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Abstract

Sim2Real transfer, particularly for manipulation policies relying on RGB
images, remains a critical challenge in robotics due to the significant
domain shift between synthetic and real-world visual data. In this work, we
propose SplatSim, a novel framework that leverages Gaussian Splatting as
the primary rendering primitive to reduce the Sim2Real gap for RGB-based
manipulation policies. By replacing traditional mesh representations with
Gaussian Splats in simulators, SplatSim produces highly photorealistic
synthetic data while maintaining the scalability and cost-efficiency of
simulation. We demonstrate the effectiveness of our framework by training
manipulation policies within SplatSim and deploying them in the real
world in a zero-shot manner, achieving an average success rate of 86.25%,
compared to 97.5% for policies trained on real-world data.
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Chapter 1

Introduction

The Sim2Real problem, a focal challenge in robotics, pertains to the transfer of control

policies learned in simulated environments to real world settings. Recently, significant

progress has been made in deploying controllers trained in simulation to the real

world in a zero-shot manner. Robots have demonstrated the ability to walk on rough

terrains [2, 8], perform in-hand object rotation [16, 35, 48, 51], and grasp previously

unseen objects [29]. Notably, all of these methods rely on perception modalities like

depth, tactile sensing, or point cloud inputs, which have gained significant attention

due to the relatively small Sim2Real gap they offer. The reduced discrepancy between

simulated and real-world data in these modalities has led to remarkable progress,

reinforcing the idea that policies trained on modalities that can be simulated well, can

be transferred well.

In contrast, RGB images are rarely used as the primary sensing modality in

robot learning applications. RGB images offer several unique advantages over other

commonly used modalities in Sim2Real transfer. They capture crucial visual details

such as color, texture, lighting, and surface reflectivity, to name a few, which are

essential for understanding complex environments. For instance, in a simple task

of plucking ripe fruits, color is a key feature for determining ripeness—an inference

straightforward in RGB space but difficult and impractical with depth or tactile

inputs. Additionally, RGB images are easy to acquire in real-world environments

with cameras and align closely with human perception, making them well-suited for

interpreting intricate details in dynamic and complex scenes.
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1. Introduction

Figure 1.1: We employ Gaussian Splatting [23] as the primary rendering primitive
within existing simulation environments to generate highly photorealistic synthetic
data for robotic manipulation tasks. Our framework retains all the traditional advan-
tages of simulators—including scalability, cost-efficiency, and safety—while enhancing
visual realism. Policies trained exclusively on this synthetic data exhibit zero-shot
transfer capabilities to real-world scenarios, achieving performance comparable to
those trained on real-world datasets.

But why has it been difficult to deploy policies trained in simulation with RGB

information to the real world? The problem lies in the fact that the distribution of

images the robot observes in the simulator is very different from the distribution of

images it would see in the real world. This makes “vision Sim2Real an out-of-domain

generalization problem” [50], a fundamental challenge in machine learning that is

still unsolved. For this reason, policies trained on simulated images often struggle

when applied to distributions of real-world images.

In this work, we propose a systematic and novel method to reduce the Sim2Real

gap for RGB images, by leveraging Gaussian Splatting [23] as a photorealistic render,

using existing simulators as the physics backbone. We propose utilizing Gaussian

Splatting [23] as the primary rendering primitive, replacing traditional mesh-based

representations in existing simulators, to significantly improve the photo-realism of
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1. Introduction

rendered scenes. By integrating these renderings of simulated demonstrations with

state-of-the-art behavior cloning techniques, we introduce a framework for zero-shot

transfer of manipulation policies trained entirely on simulation data, to the real world.

Our key contributions are as follows:

• We propose a novel and scalable data generation framework, “SplatSim” for

manipulation tasks. SplatSim is focused predominantly on bridging the vi-

sion Sim2Real gap by leveraging photorealistic renderings generated through

Gaussian Splatting, replacing traditional mesh representation in the rendering

pipeline of the simulator.

• We leverage Robot Splat Models and Object Splat Models with a simulator

as a physics backend to generate photorealistic trajectories of robot-object

interactions. Our method eliminates the need for real-world data collection,

relying only on an initial video of the static scene. We demonstrate how

these renderings, combined with simulated demonstrations, enable high-quality

synthetic datasets for behavior cloning.

• We demonstrate the effectiveness of our framework by deploying RGB policies,

trained entirely in simulation, to the real world in a zero-shot manner across

four tasks, achieving an average success rate of 86.25%, compared to 97.5% for

policies trained on the real-world data.
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Chapter 2

Related Works

2.1 Sim2real

Robotics simulation tools like [3, 11, 15, 32, 33, 41, 43] have become invaluable in

scaling up robot learning due to several advantages including parallelization, cost

and time efficiency, and safety. Recent advancements in transferring learned policies

from simulation to the real world have demonstrated impressive results, particularly

in domains that leverage modalities with a low Sim2Real gap, such as depth, point

cloud, proprioception, or tactile feedback. These modalities have enabled robots to

perform contact-rich tasks like quadruped locomotion [2, 8, 14, 18, 55] and bipedal

locomotion [25, 37], dexterous manipulation [16, 29, 35, 48, 51], manipulation of

articulated objects [13, 53], among others [19, 26, 40, 54].

However, Sim2Real transfer for RGB-based manipulation policies remains chal-

lenging. Several prior works [20, 21, 30, 42] have explored Sim2Real transfer for

RGB-based manipulation policies using domain randomization techniques. These

approaches, however, often require task-specific tuning and environment engineering,

which can be both labor-intensive and difficult to achieve accurately in traditional

physics simulators. In contrast, our method eliminates the need for task-specific

adjustments and leverages an initial scan of the target deployment environment,

significantly simplifying the process. Other existing approaches such as domain

adaptation [38], often rely on extensive offline data collection of real-world object

interactions. Our method requires only an initial video of the static scene without

5



2. Related Works

the need for additional real-world data collection.

In this work, we address the challenge of transferring RGB-based policies for

manipulation tasks using Gaussian Splatting, which requires rendering complex

interactions between objects and the robot. A work notably related to ours is

RialTo [44] which uses a Real2Sim2Real approach similar to ours. However, their

policy is still trained on point clouds, which requires depth during execution time. In

contrast, SplatSim only uses RGB images for learning and policy deployment. Another

recent work Maniwhere [52] does large-scale reinforcement learning in simulation and

shows generalization to the real world, however, their method still requires depth at

test time and cannot work with just RGB images in the real world.

2.2 Gaussian Splatting for Robotics

Gaussian Splatting [23] is a state-of-the-art rendering technique that models scenes

using 3D Gaussian primitives, offering an efficient and photorealistic representation

of complex geometries. In contrast to NeRF [31] and its derivatives [5, 34, 49], the

explicit, point cloud-like structure of Gaussian Splats enables easier manipulation,

which has led to numerous subsequent works focused on dynamic Gaussian Splatting

models [4, 7, 28, 45, 47]. This explicit nature of Gaussian Splatting has also garnered

interest in the robotics community, with recent studies applying it to language-guided

manipulation [39], object grasping [22], and deformable object manipulation [12].

The two related works, Embodied Gaussians [1] and RoboStudio [27], focus on

learning from real-world data. Embodied Gaussians [1] directly learns a forward

model for robot-object interactions, requiring real-world data for each new robot

and object, while we offload dynamics to a physics engine and focus on RGB-based

policy deployment. RoboStudio [27] combines simulation with Gaussian Splatting

but focuses on system identification, whereas our approach generates synthetic data

for real-world deployment using existing simulators. Another closely related work to

our method is [36], which combines Gaussian Splatting with a simulator, but it is

focused on navigation. Unlike manipulation tasks, the agent in their approach does

not interact with or manipulate the environment.

6



Chapter 3

Method

The key premise of our method is that if each rigid body in the Gaussian Splat repre-

sentation of the real-world scene can be accurately segmented, and its corresponding

homogeneous transformation relative to the simulator is identified, then it becomes

feasible to render the rigid body in novel poses. The rigid bodies can include links of

the robot, links of the gripper, articulated objects, or simple non-deformable objects.

By applying this process to all rigid bodies interacting with the robot in simulation,

we can generate photorealistic renderings for an entire demonstration trajectory. This

approach is analogous to traditional rendering in simulators; however, instead of using

mesh primitives, we utilize Gaussian Splats as the underlying representation. This

approach allows us to be more effective at capturing the detailed visual fidelity of

real-world scenes.

The following subsections describe our method. We begin by formalizing the

problem statement in Sec. 3.1 and notations in Sec. 3.2. Next, we detail the segmen-

tation and rendering of each robot link at novel joint poses in Sec. 3.3, individual

objects at new positions in Sec. 3.4, and grippers in Sec. 3.5. Sec. 3.6 covers the

rendering of complete robot-object interaction trajectories, followed by the policy

training protocol in Sec. 3.7.

7



3. Method

Figure 3.1: Top: Our proposed SplatSim framework. Expert demonstrations are
collected (a) in a physics simulator (PyBullet). In our case, these demonstrations
come either from human experts (teleoperation via Gello [46]) or through a privileged
information-based motion planner. The trajectories from the simulator are then fed
to the simulator-aligned splat models of the scene and the object (b). We transform
the 3D Gaussians to manipulate the static Gaussian Splat models, as delineated in
Sec. 3.3, to extract photorealistic renderings of the scene at novel joint and object
poses, which serve as the RGB state observations for the diffusion policy. Along with
these RGB observations, diffusion policy [9] also takes the end effector position and
orientation as the input. We augment the end effector states as well. Bottom: Once
trained with the sim data, we freeze the policy and directly deploy it to the real-world
setting.

3.1 Problem Statement

We define Sreal as the Gaussian Splat of a real-world scene, captured from multiple

RGB viewpoints, including the robot. We also define Sk
obj as the splat of the k-th

object in the scene, captured from multiple viewpoints. Our goal is to use Sreal for

generating photorealistic renderings Isim of a robot operating in any simulator (e.g.,

PyBullet). Then, we can leverage this representation to collect demonstrations using

the expert E for training RGB-based policies.

The expert E generates a trajectory τE consisting of state-action pairs {(s1, a1), . . . , (sT , aT )}
for a full episode. The state at each time step t is defined as st = (qt, x

1
t , . . . , x

n
t ),

8



3. Method

where qt ∈ Rm denotes the robot’s joint angles and xk
t = (pkt , R

k
t ) represents the

position pkt ∈ R3 and orientation Rk
t ∈ SO(3) of the k-th object in the scene. The

corresponding action at = (pet , R
e
t ) refers to the end effector’s position pet ∈ R3 and

orientation Re
t ∈ SO(3).

The renderings Isim, derived from these simulated states st, are used as inputs to

train the policy πI . The policy relies solely on real-world RGB images Ireal at test

time.

3.2 Definitions of Coordinate Frames and

Transformations

We define several coordinate frames to clarify the relationships between the real-world

scene, the simulator, and the splat point clouds. The real-world coordinate frame,

denoted as Freal, serves as the primary reference frame. Both the simulator coordinate

frame, Fsim, and the real-world robot frame, Frobot, are aligned with Freal. This

alignment ensures that the robot’s base in the simulator and the real world share the

same coordinate system.

Additionally, the splat coordinate frame, denoted as Fsplat, represents the frame

of the base of the robot in the Gaussian Splat of the scene Sreal. The robot base

in the splat point cloud has a different frame from Freal, and we account for this

difference by using the transformation matrix T
Fsplat

Frobot
.

We also define the k-th object frame in the simulator, Fk−obj,sim, where objects

are initialized in SIM at the origin with no rotation. The k-th object frame in the

splat, Fk−obj,splat, represents the object’s position and orientation in its Gaussian

splat Sobj. The object frames Fk−obj,sim and Fk−obj,splat are later aligned during the

simulation and splat process using the transformation matrix T
Fk−obj,sim

Fk−obj,splat.

3.3 Robot Splat Models

Our method for obtaining robot renderings at novel joint poses is summarized in

Fig. 3.2. It follows a three-step approach:

9
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Segment 
each link

Segmented 
3D means

Align Robot Gaussians to Sim Frame and Segment Robot Links

Gaussian Splat
of the scene

Point cloud from 
3D means

ICP between 
splat and sim

Figure 3.2: The robot is visualized in a static scene by first creating a Gaussian splat
of the scene with the robot in its home position. The robot’s point cloud is manually
segmented and aligned with the canonical robot frame using the ICP algorithm. Each
robot link is then segmented, and forward kinematics transformations are applied,
enabling the rendering of the robot at arbitrary joint configurations.

Alignment of Gaussian Splat Robot Frame to the Simulator Frame

In order to combine the Gaussian Splat representation Sreal with the simulator, we

first manually segment out the 3D Gaussians associated with the robot. The means

of these 3D Gaussians form a point cloud which is aligned with the ground truth

point cloud obtained from the simulator. To achieve this, we use the Iterative Closest

Point (ICP) algorithm, which produces the desired transformation T
Fsplat

Frobot
.

Segmentation of the Robot Links

To associate the 3D Gaussians with their respective links in Sreal, we leverage the

ground truth bounding boxes of the robot’s links, provided by its CAD model. This

method allows us to isolate the 3D Gaussians corresponding to each link in the

real-world scene, denoted as S l
real, where l refers to the l-th link of the robot.

Forward Kinematics Transformation

Once we have the 3D Gaussians for individual links and the frames aligned, we can

use the robot’s forward kinematics to get the robot pose at arbitrary joint angles

qt ∈ st, given by the simulator. In this work, we use the forward kinematics routine

10



3. Method

from PyBullet to get the Transformation T l
fk for link l in the robot’s canonical frame

Fsim. The transformation of the 3D Gaussians can be calculated as :

T = (T
Fsplat

Frobot
)−1 · T l

fk · T
Fsplat

Frobot
(3.1)

where T
Fsplat

Frobot
is the transformation matrix to get the robot from splat frame to the

simulation frame. Once the transformation for each link is calculated, we use Eq. ??

and Eq. ?? to transform the 3D Gaussians related to individual links of the robot. The

robot at novel poses is then rendered by the standard Gaussian Splatting rendering

framework [23].

3.4 Object Splat Models

Similar to the robot rendering, we use ICP to align each object’s 3D Gaussians Sk
obj

to its simulated ground truth point cloud. In this way, we get the transformation

T
Fk−obj,splat

Fk−obj,sim
, which transforms the splat in Sk

obj frame to simulator frame. Given the

position pkt ∈ st and orientation Rk
t ∈ st can be used to calculate the transformation

of object T k−obj
fk from its original simulator frame Fk−obj,sim. Using T k−obj

fk we can get

the object’s 3D Gaussians in Sreal frame with the transformation :

T = (T
Fsplat

Frobot
)−1 · T k−obj

fk · TFk−obj,splat

Fk−obj,sim
(3.2)

Once the transformation for the object is calculated, we can transform the 3D

Gaussians related to the object. Then we use the Gaussian Splatting rendering

framework [23] to render the object at its new position and orientation.

3.5 Articulated Object

While CAD axis-aligned bounding boxes allow straightforward segmentation of robot

links, certain objects, such as parallel jaw grippers, present challenges due to their

misalignment with standard axes, that is, the gripper links are not neatly segmented

out by just using bounding boxes in the 3D space. To address this, we employ a

ground truth K-Nearest Neighbour (KNN) classifier trained on labeled simulator

11



3. Method

Figure 3.3: We use a KNN-based classifier for segmenting links for articulated objects
like parallel jaw grippers. We train a KNN model with the ground truth point labeling
from the URDF model of the end effector.

point clouds as in Fig. 3.3 (a), which enables inference of the link class for each 3D

Gaussian in the aligned splat as shown in Fig. 3.3 (b).

3.6 Rendering Simulated Trajectories using

SplatSim

Now that we are able to render individual rigid bodies in the scene, we can use this

to represent any simulated trajectory τE with photorealistic accuracy. We use these

state-based transformations along with methods described in Sec. 3.3, 3.4 to get the

demonstration for our policy to learn from τG = {(Isim1 , a1), (I
sim
2 , a2), . . . , (I

sim
T , aT )}.

This data is used by policy to predict actions from the synthetically generated images.

3.7 Policy Training and Deployment

For learning from the generated demonstrations τG in the simulator, we employ

Diffusion Policy [9, 10], which is the state of the art for behavior cloning. Although

our method significantly mitigates the vision Sim2Real gap, discrepancies between

the simulated and real-world environments remain. For instance, simulated scenes

lack shadows, and rigid body assumptions can lead to improper rendering of flexible

components such as robot cables. To address these issues, we incorporate image

12



3. Method

augmentations similar to [6] during policy training, which includes adding Gaussian

noise, random erasing and adjusting brightness and contrast of the image. These aug-

mentations notably enhance the robustness of the policy and improve its performance

during real-world deployment.

13
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Chapter 4

Experiments

To evaluate the effectiveness of our framework in bridging the Sim2Real gap for RGB-

based manipulation tasks, we conducted extensive experiments across four real-world

manipulation tasks as in Fig. 4.1. We begin by detailing the data collection process in

both the simulator and real-world environments. We then compare the performance of

policies trained on our synthetic data with Real2Real policies—those trained on real-

world data and deployed in real-world environments. This comparison demonstrates

the high fidelity of our synthetic data, showing that policies trained within our

framework can be deployed to real-world tasks without fine-tuning. Additionally, we

assess Sim2Sim performance by training and evaluating policies entirely within the

SplatSim, allowing us to quantify the degradation in performance during Sim2Real

transfer. Lastly, we investigate the effects of data augmentation on the transfer

process and evaluate the visual fidelity of the photorealistic renderings generated by

the SplatSim framework.

4.1 Demonstrations in the Real World and

Simulation

In the real world, demonstrations for each task were manually collected by a human

expert. In contrast, the simulator streamlines this process by employing privileged

information-based motion planners, which automatically generate data using privi-

15



4. Experiments

Task
Successful Trials Human Effort to Collect Data

(Out of 40 Trials) (hours)

Sim2Sim Real2Real Sim2Real (SplatSim) Simulator Real World

T-Push 100% 100% 90% 3.0 3.5

Pick-Up-Apple 100% 100% 95% 0.0∗ 3.5

Orange-On-Plate 97.5% 95% 90% 0.0∗ 6.0

Assembly 85% 90% 70% 0.0∗ 7.5

Total 95.62% 97.5% 86.25% 3.0 20.5

∗ Automated process

Table 4.1: Comparison of task success rates and data collection times across various
manipulation tasks. Our policies trained solely on synthetic data achieve an 86.25%
zero-shot Sim2Real performance, comparable to those trained on real-world data.
By leveraging the automation capabilities of simulators, we significantly reduce the
human effort required for data generation.

leged information, such as the position and orientation of each rigid body in the scene.

The simulator not only reduces effort by automating resets between demonstrations

when a human expert is involved but more importantly, it leverages motion planners

that eliminate the need for human intervention entirely. This enables the generation

of large-scale, high-quality demonstration datasets with minimal manual input. As a

result, the simulator drastically reduces the time and effort required for data collection.

As shown in Table 4.1, while real-world demonstration collection required about 20.5

hours, the same tasks were completed in just 3 hours in the simulator, underscoring

the efficiency and scalability of our approach.

4.2 Zero-Shot Policy Deployment Results

We evaluate the zero-shot deployment of our policies across four contact-rich real-

world tasks, using task success rate as the primary metric. As shown in Table 4.1, our

method achieves an average success rate of 86.25% for zero-shot Sim2Real transfer,

compared to 97.5% for policies trained directly on real-world data, highlighting the

effectiveness of our approach. All experiments were conducted using a UR5 robot

equipped with a Robotiq 2F-85 gripper and 2 Intel Realsense D455 cameras [24] with

deployment on an NVIDIA RTX 3080Ti GPU for the Diffusion Policy [9].
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Figure 4.1: SplatSim Rollout: Renderings from our SplatSim framework across four
different manipulation tasks.

T-Push Task

The T-Push task, popularized by Diffusion Policy [9], captures the dynamics of non-

prehensile manipulation, which involves controlling both object motion and contact

forces. For training, a human expert collected 160 demonstrations in simulation using

the Gello teleoperation [46]. While testing, the robot started from a random location

and achieved a 90% success rate (36/40 trials) in zero-shot Sim2Real transfer as shown

in Table 4.1. This result shows the effectiveness of our framework in handling the

dynamics of pushing without fine-tuning on real-world demonstrations. Additionally,

the performance of our method is comparable to Real2Real (40/40) and Sim2Sim

(40/40).

Pick-Up-Apple Task

The Pick-Up-Apple task involves grasping and manipulating the full pose of an object

(i.e., position and orientation) in 3D. This task was designed to evaluate the robot’s

grasping capabilities when trained using our simulated renderings. A motion planner,
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leveraging privileged state information from the simulator (accurate position and

orientation of each rigid body in the scene), generated 400 demonstrations with

randomized end-effector positions and orientations. During real-world trials, our

policy achieved a 95% success rate (38/40 trials) in zero-shot Sim2Real transfer, as

shown in Table 4.1.

Orange on Plate Task

In this task the robot has to pick up an orange and place it on a plate. In simulation,

a motion planner with access to privileged information, generated 400 demonstrations.

The end-effector position and initial gripper state were randomized during training.

During testing, the robot always started from a home position. We achieved a 90%

success rate (36/40 trials) in zero-shot Sim2Real transfer.

Assembly Task

In this task the robot has to put a cuboid block on top of another cuboid. The robot

starts at the home position with the green cube already grasped and has to place it

on top of the red cube. The task is particularly tough since the robot has to make

a precise placement otherwise the cube will fall and will lead to a failure case. Our

Sim2Real policy achieved a performance of 70% (28/40 trials) on this task, compared

to 95% on Sim2Sim and 90% on Real2Real.

4.3 Quantifying Robot Renderings

We quantitatively evaluate the accuracy of rendered robot images at various joint

configurations by comparing them with the real-world images. We assess the quality of

the robot’s renderings across 300 different robot joint angles. To measure the similarity

between the rendered and real-world images, we employ two metrics commonly used

in image rendering assessment: Peak Signal-to-Noise Ratio (PSNR) and Structural

Similarity Index Measure (SSIM). Despite the variations in joint configurations, the

renderings achieve an average PSNR of 22.62 and an SSIM of 0.7845, indicating that

the simulated images closely approximates the visual quality of the real-world RGB

observations.
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4.4 Effect of Augmentations

To quantify the impact of data augmentations on the Sim2Real performance of

our policy, we conducted experiments comparing policies trained with and without

augmentations. While the Diffusion-Policy performs effectively without augmentations

in consistent environments (e.g., Sim2Sim or Real2Real scenarios), transferring a

policy trained in simulation to the real world introduces domain shifts that necessitate

additional robustness as the renderings can’t capture dynamic details like changing

reflections and shadows. We incorporated augmentations such as random noise

addition, Color Jitter, and random erasing during training to address these shifts.

These augmentations improve the performance of the policy from 21% to 86.25%

across four tasks in Sec. 4.2.

19



4. Experiments

20



Chapter 5

Conclusions

5.1 Conclusions

In this work, we tackled the Sim2Real gap for RGB-based manipulation policies by

leveraging Gaussian Splatting for photorealistic rendering, integrated with existing

simulators for physics-based interactions. Our framework enables zero-shot transfer of

RGB policies trained in simulation to real-world environments, significantly reducing

the need for real-world data collection. While advancing the state-of-the-art in

photorealistic simulation and zero-shot deployment, our current system remains

limited to rigid-body manipulation and controlled tabletop scenes.

Extending this framework to more dynamic and unstructured domains such as

agriculture, where tasks like pruning and harvesting require complex, contact-rich

interactions, poses several challenges. We outline three important directions for future

work:

1. Modeling Deformable and Organic Structures: Real-world plants such as

vines exhibit non-rigid, highly deformable behaviors that are difficult to simulate.

Addressing this will require incorporating deformation-aware models, either

through physics-informed approximations or by learning dynamics directly from

real-world data using deformable Gaussian splatting or video-driven deformation

modules.

2. Scalable Scene Representations: Agricultural scenes often span large out-
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door environments with many objects and complex topologies. Scaling our

framework to such settings demands a more efficient and hierarchical represen-

tation of splats, potentially through multi-resolution scene graphs or chunked

splat loading strategies that support real-time interaction over large spatial

extents.

3. Robust Policy Learning in Unstructured Environments: The visual

variability and uncertainty in field settings (e.g., lighting changes, occlusions,

moving foliage) can degrade policy performance. To address this, future work

should explore reinforcement learning with heavy visual and physical domain

randomization, online adaptation techniques, and closed-loop visual feedback

systems to ensure robust policy execution in dynamic real-world conditions.

By addressing these challenges, we aim to extend the capabilities of our system

toward scalable, real-world deployments in complex outdoor manipulation tasks

such as pruning and harvesting, ultimately bridging the gap between simulation and

impactful field robotics applications.
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Extending SplatSim to Articulated

and Deformable objects

A.1 Pipeline for Articulated Objects

For articulated objects such as robot grippers and drawers, we adopt a segmentation

and rendering pipeline inspired by the KNN-based method described in the SplatSim

framework. The steps for rendering articulated objects in novel configurations are

outlined below.

A.1.1 Robot Link Segmentation Using KNN Classifier

We utilize a K-Nearest Neighbour (KNN) classifier trained on ground-truth point

labels from the simulator to segment the Gaussian splats corresponding to individual

links of the articulated object. This approach accounts for misaligned or non-axis-

aligned bounding boxes, such as those found in parallel jaw grippers. After training,

the KNN classifier infers the link class for each Gaussian in the aligned splat, ensuring

accurate segmentation.
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Figure A.1: The figure illustrates temporal sequences for different object manip-
ulations. (A) Demonstrates the progression of articulated object manipulation,
showcasing the movement of eyeglass handles over time. (B) Presents the time steps
involved in soft object manipulation, specifically depicting the folding process of a
cloth. (C) Displays the limitation of the current method of rendering clothes for
extreme deformations.

A.1.2 Forward Kinematics Transformation for Articulated

Links

Once the Gaussian splats are segmented, we calculate the transformations for each

link using forward kinematics. The transformation matrix for each link is computed

relative to the robot’s base as:

T = Tbase ·Tlink, (A.1)

where Tbase is the transformation of the robot base and Tlink is the local transformation

of the link obtained from the simulator.
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A.1.3 Rendering Articulated Objects

After transforming the segmented Gaussians, we project them onto the image plane

using Gaussian Splatting. This pipeline ensures photorealistic renderings of articulated

objects at novel joint configurations, maintaining high fidelity to the simulated scene.

A.2 Segmentation of Cloth Gaussians into Mesh

Faces

To accurately associate Gaussian splats with the corresponding mesh faces of a cloth

object, we segment the point cloud based on the mesh structure. This segmentation

allows us to maintain a one-to-one correspondence between the simulation’s mesh-

based representation of the cloth and its Gaussian splats in the rendered space. The

steps for segmentation are detailed below.

A.2.1 2D Projection of Mesh Vertices and Points

Given the 3D nature of both the mesh and the Gaussian splats, we project the vertices

of the mesh and the points in the Gaussian splats onto a 2D plane. This is achieved

by ignoring the z-axis coordinates:

(x, y, z) → (x, y). (A.2)

This simplification reduces the problem of associating points with mesh faces to a 2D

problem, making computations more efficient.

A.2.2 Point-in-Triangle Test Using Barycentric Coordinates

For each projected point, we determine its association with a specific triangle (mesh

face) using the point-in-triangle test. This is performed by computing the signed

areas of the triangles formed by the point and the vertices of each triangle. Let the

vertices of a triangle be (xA, yA), (xB, yB), and (xC , yC). The total area of the triangle
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is given by:

AreaABC =
1

2
|xA(yB − yC) + xB(yC − yA) + xC(yA − yB)| . (A.3)

For a point (xP , yP ) to lie inside the triangle, the sum of the areas of sub-triangles

formed by the point and the vertices of the triangle must equal the total area:

AreaPAB +AreaPBC +AreaPCA = AreaABC . (A.4)

Assigning Labels to Points

If a point is determined to lie inside a triangle, it is assigned the label of that triangle.

This mapping is stored for all points, resulting in a complete segmentation of the

Gaussian splats into mesh faces.

A.3 Deformation of Cloth with Rigid Body

Approximation

To model cloth deformation, we assume that each triangle (mesh face) behaves as a

rigid body. Although this is an approximation, it allows us to compute transformations

for each triangle independently, facilitating the rendering of deformed cloth in novel

configurations.

A.3.1 Retrieving Vertex Data

From the simulation, we retrieve the current vertex positions v1,v2,v3 for each

triangle and their initial positions v0
1,v

0
2,v

0
3.

A.3.2 Centroid Calculation

The centroid of a triangle is calculated as the average of its three vertices. For the

current and initial configurations, the centroids are given by:

c =
v1 + v2 + v3

3
, c0 =

v0
1 + v0

2 + v0
3

3
. (A.5)
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A.3.3 Aligning Faces Using SVD

To align each triangle’s initial configuration with its current state, we compute the

optimal rotation matrix R using Singular Value Decomposition (SVD). The covariance

matrix H is calculated as:

H =
3∑

i=1

(v0
i − c0)(vi − c)⊤. (A.6)

SVD is performed on H:

H = UΣV⊤, (A.7)

and the rotation matrix R is obtained as:

R = VU⊤. (A.8)

A.3.4 Calculating Translation

The translation vector t is computed as the difference between the centroids after

aligning the triangle:

t = c−Rc0. (A.9)

A.3.5 Constructing Transformation Matrix

The transformation matrix for each triangle is represented in homogeneous coordinates

as:

T =

[
R t

0⊤ 1

]
. (A.10)

A.4 Limitations of the Current Approach

We are assuming each face of the mesh as a rigid body. However, this is not true, as

the triangle itself deforms in the simulator. Incorporating those cases is important.

The below video shows this. The gap between the triangles is because we are not

scaling the gaussians properly according to the deformation of the triangle.
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A.5 Experiments

Our experiments primarily focused on qualitative assessments due to the inherent

challenges in quantifying the performance of cloth simulation without a real-world

counterpart. The lack of a physical cloth setup in our experimental environment

limited our ability to conduct direct comparisons or measure precise metrics. However,

we were able to evaluate the visual fidelity of our cloth rendering using the Peak

Signal-to-Noise Ratio (PSNR) of the Gaussian splatting representation compared to

the ground truth mesh-based rendering. The PSNR value of 25.12 demonstrates the

high quality of our cloth rendering. Detailed visual results are presented in Figure 1,

which showcases the temporal sequences of articulated objects and cloth renderings.
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Applying Scene Modelling to the

Field Setting

B.1 Motivation

Agricultural robotics presents unique challenges that distinguish it from typical indoor

robotic manipulation settings. Unlike controlled environments, field deployments are

affected by factors such as seasonality, changing weather conditions, unstructured

backgrounds, and limited infrastructure. One of the most significant bottlenecks in

developing robotic systems for agriculture is the difficulty of collecting large-scale,

high-quality real-world data. Robots often need to be transported to remote fields,

setup times are high, and hardware is prone to failure due to environmental exposure.

These challenges make scalable and repeatable data collection for robot learning

extremely difficult.

To address these issues, we explore the use of Gaussian Splatting as a tool

for modeling complex agricultural scenes with high photorealism and geometric

accuracy. Gaussian Splats provide a dense and editable 3D representation that can

be reconstructed from a short RGB video captured in the field. Once reconstructed,

these splats serve as a visual twin of the real environment, enabling offline planning

and simulation without requiring repeated trips to the field.

We specifically target the problem of grapevine pruning, a task that is vital for
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crop health and yield, yet challenging to automate due to the intricacies involved in

identifying appropriate pruning points. In our approach, we first scan the grapevine

row to obtain a Gaussian Splat model of the scene. This splat is then annotated

by expert farmers who mark the pruning locations directly in the 3D space. Once

labeled, the robot uses this annotated splat to plan and execute pruning actions

in the real world. This system significantly reduces the need for repeated manual

intervention, leverages human expertise efficiently, and offers a scalable solution to a

traditionally labor-intensive task.

B.2 System Overview

Our proposed field deployment pipeline begins with capturing a raw RGB video of

the scene, which is then used to generate a Gaussian Splat representation. Once

this splat is available, the system proceeds through three main components: scaling,

localization, and motion planning, as outlined in Fig. B.1.

1. Splat Generation and Scaling: The initial step involves reconstructing a 3D

Gaussian Splat of the agricultural scene from a multi-view RGB sequence. However,

since the reconstruction is up to scale, we need to calibrate the scene to real-world

dimensions. This is achieved by including a scaling object—typically a cube or cuboid

with known dimensions—in the captured sequence. The dimensions of the object in

the reconstructed splat are measured and used to compute a global scale factor, which

is then applied to all 3D Gaussians in the scene. This step ensures that any positions

or distances measured within the splat are consistent with the robot’s operational

frame.

2. Localization of the Robot in the Splat Frame: For the robot to interact

meaningfully with the Gaussian Splat, it is essential to localize the robot’s base within

the splat’s coordinate frame. This is typically done by performing a registration step

between the known CAD model or a depth scan of the robot and its observed splat

reconstruction. Alternatively, localization can be achieved by visual servoing, where

the robot adjusts its position until its camera view matches a rendered view from the

splat. This results in the transformation Hs
c , which maps the robot’s camera frame

to the splat frame.

3. Cartesian Motion Planning: Once the splat is scaled and the robot is
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Figure B.1: Overview of the field deployment pipeline. A raw Gaussian Splat is first
scaled using a known calibration object. The robot is then localized in the splat frame
via servoing or registration. Once localized, expert-annotated pruning points in the
splat can be transformed into the robot frame, enabling planning and execution of
pruning actions using simple Cartesian motion. The system supports both open-loop
and closed-loop execution.

localized within it, we can leverage the annotated pruning points within the splat to

guide manipulation. These labeled points are typically provided by an expert who

marks pruning locations directly in the 3D splat. Given a target point, we can use

the transformation from the splat frame to the robot base frame to compute the goal

in the robot’s coordinate system. A simple Cartesian planner can then be used to

generate a trajectory from the robot’s current end-effector pose to the goal. This

motion can either be executed in an open-loop manner or refined via closed-loop

visual feedback.

B.3 Robot Localization via Visual Servoing in

Gaussian Splat Space

A critical requirement for executing any manipulation in the field is knowing the

robot’s pose relative to the environment model—in our case, the Gaussian Splat.

Traditional localization techniques rely on fiducial markers or external sensors, which

can be impractical in outdoor agricultural settings. Instead, we propose a novel form
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of localization using visual servoing within the Gaussian Splat itself.

In this approach, the robot captures a single RGB image from its onboard camera.

To estimate the camera pose relative to the splat, we render views from the Gaussian

Splat by simulating a virtual camera and adjusting its pose until the rendered image

visually matches the robot’s captured image. This optimization process aligns the real

camera view with the virtual splat rendering, effectively yielding the transformation

Hs
c from the camera frame to the splat frame.

Unlike traditional pose-based visual servoing that moves the robot to match a

known goal image, we invert the process: we move a virtual camera in the splat to

match the real-world observation. This formulation avoids any need for hand-crafted

features, is agnostic to scene content, and can work with natural environments such

as grapevines under varying lighting conditions.

This virtual camera servoing is inspired by direct image-based visual servoing

(IBVS) and flow-guided methods like DFVS [17], but does not require scene-specific

training. Once the best-fit pose is found in the splat frame, it can be composed

with known robot kinematics to transform pruning targets or waypoints from the

splat space into the robot’s base frame. This allows us to bridge the perception and

planning modules without requiring external localization infrastructure.

B.4 Pregrasp Planning and Execution

Once the robot is localized within the Gaussian Splat using visual servoing, the

next step is to plan and execute a motion to interact with annotated points in the

environment. In our application of grapevine pruning, these points are labeled by

expert farmers directly within the 3D splat. Each pruning location is defined in the

splat frame {s} as a 6DoF pose, including both position and orientation, denoted as

P s.

Given the transformation Hs
c estimated during visual servoing, and the known

hand-eye calibration between the camera and the robot’s end-effector, we compute

the corresponding pose in the robot base frame {b}. Specifically, we use:

P b = Hc
b · (Hs

c )
−1 · P s
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This yields the desired pruning point in the robot’s coordinate system. From this

target pose, a Cartesian motion plan is generated to guide the end-effector from its

current pose to the pruning location. In our implementation, this motion can be

executed in one of two modes:

• Open-Loop Execution: If the localization from visual servoing is precise and

the splat alignment is reliable, the robot can directly follow a planned trajectory

to the target pose without additional feedback. This approach is simple and

effective in well-observed scenes.

• Closed-Loop Visual Feedback: In cases where uncertainty in localization

or scene alignment exists (e.g., due to occlusions or changes in lighting), we

enable closed-loop control. Here, the robot uses real-time camera feedback to

minimize the visual discrepancy between the current view and a rendered goal

view from the splat. This helps correct small pose errors during motion and

ensures accurate placement at the pruning point.

This pregrasp execution step effectively bridges the annotated splat model with

low-level robot control, enabling precise and safe interaction with delicate plant

structures in outdoor environments.

B.4.1 Discussion and Conclusion

This appendix outlines a practical extension of the SplatSim framework to challenging

agricultural field settings, with a specific focus on grapevine pruning. By leveraging

the photorealistic and editable nature of Gaussian Splatting, we construct a visual

twin of the environment that can be labeled by experts and used for downstream robot

planning and execution. Our system circumvents the need for repeated real-world

data collection by enabling expert annotations directly in the splat and using visual

servoing for robot localization.

A key feature of this pipeline is the inversion of traditional visual servoing: rather

than controlling the robot to reach a rendered target image, we move a virtual camera

within the splat until it matches the live image from the robot’s camera. This yields

a transformation between the robot and the scene, which can be composed with

annotated points for precise 6DoF goal specification.
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Despite the system’s promise, several open challenges remain. The quality of

the Gaussian Splat reconstructions can degrade under difficult lighting conditions or

with highly deformable foliage. Furthermore, achieving high-precision localization

still depends on the visual richness and coverage of the captured views. In dynamic

environments—such as those affected by wind or seasonal changes—the splat may

need to be updated more frequently to remain useful.

Future directions include integrating deformable or time-varying splats, supporting

multiple robot-camera configurations, and fusing visual servoing with SLAM-based

localization to improve robustness. Overall, this pipeline demonstrates the feasibility

of applying simulation-informed techniques in real-world agricultural settings with

minimal infrastructure and manual effort.
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