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Abstract

Wireframe extraction of urban linear objects from aerial lidar point clouds is important for 3D city modelling, infrastructure in-
spection, and asset management. Although power-line and pylon reconstruction has been widely studied, reliable type-agnostic
wireframe extraction remains difficult because aerial point clouds are sparse, incomplete, and structurally complex. To address this
gap, we present an exploratory comparison of four representative strategies—3D RANSAC, 3D-2D RANSAC, Region Growing,
and Hough Transform—and propose a pairwise Markov Random Field (MRF) formulation optimised by graph cuts. The methods
are evaluated on Dutch aerial lidar data using manually delineated reference wireframes. Results reveal clear trade-offs among the
baselines. On the selected difficult pylon case, the proposed method achieves the lowest angular RMSE and qualitatively retains
some internal members, but its high unmatched rate indicates that many false-positive edges remain. We identify the remaining
challenges of wireframe extraction from sparse point clouds and discuss directions for more robust hybrid solutions. The imple-

mentation is publicly available at https://github.com/Ganbusier/final _thesis.

1. Introduction

Three-dimensional city models have become essential for ap-
plications such as environmental simulation, infrastructure
management, and urban decision-making (Biljecki et al., 2015).
While substantial progress has been made in reconstructing
dominant urban elements such as buildings and vegetation from
point clouds (Huang et al., 2022; Lafarge and Mallet, 2012; Du
et al., 2019; Nan and Wonka, 2017), power-line and pylon re-
construction has also received considerable attention. However,
most existing methods are tailored to a specific object category,
sensing configuration, or parametric model, whereas general-
purpose wireframe extraction across power lines and structur-
ally diverse pylons remains less studied. These structures are
critical components of urban infrastructure and require accur-
ate geometric representation for inspection, maintenance, and
digital city modelling.

Recent advances in aerial lidar have enabled large-scale acquis-
ition of urban point clouds, creating new opportunities for auto-
mated reconstruction (see Fig. 1). For urban linear objects, a
key intermediate representation is the wireframe model, which
describes the structure using 3D line segments and can support
subsequent (volumetric) geometric reconstruction. However,
extracting reliable wireframes from aerial point clouds remains
challenging because the data are often sparse, incomplete, and
noisy. As further explaiend in Section 2, existing approaches
typically rely on strong prior assumptions about object type,
predefined parametric models, or pipelines tailored to specific
structures. Although such methods can achieve good perform-
ance in constrained cases, they often lack generality and are dif-
ficult to transfer across different categories or structural styles
of urban linear objects.

To address this gap, this paper investigates wireframe ex-
traction from a general perspective, aiming for methods that
are type-agnostic, data-driven, and holistic rather than object-
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Figure 1. Large-scale aerial lidar point cloud containing
man-made urban linear objects (power lines and pylons).

specific. We comparatively evaluate four representative ex-
traction strategies, namely 3D RANSAC, 3D-2D RANSAC,
Region Growing, and Hough Transform, and further propose
an energy-minimization framework based on a Markov Ran-
dom Field. The core idea is to infer a structurally consistent
wireframe by jointly considering local geometric evidence and
global structural coherence.

The main contributions of this paper are threefold: (1) we cast
wireframe extraction of man-made urban linear objects as a
general, type-agnostic research problem; (2) we curate a manu-
ally annotated reference dataset and systematically compare
representative general-purpose extraction methods on selected
aerial lidar cases of power lines and pylons; and (3) we propose
and analyse a pairwise-MRF formulation for globally selecting
candidate line elements from a dense graph, and identify both
its potential and its current failure modes.

2. Related work

Existing research on geometric primitive extraction from
point clouds can be broadly grouped into two categories:
primitive-detection methods and energy-minimization meth-
ods. Primitive-detection methods aim to fit geometric elements
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such as lines, cylinders, or planes directly from point clouds,
while energy-minimization methods seek globally consistent
solutions by optimizing geometric and structural constraints.

Representative  primitive-detection  approaches include
RANSAC-based fitting, region growing, and Hough Transform.
RANSAC and its variants have been widely used to fit cylinders
or curve-based models for vegetation, industrial facilities, and
power lines (Du et al., 2019; Ghahremani et al., 2021; Jin and
Lee, 2019; Guo et al., 2016b). Their core idea is to iteratively
generate model hypotheses and identify inliers according to
geometric residuals. These methods are effective when the
target shape is simple and the data quality is sufficient, but
they often rely on accurate initialization, strong geometric
assumptions, or object-specific parametric models. Region-
growing approaches exploit local continuity, neighbourhood
connectivity, and normal consistency to aggregate points into
structural components (Qiao et al., 2024). They can better
preserve local completeness, but their performance is sensitive
to point density, noise, and normal estimation (often difficult to
evaluate for a pylon or a power line). Hough-Transform-based
methods detect lines through voting in a discretized parameter
space (Dalitz et al., 2017; Yan et al., 2019). They do not
necessarily require normals and can robustly detect dominant
linear structures, but they become computationally expensive
and less effective for complex scenes with overlapping or
intersecting elements.

Energy-minimization methods provide an alternative by intro-
ducing global regularization. For example, Wang et al. (2020)
combine RANSAC hypotheses with data, smoothness, and la-
bel terms to jointly assign points to primitives, while Guo et
al. (2016a) reconstruct pylons by optimizing fidelity and struc-
tural terms over a predefined model library. These methods bet-
ter enforce global consistency, but they are often task-specific
and frequently depend on predefined primitive classes or object
templates, which limits general applicability.

Taken together, studies on vegetation, industrial facilities,
power lines, and pylons reveal a recurring trade-off: RANSAC-
based methods depend on model support, region growing de-
pends on reliable local neighbourhoods, and Hough voting be-
comes costly or ambiguous for complex structures. No gen-
eric primitive detector therefore guarantees both high coverage
and correct orientation under sparse and noisy sampling. In
contrast, we evaluate representative primitive-detection meth-
ods within a unified setting and further propose an energy-
minimization framework for wireframe extraction. Our method
reduces dependence on object-specific assumptions, while its
limitations are evaluated explicitly.

3. Method

Our goal is to extract wireframe models, i.e., sets of 3D line
segments, from isolated aerial lidar point clouds of man-made
urban linear objects. The study contains two complementary
components. First, we evaluate whether representative general-
purpose primitive-detection methods can recover line struc-
tures without object-specific templates. Second, we propose
an energy-minimization framework that selects consistent line
hypotheses from an over-complete graph. The baseline outputs
are not used as input to the proposed method; they provide a
common comparison and reveal the failure modes that motivate
the graph-based formulation.

3.1 Primitive detection baselines

The purpose of the primitive-detection comparison is to test
how far existing generic algorithms can go when applied to aer-
ial point clouds of power lines and pylons. For all baseline
methods, the input is an isolated point cloud of one target ob-
ject, and the output is a set of 3D line segments. These al-
gorithms are treated as baselines rather than new contributions;
the modifications below only adapt their outputs and paramet-
ers to the present task. They represent three complementary
ways of extracting structure: hypothesis fitting, local aggrega-
tion, and global voting.

RANSAC-based extraction. RANSAC is included because it
is one of the most widely used frameworks for primitive fitting
in point clouds. In the original 3D version (Schnabel et al.,
2007), the input points are fitted with cylinder primitives, and
the axis of each detected cylinder is converted into a 3D line
segment. The motivation is that many members of power lines
and pylons are elongated and can be locally approximated by
cylinders. However, this formulation depends strongly on point
normals and on stable radius estimation, both of which become
unreliable in sparse aerial lidar. To make the method more suit-
able for our data, we additionally constrain the minimum and
maximum cylinder radius to suppress unrealistic fits.

To further reduce the dependence on normals, we also im-
plement a 3D-2D RANSAC variant. Its motivation is that
many urban linear objects exhibit partial planarity: a power
line span can often be approximated by a dominant plane, and
many pylon members are organized on one or several structural
planes. The input remains a 3D point cloud, but the intermedi-
ate representation changes. First, 3D RANSAC is used to detect
planes; next, the inlier points of each plane are projected to 2D;
then, 2D RANSAC is applied to extract line segments; finally,
the detected 2D lines are reprojected back to 3D. This design re-
places direct fitting of curved surface primitives with a simpler
plane-plus-line decomposition, which is better suited to sparse
data. In practice, it can recover clearer structural segments than
cylinder fitting, but it also inherits a limitation: members that
are weakly planar, intersect across planes, or appear only as
sparse internal supports may still be missed.

Region growing. Region growing is used to test whether local
continuity can compensate for sparse sampling. Its input is
again the object point cloud, and its output is a set of cylindrical
regions whose axes are interpreted as 3D line segments. The
key idea is to start from locally simple seed points and iterat-
ively expand regions by enforcing neighborhood consistency.
Because aerial point clouds are sparse, we use a k-nearest-
neighbor query instead of a fixed-radius search to ensure that
candidate neighbors can still be found in low-density areas.
Each region is constrained to remain compatible with a cyl-
inder model, using distance, normal deviation, and minimum
region size as acceptance criteria. For our data, this method is
useful because it tends to preserve connected linear parts and
may overlook fewer points than pure hypothesis fitting. How-
ever, its quality depends on the reliability of local normals and
neighborhood topology. In cluttered or highly irregular parts of
pylons, the grown regions may become fragmented or spatially
scattered, which weakens the final wireframe interpretation.

Hough Transform. The Hough Transform is included because
it detects dominant lines through global voting rather than local
fitting or region expansion. This makes it attractive for line-
dominated objects when normals are unreliable. The input is the
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3D point cloud, and the output is a set of detected 3D lines rep-
resented in Roberts’ parameterization (Dalitz et al., 2017). The
method discretizes the line parameter space, lets points vote
for candidate lines, and iteratively extracts the highest-scoring
ones. For our research objects, the method is particularly suit-
able for prominent, isolated members, because a line can still
accumulate votes even when local neighborhoods are weak. At
the same time, this advantage comes with a trade-off: when the
structure becomes complex, with many intersecting and over-
lapping elements, the voting space becomes more ambiguous
and computationally expensive, which often reduces both effi-
ciency and precision.

Taken together, these baseline methods reveal complementary
strengths and weaknesses. RANSAC offers explicit geomet-
ric fitting but is sensitive to sparse support and model assump-
tions; region growing improves continuity but depends on local
consistency; Hough voting can recover salient global lines but
struggles with complexity. These observations motivate our
separate graph-based method, which combines dense hypo-
thesis generation with global structural selection.

3.2 MREF optimization for wireframe extraction

The proposed method addresses a different question from the
baseline algorithms: instead of directly fitting final line seg-
ments, can we first generate a dense set of plausible struc-
tural hypotheses and then select a consistent subset through
global optimization? This design is motivated by two recur-
rent problems in sparse aerial point clouds of urban linear ob-
jects. First, primitive fitting often produces discontinuous seg-
ments because neighboring members are detected independ-
ently. Second, it may overlook valid structural elements when
the local point support is weak. Our method targets both is-
sues by shifting the problem from primitive detection to graph
labeling.

Input and output. The input is an isolated point cloud P of
one man-made urban linear object. The output is a subset of 3D
line segments that forms the extracted wireframe model. Rather
than using fitted primitives as initial hypotheses, we build a
dense graph directly from the point cloud so that enough can-
didate line elements are available for optimization.

Graph construction. We first construct an undirected graph
G = (V,E) from the input point cloud, where V =
{v1,...,vm} are the points and F = {ey,..., e} are edges
connecting neighboring point pairs. A k-nearest-neighbor
graph is used to capture local adjacency, while Delaunay trian-
gulation is additionally introduced to connect gaps that are not
bridged by KNN alone. The purpose of this combined graph
is to avoid under-connecting sparse structures. We then derive
the dual graph G* = (V'™*, E*), where each node in V™ corres-
ponds to an edge in GG. In other words, the basic optimization
unit is no longer a point but a candidate line element. Wireframe
extraction is therefore formulated as a binary labeling problem
on G™: each candidate edge is labeled as either preserve or re-
move. Graph cut (Boykov et al., 2001; Kolmogorov and Zabin,
2004) is used to find the final labeling.

MREF formulation and energy design. Each node z; € V™ is
associated with a binary random variable y; € {0, 1}, where 0
denotes remove and 1 denotes preserve. Its neighbourhood N;
is given by adjacent nodes in the dual graph. We assume the
pairwise Markov property

Pr(yi | yv*\iap) = Pr(yi | YNmp)a (D

so the posterior distribution can be written in Gibbs form as
1
Pr(y | P) = Z exp[-E(y)]. )

The maximum-a-posteriori labeling (MAP) is therefore ob-
tained by minimizing

E(y)=> Diy)+X Y willyi#yl G
i (i,5)EE*

This explicitly defines the MRF: the unary term measures local

geometric evidence for each candidate edge, while the pairwise

Potts term encourages compatible neighbouring edges to share

a label.

For candidate edge x;, we first compute a score
si = 1; Ly, “

where [; is an inlier-support cost and L; is an edge-length cost.
Let P; be the points inside the cylinder centred on x; (Figure 2).
The inlier-support cost is

I ZpJEPz pZQJ
S e LS ®)
Z:pjepz Pij
d2.
Pij = €Xp (_ 2;_2) 5 (6)

where d;; is the perpendicular distance from p; to x;. Points
closer to the edge receive higher weights; consequently, strong
point support produces a lower cost.

Figure 2. Cylinder constructed around an edge, where d denotes
the extension distance applied to both endpoints.

The edge-length cost is

Le. ™

= )
Ltol,i

L;

where L., is the current edge length and L1, ; is accumulated
by propagating through the most direction-consistent adjacent
edges. Edges embedded in long, nearly collinear chains there-
fore receive lower costs than isolated short connections. The
implementation maps the score to the two unary costs as

1—s;i, y; =0 (remove),
Di(y;) = ( ) @)
Siy y; = 1 (preserve).
For neighbouring candidate edges, the pairwise weight is
wij = cosw(ozij)7 9)

where a;; € [0, /2] is the orientation-invariant angular differ-
ence between two neighbouring line elements. The exponent
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10 is an empirical shape parameter that makes the weight de-
cay rapidly with angular disagreement, so smoothing mainly
acts on nearly collinear edges; it is not a mathematically fixed
value. Because w;; > 0 and the label penalty in Eq. (3) is a
binary Potts term, the resulting submodular energy is optimised
using graph cuts (Boykov et al., 2001; Kolmogorov and Zabin,
2004).

Optimization outcome. After optimization, all candidate
edges are partitioned into preserved and removed groups, and
the preserved subset forms the extracted wireframe. Compared
with the baselines, the framework does not require predefined
object templates or explicit part-wise decomposition. It in-
stead uses local evidence and neighbourhood coherence to se-
lect from a dense structural graph; whether this improves both
completeness and precision is evaluated experimentally.

4. Experiments
4.1 Data, implementation, and evaluation protocol

The experiments were conducted on a manually curated data-
set of Dutch power lines and pylons derived from AHNS aer-
ial lidar data (AHN, 2020). Points with classification value
14 (high-tension objects) were extracted from the original LAZ
files and manually isolated in Mapple (Nan, 2021). Manual an-
notation refers to interactively drawing polylines along point-
supported structural members in Rhino 7 and splitting them at
junctions into individual 3D line segments; no automatic fitting
was used. We therefore refer to these annotations as reference
wireframes rather than absolute ground truth. Three cases were
selected before the comparative analysis to represent increasing
structural complexity:

1. one power line with little directional ambiguity (simple),

2. four neighbouring power lines with repeated parallel struc-
tures (medium),

3. a pylon with many intersecting directions and sparsely
sampled internal members (difficult).

All methods were implemented mainly in C++ using CGAL,
Eigen, Easy3D, and GCO; Hough Transform was adapted from
Dalitz et al. (2017). Figure 3 shows the full curated dataset,
while quantitative conclusions in this paper are restricted to the
three selected cases.

For 3D RANSAC, 3D-2D RANSAC, and Region Growing,
parameters were selected using experience-guided grid search.
The selection criterion balances coverage and model compact-
ness:

score=a X L —fxX N, (10)

where L is the number of leftover points, /N is the number
of extracted primitives, and « = 1.0, § = 0.1. In prac-
tice, 3D RANSAC favoured a small minimum support (5-10),
€ = 0.05, and large clustering radii; 3D-2D RANSAC used
normal-free plane detection followed by 2D line fitting with
minimum support 4 and split thresholds of 1.0-1.5; Region
Growing worked best with k = 16-28, max distance 0.04-0.05,
and max angle 20-30°. Hough Transform and the proposed
energy-minimization method were tuned qualitatively.

Evaluation was based on 3D line-segment matching against the
reference wireframes. For the primitive-detection baselines, we

(a) 1 powerline (b) 2 powerlines (c) 4 powerlines (d) pylon 1

&

(e) pylon 2 (f) pylon 3 (g) pylon 4 (h) pylon 5

(i) pylon 6

(j) pylon 7 (k) pylon 8

(1) pylon 9

Figure 3. Visualization of the curated dataset, showing raw
points (blue) and manually annotated reference wireframes (red).

report the leftover-point rate (LoR.); for the proposed graph
method, we report the removed-edge rate (RemR.), defined as
the proportion of input candidate edges labelled as removed.
For all methods, we report the unmatched rate,

Munmatched (1 1 )

Unmatched rate =
M, total '

and RMSE of distance and angle deviations,

RMSE = (12)

LoR. and RemR. are method-specific diagnostics and are not
directly comparable; UnmR. and the RMSE measures are used
for cross-method comparison.

4.2 Results and discussion

3D RANSAC. For all test cases, 3D RANSAC was applied with
cylinder primitives and fixed radius bounds of 0.01-1.0 m. As
summarized in Table 1, the method performs reasonably on the
simple and medium cases, with low distance RMSEs of 0.060
m and 0.053 m and small angle RMSEs of 1.313° and 1.169°,
respectively. However, its performance degrades markedly on
the difficult pylon case, where the leftover rate reaches 42.2%,
the unmatched rate 36.1%, and the angle RMSE 62.551°. These
results reveal both substantial overlooking and unstable fitting.
A main cause of the wrong-fitting problem is the strong depend-
ence of cylinder fitting on point normals. Since no ground-truth
normals are available, normals are estimated using KNN, but in
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(a) Input (b)3ADRANS.  (c) 3D-2D RANS.

(d) RG.

(e) HT.

(g) Ref.

Figure 4. Qualitative comparison of wireframe extraction results on the medium (fop: four power lines) and difficult (bottom: pylon)
test cases. From left to right: input point cloud, 3D RANSAC (3D RANS.), 3D-2D RANSAC (3D-2D RANS.), Region Growing
(RG.), Hough Transform (HT.), the proposed method (Ours), and the manually annotated reference wireframe (Ref.).

sparse aerial lidar their quality varies with local point density
and is often noisy, as illustrated in Figure 5. This makes the
fitted cylinder axes unstable and can lead to large directional
errors, especially in complex scenes. Qualitative examples in
Figure 4(b) further show that RANSAC also favors densely
sampled outer members over sparsely sampled internal struc-
tures, which aggravates the overlooking problem.

Data LoR.(%) UnmR.(%) D-RMSE(m) A-RMSE (°)
3a 14.7 18.2 0.060 1.313
3c 9.7 25.8 0.053 1.169
3d 422 36.1 0.042 62.551

Table 1. Summary of 3D RANSAC results on the three
representative test cases (LoR.: leftover rate; UnmR.: unmatched
rate; D-RMSE: distance RMSE; A-RMSE: angle RMSE).

(a) (b)

Figure 5. (a) Noisy KNN normal estimation (k = 16); (b)
imbalance between internal and external pylon structures.

3D-2D RANSAC. The 3D-2D RANSAC variant reduces the
reliance on point normals by replacing direct 3D cylinder fit-
ting with plane detection followed by 2D line extraction. As
summarized in Table 2, it achieves the best overall performance
on the simple case, with only 2.1% unmatched segments, a dis-
tance RMSE of 0.040 m, and an angle RMSE of 0.921°. More
importantly, for the difficult pylon case, it markedly improves
coverage compared with 3D RANSAC, reducing the leftover
rate from 42.2% to 13.4% and the unmatched rate from 36.1%
to 22.5%, while also lowering the angle RMSE from 62.551°
to 55.628°. However, the medium case remains unstable, with
a high unmatched rate of 47.5%. Qualitative examples in Fig-

ure 4(c) suggest that although the 2D projection increases de-
tectability, projection ambiguity and reprojection errors still
lead to misaligned segments.

Data LoR.(%) UnmR.(%) D-RMSE(m) A-RMSE (°)
3a 249 2.1 0.040 0.921
3c 204 47.5 0.065 1.571
3d 13.4 22.5 0.044 55.628

Table 2. Summary of 3D-2D RANSAC results on the three
representative test cases. LoR., UnmR., D-RMSE, and A-RMSE
denote leftover rate, unmatched rate, distance RMSE, and angle

RMSE, respectively.

Region Growing. Region Growing achieves the strongest cov-
erage among the primitive-detection baselines, with consist-
ently low leftover rates of 1.1%, 3.2%, and 2.0% for the simple,
medium, and difficult cases, respectively (Table 3). However,
this advantage is offset by poor structural fidelity. The un-
matched rate increases from 34.6% to 70.5%, and the angle
RMSE rises sharply from 2.822° to 57.304°, indicating severe
directional instability, especially for the pylon. By contrast, the
distance RMSE remains relatively stable (0.055-0.060 m), sug-
gesting that many fitted segments stay spatially close to the tar-
get but are oriented incorrectly. Qualitative comparisons in Fig-
ure 4(d) and the failure cases in Figure 6 show that noisy normal
estimation and relaxed region validity criteria tend to generate
scattered or wrongly oriented cylinders. Region Growing there-
fore reveals a clear trade-off between low overlooking and reli-
able wireframe extraction.

Data LoR.(%) UnmR.(%) D-RMSE(m) A-RMSE (°)
3a 1.1 34.6 0.055 2.822
3c 32 50.0 0.060 8.835
3d 2.0 70.5 0.055 57.304

Table 3. Summary of Region Growing results on the three
representative test cases. LoR., UnmR., D-RMSE, and A-RMSE
denote leftover rate, unmatched rate, distance RMSE, and angle

RMSE, respectively.

Hough Transform. Hough Transform performs best on the
simple case, yielding a low leftover rate of 3.0%, an unmatched
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(b)

Figure 6. Typical Region Growing failure cases: wrong cylinder
directions and inconsistent grouping caused by noisy normals.

rate of 7.7%, a distance RMSE of 0.056 m, and an angle RMSE
of 2.055° (Table 4). For the medium case, the leftover rate re-
mains low (1.0%), but the unmatched rate rises to 39.7%, indic-
ating that many detected segments are not well aligned with the
reference wireframe. On the difficult pylon case, the method
achieves the lowest distance RMSE among all baselines (0.036
m) and a relatively low unmatched rate (9.9%), but its angle
RMSE increases sharply to 61.223°, revealing substantial dir-
ectional errors. As shown in Figure 4(e) and the failure cases
in Figure 7, the method benefits from not requiring normals,
yet discretization in Hough space and vote-dominated selection
still lead to unstable orientation estimates in complex scenes.

Data LoR.(%) UnmR.(%) D-RMSE(m) A-RMSE (°)
3a 3.0 7.7 0.056 2.055
3c 1.0 39.7 0.057 1.106
3d 232 9.9 0.036 61.223

Table 4. Summary of Hough Transform results on the three
representative test cases. LoR., UnmR., D-RMSE, and A-RMSE
denote leftover rate, unmatched rate, distance RMSE, and angle

RMSE, respectively.

L

(b) 3d

(a) 3c

Figure 7. Typical wrong-fitting results of Hough Transform.

Energy minimization. The proposed energy-minimization
framework was evaluated using the formulation introduced in
Section 3.2. The inlier-probability term was parameterized by
o2 derived from Eq. (6), the initial angular threshold for the
edge-length term was set to 10°, and the smoothness weight
was initialized as A = 0.1. Unlike the primitive-detection
baselines, this method does not directly fit a small set of fi-
nal primitives. Instead, it starts from a dense graph of candidate
edges and selects a structurally consistent subset through global
optimization. This design is intended to alleviate the overlook-
ing problem observed in the previous methods, especially for
complex objects with sparsely sampled internal members.

As summarized in Table 5, the proposed method has distance
RMSEs between 0.050 and 0.063 m. On the difficult pylon
case, it attains the lowest angle RMSE among the evaluated
methods (50.313°), compared with 62.551° for 3D RANSAC,
55.628° for 3D-2D RANSAC, 57.304° for Region Growing,
and 61.223° for Hough Transform. However, its unmatched
rate is 42.0%, substantially higher than the 9.9% of Hough
Transform. The result therefore indicates lower angular error
among matched structures, not overall superiority.

Data RemR.(%) UnmR.(%) D-RMSE(m) A-RMSE (°)
3a 3.0 14.1 0.055 9273
3c 77 50.5 0.063 18.331
3d 25.7 42.0 0.050 50.313

Table 5. Summary of energy minimization results on the three
representative test cases. RemR., UnmR., D-RMSE, and
A-RMSE denote removed-edge rate, unmatched rate, distance
RMSE, and angle RMSE, respectively.

Figure 8. Edge-matching results of the proposed method for the

simple power-line (fop), medium four-power-line (middle), and

difficult pylon (bottom) cases. Reference wireframes are shown

in red and preserved candidate edges in blue; the right column
shows enlarged local comparisons.

. SRR W INE N 7 .
! PE D 82 S Al >

(a) Failure of the inlier-probability ~ (b) Failure of the edge-length term
term on external corner edges. on non-collinear outer members.

Figure 9. Typical failure cases of the data term on external pylon
structures.

Figure 8 further illustrates this behaviour. For the simple power-
line case, the method preserves the dominant linear structure
with an unmatched rate of 14.1%. For the medium case,
the main geometry remains recognizable, but many redund-
ant edges produce an unmatched rate of 50.5%. In the diffi-
cult pylon case, the qualitative comparison in Figure 4(f) shows
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Figure 10. Effect of the smoothness weight A on the optimization result, illustrating limited smoothing, incorrect smoothing, and
spatially varying smoothing behavior.

that some internal members missed by the baselines are re-
tained. This observation suggests that dense graph hypotheses
can reduce overlooking, although the current metrics do not yet
demonstrate a consistent completeness advantage.

At the same time, the results also reveal the current limitation
of the framework, namely insufficient discrimination in the data
term. A considerable number of noisy or structurally implaus-
ible edges are still retained, especially in the medium and dif-
ficult cases, resulting in unmatched rates of 50.5% and 42.0%,
respectively. This indicates that the optimization is effective at
preserving coverage, but not yet selective enough to suppress
false positives.

A closer inspection shows that the main limitation of the pro-
posed framework lies in the current design of the data term.
As introduced in Section 3.2, the data term combines an inlier-
probability term and an edge-length term. For outer pylon
members, however, both terms can be unreliable. First, the
inlier-probability term searches supporting points within a cyl-
inder constructed around each edge. For corner-like external
members, this cylinder may contain very few or even no
nearby points, leading to underestimated support (Figure 9).
Second, the edge-length term favors edges that can be propag-
ated through nearly collinear neighbors. External members of-
ten meet adjacent edges at larger angles, so their accumulated
length remains small and the corresponding penalty becomes
overly large. As a result, structurally valid outer edges may be
removed during optimization.

This limitation also explains the inconsistent behavior of the
smoothness term. In principle, the smoothness term should sup-
press local noise by encouraging neighboring edges with sim-
ilar directions to share the same label. In practice, its effect
strongly depends on the correctness of the data term. Figure 10
shows three typical cases during A tuning: little visible change
when most edges are already labeled as preserved, incorrect
smoothing that removes valid structural edges, and different
smoothing thresholds across local regions. These patterns in-
dicate that smoothing alone cannot compensate for systematic

misclassification in the unary term.

Overall, the proposed method shows potential for retaining
sparsely sampled internal members, but the present evidence
is qualitative and its false-positive rate remains high. Its per-
formance is constrained by the limited discriminative power
of the data term. Future improvements should therefore focus
on more reliable edge-support measures and stronger structural
priors, enabling the optimization to distinguish true wireframe
elements from noisy graph connections more reliably.

5. Conclusion

In this paper, we investigated wireframe extraction from aer-
ial lidar point clouds of power lines and pylons without relying
on object-specific templates, strong priors, or part-wise hand-
crafted pipelines. We evaluated four representative primitive-
detection strategies and introduced a pairwise-MRF formula-
tion for selecting candidate line elements from a dense graph.
The experiments show that current general-purpose methods
can recover useful 3D line segments, but all suffer from over-
looking valid members or producing wrongly fitted segments.
The proposed method obtains the lowest angular RMSE on the
selected difficult pylon case and qualitatively retains some in-
ternal members, but its high unmatched rate shows that many
false-positive edges remain.

The contributions are threefold. First, we curate a manually
annotated reference dataset of urban linear objects. Second,
we compare representative general-purpose methods under a
common evaluation protocol and identify their recurring fail-
ure modes. Third, we formulate candidate-edge selection as a
binary pairwise MRF optimised by graph cuts and analyse the
limitations of its current unary and smoothness terms.

The study remains exploratory: quantitative evaluation is lim-
ited to three representative cases, and no object-specific recon-
struction method is included as a comparator. Future work
should therefore evaluate the full dataset, include domain-
specific baselines where applicable, and adopt metrics that

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-XII-4-W1-2026-145-2026 | © Author(s) 2026. CC BY 4.0 License. 151



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XII-4/W1-2026
21st International 3D Geolnfo Conference 2026, 28—-29 September 2026, Sofia, Bulgaria

separately quantify reference-line coverage and false-positive
length. Methodologically, more discriminative edge-support
measures, stronger structural priors, and hybrid pipelines com-
bining primitive detection with graph optimization are prom-
ising directions for improving both completeness and preci-
sion.
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