slightly noisy due misalignment between the
encoder and magnet from vibrations during the experiment.

B. Experiment on Snake-Lab dataset

We present the qualitative results on the Snake-Lab dataset
in Fig. 4, and the quantitative evaluation of our state esti-
mation algorithm is presented in Table I. We also plot the
estimated joint trajectory with sensor readings in Fig. 3.

The results are segmented based on different scenarios:
static conditions, moving camera, and moving robot. Under
static conditions, where both the camera and the robot remain
stationary, both the joint angle error and position error are
the lowest, indicating that the algorithm performs excep-
tionally well in stable environments. Moving the camera or
robot slightly affects the algorithm’s accuracy. This could
be attributed to the dynamic nature of the camera and the

Fig. 4: Qualitative results on Snake-Lab dataset. We derive
the skeleton from the estimated robot pose and joint angle,
and visualize it by projecting the skeleton on images.

robot’s movements, which might introduce complexities in
state estimation. The overall average position error and joint
angle error across all scenarios are 0.0540 m and 0.1125 rad,
respectively. These results affirm the robustness of our state
estimation algorithm, even in varying conditions. However,
it’s evident that dynamic factors, such as camera or robot
movement, introduce some challenges, leading to increased
errors.

C. Experiment on Snake-Outdoor dataset

Table II presents the quantitative evaluation of our state
estimation algorithm on the Snake-Outdoor dataset. The
results are organized based on the number of refinement steps
taken, which are 1, 5, and 10. The performance metric used
is the Intersection-over-Union (IoU) for each video, and the
speed of the algorithm in frames per second (FPS) is also
provided. From the Table II, we can see a clear trade-off
between accuracy and speed. As the number of refinement
steps increases, there is a noticeable improvement in the
Mean IoU, but the speed decreases. With 10 refinement steps,
the algorithm operates at 1 FPS, which might be a limiting
factor for real-time applications. However, the significant
boost in accuracy might justify this trade-off in scenarios
where precision is critical.

We also present qualitative results in Fig 5, showing the
estimated skeleton and the predicted robot mask overlaid on
the images. We can observe the estimated skeleton aligns

TABLE 1II: Quantitative evaluation on Snake-Outdoor
dataset. We compute the IoU between the estimated robot
mask and the ground-truth robot mask. We also report the
processing speed under different settings.

Number of refinement steps

1 5 10
Video 1 (Mean IoU)  0.4659  0.7632  0.8665
Video 2 (Mean IoU) 02456  0.3584  0.7690
Video 3 (Mean IoU)  0.3088 0.4394  0.8210
Speed (FPS) 3.5 1.5 1
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Fig. 5: Qualitative results on Snake-Outdoor dataset. We show the estimated skeleton and predicted robot mask overlaid on
images. Rows 1-2 correspond to video 1, rows 3-4 correspond to video 2, and rows 5-6 correspond to video 3. Notably,
there’s a precise alignment of the skeleton and mask with the robot as shown in the images.

with the robot’s actual structure, providing a clear and
intuitive understanding of the algorithm’s performance in
real-world, outdoor settings.

V. CONCLUSION

In this work, we present a novel method for state esti-
mation of snake robots using a single camera. The proposed
approach combines differentiable rendering with the Kalman
filter, fusing temporal information with a rendering-based
optimization technique to improve the estimation process,
which enhances the method’s adaptability in outdoor scenar-
ios. The results demonstrate the efficacy of our approach on
a snake robot, validating its performance in both structured
and unstructured environments. We believe this technique
opens up possibilities for expanded capabilities for ambu-
latory mobile robot deployment and navigation in complex

environments, making it a promising solution for future
mobile robot applications.

For future works, an exciting avenue is the exploration of
how our method can be adapted for collaborative robotics,
where multiple robots work in tandem. This could involve
state estimation in scenarios where robots share sensory data
to navigate or perform tasks (e.g. drone-assisted routing in
different landscapes).
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