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Abstract -
Mobile robots are a promising platform for large-scale

on-site construction, but unlike fixed-base robots, they lack
mechanical reference links between workspaces. On evolv-
ing construction sites, this creates a fundamental challenge:
maintaining consistent alignment between digital planning
models and physical execution across multiple robot posi-
tions and operational scales. This paper presents a Spatial-
AI-enabled multi-level localisation and alignment framework
for mobile robotic construction that continuously relates an
evolving physical assembly to a digital twin. It combines
scene-level visual-inertial SLAM (OKVIS) for global localisa-
tion and navigation with deep-learning-based RGB-D object
pose estimation for object-level alignment and manipulation.
Trained on synthetic data, the perception system detects in-
dividual building elements and estimates their poses in real
time, enabling selected assembled elements to serve as spatial
anchors for updating the digital twin and fabrication plans
during execution. The approach is evaluated in a high-fidelity
simulated case study of autonomous dry brick assembly. Ex-
periments assess anchor perception error, scene-to-design re-
alignment error, and pick-and-place accuracy. The results
demonstrate that coupling global SLAM with object-level as-
built anchors enables spatially consistent, adaptive robotic
construction across large, changing worksites.

Keywords -
Mobile robotic assembly, Spatial AI, Scene- and object-

level localisation, DL-based object perception, SLAM

1 Introduction

Robotics in construction extends beyond robot mobil-
ity; it requires continuous self-orientation, motion, obser-
vation, and precise manipulation within large, dynamic,
and unstructured on-site environments. Unlike industrial
settings with fixed layouts and calibrated workspaces, mo-
bile construction robots operate in partially built, continu-
ously changing environments with evolving maps and ref-
erences. In this context, robots must continuously localise
themselves, estimate the spatial state of the construction
site and its materials, account for inaccuracies between
as-planned and as-built states, and execute construction
tasks with centimetre- to millimetre-level accuracy across
large-scale workspaces defined by digital design models.
The core challenge, therefore, extends beyond any single
perception, localisation, or navigation capability and in-
stead lies in how multiple levels of spatial understanding,

scene-level and object-level, can be structured, aligned,
and coordinated within a unified method that supports mo-
bile manipulation and task continuity in complex construc-
tion environments. In this paper, we therefore propose a
Spatial-AI-enabled multi-level localisation and alignment
framework that combines global SLAM with object-level
as-built anchors to support spatially consistent and adap-
tive robotic assembly across a large worksite, integrating:

• A multi-level spatial localisation method that
coordinates scene-level visual–inertial SLAM
with object-level perception trained on synthetic
data, enabling globally consistent navigation and
manipulation-level accuracy.

• A scene-to-design anchoring strategy that main-
tains consistent alignment between the evolving
building structure and its digital model through
object-level anchors rather than solely scene-level ref-
erences, enabling continuous re-alignment after robot
relocation while preserving task continuity and geo-
metric consistency of the constructed workpiece.

• A perception-guided assembly approach that en-
ables flexible pick-and-place operations without re-
liance on pre-calibrated material stock locations.

Figure 1. Experimental setup of the mobile robotic
brick assembly system with multi-view RGB-D
sensing for scene- and object-level localisation and
anchor-based alignment.
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The approach is evaluated in a high-fidelity simulated
case study of autonomous dry brick assembly using an au-
tonomous mobile robot, depicted in Figure 1. The use of
simulation enables safe, controlled, and repeatable evalu-
ation with access to ground truth while reflecting realistic
sensing and robot behaviour, providing a foundation for
future real-world deployment. The evaluation assesses
object perception accuracy, alignment quality between the
digital model and physical assembly, perception-guided
pick-and-place performance, and multi-level localisation
robustness enabled by the proposed object-based anchor-
ing strategy.

2 State-of-the-art
Recent work in mobile robotics has demonstrated au-

tonomous perception and localisation with minimal site
setup and on-board sensing, indicating the feasibility of
mobile operations in unstructured construction environ-
ments. However, these approaches differ in their sensing
strategies and levels of spatial reference. For robot local-
isation within the scene, [1] utilises environmental mark-
ers, whereas systems such as [2, 3] rely on point-cloud-
or edge-based scene-to-environment alignment strategies.
In parallel, the mobile robotics community explores
lightweight and flexible alternatives for scene-level locali-
sation, namely visual–inertial and odometry-based SLAM
methods [4], which provide tightly coupled visual–inertial
odometry using cameras and IMUs. While effective for
drift-reduced localisation without external infrastructure,
these approaches operate primarily at the scene-level and
remain only loosely coupled with object-level reasoning
and manipulation during execution.

At the object level, recent research in the computer vi-
sion community has explored object-centric perception
using camera-based methods. [5, 6, 7] combine object de-
tection with 6-DoF pose estimation using geometric and
photometric optimisation, while others directly regress ob-
ject poses from RGB(-D) inputs using deep neural net-
works when CAD models are available [8, 9, 10, 11]. In
construction contexts, [12] demonstrates adaptive interac-
tion with irregular on-site elements using LiDAR-based
perception, [13] explores edge-based detection for quality
assessment, and [14] utilises RGB-D-based 6-DoF pose
estimation for brick manipulation. However, these ap-
proaches primarily operate at the local object-level and are
not tightly integrated into a persistent global spatial frame-
work that maintains consistency across larger workspaces
or multiple robot positions.

Overall, while robust scene-level and object-level lo-
calisation have been studied extensively, their coordinated
use as a multi-level spatial alignment strategy, supporting
object-based anchoring, continuous alignment, plan adap-
tation, and task continuity within a global reference frame,

remains an open challenge in mobile robotic construction.

3 System overview
3.1 System architecture

Our system integrates multiple sensors, multi-level lo-
calisation, planning and control modules, coordinated by
a high-level task management system (Fig. 2). All mod-
ules communicate via ROS 2, providing a unified, time-
synchronised data flow between sensing, reasoning, and
execution.

Figure 2. System architecture.

The mobile robot platform consists of a collaborative
robot arm mounted on a mobile base. The arm is equipped
with a parallel gripper and a hand-in-eye RGB-D camera
for object-level localisation, while the base carries a fixed
RGB-D camera for scene-level localisation. Sensor data
from both cameras, together with the robot arm’s joint val-
ues, are continuously streamed via the simulation environ-
ment (NVIDIA Isaac Sim), replicating the robot, sensors,
and physical site as a high-fidelity digital twin.

The multi-level localisation modules operate on the
streamed sensor data on a high-GPU Linux workstation:
scene-level localisation (OKVIS) estimates the robot pose
over time (Section 4.1), while object-level localisation em-
ploys deep learning–based perception to estimate brick
poses in real time (Section 4.2).

The high-level task management system, within the
Rhino/Grasshopper architectural modelling environment,
coordinates all modules to enable autonomous perception-
guided assembly (Section 5). It integrates estimated pose
data from the localisation modules into the spatial frame-
work (Section 3.2) that stores planned and estimated brick
poses and states within graph-based assembly models,
along with the robot poses and transformations. Based
on this information, the system determines the next bricks
to build and sends their planned target poses to the motion
planner (MoveIt 2) for execution by the robot arm, while
commanding the mobile base directly for robot relocation.
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3.2 Spatial framework and relationships

To integrate perception, localisation, and manipulation
across large-scale scenes, we introduce a spatial frame-
work that maintains multiple interconnected coordinate
frames. It defines a coherent hierarchy linking scene-level
(OKVIS) and object-level localisation to the architectural
design world (Rhino) representation. Table 1 summarises
the spatial framework definitions.

Table 1. Spatial framework definitions
Frame Definition
WCFrhino Global coordinate system of design world.
BCFrhino Robot base frame expressed in WCFrhino.
OCFrhino Object (e.g. brick) frame expressed in

WCFrhino.
WCFslam Global coordinate system of OKVIS.
BCFslam Robot base frame estimated by OKVIS,

expressed in WCFslam.
esOCF Object (e.g. brick) frame estimated by

object perception, expressed in BCFslam.

By formalising the rigid transformations between spatial
frames, all localisation results are consistently mapped
into the design world 𝑊𝐶𝐹𝑟ℎ𝑖𝑛𝑜, ensuring unambiguous
visualisation, planning, and control across all task phases
(Fig. 3).

Figure 3. Spatial relationships between frames.

The overall chain of transformations is given by

𝑒𝑠𝑂𝐶𝐹 −→ 𝐵𝐶𝐹𝑠𝑙𝑎𝑚 −→ 𝑊𝐶𝐹𝑠𝑙𝑎𝑚 −→ 𝑊𝐶𝐹𝑟ℎ𝑖𝑛𝑜.

(1)
At the object-level, the perception system estimates ob-

ject (e.g. brick) poses relative to the robot base,

𝑇 (esOCF → BCFslam), (2)

while at the scene-level, OKVIS estimates the robot pose
within its own OKVIS world frame,

𝑇 (BCFslam → WCFslam). (3)

On the design side, the planned object (e.g. brick) poses
are fixed within the design world,

𝑇 (OCFrhino → WCFrhino) = fixed. (4)

To bridge the localisation and design domains, a world-
to-world transformation situates the OKVIS world within
the Rhino design world. This transformation is unknown
at initialisation, computed during an explicit alignment
phase, and remains fixed until the next realignment.

The alignment is performed by comparing estimated
object frames 𝑒𝑠𝑂𝐶𝐹, expressed in 𝑊𝐶𝐹𝑠𝑙𝑎𝑚, with
their corresponding planned object frames𝑂𝐶𝐹𝑟ℎ𝑖𝑛𝑜, ex-
pressed in 𝑊𝐶𝐹𝑟ℎ𝑖𝑛𝑜, yielding

𝑇 (WCFslam → WCFrhino) = 𝑇okvis→rhino, (5)

𝑇okvis→rhino = 𝑇 (esOCF → OCFrhino). (6)

The robot base pose, expressed in the design world
𝑊𝐶𝐹𝑟ℎ𝑖𝑛𝑜, is then obtained by

𝐵𝐶𝐹rhino = 𝑇 (WCFslam → WCFrhino) × 𝐵𝐶𝐹slam. (7)

By keeping 𝑊𝐶𝐹𝑠𝑙𝑎𝑚 fixed between alignments and
updating 𝐵𝐶𝐹𝑠𝑙𝑎𝑚 after robot relocation, the system
maintains a stable yet continuously valid geometric rela-
tionship between real-world sensing and the design model.

4 Multi-level localisation methods
4.1 Scene-level localisation (OKVIS)

Scene-level localisation provides a globally consis-
tent estimate of the robot base pose for navigation, re-
location, and maintaining spatial coherence across the
workspace. It is implemented using OKVIS [15, 4], a vi-
sual–inertial SLAM system that estimates the robot base
pose 𝐵𝐶𝐹𝑠𝑙𝑎𝑚 in its internal world frame 𝑊𝐶𝐹𝑠𝑙𝑎𝑚

from stereo RGB and IMU data acquired by a camera
mounted on the mobile base (Fig. 4).

Figure 4. Mobile robot setup in Isaac Sim (left) pub-
lishing RGB and IMU data (middle) for the real-time
robot pose localisation by OKVIS (right).

OKVIS jointly optimises camera poses, robot veloci-
ties, IMU biases, and sparse 3D landmarks within a factor
graph, where visual reprojection errors and IMU preinte-
gration constraints are tightly coupled and optimised in a
sliding-window manner. To ensure real-time performance,
older states are marginalised while their information is re-
tained through linearised prior factors, enabling consistent
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localisation over long navigation trajectories and repeated
repositioning of the mobile platform.

However, as a visual–inertial SLAM system, OKVIS is
subject to drift over time and distance. While sufficient for
coarse localisation around the building structure, its accu-
racy does not meet the requirements for manipulation. It
therefore serves as the scene-level backbone of the pro-
posed multi-level localisation framework, complemented
by object-level localisation and scene-to-design alignment
to recover global consistency.

4.2 Object-level localisation (DL-based perception)

Object-level localisation provides high-precision pose
estimates of individual building elements (e.g., bricks) for
manipulation and scene-to-design alignment. For this, we
employ a deep learning (DL)–based real-time detection
and pose estimation pipeline for predefined geometries
(Fig. 5), trained using a custom synthetic data generation
process. The system estimates brick poses 𝑒𝑠𝑂𝐶𝐹, ini-
tially expressed in the camera frame, and propagates them
through the robot’s calibrated kinematic chain to the robot
base frame 𝐵𝐶𝐹𝑠𝑙𝑎𝑚, where they are registered within
the system’s spatial framework and serve as object-level
references.

Figure 5. Mobile robot setup in Isaac Sim (left) pub-
lishing RGB-D image data for the real-time brick
pose estimation (middle), and registration of the es-
timated poses in the modelling environment (right).

Given an input RGB-D frame {𝐼, 𝐷} captured by the
hand-in-eye camera mounted on the robot arm, a deep neu-
ral network–based object detector first generates bounding
box proposals for individual bricks. The detector follows
the PointRend architecture [16] with a ResNet-101 back-
bone [17]. For all detected instances, the corresponding
RGB-D crops are extracted and forwarded to a dedicated
pose estimation network, inspired by [18], which recovers
a set of 6-DoF object poses {𝑇𝑖}𝑁o

𝑖=1, where 𝑁o denotes the
number of detected objects.

While the pipeline produces accurate per-frame pose es-
timates, temporal noise arises from prediction variability.
To improve consistency, detected brick poses are asso-
ciated with existing tracks and fused over time using an
Extended Kalman Filter (EKF); no association initialises

a new track. The network-predicted pose serves as the
measurement update, while the prediction step propagates
the state forward in time. This filtering reduces high-
frequency noise and suppresses outliers, yielding stable
pose estimates suitable for manipulation and alignment.

4.3 Scene-to-design alignment via as-built objects

Scene-to-design alignment spatially anchors the OKVIS
localisation world within the Rhino design world. During
initialisation, it establishes a consistent mapping between
scene-level localisation and the digital assembly model us-
ing object-level estimations, thereby fixing 𝑊𝐶𝐹𝑠𝑙𝑎𝑚 in
the design domain. After robot base relocation, the pro-
cedure is re-triggered to correct accumulated drift with-
out resetting OKVIS, thereby preserving local consistency
while restoring global accuracy.

To robustly compute 𝑇okvis→rhino, we employ a multi-
algorithmic alignment strategy comparing estimated poses
with their corresponding planned poses. First, an initial
estimate is obtained using a Kabsch–Wahba formulation.
Given 𝑁 corresponding brick frames with centres;

{psrc
𝑖 }𝑁𝑖=1 ⊂ 𝐵𝐶𝐹slam, {ptgt

𝑖
}𝑁𝑖=1 ⊂ 𝑊𝐶𝐹rhino, (8)

the optimal rotation, minimising the squared positional
error, is given by

Rpos = arg min
R∈𝑆𝑂 (3)

𝑁∑︁
𝑖=1




R(psrc
𝑖 − p̄src) − (ptgt

𝑖
− p̄tgt)




2
,

(9)
solved via singular value decomposition of the cross-
covariance matrix (Kabsch algorithm). Orientation am-
biguities from symmetric object geometry are mitigated
with a Wahba-style formulation over the brick frame axes,
yielding a second rotation estimate Rorient. The final rota-
tion is obtained via spherical linear interpolation (SLERP),
with 𝑤 ∈ [0, 1] balancing positional and orientational
alignment, and the translation is computed as

R = SLERP(Rpos,Rorient, 𝑤), t = p̄tgt − R p̄src, (10)

yielding the initial rigid transformation estimation

𝑇0 =

[
R t
0 1

]
. (11)

The final transformation embedding the OKVIS world
within the Rhino design world is computed using Iterative
Closest Point (ICP), initialised with 𝑇0

𝑇okvis→rhino = arg min
𝑇∈𝑆𝐸 (3)

∑︁
𝑗




𝑇 xsrc
𝑗 − xtgt

𝜋 ( 𝑗 )




2
, (12)

where xsrc
𝑗

and xtgt
𝑗

are corner points sampled from esti-
mated and planned bricks, and 𝜋( 𝑗) denotes closest-point
correspondences.
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Figure 6. Task flow of the perception-guided assembly routines.

5 Perception-guided assembly
This section formulates the proposed perception-guided

assembly routine as a closed-loop method for mobile
robotic construction, in which localisation, scene-to-
design alignment, model adaptation, motion planning, and
robot control are continuously coordinated across succes-
sive assembly stages and robot relocations (Fig. 6).

5.1 Initial localisation and scene alignment

At the start of an assembly session, a robot model is
initialised, and the building structure design is imported
into the design world, where it remains fixed. The design
is represented as a graph-based assembly model, referred
to as the building structure assembly, in which a subset of
bricks is designated as initial anchor bricks and is explicitly
marked as such in the assembly. In the physical scene,
these bricks are also placed with sufficient accuracy and
serve as spatial references for scene-to-design alignment.

The task sequence begins with an overview perception
phase, where the robot arm moves through a set of pre-
defined snapshot poses, triggering the object localisation
system to detect and register any visible bricks. This is
followed by a diagonal close-up snapshot for each detected
brick to improve pose estimation accuracy. Coupled with
the robot base pose 𝐵𝐶𝐹𝑠𝑙𝑎𝑚 provided by OKVIS, the
estimated and planned brick poses of the anchor bricks
are passed to the alignment procedure to compute the
𝑇okvis→rhino transformation. This aligns 𝑊𝐶𝐹𝑠𝑙𝑎𝑚 within
the design world and completes the transformation chain
for assembly execution.

5.2 Perception-guided pick-and-place

The pick-and-place routine begins once the alignment
is established. The robot executes a set of predefined
snapshot poses (to the side of the robot) to detect any
visible brick within a material stack, which are registered
into a separate assembly model. Then, a pick brick is
selected from the topmost accessible layer of the stack,
and a relative close-up snapshot is executed to refine the

brick’s pose estimate. During this process, other visible
bricks within the stack are also registered in the assembly
model, ensuring a continuous pick-and-place loop.

A target placement brick is also selected from the
planned building structure based on dependency checks,
ensuring that all prerequisite bricks are already in place.
To support a stable, stack-like construction strategy, the
leftmost eligible brick is prioritised.

Based on the refined pick pose and the planned place-
ment pose, motions for pick and place are planned and
executed. In simulation, this process is performed un-
der physically realistic conditions, including high-force
gripper control, accurate masses, and frictional surfaces
between the gripper and the bricks. The routine is re-
peated until reliable placement is no longer possible from
the robot’s current base position.

5.3 Robot relocation and scene realignment

The mobile base is autonomously relocated at a pre-
defined distance and rotation by issuing joint-level mo-
tion commands. After relocation, the robot base pose
𝐵𝐶𝐹𝑠𝑙𝑎𝑚 is updated via OKVIS, enabling the robot base
to be re-expressed in the design world as 𝐵𝐶𝐹𝑟ℎ𝑖𝑛𝑜, al-
lowing continued motion planning and execution relative
to the building structure.

As part of the proposed realignment strategy, a new set
of anchor bricks is manually placed along the structure at
the ground level to serve as fresh spatial references. Given
that their approximate positions in the design world are
known, close-up perception is performed directly on the
anchor bricks without requiring a global overview percep-
tion. The estimated brick poses are then used in the scene-
to-design realignment procedure to compute an updated
𝑇okvis→rhino and re-establish 𝑊𝐶𝐹𝑠𝑙𝑎𝑚. This ensures a
new, consistent geometric relationship, allowing the pick-
and-place process to resume reliably after relocation.

After relocation, an optional correction of neighbour-
ing bricks is performed by estimating the pose of the last
placed brick from the previous assembly stage and aver-
aging it with its planned pose using SLERP. The brick is
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then robotically adjusted to maintain geometric continuity
across successive assembly stages.

6 Results
We conducted several sets of experiments designed to

isolate and independently evaluate individual sources of
pose deviation. Pose errors are computed as a relative
transformation between the estimated poses stored in the
graph-based assembly model and corresponding ground-
truth poses extracted from the Isaac Sim runtime.

Terr =

[
Rerr terr
0⊤ 1

]
, 𝑒trans = ∥terr∥2, 𝑒yaw =

��atan2(𝑟21, 𝑟11)
��.

(13)
The yaw error corresponds to rotation about the vertical
(Z) axis, assuming a Z-up coordinate system.

6.1 Initial localisation and scene alignment

We conducted repeated experiments to first evaluate the
average pose deviation of the anchor bricks, computed by
comparing estimated brick poses with ground-truth poses
(Table 2). Using these estimates, the alignment procedure
computes the robot base frame 𝐵𝐶𝐹𝑟ℎ𝑖𝑛𝑜 expressed in
the design world, with the deviations reported in Table 3.

Table 2. Estimated pose error of anchor bricks after
close-up perception snapshot.

Metric Mean Std Max
Translation (m) 0.014 0.002 0.018
Yaw (deg) 2.586 1.267 4.208

Table 3. Robot base frame 𝐵𝐶𝐹𝑟ℎ𝑖𝑛𝑜 error after
scene-to-design alignment.

Metric Mean Std Max
Translation (m) 0.019 0.005 0.025
Yaw (deg) 0.641 0.314 0.955

This residual alignment error propagates to all subse-
quent planned object frames, effectively bounding the pre-
cision of downstream pick-and-place operations. Despite
residual object-level orientation noise, the alignment con-
strains global rotational error, achieving sub-degree base-
frame accuracy sufficient for assembly planning.

6.2 Perception-guided pick-and-place

The perception-guided pick-and-place routine was eval-
uated using a single scene-to-design alignment, which
showed an initial base frame error of 0.022 m in trans-
lation and 0.96° in yaw. Object-level localisation to pick
bricks from the material stack demonstrated high accuracy,

as summarised in Table 4, averaged over 30 attempts. The
pick success rate was primarily determined by perception
errors in the lateral 𝑦 direction, as the gripper opening
allowed a tolerance of approximately 1.1 cm on either
side; errors exceeding this threshold led to grasp failure.
Only a single failure was observed out of 30 attempts, and
all remaining pick motions were successfully planned and
executed (Fig. 7).

Table 4. Estimated pose error of pick bricks within
material stack after close-up perception.

Metric Mean Std Max
X error (m) 0.015 0.008 0.030
Y error (m) 0.005 0.004 0.017
Z error (m) 0.005 0.004 0.016
Translation (m) 0.017 0.007 0.030
Yaw (deg) 2.273 2.095 7.278

Placement accuracy results are reported in Table 5, de-
fined by comparison to their planned poses. Deviations in
final brick placement arise from a combination of resid-
ual scene alignment error, perception error of the picked
bricks (particularly along the 𝑥 direction), and minor ef-
fects introduced by simulated grasping and contact dynam-
ics. Despite these factors, the results demonstrate reliable
placement performance.

Table 5. Final placement error after perception-
guided pick-and-place.

Metric Mean Std Max
Translation (m) 0.023 0.007 0.035
Yaw (deg) 2.853 1.654 7.041

6.3 Robot relocation and scene realignment

The final and most substantial evaluation focuses on
robot base relocation and the realignment strategy. To
establish a baseline, we first evaluate SLAM-only local-
isation over different relocation distances using OKVIS
without initial scene alignment (Table 6), and compare it to
results with initial scene alignment (Table 7). The SLAM-
only baseline shows that mean localisation accuracy de-
grades minimally with increasing travel distance, reflect-
ing the bounded drift inherent to visual–inertial SLAM.
However, when initial scene alignment is introduced, even
residual 𝑊𝐶𝐹𝑠𝑙𝑎𝑚 alignment error of 0.022 m in trans-
lation and 0.96° in yaw leads to noticeably increased
𝐵𝐶𝐹𝑟ℎ𝑖𝑛𝑜 deviations over larger distances.

To mitigate this effect, we evaluate the proposed re-
alignment strategy by comparing robot base frame devi-
ation errors after relocation between OKVIS with initial
alignment only and with realignment. Realignment is per-
formed by placing new anchor bricks at 1 m spacing and
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Figure 7. Perception-guided pick-and-place from two robot base positions, shown in simulation (top) and assembly
models of the material stack and the growing structure in the modelling environment (bottom).

Table 6. Robot base frame 𝐵𝐶𝐹𝑟ℎ𝑖𝑛𝑜 mean error,
OKVIS only (with gt initial state).

Metric 0.5 m 1.0 m 3.0 m 6.0 m
Translation (m) 0.023 0.026 0.027 0.092
Yaw (deg) 0.284 0.049 0.164 0.618

Table 7. Robot base frame 𝐵𝐶𝐹𝑟ℎ𝑖𝑛𝑜 mean error,
OKVIS with initial alignment.

Metric 0.5 m 1.0 m 3.0 m 6.0 m
Translation (m) 0.028 0.039 0.082 0.188
Yaw (deg) 0.932 0.975 1.133 1.587

recomputing 𝑊𝐶𝐹𝑠𝑙𝑎𝑚. Following the initial pick-and-
place experiment, the robot was relocated approximately
0.7 m, realigned, and executed a second batch of pick-and-
place operations. It was then relocated along an arc of
approximately 1 m radius, after which the realignment was
repeated. The results show that the realigned 𝐵𝐶𝐹𝑟ℎ𝑖𝑛𝑜

exhibits significantly lower error than the baseline and pre-
serves stronger local structural consistency immediately
after relocation (Table 8).

Table 8. Robot base frame 𝐵𝐶𝐹𝑟ℎ𝑖𝑛𝑜 mean error
after relocations, OKVIS with only initial alignment
vs realignment.

1st Relocation 2nd Relocation
Metric Al. Real. Al. Real.
Translation (m) 0.032 0.012 0.220 0.016
Yaw (deg) 0.932 0.706 12.771 0.264

7 Discussion
The experimental results validate a multi-level locali-

sation framework in which scene- and object-level locali-
sation operate within a unified coordinate system without
resetting one another, yet complement each other when
needed. Scene-level SLAM serves as the global backbone,

providing continuous localisation across the workspace.
The key contribution lies in the scene-to-design alignment
strategy, in which selected elements of the building struc-
ture are manually placed with global precision, serving
as stable anchors in the world coordinate frame. These
anchors allow the robot to repeatedly realign object-level
localisation to globally consistent references, preventing
error accumulation from purely local, sequential align-
ment to the as-built structure. In this way, the robot can
locally adapt execution to deviations in the as-built state
while maintaining global geometric consistency and local
flexibility, achieving manipulation-level precision. This
is particularly important in mobile robotic construction,
where repeated relocations and incremental assembly de-
mand accurate registration not only to the local construc-
tion state but also to the overall building geometry. Fur-
thermore, perception-guided assembly enables the robot
to autonomously identify and retrieve elements directly
from material stock, avoiding mechanical referencing or
predefined fixture-based positioning.

8 Limitations and outlook

The current method is subject to several limitations. It
was evaluated on dry-stack brickwork tasks, representing
discrete placement operations, and does not capture con-
struction processes involving material bonding or contin-
uous interactions, such as 3D printing or plaster spray-
ing. At the same time, this setup enabled a discrete,
material-based anchoring strategy that can be further ex-
plored through sparse anchor placement and averaging to
mitigate rotational errors. However, such a strategy still
remains dependent on the availability and correctness of
anchor materials: missing or misplaced components may
reduce anchor reliability and necessitate more redundant
anchoring mechanisms. Evaluation across a broader range
of tasks is therefore required to assess generality, while
achieving material-independent applicability will require
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extending anchoring to additional fixed building elements
(e.g., walls, beams, columns) by expanding object per-
ception to more diverse geometries and semantic classes,
supported by synthetic data generation and model training.

In addition to localisation deviations, placement errors
were influenced by simulation artefacts such as brick slid-
ing and oscillation. While simulation enables controlled
evaluation with ground-truth access, it does not fully cap-
ture real-world conditions, and a sim-to-real gap remains
due to modelled environmental factors. Therefore, real-
world experiments are a necessary next step to validate the
approach under physical constraints. More broadly, this
work highlights the importance of integrated localisation
frameworks: spatial consistency across scales, rather than
isolated accuracy, is key to mobile robotic construction.
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