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Abstract

Dynamic Scene Reconstruction is the complex task of cre-
ating a digital counterpart to a real-world environment.
However, recent advancements in Vision Language Models
(VLMs) have demonstrated their emerging ability to under-
stand and recognise aspects of an environment. While the de-
ployment of VLMs in real-world domains remains an open
challenge, they provide a method for generating semantic
descriptors of elements in a scene. This paper introduces a
framework which segments scenes using recent foundation
models and then transforms the visual representation into
symbolic attributes populated by RGB-D camera data and
VLM-assigned descriptors. These attributes are suitable for
constructing a partial PDDL representation for planning and
plan visualisation. We describe the approach and evaluate the
framework using a series of construction tasks, demonstrating
the pipeline from initial scenes to plan visualisation.

Introduction
Dynamic Scene Reconstruction is the process of creating
a simulated version of a real world domain. Such environ-
ments can be used for a range of tasks involving autonomous
agents such as decision making, training, teleoperation, nav-
igation, and acting as a digital twin (Bavelos et al. 2025; Gu
et al. 2023; Ni et al. 2025). Reconstructing a scene while at-
taining a strong semantic understanding of its properties and
dynamics is a challenging task.

The task of identifying objects and object properties has
a long history in areas like vision, sensing and robotics,
with both manual and automated approaches being proposed
(Redmon et al. 2016; Chen et al. 2019; Schneider et al. 2009;
Vidal et al. 2023). With the recent establishment of Gen-
erative AI tools, new methods have been introduced to aid
in this process. Furthermore with game engines becoming
more prevalent in the field of robotics as a simulation tool,
the need for a process that reconstructs scenes for such sys-
tems is seen as an important area of research.

In this paper, we consider the problem of automatically
identifying objects and their spatial properties in a given
scene in order to build a symbolic representation that sup-
ports automated planning and plan visualisation. Automated
planning focusses on finding a plan to reach a required goal
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Figure 1: Example environment.

state from a prespecified initial state. Automated planning
has previously been deployed for a variety of different tasks
such as robotics, logistics and manufacturing, although the
success of these techniques is often limited by the correct-
ness of the underlying domain model.

In this work, an RGB-D camera is used to capture an en-
vironment and segmentation model (SAM 2) (Ravi et al.
2024) is used to extract objects from the video. Spatial prop-
erties for each object are determined from the camera data
and are supplemented element descriptions using a Vision
Language Model (VLM). This representation is then con-
verted into a PDDL domain and problem model (McDer-
mott et al. 1998), capable for use with classical planning,
providing a pipeline for converting continuous visual data
into discrete symbolic data supporting planning model con-
cepts. Given the induced planning model we reconstruct the
scene digitally in the Unity Game Engine (Unity Technolo-
gies 2025) using the Planning Domain Simulation (PDSim)
system (Pellegrin and Petrick 2024), an open source plan-
ning domain simulation extension for Unity. To test the va-
lidity of the reconstruction, plans are generated and executed
in the virtual environment. We mimic a real-world manufac-
turing environment using LEGO Bricks (Figure 1a) and use
these examples to test the approach.

The rest of this paper is organised as follows. First, we
review related work for scene generation, automated plan-
ning and plan visualisation. We then present our pipeline
for extracting objects and properties from an RGB-D video,
which is used to induce a partial PDDL planning model.
This model is then used to dynamically reconstruct scenes
in PDSim, which we then evaluate with a set of experiments.
Lastly, we discuss our results and future work.



Background and Related Work
Scene Reconstruction Both manual and automated ap-
proaches to scene reconstruction exist. For example, manual
3D modelling may be practical for a scene with few items al-
though as scenes become busier, manual approaches become
unsustainable. Automated approaches exist which employ
the use of high-end expensive 3D scanners or cheaper but
less accurate phone-based applications. Typically these ap-
plications use algorithms which involve a blend of Structure
from Motion (SfM) and Multi-View Stereo (MVS), which
takes overlapping images and converts them into dense
points clouds, i.e., an array of points each with a coordinate
to recreate a scene (Verykokou and Ioannidis 2023). These
approaches create a singular high visual fidelity mesh to rep-
resent a scene where all objects act as a singular background
(Downs et al. 2022). An emerging technology, 3D Gaussian
Splatting (3DGS) is a high-quality and real time rendering
technique used to build 3D representations of objects and
environments (Kerbl et al. 2023). Scenes are modelled as
collections of 3D Gaussian ellipsoids, with each ellipsoid’s
colour, shape, position, and opacity optimised to reconstruct
the scene across multiple camera viewpoints. Environments
typically take a graphical structure and are commonly rep-
resented with Scene Graphs (SG) consisting of nodes and
edges, where each node represents an object and each edge
a relationship between nodes (Rosinol et al. 2020). These
graphs allow for rich semantic descriptions as they can rep-
resent object properties, descriptor values (e.g.,colour, ma-
terial), and parent-child relationships (e.g., spatial relation-
ships between objects) (Gu et al. 2023). In dynamic or un-
known environments where scenes change in real time, the
scene graphs can be updated with network or foundation
models (Rosinol et al. 2020; Gu et al. 2023) that give rise
to Dynamic Scene Graphs (DSGs).

Object Identification Object identification is the process
of providing labels to objects in a scene, a task which has a
long history in vision and sensing research (Dalal and Triggs
2005; Girshick 2015; Redmon et al. 2016). In small datasets,
approaches that assign similarity scores between objects can
be used, such as feature matching which identifies matching
points between different images and can be undertaken using
techniques like Scale-Invariant Feature Transform (SIFT),
Speed up Robust Feature (SURF), and Oriented Fast and Ro-
tated Brief (ORB) (Karami, Prasad, and Shehata 2017). For
larger datasets, Machine learning (ML) techniques such as
neural networks or clustering algorithms can be used to sort
objects into distinct classes. ML approaches are trained on
labelled data which allows them to estimate classes for new
data but are generally successful in environments where all
objects are previously known.

The vast landscape of generative tools such as Large Lan-
guage Models (LLMs) and their visual counterpart, Vision
Language Models (VLMs), introduce a new method for la-
belling objects in unknown environments. These models are
trained on vast amounts of unlabelled, unsupervised data
(Naik, Naik, and Naik 2024; Ferrara 2023; Zhiheng, Rui,
and Tao 2023) offering the possibility of exceptional per-
formance on the labelling task as the model can generalise

and infer details about previously unknown or obscured ob-
jects (Raschka 2024). LLMs and VLMs also have the in-
herent ability to interpret and generate human-coherent con-
tent (Berrios et al. 2023), with LLMs specialising in text and
VLMs able to perceive and generate images or video frames.

In busy scenes, the labelling tool can fail to identify all
objects, so a method to extract meaningful regions, such
as segmentation can simplify the labelling task (Othman,
De Pellegrin, and Petrick 2026). In simple cases, segmen-
tation can be completed by extracting colour and depth re-
gions, or areas within a detected edge. For a more sophisti-
cated approach in unknown environments, foundation mod-
els which specialise in segmentation such as Meta’s Segment
Anything Model (SAM) (Ravi et al. 2024) can be used.

Game Engines Simulators are extensively used in the
field of robotics as they allow for safe, cost effective and
scalable environments for robot development (Collins et al.
2021; Kargar et al. 2024). Recently tools such as game en-
gines have become a promising approach due to their sup-
port for high-quality physics, rendering and integrability
(Collins et al. 2021; Kargar et al. 2024; Wang, Han, and
Tiwari 2021). For example, tools like Unity (Unity Tech-
nologies 2025) and NVIDIA’s PhysX (NVIDIA Corporation
2025) provide realistic graphics and accurate physics prop-
erties within a robust framework. These tools are also used
as digital twins—digital recreations of real-world environ-
ments and systems (e.g., robots)—which allow for digital
counterparts of physical systems to be tested in realistic en-
vironments, for instance in tasks such as autonomous deci-
sion making and action execution (Verdouw et al. 2021).

Automated Planning Automated planning research ad-
dresses the problem of reasoning about action sequences to
transform an initial state into a new state that achieves a
set of goal conditions (Ghallab, Nau, and Traverso 2016).
A planning problem can be defined as a tuple Π =
⟨P,A, I,G⟩, where P is a set of properties that define a state
space (including a set of objects), A is a set of actions, I is
a set of initial state properties, and G is the set of goal con-
ditions. This definition can be considered in the context of a
state transition system, where a state captures all the proper-
ties of P that are true, and actions in A transform states to
new states. A solution to the planning problem is a sequence
of actions (a plan) that when applied to the initial state I
transforms it to a state where the properties of G are true.

Traditionally, languages such as the Planning Domain
Definition Language (PDDL) (McDermott et al. 1998) are
used to model planning problems, providing a standard,
planner-independent representation language supported by
a wide variety of planning engines. The Unified Planning
Library (UPL) (Micheli et al. 2025) provides an alternative
to standard PDDL specification through an API that enables
external planners to be integrated in a Python-based wrap-
per. Tools like UPL also attempt to address problems of ac-
cessibility, by offering a traditional programming environ-
ment as an attempt to encourage the wider adoption of plan-
ning tools in research and industrial applications.



Figure 2: LEGO brick configurations.

Plan Visualisation Plan visualisation is an important area
of research exploring the development of tools for tasks like
plan simulation and planning domain debugging. While still
an under-explored area, tools like LPS (Tapia, San Segundo,
and Artieda 2015), Planimation (Chen et al. 2020), and
vPlanSim (Roberts et al. 2021) aid in the interpretation of
planner outputs, allowing interaction and online inspection
of objects and states during plan execution for debugging,
analysis, and refinement of planning models (Gerevini and
Saetti 2020). Our work extends the Planning Domain Simu-
lation (PDSim) system (De Pellegrin and Petrick 2024), an
open source Unity-based extension for visualising planning
domains. PDSim is an external plug-in for the Unity game
engine, providing a user interface to 2D/3D graphics and an-
imations, and a connection to external planners and PDDL
language parsers using UPL. PDSim leverages Unity’s un-
derlying physics and animation system to create animations
for PDDL-defined objects and properties. These animations
can be used to set up a scene in Unity, allowing plans to be
executed in the simulated virtual environment.

Scene Reconstruction Pipeline
We now present our pipeline for dynamically reconstructing
scenes for planning-related tasks. As a running example, we
use a LEGO environment to mimic a simple manufacturing
domain, due to the vast catalogue of LEGO elements avail-
able with different shapes, colours and interaction methods.

Interacting with LEGO Bricks is relatively straightfor-
ward, though replicating their behaviours in a planning do-
main is far more complex. The anatomy of a LEGO brick in-
volves studs (the connectors on top of a brick) or anti-studs
(the area studs snap into). In traditional LEGO building, the
relative position of bricks for stacking also matters. For in-
stance, Figure 2 shows 15 different possible combinations
for stacking two bricks. Therefore, to simplify our model
we treat stacking as one brick on top of another, similar to
Blocks World. We now present our pipeline for scene recon-
struction, as illustrated in Figure 3.

Data Capture A mounted Intel RealSense D435 depth
camera was used to capture data at a resolutions of

Figure 3: Scene reconstruction pipeline.

Figure 4: The identified objects in reference to the original
image.

1920x1080, 1280x720, 848x480, 640x360 and 424x240 at
15 frames per second over a 10 second recording window.
The camera was positioned directly above the LEGO pieces
and as perpendicular to the table surface as possible to min-
imise distortion.

Video Processing The pipeline begins (Figure 3a) by ex-
tracting colour and depth frames from the recordings. Next,
SAM2 (Ravi et al. 2024) is used to segment and create masks
for all elements in each frame. The system then automat-
ically corrects duplicate and fragmented masks. The final
masks can be seen in Figure 4. The depth frames which were
previously extracted from the video and the masks are now
used to determine a physical footprint and height for each
LEGO element. Each element is also assigned a 3D Carte-
sian location in their respective frame.

Before passing the object’s coordinates to the representa-
tion stage, they are converted from local space mapped rel-
ative to the camera frame to world space coordinates where
each camera frame will occur at a different point and likely
a different rotation (Figure 5).

Camera motion between frames is estimated using Open-
3D (Zhou, Park, and Koltun 2018). This estimation allows
for the camera’s coordinates to be mapped in the world
space. The camera’s trajectory for the LEGO example is
shown in Figure 5b. Next, we project each estimated local
coordinate into the world space using the equation:

pworld = pcam +R · plocal,

where pcam is the camera coordinate in the world space, R
is the rotation matrix of the camera, and plocal is the coordi-
nate of the element in the local frame. To finish, the physical
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Figure 5: Local to world coordinate conversion and esti-
mated camera trajectory.

Predicate Description

(Brick ?b) ?b is a brick
(Location ?l) ?l is a location
(Dimension ?d) ?d is a dimension.
(Colour ?c) ?c is an RGB colour
(Label ?la) ?la is a text label.
(brickAt ?b ?l) Brick ?b is at location ?l
(on ?b ?base) Brick ?b is on brick ?base
(clear ?b) No brick is on brick ?b
(stacked ?b) Brick is stacked on top of an-

other Brick.
(brickDimension ?b ?d) Brick ?b is scaled to

dimension ?d.
(brickColour ?b ?c) Brick ?b is colour ?c
(brickLabel ?b ?la) Brick ?b has label ?la

Table 1: PDDL scene predicates.

footprint (3D scale), height above table, local coordinate and
an RGB colour (extracted from a segmented mask) populate
a CSV file for use in later stages.

Data Labels The next stage of the pipeline (Figure 3b)
uses an external VLM (Figure 3c) to provide descriptor
values for the calculated segments. In this paper, we make
use of the qwen3-vl:235b-cloud model through Ollama.
The VLM is iteratively provided with each mask and the
prompt: Label this {hint} using a maximum
of 3 words. Do not label the colour. The
hint is user specified and in this case is ‘LEGO Element’.
The first three words of the response serve as the item label.

Representation This stage of the pipeline (Figure 3d)
converts the VLM labels and calculated object properties
into a partial automated planning representation. The data
is converted into its PDDL equivalent and then into Python
for use with the Unified Planning Library. We consider each
element of a planning problem Π = ⟨P,A, I,G⟩, below.
Properties (P): Initially each PDDL property is manually
defined using the properties in Table 1, including Brick,
Location, Colour, Dimension and Label type pred-
icates. Each Brick is a unique element in the scene,
each Location a 3D Cartesian coordinate of the form
loc x y z, each Colour is an RGB colour of the form
col r g b, each Dimension is the calculated 3D scale of
the form dim width height depth and Label is the
VLM-induced description. The Colour and Dimension

properties are necessary for the upcoming visualisation stage
as it allows the user to distinguish between the different ele-
ments.

We define a domain-specific set of predicates for our ex-
perimental environment. The brickAt predicate maps a
Brick to a specific Location. The on relationship is
used to model a Brick being stacked on another Brick.
The clear property indicates that a brick can be placed
on top of it, i.e., no brick is on top of a particular brick.
The stacked property tracks Bricks which are currently
in a stack. The brickDimension, brickColour and
brickLabel predicates assigns a Dimension, Colour
and Label to a particular Brick, respectively.
Actions (A): Domain actions are also prespecifed as shown
in Table 2. The move action allows Bricks to move be-
tween Locations. The place and remove actions in-
troduce construction by allowing Bricks to be placed on
top of and removed from the top of each other.
Initial State (I): The calculated object properties and the
VLM-induced labels are used to automatically build the ini-
tial state. The domain is initialised using Algorithm 1. The
Cartesian locations, RGB colour and 3D scale must be en-
coded as strings to be a valid representation. For the “wedge
plate” element in Figure 1a, the created objects and assigned
predicates are seen in Table 3.
Goal (G): In this example our goal state is to stack all bricks.
To do this we iterate over each pair of bricks and apply the
necessary on predicates.

Visualisation The domain is visualised (Figure 3e) in
Unity using PDSim. To do this, the PDSim extension is first
installed in Unity and the PDSim back-end server launched
in the Python code. Once executed, the server will automat-
ically be identified by PDSim and the domain and objects
will be created. Upon creation, all objects are cube bodies
placed at the same coordinate. To visualise movements the
animations for predicates must be manually defined using

Algorithm 1: Initial State Initialisation

1: Input: VLM Labels and Property CSV
2: Output: Initialised objects
3: for each row in CSV do
4: create a Brick Object.
5: restructure x,y,z coordinate into a single string
6: create a Location Object.
7: restructure width, height, depth scale into a string
8: create a Dimension Object.
9: restructure RGB colour into a single string

10: create a Colour Object.
11: create a Label Object.
12: assign Brick a Location using brickAt.
13: assign Brick a Dimension using

brickDimension.
14: assign Brick a Colour using brickColour.
15: assign Brick a Label using brickLabel.
16: assign Brick as clear.
17: end for



Action Description Preconditions Postcondition

(move ?b ?l1 ?l2) Move brick ?b from
location ?l1 to loca-
tion ?l2

(brickAt ?b ?l1), (clear?b),
(not (stacked ?b)

(not (brickAt ?b ?l1)),
(brickAt ?b ?l2)

(place ?b1 ?b2 ?l) Place a brick ?b1 on
top of brick ?b2 in
location ?l

(brickAt ?b1 ?l), (brickAt
?b2 ?l), (clear ?b1), (clear
?b2), (not (stacked ?b1)

(not (clear ?b2), (stacked
?b1)), (on ?b1 ?b2).

(remove ?b1 ?b2 ?l) Remove brick ?b1
from the top of brick
?b2 in location

(brickAt ?b1 ?l), (brickAt
?b2 ?l), (on ?b1 ?b2),
(clear ?b1), (stacked ?b1)

(not on(?b1 ?b2)), (clear
?b2), (not (stacked ?b1)) ?l

Table 2: Example environment actions.

Created Object Assigned Predicate

(Brick obj 001) (clear obj 001)
(Location loc n33 359 1053) (brickAt

obj 001
loc n33 359 1053)

(Dimension dim 32 1 31.72) (brickDimension
obj 001
dim 32 1 31.72)

(Colour rgb 47 187 237) (brickColour
obj 001
rgb 47 187 237)

(Label Wedge Plate) (brickLabel
obj 001
Wedge Plate)

Table 3: Created objects and assigned predicates.

(a) (b)

Figure 6: Environment preparation.

Unity Script Graphs, where each node is an operation within
Unity that can be customised using the Unity or PDSim li-
braries. These graphs are then executed whenever a predi-
cate is referenced in the plan.

PDSim automatically creates prefabs (an object template
in unity) for each type of object in our scene. To prepare the
environment for scene reconstruction these prefabs should
be improved to allow for the correct placement of objects.
First, the top and bottom of the Brick prefab is marked as
seen in Figure 6a. These labels help to align Bricks during
placement to avoid Bricks overlapping. To improve scene
explanation we add a text object to the prefab which will
show the VLM induced label (Figure 6b) during reconstruc-
tion.

The Unity Script Graphs for each predicate animation can
now be created as described:

• brickAt: This animation should deal with moving a

Brick object to its desired Location. To do this we
make use of PDSim’s Translate to Point node which
takes three inputs: the moving object (the Brick), the
moving offset (the labelled bottom of the Brick) and the
Cartesian coordinates of the desired Location. As our
locations are structured as loc x y z the script graph
extracts the Cartesian coordinate from the string and cre-
ates a Unity transform object (a position). The transform
is then fed to the Translate to Point node to allow for the
brick’s movement to the location.

• on: This animation will deal with stacking Bricks. For
instance, to animate (on ?b1 ?b2) (b1 is on b2), we
use PDSim’s Translate to Object node which takes four
inputs: the moving object, the moving offset, the target
object and the target offset. In this case the moving ob-
ject is b1, the moving offset is the annotated bottom edge
of b1, the target object is b2 and the target offset is the
annotated top edge of b2. The offsets ensure that the ob-
jects are correctly aligned.

• brickDimension: This animation should scale a Brick
to the Dimension extracted from the sensor data. Sim-
ilar to the Location in the brickAt animation, we
parse the Dimension, dim width height depth
and create a Unity Transform which represents scale
rather than a Cartesian coordinate. We then apply the
scale to the Brick using a built-in Unity node.

• brickColour: This improves the visuals of the scene by
re-colouring each Brick to match it attached Colour.
The Script Graph parses the rgb r g b colour, creates a
new Unity Colour property and applies the new Colour
to the Brick’s mesh.

• brickLabel: To visually distinguish between elements
we attach the VLM-induced label to each object. The
Script Graph extracts the label and edits the initial ‘Cube’
text to match the annotation.

As seen in Figure 1b, at this stage our scenes are recon-
structed to visualise the initial state. The resulting scene with
the executed plan to stack all bricks is seen in Figure 7. The
same technical approach can also be applied to other scenar-
ios, such as the DUPLO example shown in Figure 8.

Experiments and Discussion
The pipeline was implemented using Python 3.12 and vi-
sualised using PDSim and Unity version 2022.3.62f1. The
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Figure 7: Goal execution.

(a) (b)

Figure 8: DUPLO reconstruction.

hardware used for stage (a) of the pipeline was a laptop with
a 16-core CPU, 3072-core GPU and 8GB of memory, run-
ning Ubuntu 24. The remainder of the pipelined used a desk-
top PC with a 16-core CPU, 10752-core GPU and 64GB of
memory, running Windows 11.

Preliminary Experiments Results from preliminary ex-
periments motivated many decisions made during imple-
mentation. To select our VLM, multiple scenes were tested
with different models. In these tests, Claude performed best
and was chosen for the main tasks, although the cost of use
and rate-limitation deemed it infeasible. So, the decision was
made to use the cloud-based, Ollama-hosted VLM.

For a proof of concept we investigated a grid-based ap-
proach with a single top-down image (Othman, De Pelle-
grin, and Petrick 2026). This approach split an image into
an NxN grid and used Anthropic’s Claude-Sonnet 4 to iden-
tify LEGO elements in a scene and provide a description,
dimension estimation and a colour. The VLM was then used
to assign Left and Above relationships to pairs of bricks in
each grid square to aid in positioning. The input and result-
ing simulated scene are shown in Figure 9.

This experiment indicated several challenges: the VLM
was unsuccessful in identifying all elements in a scene as
the number of elements scaled. The VLM could annotate
but struggled with the segmentation task. The VLM also
failed to reason geometrically and often was unsuccessful
in identifying differences between element heights from the
top down image. This led to the use of an RGB-D camera to
determine spatial properties and the decision to use the VLM
purely for annotation and input segmentation labelling.

To simplify the domain, rather than treating each Carte-
sian coordinate as a Location, this approach treated each
grid square as a separate Location. This required a sub-

(a) (b)

Figure 9: Grid-based approach.

(a)

(b) (c)

Figure 10: Wind simulation.

jective input and often resulted in mislabels and multiple
identifications of singular elements if a brick was spread
across multiple grid squares. The move to a Cartesian rep-
resentation addressed this problem and allowed for a more
precise visualisation.

Simulation Experiment This project takes the step to vi-
sualise our domains within Unity. As mentioned Unity has
an powerful inbuilt physics engine which means the scenes
we reconstruct can be used to carry out realistic simulations.
As a quick experiment to simulate a realistic LEGO envi-
ronment we assigned a mass of 0.004kg for the base sized
brick as well as drag and angular drag at 0.05. Coefficients
for friction, static friction and bounciness were set to 0.4,
0.6 and 0.05 respectively. These values were all generated
by Anthropic’s Claude Sonnet-4. We then simulated a gust
of wind in Unity resulting in the pieces scattering as seen in
Figure 10.

Labelling Experiment In our implementation, we opted
to allow user-defined hints to be given to the VLM, which
improved labelling accuracy. This experiment tested the re-
producibility of the VLM using the DUPLO scene in Fig-
ure 8. The scene is annotated on six occasions, three times
with hints and three times without.

Using the hint “DUPLO elements” and the prompt de-
scribed earlier, the VLM produced the results shown in Ta-



with hint 1 with hint 2 with hint 3

propeller Propeller Turbine Propeller Turbine
1x2 plate One Two Tile One Two Tile
fish fish fish
1x1 brick 1x1 brick 1x1 brick
1x1 brick 1x1 brick 1x1 brick
Banana element banana piece banana piece
1x1 tile 1x1 tile 1x1 tile
1x2 brick 1x1 brick 1x1 brick
1x2 brick 1x2 plate 1x2 plate
Tile 1x1 1x1 tile 1x1 tile

Table 4: Labels with hints.

without hint 1 without hint 2 without hint 3

cross connector plus token model airplane
sponge sponge sponge
submarine submarine toy submarine
chalk stick chalk rice grain
cork tooth fragment pill
banana banana banana
square square square
sugar stick battery small bar
block rectangle small rectangle
square square square

Table 5: Labels without hints.

ble 4. The responses in all three cases were relatively al-
ligned with major differences occurring on elements with
sticker patterns or more complex shapes such as the plane
parts or the squirrel. In some cases, the VLM produced the
same or similar result three times but the labels were still
largely incorrect, although LEGO related. For example, the
white plane hull was labelled as a propeller, the slide as a ba-
nana or the top section of the plane as a fish. As discovered
in the preliminary experiments, the VLM struggled to rea-
son geometrically; when it attempted to include sizes (as an
NxM stud) they were wrong. Without the hints, the VLM’s
labels were largely incorrect as seen in Figure 5, although at
times it did correctly label the decal on the LEGO element
such as “star”.

Increased Piece Experiment In this experiment, the num-
ber of pieces in the scene increased from 10 to 100 in 10
piece increments. For each cluster of pieces, a still image
was captured at 5 different resolutions. This experiment was
repeated 3 times at 3 different lighting conditions. The test
environment allowed for controlled lighting. The lighting
levels tested were approximately:

• 0 Lux: All lights switched off.
• 19 Lux: A single light switched on offset behind the cam-

era.
• 270 Lux: A directly overhead light switched on.

The images were captured using the same handheld cam-
era as the core experiment. The camera was positioned per-
pendicularly to the desk and held at a distance of 42cm using

Figure 11: Experiment setup

Figure 12: Average ratio of detected pieces.

a tripod. Lux was measured using the Lux Light Meter Pro1

app on an iPhone 17 Pro Max. The experiment setup is seen
in Figure 11.

As seen in Figure 12, the average number of detections
slightly drops in the lower resolutions. In the 0 lux state the
error rate was at most 0.08%. In 270 lux the highest error rate
was 0.032%. At 7 lux the error rate significantly increased
reaching 0.207% which dropped as the resolution decreased.
It was determined that the positioning of the light introduced
more shadows in the scene which the segmentation model
mistook as more LEGO elements. As the resolution dropped
the shadows became less clear and the model picked up the
more defined pieces.

Reshuffle Experiment In this experiment, we shuffled the
same 100 LEGO elements into three different combinations
as seen in Figure 13. We then reshuffled the pieces a fourth
time but this time without the white space in between as seen
in Figure 13d.

The organisation of the test environment took the same
approach as the increased piece experiment. All scenes were
captured at a light level of 270 lux.

The piece identification dropped as the resolution
dropped. There was only one iteration where more than 100
pieces were identified. This happened in the 1920x1080 res-
olution where 1 extra piece was identified in one example.
Across all of the spaced out scatters we maintained an av-
erage identification rate of at least 95% across all resolu-
tions. In the grouped cluster we attained a 94%, 93%, 87%,
82% and 74% element identification rate in the 1920x1080,

1https://apps.apple.com/us/app/lux-light-meter-
pro/id1292598866



(a) (b)

(c) (d)

Figure 13: Reshuffle experiment.

Figure 14: Reshuffle experiment results.

1280x720, 848x480, 640x360 and 424x240 respectively.
Upon closer examination of the masks in the grouped ex-
ample, it was clear that the segmentation model identified
larger pieces but struggled with smaller and partially oc-
cluded pieces hidden under other bricks. The model still
managed to segment some elements which were in contact
with others.

Observations Overall, these experiments highlighted the
uncertainty surrounding VLM annotations. Even when at-
tempting to constrain the VLMs with a hint there was still
no guarantee of getting the same response for a given ele-
ment more than once. There was also no guarantee that the
VLM would not label out-width the recommended hint (i.e.,
the “fish” label in the labelling experiment). After the exten-
sive experiments, it became clear the VLM started to label
items with LEGO-esque labels without them being an exist-
ing LEGO piece (i.e., “banana piece”, “single brick”). In the
office space example, even with the hint, annotations such as
“barrel” were provided. More work is needed to find a more
suitable VLM for the labelling task or training a smaller
more task-specific network for annotations.

From the increased piece experiment we find that segmen-
tation improves as resolution increases. However, in most
cases a resolution of 640x480 is sufficient for segmentation.

We also observed that the success of the segmentation relies
on balanced lighting rather than brightness. Balanced light-
ing mitigates shadows which decreases incorrect identifica-
tions.

In all the examples, the only locations to exist are the co-
ordinates where an element is already located, which leaves
other coordinates inaccessible. We attempted to allow for all
coordinates within the bounds of the minimum and maxi-
mum element locations to be a valid location in the plan but
this became too complex and introduced issues in the larger
element examples. It was expected that the Cartesian map-
ping would increase the complexity of the domain because
more Location objects exist relative to the grid approach in
our preliminary work. So, as the domains grew larger, the
time taken to determine a valid plan greatly increased.

While the grid approach from the preliminary experi-
ments was not detailed enough. A combination of both ap-
proaches could map a larger environment to grid locations
and map items to coordinates on a per-grid basis, thus de-
creasing the number of overall Location objects in a scene.

Additionally, although the cube bodies in the scenes were
organised in a similar way to the real environment and the
colours were a clear match, the digital reconstruction still
fell short of realism. In our approach, we extract the width
and depth measurements from the calculated area which is
accurate for rectangular elements but not for circular shapes.
Rotations are also ignored. Although labels are placed on
each item, it was difficult to differentiate between similar
looking items. Incorporating a mesh generation tool to cre-
ate meshes from masks should aid in the explainability of
the scene especially if methods are investigated to incor-
porate rotations. Since the pipeline is modular, it should be
straightforward to integrate new methods into the system.

Conclusion and Future Work
This paper continues to lay the groundwork for dynamic
scene reconstruction and highlights the main aspects needed
to fully automate our pipeline in order to correctly recre-
ate planning environments. Our current implementation is
partially automated as properties and actions are generally
prespecifed and our segmentation method requires user in-
put. However, it is believed that with the landscape of avail-
able generative tools and alternative methods we can further
automate other parts of the approach. In this implementa-
tion, each aspect of the pipeline is executed once to create
the final scene. Future work will look at using cyberphys-
ical systems to explore more complex environments (such
as outdoor spaces) and introduce a dynamic feedback loop,
where the scene is built as the system explores and if ele-
ments in the real world change, the domain and visualisa-
tion are updated. Furthermore, planning related tasks (such
as navigation, assembly or assistance) will be executed in the
simulation and relevant properties will be transferred back to
the real system and corrected in the model if necessary.
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