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Figure 1. Exploring the scene with Buildee. On the left, a camera is exploring a construction site, collecting RGB, depth and semantic
observations. Using our dynamic environment, researchers can benchmark various computer vision tasks against ground truth, including
next-best-view and semantic point cloud segmentation. On the right, we show an example of a high-quality RGB observation obtained with
Buildee using Blender’s rendering engine. Beyond construction sites, Buildee allows the development and the evaluation of exploration
and reconstruction algorithms in realistic and complex environments.

Abstract

We introduce Buildee, a 3D simulation framework designed
to benchmark scene exploration, 3D reconstruction, and se-
mantic segmentation tasks in both static and dynamic en-
vironments. Built as a Python module on top of Blender,
Buildee leverages its advanced rendering capabilities to
generate realistic RGB, depth, and semantic data while en-
abling 2D / 3D point tracking and occlusion checking. Ad-
ditionally, we provide a procedural generator for construc-
tion site environments and baseline methods for key com-
puter vision tasks. Through Buildee, we establish a stan-
dardized platform for evaluating scene understanding algo-
rithms in realistic settings. Our code is publicly available
at github.com/clementinboittiaux/buildee.

1. Introduction
Supervising a construction site requires a comprehensive
understanding of its current state, including tracking ma-
terial deliveries, locating machinery, and monitoring the
progress of buildings. A powerful way to enhance site man-
agement is through a digital twin—a continuously updated

3D virtual representation of the construction site, accurately
placing machines, materials, and structures over time.

To build such a digital twin, one possible approach is
to deploy an autonomous Unmanned Aerial Vehicle (UAV)
that periodically scans the entire site, capturing images to
reconstruct an up-to-date 3D model of the scene. This
process involves solving several key robotics and com-
puter vision challenges: next-best-view estimation to effi-
ciently explore the environment while minimizing redun-
dancy [7, 8, 11], 3D reconstruction to recover the site’s ge-
ometry [22, 24], and point cloud segmentation to semanti-
cally classify objects within the scene [13, 16].

These tasks are fundamental across a wide range of do-
mains, including autonomous navigation [3, 6] and environ-
mental monitoring [20]. However, developing and bench-
marking algorithms for these challenges in real-world sce-
narios can be costly, time-consuming, and logistically com-
plex. A controlled, repeatable, and scalable simulation en-
vironment is essential to accelerate research and ensure fair
comparisons between different approaches.

To address this need, we introduce Buildee, a 3D simula-
tion framework implemented as a Python module based on
Blender. Buildee enables embodied agents to navigate com-
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Simulator
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scenes
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objects
Realistic
shaders Interactive

2D point
tracking

3D point
tracking

Gazebo [1] ✓ ✓ ✗ ✓ ✗ ✗
CARLA [6] ✓ ∼∼∼∼∼∼ ✓ ✓ ✓ ✗
Gibson Env [25] ✗ ✓ ✗ ✓ ✗ ✗
BlenderProc [5] ✓ ✓ ✓ ✗ ✓ ✗
Habitat [15, 21, 23] ∼∼∼∼∼∼ ✓ ✗ ✓ ✗ ✗
Genesis [2] ✓ ✓ ✓ ✓ ✗ ✗

Buildee (ours) ✓ ✓ ✓ ✓ ✓ ✓

Table 1. Comparing Buildee to other simulation frameworks for computer vision. By enabling to track 3D points on dynamic objects,
and by leveraging the capabilities of Blender rendering engines, our simulation framework enables to benchmark scene exploration and
reconstruction tasks such as next-best-view and semantic point cloud segmentation in realistic environments.

plex, dynamic 3D environments, capture observations, and
compute key performance metrics. This facilitates direct
comparisons between various approaches, including next-
best-view estimation, 3D reconstruction, semantic segmen-
tation of point clouds, and integrated all-in-one methods.

Our framework offers several essential features for
benchmarking these tasks. For instance, it allows to develop
and evaluate scene exploration and reconstruction meth-
ods. It provides depth maps and semantic segmentation
to the user while detecting collisions between the virtual
camera and the environment. Another of the key features
of Buildee is the generation of high-quality RGB images
with advanced visual effects by leveraging Blender’s ren-
dering engines. Moreover, Buildee can sample 3D points
in the scene and provide their trajectories in both full 3D
and occlusion-aware 2D view projections for dynamic and
static objects alike. These capabilities, highlighted in Fig. 1,
enable precise monitoring of scene coverage for next-best-
view strategies by determining which regions have been ob-
served and which remain unseen, and provide ground-truth
segmented point clouds for evaluating 3D reconstruction
and semantic segmentation algorithms.

Many state-of-the-art methods for 3D exploration rely
on PyTorch3D [19] for rendering and tracking observed
points [7, 8], but PyTorch3D only provides low-quality ren-
dering, as it simply projects textures without accounting for
reflections or other effects. In contrast, our Blender-based
solution offers high-quality rendering with realistic lighting
and shading. Additionally, our framework seamlessly inte-
grates dynamic and static environments created directly in
Blender, simplifying both environment generation and ma-
nipulation. Users can thus easily design custom scenarios,
and semantic information parsing is fully automated.

In addition to the simulation framework, we provide a
procedural generator that creates diverse construction site
environments. The generated scenes are created using
different objects, some of which were downloaded from
Sketchfab and are under CC license. We created the other

object models ourselves, which we also put under CC li-
cense.

To demonstrate the utility of our simulator, we imple-
ment baseline methods for aforementioned computer vision
tasks. Specifically, we provide the codebase for simple ran-
dom walk strategies as a reference for exploration and and
3D reconstruction with semantic segmentation, leveraging
Buildee’s ground truth depth and segmentation maps for the
latter. These baselines can be easily adapted by the users to
implement their own methods. We evaluate these baselines
using key performance metrics on different seeds of our pro-
cedural construction site generator, reporting the area un-
der the curve (AUC) of surface coverage for next-best-view,
Chamfer distance for 3D reconstruction, and mean intersec-
tion over union (mIoU) for semantic segmentation. These
results serve as initial benchmarks for future methods tack-
ling the same challenges.

2. Related work
Recent advances in simulation frameworks [2, 15] and pro-
cedural scene generation [9, 17, 18] have made it easier
to create realistic and interactive environments. Simula-
tion enables large-scale data collection with precise ground-
truth annotations, while procedural generation enables the
creation of diverse environments, reducing overfitting on
fixed datasets and improving generalization in deep learn-
ing models. In this section, we first compare Buildee with
existing simulation frameworks and then briefly outline its
targeted computer vision and robotics tasks.

2.1. Simulation frameworks
Various simulation frameworks have been developed to sup-
port robotics and computer vision research, each with dif-
ferent focuses and limitations. Table 1 provides a compara-
tive overview of existing simulators [1, 5, 6, 15, 21, 23, 25].

One key limitation of existing simulators is the lack
of 3D point tracking, which is essential for benchmarking



next-best-view methods. Without this capability, it is dif-
ficult to determine which parts of a scene have been ob-
served during an exploration task. Most next-best-view ap-
proaches rely on PyTorch3D for rendering and point track-
ing [7, 8, 11], but PyTorch3D offers only basic texture ren-
dering without advanced effects such as reflections or real-
istic lighting. In contrast, our Blender-based solution ben-
efits from high-quality rendering and physics-based illumi-
nation, enabling more realistic simulations.

Some simulators, such as BlenderProc [5], share similar-
ities with our approach, particularly in leveraging Blender
for rendering. However, BlenderProc is designed primar-
ily for dataset generation rather than interactive simulation,
making it unsuitable for tasks requiring agent interaction.
Other frameworks, such as Genesis, focus on high-speed
physics simulation and generative data synthesis but do not
emphasize next-best-view exploration or semantic segmen-
tation. CARLA [6] is widely used in autonomous driving
research [4], offering high-quality urban environments but
lacking the necessary tools for next-best-view evaluation.
Similarly, Gibson [25] and Habitat [15, 21] support embod-
ied AI research with realistic indoor environments but do
not provide explicit 3D point tracking or high-quality mod-
ular rendering engines.

Another limitations of all of these simulators is that, with
the exception of BlenderProc, none of them have an acces-
sible interface for designing and manipulating 3D scenes,
making it harder to design custom environments.

2.2. Target tasks

Buildee is designed to support several key computer vision
and robotics tasks that are essential for scene understanding
and autonomous navigation. In this section, we provide a
comprehensive overview of these core tasks, highlighting
their significance, challenges.

Next-best-view. This task addresses the challenge of esti-
mating the optimal camera viewpoint to maximize coverage
gain during scene exploration. More specifically, given a
set of previously acquired observations, next-best-view al-
gorithms aim to estimate the next 6-DoF camera pose that
maximizes scene coverage while minimizing redundancy.
This task is fundamental for autonomous exploration ap-
plications [7, 8, 11]. Evaluating next-best-view algorithms
requires the ability to determine scene coverage, as well as
reliable collision detection capabilities that Buildee specif-
ically provides through its 3D point tracking and occlu-
sion checking mechanisms. By maintaining a complete his-
tory of observed points throughout an exploration sequence,
Buildee enables quantitative evaluation of next-best-view
methods using metrics such as AUC of surface coverage.

(a) Low sensitivity (b) High sensitivity

Figure 2. Semantic segmentation sensitivity. The parameter
segmentation_sensitivity controls the precision of object

boundaries in the semantic map. Low sensitivity (left) provides
precise boundaries but may introduce noise at object edges, while
high sensitivity (right) creates cleaner boundaries but may miss
thin structures.

3D reconstruction. 3D reconstruction involves recover-
ing the geometric structure of a scene from sensor obser-
vations, usually in the form of RGB or RGB-D images.
This field has evolved from classical Structure-from-Motion
(SfM) [22] and Multi-View Stereo methods to recent neu-
ral approaches such as Neural Radiance Fields [14] and 3D
Gaussian Splatting [10]. In this work, consistent with the
output of most SfM pipelines, we consider 3D reconstruc-
tion estimates in the form of point clouds. In this case,
evaluating 3D reconstruction is done by comparing the esti-
mated point cloud to the ground truth point cloud provided
by Buildee. A common evaluation metric for this task is
the Chamfer distance [12], which measures the average dis-
tance between the points in the predicted and ground truth
point clouds.

Point cloud semantic segmentation. Point cloud seman-
tic segmentation assigns a semantic label to each point in a
3D point cloud [3]. Unlike instance segmentation or panop-
tic segmentation, which also identify individual object in-
stances, semantic segmentation focuses solely on catego-
rizing points according to their object label. Evaluating
semantic segmentation algorithms requires semantic labels
for each point. Buildee addresses this need by providing
point clouds with semantic labels directly sampled from the
surface of objects in the scene. The most commonly used
evaluation metric for this task is mIoU, which measures the
overlap between predicted and ground truth segmentation
masks for each label.

3. Framework
In this section, we first introduce the key features of Buildee
from a user’s perspective. We then explore the technical
implementation details that enable these capabilities.



(a) RGB image (b) Depth map (c) Semantic segmentation map (d) 2D / 3D point tracking

Figure 3. Observations modalities. Buildee provides RGB images (Fig. 3a), metric depth maps (Fig. 3b) and semantic segmentation maps
(Fig. 3c). Additionally, it provides a dynamic semantic point cloud of the scene with occlusion checking from the camera’s viewpoint,
enabling 2D / 3D point tracking (Fig. 3d). The rendering settings can be adjusted in the Blender file for either better visual quality or faster
rendering. The density of the point cloud can be adjusted during scene initialization.

Figure 4. 3D point cloud with occlusion checking. Buildee per-
forms visibility checks for each 3D point. This is achieved by
casting rays from the camera to the scene using dynamic and static
BVH trees. Visible points are shown with their semantic colors.

3.1. Key features

Buildee is designed as a user-friendly Python module with a
strong focus on simple and intuitive user experience, while
providing powerful capabilities for scene exploration and
understanding. It offers a comprehensive set of tools for
researchers working on next-best-view algorithms, 3D re-
construction, and semantic segmentation.

Scene loading and initialization. Creating a simulation
instance and loading a Blender scene requires just a few
lines of code:

from buildee import Simulator
sim = Simulator(

blend_file="scene.blend",
points_density=1.0,
segmentation_sensitivity=0.1

)

The constructor accepts several key parameters:
• blend_file : path to the Blender file containing the 3D

scene.
• points_density : controls the density of sampled 3D

points on object surfaces—these points are used for 2D /
3D point tracking and visibility analysis. Higher values
create denser point clouds.

• segmentation_sensitivity : controls the precision of
object boundaries in semantic segmentation. Values range
from 0 to 1, as shown in Fig. 2.

During initialization, Buildee performs several important
operations: sampling 3D points on all object surfaces, es-
tablishing semantic labels based on object names, configur-
ing rendering pipelines for RGB, depth, and segmentation,
and building acceleration structures for occlusion testing.

Scene rendering. Rendering RGB images, depth maps,
and semantic segmentation maps is achieved through a sin-
gle function call:

rgb, depth, seg = sim.render()

The render() function returns three image arrays de-
picted in Figs. 3a to 3c:
• rgb : the RGB image rendered using Blender’s ren-

dering engine—Eevee or Cycles, as configured in the
Blender file.

• depth : the depth map in metric units, where each pixel’s
value is the distance from the camera.

• seg : the semantic segmentation map where each pixel
contains a label ID.

The semantic information can be accessed through:

label_id = seg[0, 0] # ID at pixel (0, 0)
label_name = sim.labels[label_id]



Figure 5. Tracking 2D / 3D points. Both the truck and the camera
are moving right. Buildee is able to track 3D points of both static
objects in the background and dynamic objects such as the truck.
Since the truck moves faster than the camera, its displacement in
the image is in the opposite direction of the background, while its
rotating wheels create cycloid patterns.

Dynamic point cloud ground truth. One of Buildee’s
most powerful feature is its ability to provide a complete
representation of the 3D scene with semantic labels and vis-
ibility information:

pcl, labels, mask = sim.compute_point_cloud()

This function returns three arrays:
• pcl : the positions of all 3D points in world coordinates.
• labels : semantic label IDs for each point.
• mask : boolean mask indicating which points are visible

from the current camera view, illustrated in Fig. 4.
The function also accepts an optional update_mask pa-
rameter which, when set to True, updates an internal obser-
vation history, allowing the framework to track which points
have been observed throughout an exploration sequence.
This is particularly valuable for next-best-view algorithms,
as it enables measurement of scene coverage. For dynamic
objects, point positions are automatically updated when ob-
jects move, enabling consistent 3D point tracking through
time. When used in conjunction with occlusion check, and
by projecting points onto the image plane, this also allows
for 2D point tracking as shown in Figs. 3d and 5.

Camera navigation. Buildee provides flexible camera
navigation functions with built-in collision detection:

# Set camera pose with a 4x4 transform matrix
collided = sim.set_world_from_camera(matrix4x4)

# Convenience functions for common movements
sim.move_camera_forward(1.0)
sim.move_camera_right(0.5)
sim.move_camera_down(-0.3)
sim.turn_camera_right(15.0, degrees=True)

Figure 6. Buildee’s coordinate system. Buildee shares the same
coordinate system as COLMAP [22]. The world coordinate sys-
tem is Z-axis up. The camera coordinate system is Z-axis forward
and Y-axis down—compared to Blender’s camera system, there is
a 180° rotation along the X-axis.

The navigation functions return a boolean indicating
whether a collision occurred. If a collision is detected, the
camera remains at its previous position. Additionally, given
a spawn volume defined in the Blender file, our framework
enables random camera respawn in this volume:

sim.respawn_camera()

Buildee also provides access to the camera’s intrinsic pa-
rameters. Similary to standard computer vision tools like
COLMAP [22], our framework uses the coordinate system
conventions shown in Fig. 6.

Dynamic scenes. Buildee supports fully dynamic scenes
with animated objects:

sim.step_frame() # Step one frame forward

This advances the simulation time, updating all animated
objects in the scene. The framework automatically tracks
both static and dynamic objects separately, ensuring that
dynamic objects are properly handled for point tracking, oc-
clusion testing, and semantic segmentation.

Unprojecting points. Buildee provides a utility function
to unproject the acquired depth map back into 3D world
coordinates:

points3D = sim.depth_to_world_points(depth)

This function can be used to simulate the acquisition of a
dense 3D point cloud such as those obtained using RGB-D
cameras.



3.2. Under the hood

To provide these features efficiently, Buildee relies on sev-
eral key technical Blender components as we describe here.

Semantic segmentation. At initialization, we extract la-
bels from the base names of each object in the scene, e.g.,
Building and Building.001 both have the Building

label. Then, in compositing, we link each object to a Cryp-
tomatte node and assign the label ID to the matte’s color.
Because the matte outputs an antialiased image, we apply
a threshold to it—this is the segmentation_sensitivity

parameter explained in Fig. 2. All individual mattes are then
merged into a single semantic segmentation map based on
the depth map—the closest matte is selected for each pixel.

Point cloud generation. To provide a 3D point cloud
ground truth representation of the scene, we use Geometry
Nodes to sample points across each object’s surface. During
generation, we make a distinction between static and dy-
namic objects—points of static objects are stored in world
coordinates, while points of dynamic objects are stored in
object coordinates because they will need to be updated
on each frame. Thus, dynamic points are transformed in
world coordinates in the compute_point_cloud function,
depending on the object’s current transformation.

Dynamic scenes occlusion checking. In order to perform
occlusion check for dynamic objects efficiently, Buildee
maintains two separate Bounding Volume Hierarchy (BVH)
trees: one for static objects and one for dynamic objects.
The static BVH tree is built once during initialization, while
the dynamic BVH tree is rebuilt as needed for each call to
compute_point_cloud . Dynamic objects are detected by

checking if the object has either keyframes or Blender an-
imation drivers. To identify visible points, we first project
all 3D points onto the image plane using the camera’s intrin-
sic and extrinsic parameters, and then perform ray-casting
from the camera to each point in the frustum—this reduces
the number of ray-casting operations.

Random camera spawn. A practical feature for training
next-best-view algorithms is the ability to spawn the camera
at a random location. During initialization, Buildee looks
for a CameraSpawn object in the scene. If found, we use
Geometry Nodes to convert this object into a volume, and
then sample random points in this volume to obtain a set of
camera spawn points. The CameraSpawn object is a simple
mesh with any shape designed to enclose the camera spawn
volume. If this object is not found, the only spawn point is
the initial camera position.

Rendering pipeline. The framework configures a node-
based rendering pipeline in Blender to generate RGB,
depth, and semantic data in a single render pass. RGB im-
ages are rendered using Blender’s rendering engines, while
depth information is extracted through the Z-pass and stored
in the alpha channel of the image. This RGB-D image, as
well as the semantic segmentation map derived from the
Cryptomatte nodes are both saved using the EXR format
without any compression. EXR files enable high precision
depth values, and they are also faster to save and load than
PNG or JPEG files.

4. Tools and examples
In this section, we first present a procedural construction
site generator that can be used as a dataset to train and eval-
uate embodied agents. We also showcase the versatility of
Buildee through concrete examples that demonstrate its ca-
pabilities for 3D exploration and mapping and 3D semantic
scene reconstruction.

4.1. Procedural construction site environment
Along with our simulation framework, we provide a proce-
dural construction site generator that can be used to train
and evaluate embodied agents. The generator is imple-
mented in Blender using the Geometry Nodes feature. It
allows to procedurally generate scenes with different pre-
sets, including different object densities, random patterns
and scene sizes. The scene is created using different ob-
jects, some of which were downloaded from Sketchfab and
are under CC license, and we created the other object mod-
els ourselves. The seed number can be set manually to en-
sure reproducibility when evaluating different computer vi-
sion tasks on the scene. Examples of generated scenes are
shown in Fig. 7.

4.2. Exploration
In order to validate the use of our framework for the ex-
ploration and mapping problem, we considered two sim-
ple exploration baselines based on a random walk strategy.
Users can refer to these easy-to-use baselines as examples
and modify the code to suit their needs.

Experimental setup. For our first random walk strategy,
our agent performs 500 exploration steps, roaming through
the scene and updating Buildee’s internal 3D point obser-
vation history. For each step, the agent chooses one of 5
possible actions: move forward, move left, move right, turn
left and turn right. For the second strategy, which we call
“modified random walk”, the agent moves straight until it
encounters an obstacle, then rotates in a random direction
free of obstacles, and iterates. For both strategies, we con-
sider 3D points to be visible only if they were observed from



Figure 7. Scenes generated with our procedural construction site generator. As this work was driven by the need for a realistic
construction site simulator, we also provide a Blender file that can generate random scenes using Geometry Nodes. These scenes consist of
a set of 3D objects such as containers, cranes and buildings, that are arranged in a random manner on a flat terrain with random reflection
and roughness properties. Object densities, random patterns and scene sizes can be easily adjusted using the Geometry Nodes parameters.

Seed Random walk AUC ↑ Modified
random walk AUC ↑

0 0.22 ± 0.05 0.38 ± 0.02
137 0.26 ± 0.07 0.46 ± 0.04
281 0.19 ± 0.05 0.35 ± 0.07

Table 2. Performance of exploration baselines. We report the
AUC of the scene coverage evolution during the exploration of 3
generated scenes for reference. We perform 10 runs for each scene
and method, and report AUC mean and standard deviation. The
modified random walk approach significantly outperforms the ran-
dom walk method, mostly because its trajectories are less chaotic.

a distance of less than 20 meters to the camera. We evaluate
these methods on a set made of 3 scenes generated with our
procedural generator, with seeds 0, 137, and 281.

Results. After exploration, we can access the scene’s ob-
servation history at every step of the agent’s trajectory. Sim-

ilarly to other methods [7, 8], we use this history to com-
pute the AUC of the evolution of the scene coverage during
exploration. Table 2 reports the results of our baselines.
Figure 8 illustrates one of the trajectory obtained using the
modified random walk strategy.

4.3. 3D semantic scene reconstruction
This task addresses the challenge of simultaneously recon-
structing the scene’s 3D point cloud and performing seman-
tic segmentation on the estimated point cloud [13].

Experimental setup. We implement a baseline explo-
ration strategy using a random walk approach similar to
our next-best-view experiment. The agent performs 100 ex-
ploration steps, executing the following operations at each
step: 1) selecting one of the 5 possible movements as de-
fined in the next-best-view task; 2) acquiring RGB, depth,
and semantic segmentation maps; 3) unprojecting the depth
map to recover 3D points in the world frame; 4) transform-
ing these points into voxels; 5) assigning semantic labels to



Figure 8. Modified random walk trajectory. We show the trajec-
tory computed by our modified random walk strategy for 500 steps
on a procedural construction site scene with seed 0. The camera
moves forwards until it reaches an obstacle, in which case if per-
forms a random rotation.

mIoU ↑
Chamfer-L1 ↓ Semantic Chamfer ↑

Pred GT Pred GT

0.97 0.08 4.56 0.94 0.23

Table 3. Point cloud reconstruction and semantic segmenta-
tion. We report mIoU for point cloud semantic segmentation,
Chamfer-L1 distance in meters for 3D point cloud estimation and
Semantic Chamfer score for evaluating both tasks simultaneously.

voxels based on the segmentation map. This process results
in a 3D labeled point cloud of the observed portions of the
scene. We evaluate this baseline on our procedurally gener-
ated construction site environment with a fixed random seed
of 0 and a voxel size of 0.05 meter.

Results. Traditional point cloud semantic segmenta-
tion [16] only focuses on annotating each point with the
correct label. Consequently, mIoU serves as the standard
evaluation metric. Separately, the quality of 3D point cloud
reconstruction is typically assessed using the Chamfer dis-
tance, or Chamfer-L1 distance for more robustness to out-
liers. We report both of these conventional metrics in Tab. 3.
However, our task encompasses both 3D point cloud es-
timation and semantic annotation simultaneously, necessi-
tating a more comprehensive evaluation approach. To ad-
dress this challenge, we propose a novel metric, the Seman-
tic Chamfer score, that integrates both geometric proximity
and semantic accuracy. For a given pair of point clouds
A and B, the Semantic Chamfer score from A to B re-
ports the percentage of points in cloud A that: 1) have
a corresponding point in cloud B within a specified dis-
tance threshold; and 2) carries the correct semantic label.
Similarly to the Chamfer distance, we compute this metric

Observed points

Untracked points

Figure 9. Chamfer score from ground truth to predicted point
cloud. In blue, we show all points of the ground truth point cloud
that have a neighbor in the estimated point cloud and have the
correct label. In red, we show the points that did not have any
neighbor. Since our baseline uses ground truth semantic segmen-
tation maps, we do not show points that have a neighbor but were
labeled incorrectly, as there are only a few of them. The Semantic
Chamfer score is the percentage of blue points.

both from the estimated point cloud to the ground truth and
vice versa. In our evaluation, using a 0.1 meter distance
threshold, the Semantic Chamfer score from prediction to
ground truth reaches 0.94, confirming high accuracy in re-
constructed regions—an expected outcome given our use
of ground truth depth and segmentation maps. Conversely,
the ground truth to prediction score of 0.23 indicates that
only a quarter of the scene was observed during random
exploration. Figure 9 highlights these results and provides
insights on how the Chamfer Semantic score is computed.

5. Conclusion

We introduced Buildee, a 3D simulation framework based
on Blender designed to evaluate scene exploration, recon-
struction, and understanding. By leveraging Blender’s pow-
erful rendering engines and flexibility, Buildee allows users
to balance realism and simulation speed. Our framework
comes with key features that allow embodied agents to nav-
igate the scene and gather data for 3D scene understanding,
including RGB-D images and 2D / 3D point tracking. We
demonstrated our framework abilities on several tasks, in-
cluding exploration, point cloud reconstruction and seman-
tic segmentation.
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