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Abstract

In the last three years, 3D Gaussian Splatting (3DGS) has attracted widespread attention due to
its fast training and high-quality rendering, leading to numerous surface reconstruction stud-
ies proposing geometric constraints to extract high-quality meshes. Although these methods
demonstrate potential for building model reconstruction, modern 3D building applications
increasingly require watertight, Boundary Representation (B-rep) models for analytical tasks
rather than the standard triangular meshes typically generated. On the other hand, traditional
piecewise-planar reconstruction methods that rely on point clouds are often computationally
heavy and unstable when generating plane hypotheses from noisy data. To address these
limitations, this thesis proposes AdaptivePS, an adaptive, image-to-plane splatting pipeline
for multi-view indoor and outdoor scene surface reconstruction. Designed to function as the
foundational step in a broader “image to watertight building model” pipeline, it outputs planar
primitives ready to be plugged into a piecewise-planar reconstructor. AdaptivePS extends the
baseline PlanarSplatting method to outdoor environments by introducing a foreground mask
generator and a novel prior generator that jointly recovers camera poses, depth, and normal
maps in a single inference—bypassing Structure-from-Motion (5fM) entirely while normalizing
scenes to a consistent scale. Additionally, the pipeline employs a mask-guided densification
and pruning strategy to adaptively split primitives at object boundaries and remove back-
ground noise, alongside a mask-guided trimming mechanism applied to sampled points for
sharper boundary delineation. Experiments demonstrate that AdaptivePS achieves sufficient
geometric quality for outdoor scenes while running 2x as fast as the baseline framework. The
code is available at https://github.com/MCHU-1999/AdaptivePS.

Keywords: 3D Gaussian Splatting, Plane Splatting, Surface Reconstruction, Piecewise-Planar
Reconstruction, AdaptivePS.
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1. Introduction

1.1. Motivation

In the last decades, 3D building models have been predominantly used for visualization; how-
ever, today they are being increasingly employed in a number of domains and for a large
range of tasks beyond visualization. Consequently, most of these modern applications require
B-rep, water-tight building models to effectively leverage geometric properties like area, vol-
ume, orientation, punctures, or openings [8]. Common examples include: solar irradiation
analysis, energy demand estimation, shadow impact assessment, noise propagation modeling,
computational fluid dynamics and natural hazard mitigation.

However, manually creating these watertight B-rep models at an urban scale is prohibitively
time-consuming. Concurrently, many scene and surface reconstruction methods have been
proposed. Classical scene reconstruction methods include SfM and Multi-View Stereo (MVS)
[51, 18]. Common surface reconstruction methods include algorithms such as Marching Cubes
[40], Poisson Surface Reconstruction [27], and Signed Distance Function (SDF) reconstruction
[22]. Recent advances in learning-based Novel View Synthesis (NVS), such as Neural Ra-
diance Fields (NeRF) [41] and 3DGS [28], have significantly enhanced the capability of the
“photogrammetry to 3D model” pipeline.

A critical trade-off exists in current reconstruction workflows between efficiency and struc-
tural utility. While NeRF-based approaches achieve high fidelity, they suffer from prohibitive
training times. GS-based reconstruction methods resolve the speed bottleneck and offer real-
time rendering. But even with their explicit nature, they are constrained because the Gaus-
sians do not directly represent the underlying surface geometry. To address this, existing
GS-based methods enforce geometric constraints and utilize Truncated Signed Distance Func-
tions (TSDFs) [15, 44] to extract surfaces from the rendered depth maps.

However, TSDF typically generate dense, unstructured triangular meshes that are structurally
inefficient for building scenes and prone to incompleteness in occluded regions. These topo-
logical defects present significant challenges for downstream applications; specifically, non-
manifold geometry and holes create ambiguity in representation and storage [2]. As a result,
such outputs fail to meet the watertightness and manifold requirements of the ISO 19107 ge-
ometry model, which underpins standard urban data formats like CityGML [32] and CityJSON
[35].

In contrast, piecewise-planar reconstruction algorithms—such as PolyFit [43] and KSR [7]—
can generate ideal representations required for building analysis. However, these methods
generally rely on high-precision, dense point clouds acquired via LiDAR systems or traditional
MVS pipelines.

Both approaches present challenges to scalability and widespread adoption. While LiDAR
provides exceptional geometric accuracy, it is costly and logistically demanding to deploy at
an urban scale. Conversely, MVS algorithms, such as COLMAP, prioritize absolute geometric
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accuracy through exhaustive multi-view patch matching. This makes them highly robust, but
computationally intensive and slow. Furthermore, these algorithms are often hindered by
foreground clutter, unwanted objects, or non-optimal capture angles, which introduce noise
into the subsequent plane detection and optimization phases.

This work aims to leverage the advantages of Gaussian Splatting (GS)-based methods and
piecewise-planar reconstruction algorithms. Instead of treating splatted primitives as a proxy
to generate point clouds or TSDF meshes, this work leverages architectures natively designed
for planar geometry. Specifically, methods such as PlanarSplatting [52], originally developed
for structured indoor scenes, replace standard Gaussian ellipsoids with bounded 2D planar
primitives. By optimizing these planar primitives, this work investigates a more direct pathway
for piecewise-planar reconstruction algorithms, aiming to bypass traditional plane-detection
phases.

Exploiting this requires overcoming a significant domain gap. PlanarSplatting is highly sen-
sitive to the unconstrained complexity of outdoor environments, where atmospheric interfer-
ence, skyboxes, and foreground clutter disrupt geometric optimization. Therefore, the primary
goal of this thesis is to generalize these indoor-centric mechanisms to adapt them to outdoor
building reconstruction. By integrating 2D semantic masking, this work aims to directly trans-
late image captures into clean, explicit planes. The long-term vision for this pipeline is to
generate lightweight, watertight, and topologically correct 3D building models that fulfill the
strict manifold requirements of modern urban analysis.

1.2. Research Objectives

The primary goal of this research is to develop and evaluate a pipeline that leverages the
explicit nature and runtime advantage of splatting-based methods to reconstruct structural
geometry. To achieve this, the project outlines three main objectives:

1. establishing a robust core splatting framework adapted for outdoor building scenes,

2. performing a thorough quantitative and qualitative evaluation of the resulting recon-
structions, and

3. conducting ablation tests on the proposed modifications.

1.2.1. Research Questions
The main research question for this thesis is:
How to optimize the Gaussians (or primitives) towards clusters of bigger bounded planes or polygons?
On top of the main question, the following sub-questions are defined:
1. What additional information, training loss or post-processing steps are required?
2. What level of accuracy could be achieved compared to other scene reconstruction methods?

3. To what extent can this method be optimized for computation time?



1.3. Thesis Outline

1.2.2. Scope

This thesis restricts its focus strictly to the extraction of structured, explicit planar surfaces.
Rather than generating final watertight, manifold polygonal models, this project focuses on the
prerequisite step: bridging the gap between splatted primitives and solid geometry. While a
preliminary proof-of-concept demonstrating the integration of these surfaces into downstream
reconstruction methods like KSR is provided, establishing a fully robust, automated hand-off
remains outside the primary scope.

Additionally, aside from the core splatting optimization loop, this work strictly excludes the
training or fine-tuning of deep neural networks; all external semantic and depth priors rely
exclusively on off-the-shelf, pre-trained models. The piecewise-planar assumption remains
central to this framework, meaning curved or highly organic geometries are excluded. Finally,
the computational scale of the pipeline is bounded; this work does not address optimization
strategies for city-scale environments, limiting evaluation datasets to 50 to 500 images per
scene.

1.3. Thesis Outline

This thesis is organized into six chapters, including this introduction. The remainder is struc-
tured as follows:

Chapter 2 reviews the relevant literature, tracing from neural implicit representations to GS-
based surface reconstruction. It also examines existing approaches in both indoor planar recon-
struction and general point to piecewise-planar reconstruction to contextualize the theoretical
gap this thesis addresses.

Chapter 3 establishes the theoretical background, detailing the mathematical and structural
foundations of 3DGS [29] and the PlanarSplatting [52] architecture, which serve as the foun-
dation for the proposed pipeline.

Chapter 4 details the core methodology. It presents a preliminary analysis diagnosing the
specific domain gaps when applying indoor models to outdoor environments, and details the
proposed architecture designed to overcome these challenges.

Chapter 5 presents datasets utilized, the experiments and results. It defines the evaluation
metrics and demonstrates the effectiveness of the proposed method through benchmarking
against the baseline model, supported by ablation studies to validate individual proposed
modules. Finally, it includes a preliminary proof-of-concept demonstrating the potential of
integrating the pipeline’s extracted planes into downstream piecewise-planar reconstruction
methods.

Chapter 6 summarizes the key findings of the research, answers the research questions, dis-
cusses the limitations of the proposed pipeline, and outlines potential pathways for future
work.






2. Literature Review

This chapter provides a comprehensive review of the literature, framing the evolution of scene
representations and surface reconstruction techniques. Each section details a specific lineage
of development, followed by a dedicated discussion that contextualizes how this work builds
upon, departs from, or addresses the limitations of paradigms.

The review begins in Section 2.1 with the foundational progression of NeRF-based NVS meth-
ods. Next, Section 2.2 shifts the focus to 3DGS methodologies. The field of indoor planar
reconstruction—as a domain that deeply aligned with the planar assumptions of this thesis—is
isolated in Section 2.3. Lastly, Section 2.4 concludes the chapter by evaluating piecewise-planar
surface reconstruction methods.

2.1. Neural Implicit Surface Reconstruction

Volumetric representations for novel-view synthesis were revolutionized by NeRF [41]. Fol-
lowing its success, several methods emerged to address limitations in speed, anti-aliasing, and
unbounded rendering through techniques like conical frustum tracing, explicit sparse grids,
and fast hash-grid encodings (e.g., Mip-NeRF [4], Mip-NeRF 360 [5], Plenoxels [67], and Zip-
NeRF [6]). However, despite these advancements, they remain fundamentally volumetric and
lack the surface constraints required for accurate surface reconstruction.

To address these geometric limitations, surface representations replace volume density with
SDFs or occupancy fields, defining surfaces as zero-level sets to allow for watertight mesh
extraction via Marching Cubes [40]. Early approaches like Implicit Differentiable Renderer
(IDR) [63] and UNISUREF [45] explored this geometry-appearance disentanglement. The major
breakthrough came with VolSDF [62] and NeuS [56], which transformed SDFs into volume
densities for standard volumetric rendering. This line of work culminated in approaches like
Neuralangelo [37], which achieved state-of-the-art detail by combining SDF-based rendering
with multi-resolution hash grids [42].

While surface representations improve reconstruction, they often degrade in regions where
photometric consistency alone is insufficient. To address this, researchers introduced structural
priors to regularize the underlying SDF. Early works leveraged the “Manhattan World” as-
sumption to align surface normals with dominant structural axes [19]. Alternatively, MonoSDF
[69] proposed utilizing monocular normal and depth predictions to guide optimization. This
significantly improved untextured areas and established a paradigm widely adopted by sub-
sequent indoor reconstruction methods [55, 53, 13, 21].

While this research adopts the explicit representation to overcome the aforementioned bot-
tlenecks, the geometric principles established in this domain remain fundamental. The reg-
ularization strategies pioneered in the implicit domain-—most notably the Manhattan and
monocular priors—serve as the direct conceptual blueprint for the constraints I propose to
adapt to the Gaussian Splatting framework.
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2.2. Splatting-Based Surface Reconstruction

Following the introduction of 3DGS [28], recent works have focused on transforming the sparse
Gaussian point cloud into high-fidelity surface meshes. As the foundation of the proposed
method, the background knowledge of 3DGS method will be detailed in Section 3.1.

Mesh Extraction Strategies Initial approaches like SuGaR [20] incorporated depth and nor-
mal regularization to align Gaussians with the surface, extracting meshes via Poisson recon-
struction on the resulting density field. However, this method suffers from high-frequency
geometric noise due to the discrete, unconstrained nature of 3D Gaussian primitives, and the
Poisson reconstruction algorithm tends to over-smooth sharp edges. To address this, GS2Mesh
[59] proposed a workaround. By fusing multi-view depth maps rendered from Gaussians via
TSDF Integration [15, 44], it mitigates the artifacts inherent to density fields, establishing a
robust surface extraction pipeline for later works.

Scene capture & 3DGS & stereo- Stereo depth Depth fusion into
pose estimation calibrated novel view rendering estimation triangulated surface

Figure 2.1.: Pipeline of the TSDF integration framework introduced by Wolf et al. [59].

Geometric Constraints and Regularization To improve surface alignment, 2DGS [24] replaced
3D ellipsoids with flat 2D disks (surfels) to enforce local planarity, utilizing self-supervised
depth distortion and normal consistency losses. GOF [70] similarly applied geometric losses
but introduced an implicit opacity field for mesh extraction via marching tetrahedra; however,
the implicit formulation adds complexity and the result still showed some surface ripples
(inconsistent normals).

Recent works focus on refining the depth formulation itself. RaDe-GS [71] introduced ray-
based depth rendering to reduce volumetric bias. Currently, PGSR [11] represent the state-
of-the-art in this domain. PGSR incorporates unbiased depth rendering with novel geometric
constraints, specifically occlusion estimation, exposure compensation, and forward-backward
projection errors. These terms enforce multi-view geometric consistency, significantly reducing
artifacts in complex occluded regions.

Another line of work, such as DN-Splatter and AGS-Mesh [53, 49], leverages monocular depth
and normal priors from pre-trained networks [17, 23]. However, the performance of these
methods is highly dependent on the quality of the predicted priors, which are often not con-
sistent across different views and need extra scaling process.



2.3. Indoor Planar Reconstruction

Bridging these approaches, PlanarGS [26] incorporates the geometric framework used by
PGSR, but tailors the application toward structured indoor environments. PlanarGS utilizes
monocular depth and normal priors to synthesize more complex planar information. This is
achieved through a language-prompted planar priors (LP3) pipeline based on Grounded SAM
[48], which generates semantic planar masks to guide a co-planarity constraint. By integrating
these masks, PlanarGS has obtained even better results than PGSR in indoor scenes.

Sqpesiie Exposure
»| Rendered RGB »| Compensation |« C ?F" 5
RGB Loss oefficients
. Single-View
Flattened q Rendered Unbiased L
Gaussian > endering < Distance > Depth »| Regularization [« GT RGB
Loss
A ><V
- Rendered - RMU|ItI>.VIet\.N . Nearest
e Normal R GT RGB

Figure 2.2.: PGSR [11] rendering pipeline with its regularization losses.

Semantic Integration The integration of semantic information has enabled object-level con-
trol over the reconstruction. Methods like Gaussian Grouping [65] and TSGaussian [72] em-
ploy off-the-shelf segmentation models such as Segment Anything Model (SAM) [30, 47, 9]
and DEVA [14]. By adding a learnable 2D Identity Loss and 3D Regularization Loss, these
methods can cluster Gaussians into semantic entities. While primarily used for scene edit-
ing and masking, this semantic awareness provides a foundation for class-specific filtering—a
feature that’s critical for outdoor scenes.

While PGSR and PlanarGS achieve impressive geometric fidelity, bridging the gap from un-
structured Gaussians to explicit planes remains challenging. Initial tests applying traditional
Region Growing directly to PGSR Gaussians (based on size and orientation) proved highly sen-
sitive to primitive density and distribution; the approach requires extensive hyperparameter
tuning that is difficult to generalize across diverse outdoor scenes.

To manage the complexity of unconstrained environments, SAM3 is employed to generate
2D masks, isolating architectural geometry from unwanted clutter, unlike methods such as
Gaussian Grouping or TSGaussian—which embed semantics directly into 3D primitives. This
ensures the subsequent planar optimization operates exclusively on clean, relevant structural
data.

2.3. Indoor Planar Reconstruction

Indoor planar reconstruction is a well-established domain with a bigger literature base than
its outdoor counterpart. Driven by Augmented and Virtual Reality (AR/VR) applications, the
primary objective is to recover 3D planar embeddings from 2D images or video sequences to
allow virtual agents to interact realistically with floors and walls. Because the focus is strictly
on structural boundaries, these methods inherently tolerate geometric incompleteness in non-
planar or heavily cluttered regions.
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Within this category, learning-based methods such as PlanarRecon [60], AirPlanes [58], and
NeuralPlane [64] have demonstrated impressive results in reconstructing clean geometry. How-
ever, these architectures rely heavily on large-scale, manually annotated 2D or 3D plane data
for supervision, which is notoriously difficult and expensive to acquire.

In contrast, PlanarSplatting [52] introduces a specialized splatting-based paradigm for indoor
planar reconstruction. Tailored for structured indoor environments dominated by large, axis-
aligned planes such as walls, floors, and ceilings, it replaces standard 3D Gaussian ellipsoids
with bounded 2D planar primitives (rectangles). PlanarSplatting discards standard RGB su-
pervision entirely; instead, it relies exclusively on depth and normal maps generated from
pre-trained monocular networks to supervise optimization. This has proven highly effective
for initializing other GS pipelines or generating planar priors.

Building upon PlanarSplatting’s rasterizer, PLANA3R [39] is a feed-forward plane splatting
method integrating Vision Transformers [16]. Once trained, PLANA3R computes camera poses
and planar primitives in a single feed-forward inference. Within this architecture, the mechan-
ics of PlanarSplatting function as a alternative to manually annotated planar datasets. Also,
by utilizing PlanarSplatting’s rasterizer to directly splat 3D planar primitives into dense depth
and normal maps, PLANA3R can be trained end-to-end using only monocular depth and
normal labels, without requiring explicit plane annotations.

These models are typically optimized for bounded, high-density indoor captures. When ap-
plied to outdoor settings, they face challenges such as atmospheric interference, irregular
building geometries (e.g., curved surfaces), and foreground clutter, which are not typically
addressed in indoor-centric workflows.

While the aforementioned learning-based methods achieve clean plane extraction, their re-
liance on vast annotated datasets makes them infeasible for outdoor building reconstruction.
Conversely, while PlanarSplatting is strictly an indoor-specific model, its underlying geometric
mechanics offer a direct answer to this thesis’s research question: How to optimize the Gaussians
(or primitives) towards clusters of bigger planes or polygons?

Therefore, the PlanarSplatting architecture is selected as this research’s fundamental backbone.
The core objective of this work is to bridge the indoor-outdoor gap, introducing the necessary
semantic filtering and regularization to adapt this indoor-specific representation for the com-
plex, cluttered, and unbounded nature of outdoor architectural scenes.

2.4. Piecewise-Planar Surface Reconstruction

Piecewise-planar surface reconstruction focuses on extracting simplified, polygonal represen-
tations from unorganized 3D point clouds. It is still an underexplored field, yet these methods
represent the gold standard for creating lightweight building models.

Methods like PolyFit [43] and Chauve’s method [10] established strong baselines for piecewise-
planar reconstruction. However, they rely on exhaustively slicing the bounding box with
infinite planes. This approach generates overly dense partitions, limiting scalability; PolyFit
requires excessive computation time for inputs exceeding one hundred shapes, while Chauve’s
method faces significant memory constraints.

In contrast, KSR [7] introduced a kinetic partitioning strategy, reducing partition complexity
by an order of magnitude. Notably, PolyFit and KSR both guarantee the production of wa-
tertight, intersection-free meshes. This distinguishes them from methods like BSP-Net [12],
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which may output intersecting convex polytopes. More recently, GoCoPP [68] demonstrated
significantly higher accuracy in primitive fitting across complex object categories. However,
GoCoPP functions as a primitive detection and optimization algorithm, and it ultimately relies
on the KSR framework to execute the final geometric assembly.

PolyFit relies on Fast RANSAC [50] for planar primitive extraction, while KSR initializes prim-
itives via Region Growing [46]. For both methods, the extraction of this initial primitive con-
figuration relies heavily on the quality and density of the input point cloud. When connecting
these pipelines with modern GS-based representations, researchers face a fundamental ar-
chitectural detour. Converting explicitly learned spatial primitives (splats) back into dense,
unstructured point clouds simply to feed them into Region Growing algorithms diminishes
the advantages of the neural representation.

To evaluate the potential of optimizing splatted primitives directly into planes, this work in-
vestigates an alternative to this point-based detour. By utilizing bounded planes natively
optimized during the splatting process, this approach aims to provide an explicit input for the
plane-fitting stages of pipelines like PolyFit and KSR. This strategy seeks to preserve the ben-
efits of the explicit representation, bypass the redundant conversion steps, and investigate the
topological trade-offs of extracting robust planar priors directly from the rendering pipeline.

2.5. Positioning of the Thesis

In general, this thesis aligns with the current development trajectory in 3D vision shifting from
implicit to explicit representations. This transition allows for a wider array of constraints to
be utilized with ease. Moreover, explicit representations facilitate direct semantic filtering and
pruning, removing the need to encode category information into feature tensors. This work
is hugely inspired by the integration of monocular geometric priors and multi-view semantic
information to guide optimization.

While numerous GS-based reconstruction methods have demonstrated high geometric fidelity,
converting their outputs into watertight solid models typically requires sampling the learned
primitives into dense point clouds. This intermediate conversion step leaves the final out-
put dependent on traditional point-based plane detection and diminishes the native structural
benefits of the explicit representation. By adopting a planar assumption, indoor planar recon-
struction works provide a highly compatible baseline for this research, enabling an “image-to-
planes” workflow that attempts to bypass this redundant intermediate conversion. To provide
a clear overview, Figure 2.3 illustrates how the proposed pipeline differs from common image-
to-surface reconstruction frameworks.

The envisioned reconstruction pipeline aims to extract planar primitives directly from uncon-
strained images of outdoor building scenes, investigating an alternative to the plane detection
steps of classical pipelines like KSR [7] and PolyFit [43]. This thesis provides a preliminary
proof-of-concept, demonstrating the integration of these planar outputs into a downstream
piecewise-planar optimization framework. However, establishing a fully robust, automated
integration remains an area for future work.
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Figure 2.3.: Illustration depicting the envisioned pipeline compared to standard image-to-
surface reconstruction pipelines.
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3. Theoretical Background

This chapter establishes the architectural and mathematical foundations underpinning the pro-
posed reconstruction pipeline. Section 3.1 describes the original, vanilla 3DGS [29]. Building
upon this foundation, Section 3.2 presents the baseline PlanarSplatting [52]. Together, these
sections define the operational baseline from which this thesis derives its outdoor building
reconstruction methodology.

3.1. 3D Gaussian Splatting

3D Gaussian Splatting Pipeline

Images
Projection
'\\4 v
. - e Differentiable .
SfM Points »| Initialization |— Tile Rasterizer '—®| Loss Function

\ Densification /

and Pruning

— Operation Flow — Gradient Flow

Figure 3.1.: Overview of the vanilla 3DGS [29] pipeline.

To enable end-to-end optimization of scene geometry, 3D Gaussian Splatting [29] formulates
each primitive as a differentiable unit, allowing back-propagation. The pipeline begins with an
initialization step where sparse point clouds from SfM serve as the initial Gaussian centers. To
bridge the gap between the 3D representation and 2D image space, a fast differentiable raster-
izer acts as the backbone infrastructure. Finally, the optimization is guided by a composite loss
function and an extra control layer to densify or prune the Gaussian primitives. The pipeline
of vanilla 3DGS is shown in Figure 3.1.

3.1.1. Gaussian Primitive Formulation

The scene geometry is represented as a set of 3D Gaussians {G;}, eliminating the requirement
for normal information. Each Gaussian is defined by a full 3D covariance matrix £ € R3*3
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centered at a mean position p; € R3:

Gl ) = exp (5 6~ ) " = )) 6.

3.1.2. Differentiable Primitive Rendering

3DGS builds upon previous point-based differentiable rendering techniques [66] to create a
faster, higher-quality approach in NVS. Following the typical neural point-based approach
[34, 33], the final pixel color C € R? is computed using a-blending, sorting the Gaussians in a
front-to-back order, blending N ordered primitives overlapping the pixel:

i—1

C=Y Ticwy, Ti=[](1-a). (3:2)

ieN j=1

Here, ¢; denotes the view-dependent color of the i-th primitive, and T; (Transmittance) rep-
resents “how much light has not been blocked by the Gaussians in front of the i-th.” And «;
represents the influence of the i-th Gaussian at the current pixel location p = [x/,y/]T. It is
the product of a learned per-Gaussian opacity o; and the spatial weight of the projected 2D
Gaussian G(p|u}, Z):

1 .
& = 0; - exp <—Z(P—P’f)Tzl 1(10—#?)), (33)

where z! € R? is the projected 2D mean point and £’ € R?**? is the projected 2D covariance
matrix. Following the EWA splatting formulation [73], given a viewing transformation matrix
W and an intrinsic matrix K, the projected u! and Z/ can be computed as:

L= JWZ,W'JT, =KWy, 1] (34)

where ] is the Jacobian of the affine approximation of the projective transformation.

Finally, the optimization of the 3D covariance X; is constrained to ensure semi-definite posi-
tiveness. This is achieved by decomposing I into a scaling matrix S; € R*>*3 and a rotation
matrix R € R3*3:

X, = R;S;SIRT (3.5)

where S and R are learned independently.

3.1.3. Optimization

To manage the distribution of primitives, 3DGS utilizes an adaptive density control mecha-
nism. It identifies regions that are either under-reconstructed or suffer from over-reconstruction,
applying specific operations to optimize the Gaussian distribution:

* Cloning: In under-reconstructed areas where Gaussians are small but exhibit high po-
sitional gradients, the method clones the existing primitives. A copy of the Gaussian is
created and shifted in the direction of the gradient to better represent the geometry.

12
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¢ Splitting: Conversely, in regions where large Gaussians cover areas of high spatial vari-
ance, the method splits them into smaller components. The original Gaussian is replaced
by two new primitives, with their scales reduced by a factor of ¢ = 1.6.

The total rendering loss combines an £ term and a D-SSIM term [3]:

Liotar = (1= A) L1+ ALpssim- (3.6)

3.2. PlanarSplatting

Significantly differing from standard 3DGS formulations, PlanarSplatting [52] completely dis-
cards RGB photometric supervision. Instead, the optimization process is driven exclusively
by monocular depth and normal priors generated by a pre-trained neural network such as
Metric3Dv2 [23].

Because the method was explicitly developed for structured indoor environments, it inherently
relies on strong geometric assumptions regarding scene planarity. The limitations of these
indoor assumptions when applied to unconstrained outdoor environments will be analyzed
in Section 4.2.

As illustrated in Figure 3.2, given a set of posed multi-view images, PlanarSplatting recon-
structs the scene by optimizing a collection of learnable 3D planar primitives. Utilizing a
custom differentiable planar rasterizer, the model explicitly aligns these primitives to recover
the scene geometry. Following the optimization phase, these individual primitives are merged
to extract 3D plane instances. The primitive and rendering formulation are explained in the
following paragraphs.

normal

¥ Loss Function

Initialization Optimization
Figure 3.2.: Illustration of the PlanarSplatting architecture. The method renders depth and

normal maps from splatted bounded 3D planar primitives, which are then optimized using
monocular geometric priors to recover the scene geometry. Reproduced from [52].

3.2.1. Planar Primitive Formulation
The scene geometry is represented as a set of 3D rectangles {7;}. A planar primitive 7; is

formulated as a 3D rectangle, with learnable parameters including the plane center u; € R3,
the quarternion plane rotation q; € R* and the plane radii ;.

13
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To accommodate asymmetric primitive extents, a dual-radii formulation is employed:
i=A{rit Tt T} e R (3.7)

u+ u '{;Jr 0

where r;'", r", r;/", r/” are the radii defined on the positive/negative direction of the local U

and V axes, respectively (as illustrated in Figure 3.3).

Let R(g;) € R3*® denote the rotation matrix derived from the quaternion parameters. The
local orthonormal basis vectors u;, v; € R® and the surface normal n; € R3 correspond to the
columns of this rotation matrix:

o
R(q;) = (ui ©v; n;|. (3.8)

which can be explicitly computed via directional projections:
u; = R(q;)[1,0, 0f, o= R(q;)[0,1, 0f, m= R(q;)[0, 0,1)". (3.9)

During optimization, these learnable parameters enable the planar primitives to translate, ro-
tate, and deform to conform to the scene geometry.

Figure 3.3.: Representation of the 3D plane
primitive with learnable shape parameters. Figure 3.4.: Ray to plane intersection.

3.2.2. Differentiable Planar Primitive Rendering

To project the 3D planar primitives onto the 2D image plane, this work finds the ray-primitive
intersections across the pixel grid, as depicted in Figure 3.4. Given a pixel coordinate p on the
image plane, we cast a ray defined by the camera center o € IR® and the pixel-specific viewing
direction d € R3. Its unique intersection point x; € R with a specific planar primitive 7; is
calculated as:

Xi=o0+t-d=o+ (3.10)

(P‘i—o)'"i] d
d~ni

ti
where t; represents the ray-space depth of the intersection relative to the camera origin.

Conventionally, the spatial influence of an anisotropic Gaussian primitive is modeled via a
continuous volumetric function:

wg (x|, Ti) = exp <_;(x_ﬂi)Tz‘il(x_.ui))' (311)
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However, because volumetric Gaussians generate soft, structurally ambiguous boundaries near
edges, PlanarSplatting replaces them with a sharp, distance-based rectangular splatting weight
function.

For a given intersection point x;, its localized projection distances Py;;, Py; € R are evaluated
along the local orthonormal axes of the primitive:

Pui= (xi—p;)-ui, Pyi=(xi—p;) v (3.12)

The independent boundary weights along the local axes are regulated via a scaled logistic
sigmoid o(-). The weight along the U-axis is given by:

20’(5k(1’?+— |Pu1'|)), if Plli >0
L) = ’ ’ . 3.13
wu (xlp;, ) {ZU(Sk(r? —|Puil)), otherwise (3.13)
And similarly for V-axis:
2(7(5k(l”?+ — |PV1‘ )), if PVi >0
T ) = ! ! . 3.14
wv (xlp, i) {20(5k(rf —|Py,l)), otherwise (14)
And the final splatting weight is calculated as:
wy, if wy < wy
) = 3.15
w(xlpi, i) {wV, otherwise (3.15)

q 1.0

0.5

0o

Iteration=1500 Iteration=2500 Splatting
Weight

Figure 3.5.: Illustration of the proposed plane splatting function. The proposed plane splatting
function approximates the rectangular boundary as the number of iterations increases, al-
lowing for stable scene fitting.

As illustrated in Figure 3.5, the splatting function progressively approximates a strict rect-

angular boundary as the sharpening hyperparameter k increases. During optimization, k is
dynamically scaled via an exponential schedule up to a maximum value of 300:

k = min (20e—(1—0~001'”€), 300) ) (3.16)

where ite denotes the current optimization iteration index.
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To render the discrete pixel values, all valid ray-to-plane intersections along the viewing path
are filtered by their splatting weights and sorted by depth in a front-to-back order. Let 7(j)
be a mapping function yielding the global primitive index of the j-th closest intersected plane
along the ray. The M nearest valid intersections are retained for rendering (M = 30).

The composite depth and normal values for a given pixel p in the image I are accumulated
via alpha-blending:

M

Drender(p) = 2 T] ’ w(x|.ur(]’)r nT(j)) ’ tj (3.17)
j=1
M

Nrender(p) = Z T] ’ w(x‘ﬂr(j)/ nr(j)) R0 (3.18)
j=1

where f(; and n.(;) represent the depth and normal of the sorted primitive, respectively, and
T; represents the accumulated visibility transmittance:

j—1

Tj= 1—{(1 — w(x[pr iy, (i) (3.19)

3.2.3. Optimization
The optimization framework is supervised exclusively using monocular geometric constraints.

The normal loss enforces angular consistency and L1 alignment with the monocular surface
normals N(p):

Loormal = Z 1— Nrender(p)TN(p)Hl + 2 | Nrender(p) — N(p) |1 (3.20)
pel pel

Similarly, the depth loss penalizes discrepancies relative to the monocular depth map D(p):

ﬁdepth = E I Dyender(P) — D(p)|l1- (3.21)
pel

The total objective function is minimized using a weighted joint loss formulation:
Liotar = MLyormal + /\2£depthr (3.22)

where the balancing hyperparameters are set to Ay =5 and Ay = 2.
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4.1. Overview

This chapter details the methodology for adapting PlanarSplatting to unconstrained outdoor
environments. To provide a clear overview, this chapter distinguishes between the iterative
research methodology used to develop the solution and the technical methodology of the
final proposed solution.

As illustrated in Figure 4.1, the development of this work followed an iterative research pro-
gression:

1. Preliminary Analysis (Baseline Verification): To motivate the architectural changes, the
baseline PlanarSplatting model is first evaluated on unconstrained outdoor scenes. This
diagnostic stage identifies the specific operational bottlenecks and failure cases inherent
to the original indoor-specific method. This analysis is documented in Section 4.2.

2. Iterative Development: Guided by the gaps identified in the preliminary phase, new
algorithmic solutions were continuously planned, implemented, and evaluated to bridge
the outdoor domain gap.

The final result of this cyclical research process is the proposed solution: AdaptivePS. The
explicit mechanics of this architecture are detailed in Section 4.3, which encompasses the inte-
gration of 2D semantic masking to isolate structural features, followed by geometric regular-
izations to stabilize planar optimization in outdoor environments.

Finally, detailed implementation specifications, including software configurations, parameter
settings, and hardware setups required to reproduce the proposed pipeline, are provided in
Appendix A.

(—’ Implementation W
PR TIEVWINEIVETEES ——p - New Plan/Solution k ' J  Proposed Method
L Evaluation

Figure 4.1.: Iterative research methodology used to develop the proposed AdaptivePS pipeline.
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4.2. Preliminary Analysis: The Outdoor Domain Gap

To establish a generic baseline and motivate the necessity of the proposed architecture, the
original PlanarSplatting framework was evaluated in both controlled synthetic environments
and unconstrained real-world outdoor scenes. The objective of this diagnostic phase was to
isolate the specific variables that cause indoor-specific models to fail in outdoor domains.

4.2.1. Diagnostic Verification via Synthetic Control

Before evaluating the model on real-world data, a synthetic control experiment was conducted
to verify the fundamental viability of the core planar splatting mechanism. A simplified,
bounded 3D box scene (detailed in Section 5.1.1) was generated to provide the pipeline with
perfect ground-truth inputs. By supplying flawless camera poses, depth maps, and normal
maps, this experiment intentionally bypassed the baseline’s neural prior generation network.
This isolated the performance of the differentiable rasterizer under ideal, clutter-free condi-
tions.

As shown in Figure 4.2, this strictly controlled version of the PlanarSplatting successfully
reconstructed the piecewise-planar geometry of the box with high fidelity. Crucially, the re-
construction was completely free of floating background planes or topological artifacts. This
diagnostic test isolates the variables of failure, proving that the underlying differentiable plane
rasterizer is mathematically sound. Consequently, any degradation observed in subsequent
real-world tests must be attributed strictly to the complexities of the input data, the inaccuracy
of generated monocular priors, and the lack of scene bounding.

4.2.2. The Methodological Gap

While the framework succeeds in a perfect environment, real-world captures do not satisfy
these conditions. When applied to real-world scenes (such as the TnT Barn scene), the vanilla
pipeline suffers from severe geometric degradation. This failure is rooted in fundamental
methodological discrepancies between indoor and outdoor environments.

Indoor scenes are inherently bounded and structurally contiguous; mesh fusion algorithms
can safely operate under the assumption that the environment is closed by walls, floors, and
ceilings. In contrast, outdoor scenes are characterized by unbounded backgrounds, larger
depth ranges (e.g., skyboxes), and other unwanted clutter (e.g., vegetation, vehicles).

As shown in Figure 4.3, when applied to unconstrained environments, the model attempts to
fit planar primitives to distant, unconstrained regions or background elements. This generates
massive amounts of unwanted, disconnected planar artifacts that corrupt the visual fidelity
and break the topological requirements necessary for piecewise-planar building extraction.

The primary goal of this research is to resolve these identified domain gaps. To achieve this,
the development of the proposed AdaptivePS pipeline is detailed in the following section.
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(a) Ground truth 3D model

(b) Plane initialization

(c) Merged planes

Figure 4.2.: Reconstruction of a synthetic, clutter-free box scene using perfect geometric priors

(planes colored randomly). The clean result verifies the functional integrity of the core

splatting mechanism.
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(c) Merged planes

Figure 4.3.: Results of baseline PlanarSplatting, with TnT [31] Barn scene as example (planes
colored randomly).
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4.3. The Proposed AdaptivePS

4.3. The Proposed AdaptivePS

As established in Section 4.2, the core differentiable plane rasterizer and optimization strategy
of the baseline PlanarSplatting provide a robust geometric foundation. However, its indoor-
centric assumptions lead to severe degradation when exposed to the unbounded depth and
unconstrained clutter of outdoor environments.

To generalize this framework for outdoor building reconstruction, the proposed AdaptivePS
pipeline introduces targeted modifications to overcome these specific domain gaps.

The new pipeline:
¢ upgrades the modules for pose-recovering and geometric prior generating;
e integrates adaptive semantic masking to isolate the target geometry;
e introduces a novel semantic-guided densification and pruning strategy.

The workflow of the proposed method is illustrated in Figure 4.4.

with
Mask-guided
Similarity
Transformation :
normal Loss Function

= PN Optimization

Camera Poses ™

Merge &

Initialization Mask-Guided Trim
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Mask-Guided -
Densification & Pruning ]

Figure 4.4.: Flowchart of the proposed AdaptivePS.

4.3.1. Foreground Mask Generation

The preliminary analysis demonstrated that heuristic depth truncation is insufficient for com-
pletely filtering out unwanted clutter. To enforce a clean optimization and restrict planar prim-
itives from fitting to the sky or unwanted objects, the pipeline introduces an adaptive semantic
masks generated by SAM3 [9]. By providing targeted prompts, SAM3 generates foreground
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masks that explicitly isolate the target building (or any user-defined object) from the messy
outdoor environment.

For each scene, 2 series of masks are generated, namely ground mask and building mask.
The ground and building masks are used later in prior generation (Section 4.3.2), and in the
densification and pruning (Section 4.3.3) stage only the building masks are used. The specific
prompts utilized in this work are detailed in Appendix B.

4.3.2. Prior Generation

Prior Generator The baseline PlanarSplatting' assumes the inputs are posed images but also
allow for pose-free multi-view inputs. The proposed AdaptivePS provides the same options
with the use of Depth Anything 3 (DA3) [38].

For the use case of outdoor drone shots, a heavy reliance on traditional SfM pipelines like
COLMAP is often unstable. As architectural structures frequently exhibit repetitive elements
(e.g., concrete, brickwork textures) and reflective materials (e.g., glass windows), which pose
significant challenges for traditional feature-matching algorithms.

DAS3 provides a all-in-one solution to these challenges, as it jointly optimizes metric depth and
relative camera poses. It demonstrates superior performance compared to its predecessors,
such as DUSt3R [57] and MASt3R [36]. And it also exhibits better multi-view consistency than
those from Metric3Dv2.

Despite the aforementioned advantages, processing massive image datasets simultaneously
through DA3 is highly memory-intensive and requires substantial GPU VRAM. As a result
the resolution of normal maps might be reduced. Also, because DA3 is not explicitly trained
to predict surface normals, these must be derived analytically from the depth map gradients.
The derived normal N;(p) is computed via the cross-product of neighboring 3D points back-
projected from the depth map:

_ (Py—Pq) x (Py— P3)
Na(P) = 105, = Py) x (Ps = Py)]

4.1)

where {P; | j = 1,2,3,4} are the unprojected 3D coordinates corresponding to the four adja-
cent orthogonal pixel neighbors of p.

To compensate for the lack of native normal prediction, AdaptivePS provides two pipeline
configurations:

¢ Hybrid Configuration: Employs DAS3 solely for camera tracking and metric depth gen-
eration, while relying on MetricBDv2 to estimate surface normals. This configuration
yields a direct monocular prediction target, setting N(p) = Nyetricap(p) in the optimiza-
tion loss.

¢ Unified Configuration: Utilizes DA3 for depth generation and computes the target nor-
mal maps analytically via local gradients, setting N(p) = N,;(p). This eliminates sec-
ondary model dependencies and accelerates the overall prior generation phase.

The performance trade-offs between these two configurations are evaluated in Chapter 5.

!Despite not explicitly mentioned in their publication, the official implementation of PlanarSplatting (https://
github.com/ant-research/PlanarSplatting) supports pose-free multi-view inputs based on VGGT [54].
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4.3. The Proposed AdaptivePS

Mask-Guided Similarity Transformation A fundamental challenge in photogrammetry and
image-to-3D reconstruction is scale ambiguity. In outdoor environments, the scale of target
buildings varies significantly more than in standard indoor rooms. Because the baseline Pla-
narSplatting architecture relies on numerous scale-dependent metric hyperparameters, these
variations can severely disrupt the optimization process. Therefore, it is highly beneficial to
normalize the metric scale of the outdoor scene prior to reconstruction.

This normalization is achieved through a similarity transformation (scaling, rotation, and
translation) guided by building and ground masks generated by SAM3. The transformation
first analyzes the isolated building points and scales the target structure to a user defined value
(the other parameters need to be updated accordingly). Next, utilizing the ground masks, the
algorithm estimates the ground plane and rotates the entire scene to align the ground normal
vector with the Z-axis (0,0,1). Finally, it translates the centroid of the building’s footprint,
snapping it to the origin (0,0,0) of the coordinate system. The effect of this transformation is
illustrated in Figure 4.5.

It also significantly reduces manual labor by eliminating the need for per-scene calibration
of the bounding and geometric parameters, such as truncation distances and camera ranges
(detailed in Table A.3) that are otherwise required to prevent geometric failure or memory
overflow.

It should be noted that this similarity transformation is primarily necessary for data lack-
ing reliable camera extrinsics, such as typical unconstrained outdoor captures. For controlled
laboratory environments or real-world captures with high-precision GPS localization, this nor-
malization step can be bypassed, provided that the pipeline’s hyperparameters are calibrated
to appropriately match the true metric scale of the scene.

Figure 4.5.: Similarity transformation applied on a scene with camera parameters unknown.
The yellow point cloud represents the scene before transformation (scene: church-cadeby
from Pexels dataset).
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4.3.3. Densification and Pruning

Since the introduction of the original 3DGS [28], it has been a standard convention to con-
trol the growth of primitives via adaptive densification and pruning. It is concluded in their
work that the positional gradients can reflect both the “under-reconstruction” and “over-
reconstruction” regions. Standard 3DGS addresses these via cloning and splitting respec-
tively.

The baseline PlanarSplatting employs a modified densification strategy: it utilizes splitting
only and disables cloning. This restriction is highly practical for outdoor scenes, in which the
primary challenge is an abundance of geometry (background clutter) rather than insufficient
plane coverage. While under-reconstructed areas occasionally occur due to sparse camera
angles or occlusions, it is inevitable, and generating excessive background planes is the more
critical failure mode.

During optimization, the baseline PlanarSplatting executes a splitting operation based on the
spatial gradients of a plane’s radii to better fit the scene geometry. If the average radii gradients
along the U-axis (r** and r~) exceed 0.1, the plane is split along the V-axis. Conversely, planes
are split along the U-axis if their V-axis gradients (r** and %) exceed the 0.1 threshold. This
splitting operation is performed every 1,000 iterations. Concurrently, the algorithm prunes
planes that fall below the minimum spawning size or those that remain entirely invisible to the
cameras (contributing zero gradient to the total loss), which is also done every 1,000 iterations.
The exact configurations and values for these hyperparameters® are detailed in Table A.4.

Mask-Guided Densification and Pruning The baseline pruning strategy proves insufficient
for unconstrained outdoor environments, as large planes frequently anchor to background
clutter or straddle the boundary between the target building and the sky.

To overcome this, a novel densification and pruning strategy guided by semantic foreground
masks (generated by SAM3) is proposed. By intersecting the gradients with the binary seman-
tic masks, the proposed method tracks the spatial distribution of each plane across all camera
views.

For a given plane, if its projected gradients fall within the foreground mask, a foreground
hit (Hgg) is recorded. If the gradients fall within the background, a background hit (Hpg)
is recorded. Note that a single plane can accumulate both foreground and background hits
depending on its size, location and orientation. Crucially, projections that fall outside the
camera frame are ignored during hit accumulation. This ensures that planes observed in
close-up captures are not falsely penalized as background geometry.

Once hits are accumulated across all available camera frames, a foreground ratio (Rg) is
computed for all planes where Hg, + Hpg > 0:

Hgg

Reg = — 8
&~ Hy, + Hyg

(4.2)

2 split_thres, process_plane_freq_ite, check_vis_freq_ite
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4.3. The Proposed AdaptivePS

Based on this score, a simple thresholding operation is applied to dynamically categorize and
manage the primitives:

Retain, if Rgg > 0.6 (foreground)
Action = { Split (both U and V), if 0.3 < R¢; < 0.6 (ambiguous) 4.3)
Prune, if Rgg < 0.3 (background)

This thresholding enforces a strict semantic boundary. Planes falling primarily in the fore-
ground (R, > 0.6) are preserved as structural geometry. And those falling primarily in the
background (R < 0.3) are aggressively pruned, effectively eliminating outdoor clutter.

Most importantly, planes that are classified as ambiguous (0.3 < Rg; < 0.6) represent primi-
tives that bridge the target building and the background. Rather than discarding them entirely
(which could create holes in the building facade) or keeping them (which introduces back-
ground noise), the proposed method splits these planes along both the U and V axes. And in
subsequent optimization cycles, these smaller sub-planes will cleanly separate—falling deci-
sively into either the foreground to be retained, or the background to be pruned.

[ LT ][]
_ ~ INEEEEER || |
[ [ L] ]

Out-of-frame mask

Figure 4.6.: Diagram illustrating the classification of spatial projections into Foreground (FG),
Background (BG), and Out-of-Frame (OOF) regions for semantic hit accumulation.

4.3.4. Plane Merging and Trimming

Following the optimization phase, the pipeline transitions to a post-processing stage designed
to extract macroscopic architectural surfaces from the optimized planar primitives. This is
achieved through point-level trimming, followed by co-planar merging.

First, the optimized primitives must be refined to trim over-extended geometry. The baseline
PlanarSplatting accomplishes this via a point-level, mesh-distance trimming strategy:

1. A coarse reference mesh is fused via TSDF integration using the depth maps rendered
from the optimized planes.

2. The planar primitives are discretized into a dense set of sampled points, governed by a
defined voxel resolution.

3. The Euclidean distance between each sampled point and the reference mesh is calculated.

4. Any point whose distance exceeds a predefined tolerance threshold is permanently re-
moved, trimming the boundaries of the plane to match the multi-view consensus geom-
etry.
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4. Methodology

Mask-Guided Point Trimming To enforce precise silhouette adherence and prevent planes
from overhanging into the background, this work introduces a novel mask-guided trimming
mechanism immediately following the baseline trim. This method adopts the exact pruning
logic established in Section 4.3.3, but shifts the evaluation target from the planes to the sampled
points.

Each sampled point P; is projected onto all available camera frames. By intersecting these
projections with the binary SAM3 masks, foreground hits (hfg) and background hits (f,g) are
accumulated specifically for that individual point.

Similar to the primitive-level evaluation, a point-specific semantic foreground ratio (R}g) is
computed:

hfg
_ s (4.4)
hfg + hbg

1o

Rig =

However, unlike planar primitives which can be subdivided during optimization, discretely

sampled points are indivisible. Therefore, the ternary classification is replaced with a binary
thresholding criteria for point retention:

_ Retain, if R{, > 0.6 (Foreground)
Action = & 4.5)

Prune, if Rgg < 0.6 (Background)

Sampled points that fail to meet this threshold are trimmed. This final semantic refinement
ensures that the boundaries of the primitives perfectly conform to the isolated target building,
eliminating any residual overhang or background artifacts before the final mesh generation.

Co-Planar Merging and Extraction Following the semantic trimming phase, the surviving
points and their associated primitives are evaluated for consolidation. The merging process
follows a traditional co-planarity heuristic: primitives are clustered and merged if their nor-
mal angular deviation is below a specified threshold (25°) and their spatial offset is within a
distance threshold (0.1cm).

Finally, these consolidated points are reconstructed into macroscopic solid meshes. Instead of
relying on isolated planar data structures, the output is formatted as a unified polygonal mesh,
with each distinct contiguous surface assigned a unique plane instance label and randomized
color for visualization and downstream application.

The exact numerical values for these sampling and merging parameters® are detailed in Ap-
pendix A.

4.3.5. Other Adaptations

Mesh Post-processing In the final stages of the baseline PlanarSplatting, the pipeline merges
and trims bounded planes by checking their distance to a coarse reference mesh generated via
TSDF integration. TSDF integration is highly valuable here because it enforces multi-view
geometric consensus, inherently averaging out high-frequency noise and discarding view-
inconsistent floating artifacts.

3voxel_length, normal_angle_thresh, dist_thresh
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To further suppress outdoor background clutter, an explicit mesh post-processing function was
introduced to the baseline. This function isolates and retains only the largest connected mesh
component, effectively discarding background geometry. This connected-component filtering
is applied at two critical junctures in the pipeline:

1. Initialization: Providing a cleaner structural base to ensure planar priors are initialized
on the target area.

2. Merging and Trimming: Delivering a heavily filtered reference mesh to ensure final
planar primitives are not erroneously anchored to outdoor clutter.

Figure 4.7 demonstrates the effect of this mesh post-processing function. As shown, the target
building geometry is preserved and noise is removed. Consequently, Figure 4.8 illustrates
the impact of having cleaner reference mesh on the final planar reconstruction, significantly
reducing the presence of floating artifacts compared to the unmodified version.

(a) Without mesh post-processing (b) With mesh post-processing

Figure 4.7.: Effect of the proposed mesh post-processing function on initialization mesh

(a) Without mesh post-processing (b) With mesh post-processing

Figure 4.8.: Effect of the proposed mesh post-processing function on final reconstruction
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5. Experiments and Results

This chapter presents a comprehensive evaluation of the proposed pipeline, structured to sys-
tematically validate its geometric accuracy, structural robustness, and generalization capa-
bilities. The evaluation begins in Section 5.1 by detailing the spectrum of utilized datasets,
which range from controlled environments (DTU MVS, TnT) to uncalibrated real-world drone
footage (Pexels). Section 5.2 introduces the core quantitative and quantitative metrics and
outlines experimental design. Sections Section 5.3, Section 5.4, and Section 5.5 present the
core experimental results and analyses, encompassing direct baseline benchmarking, targeted
ablation studies, and broader cross-category comparisons. Finally, Section 5.6 concludes the
chapter with a preliminary proof-of-concept demonstrating the integration of the pipeline’s
extracted planes into KSR [7].

5.1. Datasets

To evaluate the proposed AdaptivePS pipeline across different domains, four datasets repre-
senting varying levels of environmental control, calibration quality, and geometric complexity
are utilized:

¢ Blender Synthetic Box: An idealized, synthetic environment providing flawless ground-
truth depth, normal maps, and camera poses. It is used strictly for the initial verification
phase of the baseline PlanarSplatting mechanism.

e DTU MVS Dataset [25]: A highly controlled laboratory dataset. The scenes are explicitly
filtered into building and others categories, with evaluation restricted to the building-
centric subsets to align with the assumptions of this framework.

¢ Tanks and Temples Dataset [31]: A standard real-world benchmark derived from high-
resolution video tracks. While a six-scene subset is standardly used in the literature, only
the piecewise-planar Barn scene is evaluated here.

¢ Pexels Dataset A custom, uncalibrated dataset compiled from royalty-free online video
footage. Lacking ground truth or pre-existing camera parameters, it serves as a qualita-
tive testbed representing consumer-grade drone captures.

The evaluation is strictly focused on isolated architectural structures with clearly visible fa-
cades; large-scale urban environments and dense cityscapes are outside the scope of this
work.
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5. Experiments and Results

5.1.1. Blender Synthetic Box

This dataset was synthetically generated using Blender' and its Python API to serve as the
idealized control environment for the diagnostic verification detailed in Section 4.2. The data
generation scripts are publicly available?.

The dataset consists of a multi-view turntable camera orbit rendering a single textured box®
on a flat ground plane, completely free of background clutter or open skyboxes. As shown in
Figure 5.1, the script exports synchronized high-fidelity RGB frames, noise-free depth maps,
and analytical surface normal maps alongside exact camera intrinsic and extrinsic parameters,
providing the perfect geometric inputs required for core pipeline isolation.

—
Bl

rendered image rendered depth rendered normal

Figure 5.1.: Rendered views of the synthetic box scene from blender.

5.1.2. DTU MVS Dataset

The DTU MVS dataset [25] is a widely recognized benchmark standard for training and eval-
uating NVS and 3D reconstruction frameworks. The complete dataset comprises 124 distinct
scenes containing various object categories captured under highly controlled laboratory con-
ditions.

The dataset was acquired using an industrial robot arm equipped with a structured-light scan-
ner, providing precise ground-truth geometry and camera extrinsics. Each scan consists of
either 49 or 64 RGB images captured at a resolution of 1600 x 1200, and is pre-processed
to eliminate dark current noise and defective pixels. While the dataset provides 8 lighting
configurations for each scene, this work utilizes the most diffuse (minimize harsh reflections
and shadows) illumination setup to isolate structural optimization from complex specular
artifacts.

To align with the architectural focus of this thesis, the scenes were explicitly filtered and
grouped into two sub-categories: building and others. Only scenes falling into the building
category are evaluated, as displayed in Figure 5.2.

Ihttps://www.blender.org

2https://github.com/SherAndrei/blender-gen-dataset

370ld Storage Wooden Box” (https://skfb.1ly/o9DXt) by carlcapu9 (https://sketchfab.com/carlcapu9) is li-
censed under Creative Commons Attribution (https://creativecommons.org/licenses/by/4.0).

“Denoted by the identifier ”_3_”
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5.1. Datasets

scanl5

scan24

scan28 scan29 scan43 scan44 scan46

Figure 5.2.: Scenes from the DTU MVS [25] building subset.

5.1.3. Tanks and Temples

The TnT dataset [31] is another widely recognized benchmark, designed for evaluating large-
scale, image-based 3D reconstruction and NVS algorithms. Captured under realistic condi-
tions, the dataset includes both expansive outdoor tracks and complex indoor environments.
The ground-truth geometry was acquired using an industrial laser scanner, providing a high-
precision spatial baseline for verification.

The input data is derived from high-resolution video sequences, with extracted evaluation
frames utilizing a resolution of 1957 x 1090. In the NeRF-based and GS-based works, it is stan-
dard practice to benchmark algorithms across a common subset of scenes, typically including
Barn, Courthouse, Caterpillar, Ignatius, Meetingroom, and Truck, as illustrated in Figure 5.3.

However, because this thesis focuses explicitly on piecewise-planar architectural reconstruc-
tion, the majority of the scenes in the benchmark violate the assumptions of the pipeline.
Consequently, evaluation within this work is strictly restricted to the Barn scene. This scene
features prominent planar surfaces along its primary facade and roof sections, making it an
ideal testbed for evaluating the proposed adaptations.

5.1.4. Pexels Dataset

The Pexels drone orbit Footage (Pexels dataset) was compiled from royalty-free stock drone
footage® to test the pipeline on real-world drone captures. The dataset consists of 8 landscape
scenes captured at a resolution of 1280 x 720.

This dataset features no ground-truth geometry, camera calibration parameters, or predefined
camera poses. Each scene consists of one to five video clips recorded at 30 frames per second.

Shttps://www.pexels.com
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Barn (selected)

Courthouse Caterpillar Ignatius Meetingroom Truck

Figure 5.3.: Scenes from TnT [31] dataset.
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Frames were extracted at a fixed frequency of one frame every 20 video frames, with the total
number of images capped at 200 per scene. Due to the absence of reference data, these scenes
are used exclusively for qualitative evaluation. The compiled scenes are shown in Figure 5.4.

Bl w
L

church-cadeby church-chesterfield killingbeck-chapel moskee-haarlem

tower-court wotrubakirche elbphilharmonie krasna-horka-castle

Figure 5.4.: Scenes from Pexels dataset.

5.2. Evaluation Metrics & Experiment Design

5.2.1. Evaluation Metrics

Since the objective of this thesis is geometric fidelity rather than NVS, standard photometric
metrics used in GS frameworks are omitted from this evaluation. Instead, performance is
quantified strictly through geometric benchmarks that measure the accuracy and completeness
of the reconstructed 3D surfaces against ground truth data.

Qualitative evaluation is conducted across four core criteria: Artifact Suppression, Edge Sharp-
ness, Detail Preservation, and Coplanar Consolidation. These specific aspects were selected to
evaluate how well the pipeline addresses the inherent challenges of unconstrained outdoor
built environments while verifying its ability to generate clean planar primitives suitable for
downstream applications.

Quantitative evaluation is executed using open-source toolboxes made for respective datasets:
the DTU evaluation protocol is adapted from a Python implementation® of the official eval-
uation code, and the evaluation of TnT relies on the official Python toolbox’. These scripts
compute two primary geometric metrics: Chamfer Distance and F1-score, alongside with run-
time and amount of planes.

Chamfer Distance The Chamfer Distance (dcp) evaluates the global spatial discrepancy be-
tween the reconstructed 3D point set P (sampled from the final mesh) and the ground-truth
point cloud G. It is calculated as the sum of the average closest-neighbor distances from the

Shttps://github.com/jzhangbs/DTUeval-python
"https://github.com/isl-org/TanksAndTemples/tree/master/python_toolbox
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5. Experiments and Results

reconstruction to the ground truth (accuracy) and from the ground truth to the reconstruction
(completeness):

dep(P,G) |P\ meHx yll2 + |G| Zmlon—sz (5.1)
xeP Y yeG
where || - || denotes the Euclidean L, norm. A lower Chamfer Distance indicates a tighter

geometric fit to the ground-truth surface.

F1-Score Using the same point sets defined previously, for a reconstructed point x € P, its
distance to the ground-truth cloud G is defined as:

— min llx — 5.2
xG ryrgg\lx vl (5.2)

These point-to-cloud distances are aggregated to define the Precision Pre(d) of the reconstruc-
tion for a given distance threshold d:

Pre(d) = Y lexg < d] (5.3)

‘P| xeP

where [-] denotes the Iverson bracket, which outputs 1 if the condition inside is true and 0
otherwise. Precision serves as a direct indicator of geometric accuracy.

Similarly, for a ground-truth point y € G, its distance to the reconstructed point set P is
formulated as:

€y—Pp :gleilr,llly—XIlz (5.4)

The Recall Rec(d) of the reconstruction, which quantifies structural completeness at the thresh-
old d, is defined as:

Rec(d Z ey—p < d| (5.5)
yeG

Finally, Precision and Recall are combined via a harmonic mean to yield the summary F1-score
metric:
F(d) = 2 - Pre(d) - Rec(d)
~ Pre(d) + Rec(d)

(5.6)

For evaluating DTU MVS dataset, the thresholding distance is set to d = 2mm®. For evaluating
TnT dataset, the preset values from the official toolbox is used, which is d = lcm for Barn
scene.

In addition to these quantitative metrics, a comprehensive qualitative analysis is performed
across all datasets. This qualitative assessment focuses explicitly on identifying domain gaps,
evaluating surface smoothness, and detecting the presence of floating background artifacts to
differentiate the performance of the baseline and the proposed framework.

8Note that when evaluating MVS models on the DTU dataset, the standard thresholding value (d) used to calculate
the Fl-score is 0.5 mm [61].
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5.2.2. Experiments Design

To rigorously assess the performance of the proposed pipeline, the evaluation is structured
around 18 total scenes, comprising 17 scans from the DTU MVS building subset and the Barn
scene from the TnT dataset. The evaluation is divided into three distinct testing protocols,
mapped out in Table 5.1.

Evaluation Protocol Type Specific Scenes / Scans Evaluated
Quantitative  All 17 DTU building scans and TnT Barn

Qualitative All 17 DTU building scans, TnT Barn, and Pexels
dataset

Ablation Studies Quantitative ~ All 17 DTU building scans

Baseline Comparison

Cross-Category Comparison Quantitative DTU scan24 and TnT Barn

Table 5.1.: Mapping of evaluated analysis types and specific scenes across the three experimen-
tal protocols.

Baseline Comparison A comprehensive qualitative and quantitative comparison is conducted
against the baseline PlanarSplatting, accompanied by visual analysis of the reconstruction re-
sults. While qualitative evaluations are performed across all designated datasets, quantitative
benchmarking is restricted to scenes with precise ground-truth data. Specifically, quantitative
evaluations are executed over the building subset of the DTU MVS dataset and the TnT Barn
scene to leverage their precise ground truth.

Ablation Studies To isolate the exact performance gains of each architectural modification, a
series of ablation experiments are performed by systematically disabling or altering individual
modules. The ablation matrix evaluates the following components:

* Geometric Prior Source: Comparing the impact of analytical surface normals derived na-
tively from DA3 depth gradients against the sharper, high-resolution normals predicted
by Metric3Dv2.

* Mesh Post-Processing: Evaluating reconstruction cleanliness with and without filtering
the largest-connected-component during TSDF mesh fusion.

e Iterative Semantic Pruning: Assessing optimization stability by enabling and disabling
the mask-guided plane splitting and pruning routines detailed in Section 4.3.3.

¢ Final Semantic Trimming: Verifying boundary precision by comparing results with and
without the point-level mask-guided trimming executed during the merging stage de-
tailed in Section 4.3.4.

Cross-Category Comparison To contextualize the performance of AdaptivePS within the
wider scope of 3D vision, the pipeline is evaluated alongside contemporary methods from
differing categories, such as standard GS-based and NeRF-based frameworks. Because these
approaches are fundamentally engineered for high-fidelity NVS rather than piecewise-plnar
surfaces, this evaluation is not intended as a direct state-of-the-art benchmark. Instead, this
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cross-category comparison serves to highlight how different optimization objectives manifest
in the final geometry, demonstrating the trade-offs.

5.3. Baseline Comparison

Here is the comparison between the baseline PlanarSplatting and the proposed AdaptivePS.
The qualitative part is discussed in Section 5.3.1 , and the quantitative in Section 5.3.2.

5.3.1. Qualitative Analysis

Across all evaluated datasets and scenes, the proposed AdaptivePS method demonstrates a
clear and consistent advantage over the baseline framework, yielding significant visual and
structural improvements across all qualitative metrics.

DTU MVS Dataset As illustrated by the reconstruction results in Figure 5.5, 5.6, and 5.7, the
primary objective of adapting planar splatting for outdoor architectural scenes is successfully
realized on the DTU building subset. The outcome of AdaptivePS is a substantial upgrade over
the baseline, yielding clean, piecewise-planar structures that are suitable to serve as direct
inputs for downstream solid optimization frameworks like KSR.

A detailed visual analysis highlights several key improvements:

o Artifact Suppression: Background clutter and floating artifacts are effectively elimi-
nated.

¢ Edge Sharpness: As a result, the structural boundaries of the main building geometries
maintain sharp, well-defined edges.

® Detail Preservation: Intricate architectural elements, (e.g., chimneys, dormers, towers,
and spires) are reconstructed with higher fidelity. This suggests that the source of depth
prior for supervision in AdaptivePS is more accurate and consistent across multiple
views.

¢ Coplanar Consolidation: The proposed merging strategy performs as intended; sur-
faces that belong to a single structural plane are successfully consolidated, avoiding the
fragmented patching observed in the baseline.

Despite these improvements, a minor limitation is observed regarding smaller-scale architec-
tural features. For elements such as windows, doors, or complex dormer geometries, the
planar boundaries can occasionally appear ambiguous, resulting in skewed shapes. Neverthe-
less, the reconstructions on the DTU building subset remains highly robust and a significant
advancement over the baseline.
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TnT Barn Scene The TnT Barn scene represents the most complete real-world outdoor cap-
ture with available ground truth evaluated in this work, it serves as a highly representative
benchmark for the intended use case. To thoroughly assess the performance disparities be-
tween the baseline and AdaptivePS on this critical asset, this scene is rendered and evaluated
from multiple viewing angles, as shown in Figure 5.8.

A detailed visual analysis yields the following observations:

* Artifact Suppression: The background suppression remains consistent with the DTU
results, distant background geometry and sky artifacts are effectively eliminated. On
top of this, the proposed mask-guided pruning strategy successfully removes unwanted
foreground occlusions (e.g., trees, tables, and stools).

¢ Edge Sharpness: The boundaries of the extracted planes are notably less sharp than
those observed in the DTU scans. However, the extent of the building mass remain
clearly preserved.

¢ Detail Preservation: There is a visible drop in recall, with certain planes (as shown in
the 5 row) missing entirely from the final output.

¢ Coplanar Consolidation: The merging quality varies across the structure; as shown in
the 6" row, one facade of the building is reconstructed with noticeably lower planar
cohesion in more challenging regions of the scan.

The results on the Barn scene reveal a drop in geometric fidelity when compared to DTU
scenes. Despite these limitations (namely: reduced sharpness, varying planar cohesion, and
minor missing planes) the extraction of the primary architectural surfaces remains robust. The
generated planar primitives maintain sufficient structural coherence to serve as viable inputs
for downstream solid optimization algorithms.

Pexels Dataset As an uncalibrated, real-world dataset, the Pexels scenes introduce intense
environmental complexities, including highly cluttered backgrounds and incomplete multi-
view coverage stemming from distant drone flight paths. Consequently, the quality of the re-
sulting reconstructions varies significantly across different scenes, as illustrated in Figure 5.9.

The church-cadeby scene preserves the highest level of detail, recovering complex geometric
features such as side buttresses. Its overall reconstruction quality satisfies the four evaluation
criteria to a degree comparable with the highly controlled DTU building scans. In contrast,
scenes such as church-chesterfield, killingbeck-chapel, tower-court, and elbphilharmonie yield in-
termediate results comparable to the Barn scene. For these structures, the primary planar
enclosures and global volumetric shapes are recovered; one can clearly identify the building
footprint and rough shape. However, finer building elements are lost, resulting in geometry
that more closely resembles architectural massing models.

Other scenes highlight specific vulnerabilities in the pipeline. The moskee-haarlem reconstruc-
tion is incomplete because the upstream SAM3 masking pipeline missed a significant portion
of the structure where the building visually blends with the ground plane. Additionally, its
small glass dome is overly simplified due to the dome’s low pixel coverage across the source
views, which fails to generate a sufficient loss gradient to drive optimization. Finally, scenes
featuring highly complex geometries captured from extreme distances, namely wotrubakirche
and krasna-horka-castle, represent failure cases. Because the cameras are situated far from the
target, the pipeline lacks the necessary pixel-level structural data to resolve crisp planar inter-
sections, causing the reconstructions to degenerate into vague, noisy, and fuzzy planes.
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Discussion Across all evaluated scenes, a clear trend emerges: the geometric fidelity and

detail preservation of the proposed pipeline are heavily dependent on spatial resolution and
camera proximity, with close-up captures consistently yielding vastly better planar reconstruc-

tions. On top of that, it is shown that in every scene the background and foreground clutters
are removed.

scan6t
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scanl4

scanl5

scanlé

Input image

Baseline AdaptivePS

Figure 5.5.: Qualitative comparison on DTU MVS [25] building subset.
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Figure 5.6.: Qualitative comparison on DTU MVS [25] building subset (continued).
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Figure 5.7.: More qualitative comparison on DTU MVS [25] building subset (continued).
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Input image Baseline

Figure 5.8.: Qualitative comparison on TnT [31] Barn scene
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Figure 5.9.: Qualitative comparison on Pexels dataset.
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5.3.2. Quantitative Analysis

As established in the experimental design, the quantitative benchmarking is evaluated on the
DTU building subset and the TnT Barn scene to ensure reliable comparisons against high-
precision ground-truth data.

DTU MVS Dataset Table 5.2 presents the performance across the four primary metrics (Final
Planes, Chamfer Distance, Fl-score, and Runtime), and Table 5.3 decomposes the Chamfer
Distance into its Accuracy and Completeness components for a deeper structural analysis.

Across nearly all metrics, AdaptivePS outperforms the baseline PlanarSplatting by a significant
margin:

¢ Chamfer Distance: On average, the global geometric discrepancy is reduced by more
than half, yielding a 2x improvement over the baseline.

® F1-Score: Structural integrity and completeness are substantially improved, with the
Fl-score averaging a 2x increase.

¢ Runtime: Efficiency is nearly doubled, resulting in a 2x faster execution time on average.

The only exceptions are scanl7, scan23, and scan46, where AdaptivePS generated more planes
than the baseline. However, while minimizing the plane count is a core objective for lightweight
modeling, it is not an absolute indicator of reconstruction quality. In this case, a slightly
higher plane count correlates with the extraction of complex geometric details that the base-
line aggressively smoothed over or failed to capture. These specific structural differences are
illustrated from a bird’s-eye perspective in Figure 5.10.

Tanks and Temples: Barn Scene Table 5.4 and Table 5.5 detail the quantitative performance
on the unconstrained TnT Barn scene. Here, the proposed method surpasses the baseline by
an even bigger margin:

¢ Chamfer Distance: The Chamfer Distance is drastically reduced from 0.371 m (37.1cm)
down to just 0.065 m (6.5cm). Figure 5.11 visualizes the accuracy and completeness score.

¢ F1-Score: The precision and recall metric sees a massive 6.4x increase.

¢ Runtime: The overall processing time is halved, completing in just under 17 minutes
compared to the baseline’s nearly 36 minutes.

Discussion Given that the core splatting optimization mechanics remain largely unchanged
from the baseline, it was initially hypothesized that the Accuracy (Acc.) scores between the
two methods would be comparable. However, the decomposed Chamfer metrics clearly show
that AdaptivePS achieves massive gains in both Accuracy and Completeness. This confirms
that the architectural shift to a superior depth prior source directly influences the geometric
fidelity of the final splatting process.

Furthermore, the 2x speedup observed across both datasets is primarily attributed to the new
prior generation module. While the baseline framework processes network inferences sequen-
tially, AdaptivePS executes prior generation in a single inference. This efficiency allows the
proposed pipeline to process a standard DTU scan (49 images) in just 10 to 20 seconds, and
the highly dense Barn scene (410 images) in only 75 seconds.
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Table 5.2.: Quantitative comparison on the DTU [25] building subset. Chamfer Distance is
measured in millimeters. Shaded cells indicate the top performance for each metric.

Final Planes | dep(mm)d Fl-score @ 2mm 1 Runtime |

Scan Baseline ~ AdaptivePS Baseline  AdaptivePS Baseline = AdaptivePS Baseline  AdaptivePS

6 150 94 448 1.99 0.23 0.60 488s 225s
9 142 135 4.88 2.70 0.26 0.37 525s 254s
14 152 121 5.72 3.24 0.21 0.27 505s 226s
15 141 102 4.41 2.33 0.26 0.52 501s 226s
16 238 118 6.61 2.49 0.14 0.45 451s 229s
17 138 191 6.32 2.87 0.20 0.40 448s 241s
18 169 156 4.66 1.65 0.21 0.72 451s 232s
19 151 63 4.82 2.44 0.29 0.41 406s 224s
21 223 179 3.73 1.78 0.38 0.71 348s 230s
22 231 174 494 1.55 0.23 0.76 330s 234s
23 147 176 3.97 2.08 0.36 0.63 338s 251s
24 140 82 4.52 1.65 0.21 0.69 335s 229s
28 190 127 6.87 2.84 0.09 0.39 317s 247s
29 184 127 7.09 3.50 0.09 0.31 321s 229s
43 190 121 4.33 1.72 0.24 0.70 335s 215s
44 213 179 5.80 2.33 0.19 0.54 332s 213s
46 122 134 4.88 2.06 0.21 0.64 328s 216s
Mean 171.8 134.1 518 2.31 0.22 0.53 408s 231s

Table 5.3.: Detailed Chamfer Distance breakdown on the DTU [25] building subset. Acc. (ac-
curacy) and Comp. (completeness) are measured in mm. Shaded cells indicate top perfor-
mance.

Acc. | Comp. | Overall |
Scan Baseline AdaptivePS Baseline AdaptivePS Baseline AdaptivePS
6 3.87 1.32 5.09 2.67 4.48 1.99
9 5.04 2.41 4.71 2.99 4.88 2.70
14 5.33 2.74 6.12 3.75 5.72 3.24
15 4.21 1.92 4.61 2.74 441 2.33
16 6.96 2.30 6.25 2.68 6.61 2.49
17 5.95 2.53 6.68 3.21 6.32 2.87
18 4.66 1.41 4.66 1.89 4.66 1.65
19 5.23 2.13 4.40 2.76 4.82 2.44
21 3.95 1.50 3.51 2.06 3.73 1.78
22 4.68 1.39 5.21 1.71 494 1.55
23 4.24 1.55 3.70 2.60 3.97 2.08
24 4.59 1.45 4.46 1.86 4.52 1.65
28 6.04 2.66 7.70 3.01 6.87 2.84
29 6.99 2.92 7.19 4.08 7.09 3.50
43 4.07 1.30 4.58 2.13 4.33 1.72
44 5.47 2.11 6.12 2.54 5.80 2.33
46 4.64 2.11 5.11 2.01 4.88 2.06
Mean 5.06 1.98 5.30 2.63 5.18 2.31
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Table 5.4.: Quantitative comparison on the TnT [31] dataset. Chamfer Distance is measured in
meters. Shaded cells indicate the top performance for each metric.

Final Planes | CD (cm) | Fl-score @ 1cm T Runtime |

Scan Baseline = AdaptivePS Baseline  AdaptivePS Baseline = AdaptivePS Baseline AdaptivePS
Barn 402 98 37.1 6.5 0.0062 0.04 35.75m 16.85m

Table 5.5.: Detailed Chamfer Distance breakdown on the TnT [31] dataset. Acc. (accuracy) and
Comp. (completeness) are measured in cm. Shaded cells indicate top performance.

Acc. | Comp. | Overall |
Scene Baseline AdaptivePS Baseline AdaptivePS Baseline AdaptivePS
Barn 54.7 5.6 19.5 7.4 37.1 6.5

Baseline

scan23

scan46

Baseline AdaptivePS

Figure 5.10.: Bird view of the three spacial cases in DTU building subset (where the proposed
method have more planes compare to baseline).
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(a) precision (accuracy) (b) recall (completeness)

Figure 5.11.: Visualizations of TnT [31] Barn scene precision and recall. The point cloud is
color-coded by distance error, where white and yellow represent low errors, orange and red
represent moderate errors, and black represents high errors (> 6.5¢m).

5.4. Ablation Studies

This section presents an ablation study conducted on the DTU building subset and the TnT Barn
scene to isolate and quantify th impact of key modifications. Specifically, three core proposed
adaptations are evaluated: mesh post-processing (detailed in Section 4.3.5), mask-guided den-
sification and pruning (Section 4.3.3), and final mask-guided trimming (Section 4.3.4).

The quantitative results are summarized in Table 5.6 and Table 5.7. Because the Barn scene has
real-world complexities that are absent from the controlled DTU environment, its metrics are
considered a more reliable indicator of practical robustness. Therefore, an accurate assessment
requires synthesizing the trends across both tables simultaneously.

Core Module Contributions As anticipated, the full model achieves the highest overall geo-
metric accuracy. Conversely, the “leave-all-out” configuration (where the 3 proposed modules
are disabled) yields the poorest results. It should be noted that even with all three modules
disabled, the pipeline is not equalvalent to the exact baseline PlanarSplatting, as other adjust-
ments (such as the underlying normal prior source) remain active in the ablation baseline.

An interesting trend emerges regarding the semantic pruning/trimming components: if either
the mask-guided densification & pruning or the final mask-guided trimming is disabled, the
method still functions at a comparable level. This is expected, as both modules fundamentally
target the removal of geometry at different stages of the pipeline. However, the final trimming
operates on discretely sampled points from the extracted planes rather than prune/split entire
planar primitives during the optimization phase. This allows for more intricate and precise
boundary. While the metrics from the DTU building subset suggest that the final mask-guided
trim (applied post-optimization) is more important than the densification-stage pruning, the
controlled nature of the DTU environment suggests caution in over-interpreting this specific
margin; both remain critical for unconstrained scenes.
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The Normal Prior Discrepancy The most surprising observation is from the source of the
normal priors. The first row in both tables reflects a full-model run where the normal priors
(derived natively from the DA3 depth gradients) are swapped back to the original Metric3Dv2
[23] normal predictions used by the baseline.

As discussed in Section 4.3.2, GPU VRAM constraints forced a resolution reduction for the
DAS3 depth maps. Because the derived normals are calculated directly from these reduced
depth gradients, they are visibly inferior, both in terms of resolution and edge sharpness.
Consequently, utilizing the derived normals was originally hypothesized to degrade perfor-
mance.

Instead, as demonstrated in the tables, utilizing the highly detailed Metric3Dv2 normals dam-
ages the reconstruction accuracy. Visual comparisons of these normal priors and their cor-
responding reconstruction results are shown in Figure 5.12 and 5.13. A possible explanation
for this counterintuitive result is that the sharp details captured by Metric3Dv2 force the pla-
nar primitives to falsely fit to micro-structures; and the down-sampled, lower resolution maps
implicitly did the jod of smoothing the surfaces.

Table 5.6.: Ablation study on the DTU [25] building subset (taking mean values). “Red”, ”Or-
ange” and "“Yellow” denote the top 1-3 results.

Model Setting Planesno. | CD (mm)]  Fl-score @ 2mm 1
Replace normal source (to Metric3Dv2 [23]) 101.8 2.88 0.45
Leave-one-out:

w /0 Mesh post-processing 137.8 2.37 0.53
w/o Mask-Guided Densification & Pruning 134.9 2.31 0.54
w /o Final Mask-Guided Trim 146.5 2.36 0.51
Isolation:

Only Mesh post-processing 155.6 2.52 0.49
Only Mask-Guided Densification & Pruning 167.4 2.39 0.52
Only Final Mask-Guided Trim 140.4 2.33 0.54
Leave-all-out:

All 3 modules disabled 167.4 2.54 0.49
Full model 134.1 2.31 0.53

Table 5.7.: Ablation study on TnT [31] Barn (taking mean values). "Red”, "Orange” and " Yel-
low” denote the top 1-3 results.

Model Setting Planesno. | CD (cm)) Fl-score @ 1lem 1
Replace normal source (to Metric3Dv2 [23]) 68 9.20 0.02
Leave-one-out:

w /0o Mesh post-processing 144 9.37 0.03
w /o0 Mask-Guided Densification & Pruning 104 6.68 0.03
w /o Final Mask-Guided Trim 98 6.59 0.04
Isolation:

Only Mesh post-processing 115 8.47 0.02
Only Mask-Guided Densification & Pruning 184 9.49 0.03
Only Final Mask-Guided Trim 211 10.81 0.03
Leave-all-out:

All 3 modules disabled 222 13.83 0.02
Full model 98 6.53 0.04
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normal prior

reconstruction

Baseline (from Metric3Dv2 [23]) AdaptivePS

Figure 5.12.: Visualizations of the 2 normal prior source. Sampled from scan24.

normal prior

reconstruction

Baseline (from Metric3Dv2 [23]) AdaptivePS

Figure 5.13.: Visualizations of the 2 normal prior source. Sampled from Barn.
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5.5. Cross-Category Comparison

This section evaluates the proposed pipeline alongside NeRF-based and GS-based NVS and
surface reconstruction frameworks. As established in Section 5.2.2, this cross-category compar-
ison is restricted to DTU scan24 and the TnT Barn scene due to the limited evaluation overlap
available in the literature.

The benchmarking includes classical neural implicit methods (NeuS [56], Neuralangelo [37])
and recent splatting-based architectures (3DGS [28], SuGaR [20], 2DGS [24], GOF [70], RaDe-
GS [71], and PGSR [11]). For scan24, the comparison relies solely on Chamfer Distance. In
contrast, only the Fl-score at a 1cm threshold is reported for the Barn scene.

It must be acknowledged that the proposed piecewise-planar representation inherently trades
localized geometric accuracy for structural simplicity. Methods generating dense triangular
meshes can naturally conform to any surface topographies, even the planar ones. In contrast,
forcing geometry into planar constraints is inherently a downsampling operation. Moreover,
it is important to note that the proposed pipeline discards standard RGB supervision entirely.
Because it optimizes solely on depth and normal priors, it fundamentally cannot leverage the
photometric consistency losses and multi-view constraints utilized by frameworks like PGSR
and RaDe-GS to refine details. Consequently, as the quantitative results in Table 5.8 and
Table 5.9 demonstrate, the proposed method is significantly outperformed across standard
accuracy metrics by these works.

However, while AdaptivePS ranks lower in comparison, evaluating the absolute metric values
provides crucial context regarding its practical viability. On scan24, the reconstructed pla-
nar surfaces deviate from the ground truth by only 1.65mm (and 2.31mm on average across
the entire DTU building subset). Similarly, on the TnT Barn scene, the average deviation is
merely 6.5cm. These absolute values demonstrate that while the proposed method cannot
compete with the micro-surface fidelity of state-of-the-art dense mesh extractors, its macro-
scopic structural accuracy remains highly robust and tightly aligned with the physical reality
of the scenes.

Table 5.8.: Cross-category comparison on the DTU [25] dataset. Metrics denote Chamfer Dis-
tance in mm. “Red”, “Orange” and ”Yellow” denote the top 1-3 results.

NeRF-based Splatting-based
scan24  NeuS Neuralangelo 3DGS SuGaR 2DGS GOF RaDe-GS PGSR | Proposed
depld 1.00 0.37 2.14 1.47 0.48 0.50 0.40 031 | 165

Table 5.9.: Cross-category comparison on the TnT [31] dataset. Metrics denote Fl-score @ 1cm.
“Red”, "Orange” and ”Yellow” denote the top 1-3 results.

NeRF-based Splatting-based
Barn NeuS Neuralangelo 3DGS SuGaR 2DGS GOF RaDe-GS PGSR | Proposed
F1-Scoret 0.29 0.70 0.13 0.14 0.36 0.51 0.43 0.66 ‘ 0.04
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5.6. Proof of Concept: Downstream Integration with KSR

To evaluate the viability of the proposed method, this section presents a preliminary proof-
of-concept connecting the outputs of AdaptivePS directly to a downstream manifold solver.
The evaluation utilizes the official CGAL implementation of Kinetic Shape Reconstruction”’.
Testing is restricted to the TnT Barn scene and the unconstrained Pexels dataset, as the DTU!
(DTU!) building scenes lack the closed, 360-degree coverage necessary for watertight manifold
reconstruction.

To comprehensively analyze the pipeline’s performance and the structural impact of the inter-
mediate data formats, three distinct data sources were evaluated:

¢ COLMAP SfM + MVS: The standard pipeline, producing a highly dense, unstructured
point cloud. This was processed using the original, unmodified KSR algorithm.

¢ AdaptivePS-Sampled: A dense point cloud resampled from the explicit planes generated
by AdaptivePS. This is processed via the original KSR algorithm to test if Region Growing
handles sampled splats better than identified planes.

¢ AdaptivePS (Direct): The explicit planar instances and mesh vertices generated by the
proposed pipeline. This required a modified version of the KSR algorithm engineered to
ingest planar instances directly, bypassing the Region Growing initialization entirely.

All configurations utilized the same set of empirical parameters (detailed in the supplementary
repository). Runtime metrics were recorded using identical hardware setups, with COLMAP
benefiting from GPU acceleration.

Tanks and Temples: Barn Scene As shown in Table 5.10 and visually confirmed in Fig-
ure 5.14, the integration reveals a computational and geometric trade-off.

Geometrically, the traditional COLMAP-MVS pipeline is vastly superior. It successfully cap-
tures finer topological details, such as the window fence structure on the building. This out-
come aligns with the benchmark quality demonstrated in the official KSR documentation.
In contrast, both the direct AdaptivePS and the resampled AdaptivePS outputs function as
second-tier approximations. They successfully preserve the dominant macro-structures (e.g.,
footprint, primary roof planes and facades), but fail to resolve finer geometric intersections.

However, the computational cost of COLMAP’s precision is severe. As shown in Table 5.10,
generating the prerequisite data via COLMAP requires over three hours of processing time,
whereas the AdaptivePS framework extracts the planar geometry in under 17 minutes—an
acceleration of an order of magnitude.

Crucially, the direct injection of AdaptivePS planes performs comparably to the resampled
point cloud. This indicates that while the modified KSR integration functions mechanically,
the intermediate planar instances produced by AdaptivePS currently lack the strict topologi-
cal completeness required to rival traditional MVS. The pipeline is not yet fully optimized to
guarantee intersection-free adjacency graphs. Consequently, while this proof-of-concept suc-
cessfully demonstrates that explicit splatted planes can directly drive piecewise-planar solvers
at high speeds, refining these outputs to meet production-level geometric standards remains a
necessary focus for future work.

https://doc.cgal.org/latest/Kinetic_surface_reconstruction/index.html
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5.6. Proof of Concept: Downstream Integration with KSR

Table 5.10.: Runtime comparison for prerequisite data generation prior to KSR optimization.

COLMAP MVS  AdaptivePS  AdaptivePS (resampled)
Runtime (data creation) 3h 15m 25s 16m 51s 16m 51s
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Figure 5.14.: Qualitative comparison of downstream piecewise-planar reconstruction on the
Barn scene. All models were generated using the same set of fixed parameters.

Pexels Dataset As established in the qualitative analysis (Section 5.3.1, Figure 5.9), the effi-
cacy of planar reconstruction is highly dependent on dataset capture quality and camera prox-
imity. Furthermore, specific Pexels scenes, such as wotrubakirche and krasna-horka-castle, lack
the closed, 360-degree coverage required for watertight manifold extraction. As a result, four
representative, fully-closed scenes were selected to showcase this downstream integration.

As shown in Table 5.11 and Figure 5.15, the scenes church-cadeby and killingbeck-chapel yielded
the highest quality planar priors from AdaptivePS. For these scenes, the resulting KSR outputs
are the most comparable to the COLMAP-MVS baseline, successfully capturing the domi-
nant architectural volumes, albeit with a slight loss of detail. Conversely, scenes like church-
chesterfield and elbphilharmonie suffered from inadequate initial planar reconstructions, which
directly propagated into the final manifold outputs.

In general, the results on Pexels dataset reflects the same performance ranking observed in
the TnT Barn scene, but the disparity is more pronounced. This gap occurs because the splat-
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ted planes struggle to capture architectural details. And this degradation is primarily driven
by oblique capture angles, distant camera placements, and the tendency of lower-resolution
depth and normal priors to over-smooth intricate geometric features. The runtime metrics
also remain highly consistent. As shown in Table 5.11, the proposed method accelerates the
prerequisite data generation by up to an order of magnitude compared to COLMAP.

Table 5.11.: Runtime comparison for prerequisite data generation across the Pexels dataset
scenes.

Pexels Scene COLMAP MVS  AdaptivePS  AdaptivePS (resampled)
church-cadeby 25m 52s 5m 49s 5m 49s
church-chesterfield 1h 16m 48s 13m 53s 13m 53s
elbphilharmonie 1h 11m 34s 9m 57s 9m 57s
killingbeck-chapel 39m 04s 6m 56s 6m 56s
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Figure 5.15.: Qualitative comparison of downstream piecewise-planar reconstruction across
four scenes from the Pexels dataset.
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6. Conclusions

6.1. Research Summary

This section concludes the findings of the research by systematically addressing the main
research question and three sub-questions, as initially outlined in Section 1.2.1.

Main Research Question The primary objective of this thesis was driven by the overarching
question: How to optimize the Gaussians (or primitives) towards clusters of bigger bounded planes or

polygons?

A conventional approach to this problem involves applying traditional plane detection algo-
rithms to unstructured point clouds prior to solid optimization. However, this intermediate
step introduces significant vulnerabilities.

For instance, PolyFit [43] relies on Fast RANSAC [50] for planar primitive extraction, and
KSR [7] initializes primitives via Region Growing [46]. Although their downstream solid op-
timization algorithms function reliably, the initial primitive extraction degrades significantly
when applied to data with occlusions. Additionally, these heuristic methods require extensive
hyperparameter tuning to accommodate varying input scales, point densities, and target reso-
lutions. Furthermore, these pipelines face a point-density dilemma: sparse point clouds could
yield unstable plane hypotheses, whereas overly dense clouds make the computational cost
prohibitive.

To optimize splatted primitives into planes, this work abandons the traditional 3D or 2D Gaus-
sian formulation in favor of the PlanarSplatting architecture, which employs bounded rectan-
gular planes as its base primitive. Optimizing these planes solely through depth and normal
priors encourages them to merge and align into broader structural surfaces, rather than frag-
menting to capture colored texture. Because these bounded planes are natively optimized
during the splatting process, the approach functions as an explicit alternative to the traditional
plane-fitting stages required by pipelines such as PolyFit and KSR. While this strategy seeks to
bypass the redundant point-conversion detour, preliminary integrations reveal a fundamental
computational trade-off: bridging discrete planar splats and manifold solvers sacrifices the
exhaustive geometric precision of traditional methods for massive accelerations in processing
speed.

Sub-Question 1 What additional information, training loss or post-processing steps are required?

After the baseline planar formulation and implementation were established, it became evident
that generating planes from outdoor scene captures is more challenging due to the uncon-
strained nature of such environments. Foreground and background clutter, together with
unknown sky regions, can severely degrade reconstruction quality through corrupted depth
and normal priors.
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To resolve these vulnerabilities, the proposed AdaptivePS introduces several major adaptations
and post-processing steps compared to the baseline:

¢ Foreground Mask Generation: A semantic mask generator utilizing SAM3 [9] is intro-
duced to provide reliable references for other downstream modules (Section 4.3.1).

® Prior Generation: A faster, unified prior generator based on the feed-forward MVS
method, DA3 [38], replaces the baseline source. It jointly recovers camera poses along-
side depth and normal maps in a single inference. It also normalizes all scenes to a
reasonable, consistent scale; eliminating the need to fine-tune trivial spatial thresholds
for plane merging and trimming (Section 4.3.2).

* Mask-Guided Densification and Pruning: An adaptive strategy is implemented based
on the foreground (building) semantic masks. It adaptively splits primitives at target
object boundaries, prunes planes floating in background areas, and splits ambiguous
primitives crossing semantic boundaries (Section 4.3.3).

* Mask-Guided Trimming: To further eliminate hanging planes post-optimization, a trim-
ming mechanism is applied. This mechanism operates similarly to the densification strat-
egy but it is applied to sampled points from the extracted planes rather than the planar
primitives themselves, allowing for intricate boundary delineation (Section 4.3.4).

® Mesh Post-Processing: A customized mesh post-processing function is integrated to
structurally support the final trimming phase and ensure cleaner outputs (Section 4.3.5).

As demonstrated in Section 5.3, these adaptations have proven vastly superior to the baseline
framework. The improvement is visually evident in the qualitative analyses and strongly
validated by the gains across all quantitative metrics.

Sub-Question 2 What level of accuracy could be achieved compared to other scene reconstruction
methods?

As detailed in the cross-category comparison (Section 5.5), the pipeline achieves an accuracy
level that is appropriate for its designated task. When benchmarked directly against the base-
line PlanarSplatting, AdaptivePS achieves massive performance gains. On the controlled DTU
building scenes, the average Chamfer Distance is reduced to 2.31mm, representing a 2x im-
provement. On the unconstrained TnT Barn scene, the average Chamfer Distance drops to
6.5cm, marking an approximate 5x improvement over the baseline.

It must be acknowledged that the accuracy of the proposed method is lower when compared
to unconstrained, dense NVS and mesh reconstruction frameworks (such as Neuralangelo or
PGSR). However, this gap is an expected consequence of the strict plane representation. The
absolute metric values, combined with the visual analysis, confirm that while AdaptivePS
trades detail for structural simplicity, it provides reliable macroscopic accuracy for modeling
applications.

Sub-Question 3  To what extent can this method be optimized for computation time?

As reported in the quantitative analysis, AdaptivePS requires only 3.85 minutes (231 seconds)
to fully reconstruct a DTU building scene on average, and 16.85 minutes for the Barn scene
from TnT. This represents a roughly 2x speedup over the measured runtime of the baseline
PlanarSplatting framework.
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The splatting optimization phase accounts for a similar duration in both methods. The reduc-
tion in recorded runtime is mostly driven by the modernized prior generator. By leveraging
the DA3 [38] feed-forward architecture, the pipeline generates depth maps in a single infer-
ence. Furthermore, by analytically deriving surface normals from the DA3 depth gradients,
AdaptivePS eliminates the need for a computationally expensive neural inference pass (such
as Metric3Dv2 [23]).

Additionally, despite not explicitly factored into the baseline’s measured runtime, DA3 jointly
recovers global camera poses alongside the depth data. This bypasses the traditional COLMAP
SfM process required by most standard pipelines. Therefore, the practical, end-to-end time sav-
ings in real-world deployment can be considerably larger than the recorded metrics suggest.

6.2. Contributions

The contributions of this thesis are strictly limited to the adaptations and discoveries made
over the baseline frameworks. The core contributions of this work are as follows:

* Mask-Guided Optimization for Outdoor Scenes: By introducing a semantic mask-
guided pruning and trimming strategy, this work successfully adapts the PlanarSplatting
framework to handle the unconstrained outdoor environments. This establishes a reli-
able, end-to-end pipeline for converting raw 2D images directly into bounded 3D planes.
The extracted planar primitives can serve as robust priors for downstream piecewise-
planar meshing algorithms, such as PolyFit [43] or KSR [7]. This establishes a high-speed
alternative to traditional plane-detection methods.

¢ Implicit Smoothing via Low-Res Normal Maps: This work identifies that the planar-
centric optimization fundamentally benefits from the implicit surface smoothing pro-
vided by down-sampled, lower-resolution normal maps. By proving that these low-
resolution, smoothed, analytically derived normals naturally prevent planar primitives
from falsely overfitting to detailed micro-elements, this work improves global structural
alignment. Simultaneously, this discovery eliminates a computationally expensive neural
inference step, resulting in massive speed improvements.

® Scale Normalization and Parameter Reduction: By globally normalizing the spatial
scale across all scenes via the new prior generator, the proposed pipeline reduces the
user’s burden of empirical hyperparameter tuning. The method functions across diverse,
uncalibrated datasets with a minimized set of static parameters, improving usability and
consistency compared to both the baseline PlanarSplatting framework and traditional
heuristic plane-detection algorithms.

* Direct Integration Proof-of-Concept: This work establishes a preliminary bridge be-
tween planar splatting and KSR. By modifying KSR to directly ingest explicit planar
primitives, this work proves the mechanical viability of bypassing the point-conversion
detour.
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6.3. Limitations

While the proposed AdaptivePS framework successfully extracts planar primitives from un-
constrained outdoor scenes, several fundamental and operational limitations must be acknowl-
edged:

Strict Planar Constraints: The core assumption of piecewise-planar geometry inherently
restricts the work’s applicability. Complex, non-planar architectural features—such as
curved domes, cylindrical towers, or highly intricate spires—are unavoidably smoothed
over or structurally simplified, making the method unsuitable for specific architectural
typologies.

Absence of Photometric Supervision: By entirely discarding RGB input to foster pla-
nar clustering, the pipeline sacrifices the ability to leverage multi-view photometric con-
straints. Without color supervision to guide optimization, the method cannot refine
micro-surface geometries to the accuracy levels achieved by state-of-the-art dense mesh
extractors.

Sensitivity to Spatial Resolution: The geometric fidelity of the reconstruction is heavily
dependent on camera proximity and capture quality. As demonstrated by the distant
drone captures in the Pexels dataset, insufficient coverage directly prevents the pipeline
from resolving crisp planar intersections, leading to a severe decay in extraction quality.

Vulnerability to Upstream Semantic Failures: The pipeline’s structural robustness is
limited by the reliability of the upstream semantic mask generator (SAM3). Because
it relies on user-guided, prompt-based instance isolation, ambiguous text prompts or
visual blending at structural boundaries (e.g., building bases blending into the ground)
can result in incomplete masking. These upstream errors could corrupt the downstream
planar optimization.

Geometric Coarseness in KSR Integration: While a preliminary proof-of-concept demon-
strated that the extracted bounded planes can be directly ingested by downstream solid
optimization frameworks (i.e., KSR [7]), the explicit planar outputs currently lack the
fine-grained geometric resolution inherently provided by dense point clouds. And the
final watertight models fail to match the precision of traditional multi-view stereo meth-
ods, limiting their utility for high-fidelity architectural reconstruction.

6.4. Future Works

From the progression of this work, two future trajectories have emerged: completing the im-
mediate operational pipeline, and exploring an ambitious architectural shift for planar recon-
struction.
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Enhancing Planar Granularity for Downstream Solvers: While the preliminary proof-
of-concept established the mechanical viability of directly feeding splatted planes into
piecewise-planar algorithms, the geometric coarseness of the input planes currently lim-
its the final output quality. Future research should focus on enhancing the granularity
of the planar reconstruction phase itself. Developing optimization strategies to capture
finer architectural details within the explicit planar framework—without sacrificing the
computational speed of the pipeline—is necessary to close the geometric precision gap
between splat-based planes and traditional dense point clouds.



6.4. Future Works

¢ A Unified Planar Foundation Model: Currently, the proposed AdaptivePS framework
relies on a modular, sequential integration of distinct feed-forward networks (SAM3 for
semantic masking and DA3 for geometric priors). An ambitious future direction is to
transcend this modularity through deep neural integration. Inspired by the Vision Trans-
former architectures, future work could explore training a unified foundation model ded-
icated to 3D planar surface detection and even optimizing to solid models. Rather than
relying on optimization guided by priors from yet another source, such a deeply inte-
grated model could potentially learn to predict and extract bounded architectural planes
from unconstrained 2D images in a single feed-forward pass.
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A. Implementation Details

A.1. Hardware Setup

All experiments were conducted on the Delft Al Cluster!. The underlying system runs on
Cent0S 7, while all experimental environments were containerized using App’[ainer2 with
an Ubuntu 22.04 base environment. Unless stated otherwise, each experiment was executed
using a single NVIDIA A40 GPU and 8 CPU threads.

A.2. Plane Model

This section defines the initial state and geometric constraints for the planar primitives. The
splats begin as a set of 2,000 samples and evolve through size-clamping milestones. These
milestones ensure that the primitives remain within a manageable size range.

Table A.1.: Hyperparameters controlling plane model

Parameter Value Description

init_plane_num 2000 Initial number of planar primitives to sample
and initialize.

radii_init 0.1 Initial size assigned to newly generated planar
splats.

radii_max_list [0.5, 2] Maximum allowed plane sizes across milestone
stages.

radii_min_list [0.01, 0.01] Minimum allowed plane sizes across milestone
stages.

radii_milestone_list [0, 1000] Iteration milestones at which radii constraints
dynamically update.

A.3. Training

The training hyperparameters govern the temporal flow and optimization weights of the
learning process. The model balances monocular depth and normal priors using specific
coefficients—A; for normals and A, for depth. A relatively short duration of 5,000 iterations

Ihttps://daic.tudelft.nl
’https://apptainer.org
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is sufficient for convergence, provided the learning rates for centers, rotations, and radii are
properly balanced.

Table A.2.: Hyperparameters controlling training process

Parameter Value Description

max_total_iters 5000 Total training iterations.

weight_mono_normal 5.0 Loss weight for the monocular normal consis-
tency constraint (A1).

weight_mono_depth 2.0 Loss weight for the monocular depth consis-
tency constraint (A;).

lr_radii 0.002 Learning rate for optimizing plane sizes.

lr_center 0.002 Learning rate for optimizing plane center posi-
tions.

lr_rot_normal 0.002 Learning rate for optimizing plane normal rota-
tions.

lr_rot_xy 0.002 Learning rate for optimizing in-plane rotations.

A.4. Geometric Constraints

In the original PlanarSplatting framework, parameters such as voxel_length, sdf _trunc, and
depth_trunc dictate the resolution and spatial extent of the TSDF volume. These settings
have a direct and significant impact on memory consumption; improper calibration in large-
scale outdoor environments frequently leads to Out-Of-Memory (OOM) errors. Furthermore,
depth_trunc serves as a primary gate for the TSDF outcome, determining which depth values
are integrated into the reference mesh.

A major distinction of the proposed pipeline is the removal of the requirement per-scene hy-
perparameter tuning. While the baseline requires these parameters to be updated according to
the specific metric scale of each scene, the similarity transformation introduced in Section 4.3.2
allows for the use of standardized, universal values across diverse datasets.

Additionally, this work identifies and resolves a specific limitation in the baseline regarding
the max_depth parameter. In the baseline, this acts as a hard limit on loss functions, where only
geometry within this range contributes to optimization. In outdoor environments, it traps the
clutters by allowing unconstrained artifacts to persist without gradient correction. AdaptivePS
resolves this by utilizing semantic masks to ensure the optimization remains focused on the
target architecture while maintaining fixed, robust values for voxel_length and sdf_trunc.

Finally, init_sphere_radius defines the bounding volume utilized for initialization. In the
proposed pipeline, this serves primarily as a fallback mechanism for instances where a valid
TSDF reference mesh cannot be generated.

62



A.5. Densification and Pruning

Table A.3.: Hyperparameters controlling geometric constraints

Parameter Value Description

init_sphere_radius 6 Radius of the bounding sphere used for initial
scene scaling.

voxel_length 0.04 Voxel size used in TSDF fusion (refuse_mesh)
for initial mesh generation.

sdf_trunc 0.16 Truncation distance for the TSDF volume inte-
gration.

depth_trunc 40.0 Maximum depth value integrated into the TSDF

volume. It was the only way to

max_depth 200.0 Maximum ray-traced depth considered during
training and rendering.

A.5. Densification and Pruning

As established in Section 4.3.3, managing the population of primitives is the primary defense
against background artifacts. The parameters in Table A.4 define the frequency at which
the model ”checks” its work. Notably, the check_plane_vis_freq also triggers the proposed
mask-guided logic, ensuring that semantic gating happens in sync with the baseline’s geomet-
ric pruning.

Table A.4.: Hyperparameters controlling densification and pruning behaviors

Parameter Value Description

split_thres 0.10 Average radii gradient magnitude threshold;
planes exceeding this are split.

process_plane_freq 1000 Frequency of executing the baseline plane pro-
cessing (split/prune) routines.

check_plane_vis_freq 1000 Frequency of checking and updating baseline
plane visibility (to prune occluded geometry)
and to execute the proposed mask-guided den-
sification and pruning.

coarse_stage_ite 1000 Number of iterations for the initial coarse train-
ing stage before refinement/splitting begins.

split_start_ite 1000 Iteration at which plane splitting operations
commence.

63



A. Implementation Details

A.6. Plane Merging and Trimming

The final stage of the pipeline merges optimized primitives into macroscopic surfaces through
two consecutive rounds of refinement (Section 4.3.4). It involves executing the complete “trim
and merge” sequence twice to ensure geometric and semantic consistency. The process begins
by discretizing the planar primitives into sampled points at a spatial resolution defined by
space_resolution. These points are then filtered against both the TSDF reference mesh and
the semantic masks before being merged based on co-planarity thresholds.

Table A.5.: Hyperparameters controlling plane merging and trimming

Parameter Value Description

normal_angle_thresh 15.0/5.0 Maximum angle difference (degrees) between
adjacent coplanar primitives to allow merging.

dist_thresh 0.1 Maximum point-to-plane distance for cluster-
ing points to a primitive.

mesh_dist_thresh 0.01 Distance threshold used to associate reference
mesh vertices to a plane.

mesh_dist_thresh_2 0.02 Relaxed distance threshold for mesh vertex as-
sociation in secondary refinement passes.

space_resolution 0.02 Spatial resolution parameter used to sample
points from planar primitives.

voxel_size 0.015 Voxel size used for determining neighbors in
the merging step.

bg_trim_enabled True Toggles whether to prune background points

and faces that don’t belong to valid primitives.
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B. SAM3 Prompts

This appendix details the specific text prompts utilized to generate semantic masks across the
datasets. The exact prompts applied to each scene are listed in Table B.1, B.2, and B.3.

To accommodate varying environmental complexities, the building mask extraction was exe-
cuted in two distinct modes. For the DTU MVS building subset, all detected target instances
within a single frame are merged together to form one unified mask. For the TnT Barn scene
and the Pexels dataset, the extraction captures at most one primary instance per frame. This
ensures the central target structure is cleanly isolated from clutters.

The generation of ground masks follows an aggregation strategy identical to the first mode.
Across all datasets, multiple descriptive prompts may be utilized to identify ground regions,
with all detected instances merged into one ground mask per frame.

Table B.1.: Scene names and prompts (DTU [25] building)

Scene Name Building Prompt Ground Prompt

All scans "houses/buildings” -

Table B.2.: Scene names and prompts (TnT [31] dataset)

Scene Name Building Prompt Ground Prompt

"o

Barn ”The barn house” “ground”, “grass”, “pavement”

Table B.3.: Scene names and prompts (Pexels dataset)

Scene Name Building Prompt Ground Prompt

church-cadeby “that stone masonry church building”  “ground”, “grass”

church-chesterfield the red building with a spire in center ~ “grass”, “road”, "pavement”
of frame

killingbeck-chapel “that stone masonry church building”  “ground”, “grass”, “road”

moskee-haarlem that building in the center of frame” "water”, “grass”

tower-court “that building with clock-tower “ground”, “road”, “pavement”

wotrubakirche “the modernism concrete building” “grass”, “road”, "pavement”

elbphilharmonie “Elbphilharmonie, that modernism “water”, “road”, “pavement”
red-brick and glass building”

krasna-horka-castle “that castle building” “ground”, “grass”, “pavement”

clocktower ”that clocktower” “ground”, “pavement”
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Figure B.1.: Generated masks for DTU MVS [25] building subset.



Input image Building mask Ground mask

Figure B.2.: Generated masks for TnT [31] Barn scene.
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B. SAM3 Prompts
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Figure B.3.: Generated masks for Pexels dataset.
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C. DTU MVS Dataset Pre-Processing

The DTU MVS dataset originally provides camera calibration as 3 x 4 projection matrices in
millimeters, with slight principal point offsets in the raw images. To prepare the DTU dataset
for the 3D reconstruction pipeline, a two-step preprocessing procedure was implemented to
extract standardized camera parameters and align the image spaces.

Camera Decomposition The provided camera calibration files contain combined projection
matrices P € R¥*4. For my reconstruction pipeline, it is necessary to explicitly separate the
intrinsic camera properties from the extrinsic poses.

RQ decomposition (via cv2.decomposeProjectionMatrix()) is applied to factorize the projec-
tion matrix into the intrinsic matrix K € R3*3 and the extrinsic matrix [R|¢] € R**%. Since the
same camera was used to capture all viewpoints in a scene, a single, shared intrinsic matrix K
is maintained across all views.

Furthermore, the raw DTU dataset represents world-space translations in millimeters. To im-
prove numerical stability and matches the expectations of most neural and geometric pipelines,
the translation components of the extrinsic matrices are scaled to decimeter:

tim = tm X 1072 (C.1)

The rotation matrices R (dimensionless) and intrinsic parameters (in pixel units) remain unaf-
fected by this scaling.

Image Alignment Analysis of the extracted intrinsic matrix K reveals that the optical center
(principal point) (cy, c,) is not perfectly aligned with the geometric center of the given 1600 x
1200 images (cx ~ 823, ¢, ~ 619). As many view-synthesis and standard projection frameworks
implicitly assume a perfectly centered principal point, a deliberate crop is done to rectify this
offset, as shown in Figure C.1.

A target resolution of 1554 x 1162 is set. The image cropping boundaries (left, top) are calcu-
lated to center the original principal point within the new image dimensions:

W H
left = round(cy) — %, top = round(cy) — mzrget. (C2)

By applying these crop boundaries, the new principal point mathematically shifts to exactly
half of the target resolution:

¢y =cx —left =777.0, ¢, =cy —top = 581.0. (C.3)

Folllowing the image cropping, the shared intrinsic matrix K is updated with these new (c%, c’y)
values.
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C. DTU MVS Dataset Pre-processing

Figure C.1.: Illustration of the clipping operation applied to DTU [25] scenes. Images were
cropped to align the image center to camera center (without changing the camera center in
world coordinates).
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D. Declaration of Al/LLM Usage

In accordance with institutional guidelines, this appendix details the use of Artificial Intelli-
gence (Al) and Large Language Models (LLMs) during the research and writing of this Mas-
ter’s thesis.

Tools During the preparation of this thesis, I utilized Google Gemini' and GitHub Copilot?.
GitHub Copilot was integrated into Visual Studio Code (VSCode) and leveraged underlying
models including ChatGPT, Claude, and Gemini.

Tools Usage These tools were employed for specific, targeted tasks:

¢ Thesis Writing and Formatting: Both Gemini and GitHub Copilot were used to help with
IATEX syntax formatting. Gemini was primarily used to revise manuscript drafts, improve
sentence structure, and correct grammatical errors.

¢ Literature Search: Gemini served as an searching tool to help identify relevant papers
and refine search terms when keywords were ambiguous.

* Programming: GitHub Copilot was utilized within VSCode to trace execution paths and
improve my comprehension of the codebase. It was also used to generate specific code
snippets based on direct prompts.

Extent of Use The tools were used regularly as assistance rather than main content (or code)
generators. For programming, Copilot was used strictly on-demand for isolated code snippets;
no autonomous coding agents were created or deployed to write software independently. For
writing, Gemini provided regular drafting and editing assistance but did not author original
academic arguments.

Adherence to Academic Integrity I confirm that all LLM-generated outputs were reviewed,
fact-checked, and verified before inclusion in this work. I confirm that it contains no falsified,
fictional, or plagiarized material. Furthermore, I verified that all code snippets generated and
incorporated into the codebase adhere to open-source licensing requirements.

1Google Gemini: https://gemnini.google.com/app
2Github Copilot: https://github.com/features/copilot
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E. Reproducibility Self-Assessment

All source code and analysis scripts related to this thesis are openly accessible at https:
//github.com/MCHU-1999/AdaptivePS. Complete instructions and a sample workflow are
provided in the project README. The experiments are based on the DTU MVS dataset [25, 1]
and the TnT benchmark [31].

DTU MVS dataset is available at https://doi.org/10.1109/CVPR.2014.59 and https://doi.
org/10.1007/s11263-016-0902-9. TnT dataset is available at https://doi.org/10.1145/
3072959.3073599. I rate the reproducibility of this thesis as High according to the provided
scale.

The overall reproducibility is self-rated using the following scale:

1. High: All data and code fully available, well-documented, and tested to reproduce main
results.

2. Moderate: Most data and code available, basic documentation, some steps may require
clarification.

3. Low: Limited or no data/code sharing, minimal documentation, reproduction unlikely.
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