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Abstract

Mid-surface abstraction is essential for finite ele-
ment analysis of thin-walled CAD models, yet existing
face pairing-based methods suffer from quadratic com-
plexity and CPU-bound bottlenecks, limiting scalability
for variable-thickness models. We present gMidSurf, a
GPU-accelerated pipeline that transforms the two com-
putational bottlenecks in mid-surface abstraction (face
pairing and mid-point generation) into massively par-
allel operations. For face pairing, we introduce a hier-
archical filtering strategy that progressively culls candi-
date pairs through three GPU-optimized gates: normal
compatibility, simplified overlap criterion, and LBVH-
based distance queries, reducing the search space by
10–100× while maintaining cache coherence. For mid-
point generation, we employ parallel distance dila-
tion followed by bracket-and-bisect refinement for pre-
cise equidistant point localization. This method han-
dles variable-thickness models with complex surfaces
through complete dilation, thereby avoiding gaps and
truncations that occur in previous methods. Experimen-
tal results on real-world benchmarks demonstrate that
gMidSurf achieves 4.2×–18.5× speedups in face pair-
ing and 4.8×–9.8× in mid-point generation compared to
CPU implementations, yielding 5×–15× acceleration on
a commodity GPU (NVIDIA RTX 5090D) compared to
state-of-the-art methods.

Keywords: Mid-surface Abstraction, Variable Thin-
walled Models, GPU Acceleration

1. Introduction

Mid-surface abstraction is a foundational preprocess-
ing task in computer-aided engineering (CAE). Thin-walled
components are ubiquitous across aerospace, automotive,
and mechanical engineering domains. By simplifying three-
dimensional solid models into two-dimensional mid-surface
representations, engineers can reduce computational de-
grees of freedom by an order of magnitude while main-
taining plate/shell analysis fidelity, thereby significantly im-
proving finite element analysis efficiency [3, 1].

Existing mid-surface abstraction methods fall into three
primary categories: Medial Axis Transform (MAT) [2],
Chordal Axis Transform (CAT) [14], and Face Pairing (FP)
methods. MAT generates skeletal structures by computing
the locus of maximal inscribed spheres, but its topologi-
cal complexity necessitates extensive manual pruning [17].
CAT converts thin-walled solids into single-layer tetrahe-
dral meshes, but struggles to maintain geometric quality in
complex junction regions [15, 13]. In contrast, face pairing
methods identify opposing wall faces and construct inter-
vening sheets, preserving B-Rep modeling intent, making
them the factual standard in CAD/CAE systems [16].

However, current face pairing-based methods face severe
challenges when processing complex variable-thickness
models. First, traditional face pairing algorithms rely
on global candidate screening and expensive closest-point
queries, leading to dramatic performance degradation on
large-scale, free-form, variable-thickness models [20, 21].
Second, existing methods lack robustness for variable-
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Figure 1. The algorithm overview of gMidSurf through a simple example. The input thin-walled model is first discretized, followed by (a)
hierarchical GPU-based face pairing with three filtering gates (normal, overlap, and distance) to identify face group pairs, and (b) GPU-
based mid-point generation via distance dilation and refinement. Finally, fitting and trimming operations produce the output mid-surface.

thickness geometry, where normal-projection heuristics fre-
quently fail when the face angles vary significantly [25].

We introduce gMidSurf, a full-GPU pipeline that system-
atically addresses computational bottlenecks in both face
pairing and mid-point generation stages (Fig. 1). For face
pairing, we design a hierarchical filtering mechanism with
three progressive gates (normal, overlap, distance, Fig. 1-
a1) to reduce the candidate space by 10×–100×. For mid-
point generation, we employ parallel distance dilation to
generate initial mid-points (Fig. 1-b1), followed by bracket-
and-bisect refinement with warp-level parallelism for pre-
cise equidistant point localization (Fig. 1-b2). The method
supports variable-thickness models and handles complex 1-
1 and n-n pairing scenarios (Fig. 1-a2). Our technical con-
tributions are:

• Full GPU-based face pairing with hierarchical
culling. We cast normal, overlap, and distance tests as
GPU-friendly gates backed by LBVH traversal, prun-
ing candidates by 10 × –100× before fine checks and
yielding near-linear scaling with face count.

• Branchless mid-point solver for variable-thickness.
We introduce a bracket-and-bisect kernel that equal-
izes distances robustly across planes, quadrics, and
free-form NURBS while minimizing warp divergence
and maximizing throughput.

Beyond acceleration, our complete dilation-based mid-
point generation inherently addresses the gap artifacts that
arise in MidSurfer’s directional sampling approach, pro-
ducing more complete mid-surfaces without requiring man-
ual intervention for face group ordering. To our knowl-
edge, gMidSurf represents the first full GPU pipeline for
face pairing-based mid-surface abstraction, addressing a
long-standing efficiency bottleneck that has limited practi-
cal adoption in interactive CAD/CAE workflows.

2. Related Work

2.1. Face Pairing-based Mid-surface Abstraction

Mid-surface abstraction is commonly grouped into three
methods: Medial Axis Transform (MAT), Chordal Axis

Transform (CAT), and Face Pairing (FP). MAT extracts
a skeletal locus of maximally inscribed spheres; while
broadly useful for shape analysis, it typically produces spu-
rious branches that demand extensive pruning and post-
processing [2, 17]. CAT converts thin-walled solids into
single-layer tetrahedral meshes and classifies elements to
recover a sheet [15, 13]; however, complex ribs and free-
form junctions stress classification robustness, and the geo-
metric quality of the recovered surface is not guaranteed [9].

FP has become the dominant paradigm because it pre-
serves B-Rep intent by explicitly identifying opposing
wall faces and constructing the intervening sheet. Reza-
yat [16] first introduced Face Adjacency Graphs (FAG)
with distance/normal criteria to detect pairs; subsequent
work reduced clutter and improved topological consistency
via boundary extension [11] and feature suppression [18].
Commercial solutions (e.g., Parasolid [19]) expose FP utili-
ties that combine user-specified and automatically detected
pairs; however, complex free-form regions still require sub-
stantial manual curation.

Across this literature, pipelines are largely serial, creat-
ing throughput bottlenecks. The face pairing stage must tra-
verse large candidate sets and apply compound geometric
tests; the mid-surface generation stage relies on intensive
distance queries. These workloads exhibit poor cache co-
herence and limited vector efficiency on CPUs, resulting in
multi-second (or longer) processing times even for models
with only a few faces. To address this, gMidSurf introduces
GPU parallel computing to these two core stages in mid-
surface abstraction, achieving millisecond-level processing
for complex variable-thickness models through hierarchical
parallel face pairing and dilation-based mid-point extraction
algorithms.

2.2. GPU Acceleration in Geometric Processing

Modern GPUs offer massive thread- and memory-level
parallelism for the two core parts of mid-surface abstrac-
tion: (i) spatial search over large candidate sets and (ii)
dense proximity/distance evaluation. On the search side,
fast BVH/LBVH construction and traversal on GPUs have
matured, enabling scalable broad- and mid-phase culling
for large geometric workloads [10]. On the proximity



Figure 2. Basic concepts in face pairing and geometry extraction. a) Three pairing criteria and face group pair (FGP) definition. b) Dilation
algorithm fundamentals and mid-surface definition.

side, recent mesh–mesh distance work shows that care-
fully organized BVH traversal, shared-memory buffering,
and warp-synchronous voting/reduction can deliver order-
of-magnitude gains over strong CPU baselines; notably,
gDist reports 50×–200× improvements on general triangle
meshes [5]. These results motivate our choices for GPU-
resident face pairing and mid-point extraction.

Beyond proximity, GPU acceleration has been applied
to skeleton/medial computations adjacent to mid-surface
abstraction. Zhu et al. parallelize medial-axis estimation
via dilation- and tracing-based schemes, reporting 8×–12×
speedups [24, 23]; Jalba et al. demonstrate GPU-based
surface and curve skeletonization of large 3D polygonal
meshes, achieving two orders of magnitude speed-up [8].
While these efforts validate GPU-based geometric abstrac-
tion, they target subroutines (skeletonization) rather than the
FP-based mid-surface pipeline.

Prior GPU work typically accelerates one component
(e.g., BVH build/traversal, distance evaluation, or skele-
tonization) in isolation. In contrast, gMidSurf implements
an end-to-end GPU strategy tailored to face pairing: (1)
a hierarchical, divergence-aware culling scheme that for-
malizes normal, overlap, and distance tests atop LBVH
traversal to shrink the candidate set by 10×–100× before
fine checks; and (2) a branchless bracket-and-bisect ker-
nel for distance-equalizing mid-point extraction that main-
tains warp coherence across planes, quadrics, and NURBS.
This integration avoids host–device thrashing and con-
verts the quadratic candidate explosion into a near-linear,
throughput-friendly pass.

3. Preliminaries

Classical mid-surface pipelines comprise three main
components: (i) face pairing, (ii) mid-surface geometry
extraction, and (iii) surface fitting and trimming. Among
these, (i) and (ii) dominate runtime [21] and form the effi-
ciency bottlenecks we address.

3.1. Basic Concepts for Face Pairing

Definition 1. Three key criteria are widely used in the
current face pairing method, as illustrated in Fig. 2-a1:

1. Normal Criterion: The outward normals Nleft and
Nright of the paired faces must be approximately an-
tiparallel, satisfying:

|180◦ − ∠(Nleft,Nright)| ≤ θ, (1)

where θ denotes the angular tolerance threshold, typi-
cally set θ ≤ 15◦ in industrial applications.

2. Overlap Criterion: When projecting either face (the
projection face) along its normal direction onto the
other face (the target face), the projected area ratio
should satisfy:

Project(fleft, fright) ≥ R∨Project(fright, fleft) ≥ R,
(2)

where R defaults to 50% and can be specified.

3. Distance Criterion: the distance d between the two
candidate faces should not exceed a threshold twall:

Dist(fleft, fright) ≤ twall, (3)

where twall defaults to the maximum thickness of the
thin-walled model and can be manually specified.

Definition 2. A face group (FG) is a set of topologically
continuous faces sharing identical underlying geometry. We
use face groups as fundamental units for face pairing.

Definition 3. Each face in the thin-walled model is clas-
sified into two distinct categories: face (group) pairs (FP /
FGP) and lateral faces (Fig. 2-a2).

1. Face (group) pair: refers to a pair of faces or FGs in
a thin-walled model that satisfies the aforementioned
three criteria.



2. Lateral face: an elongated intermediate surface con-
necting the two constituent faces of a face group pair
in thin-walled structures.

Remark on parameter settings. The default parameter
values used in our pipeline follow established conventions
in prior face pairing methods [20, 21, 16]. These values
have been validated across diverse industrial applications
and represent widely accepted defaults in practice.

3.2. Basic Concepts for Geometry Extraction

The following concepts are adapted from prior work
on dilation-based model reduction methods, which inspired
our method [6, 24].

Definition 4. A dilation block is a partition from a uni-
form grid subdivision perpendicular to the coordinate axes.
We construct a dilation body from an FGP. Its boundary set
comprises dilation blocks containing all FGP faces. Fig. 2-
b1 illustrates a 2D example where two curves form a dila-
tion body after subdivision, with blue blocks defining the
boundary set.

Definition 5. The distance from dilation block A to di-
lation body S is the Euclidean distance from A’s center to
the nearest boundary block center in S. This nearest block
is A’s source block, and its FG is A’s source FG. The lo-
cal/global Euclidean Distance Transformation (EDT) com-
prises local/global distances of all blocks in the body [22].
In Fig. 2-b1, block P is the source block for yellow block
A, with its FG as the touch FG.

Definition 6. Distance dilation from block A to its
neighbor C (6-neighborhood in 3D) updates C’s distance
using A’s information [22]. If A’s source block offers a
shorter path to C, it becomes C’s new source block. Dila-
tion repeats until all blocks have distances. Fig. 2-b1 shows
a single dilation from boundary block P to block C (se-
quence: P → B → A → C). Dilation from all boundary
blocks in body S yields complete dilation, where all blocks
acquire their distances.

The following concepts derive from prior work on pre-
cise mid-surface point extraction [21], which our approach
parallelizes to post-process initial solutions after complete
dilation (Fig. 2-b2).

Definition 7. Given two face groups FGℓ and FGr

forming a candidate FGP, a point P lies on the mid-surface
M if

∀P ∈M, Dist(P, FGℓ) = Dist(P, FGr), (4)

where Dist(P, FG) is the minimum Euclidean distance
from P to the faces in FG.

Definition 8. For any line intersecting two surfaces from
distinct FG, there exists at least one mid-surface point be-
tween them. Given surfaces Sleft and Sright intersected by

line L at points A and B respectively, consider the continu-
ous distance difference function:

f(Q) = Dist(Q,Sleft)− Dist(Q,Sright), (5)

where Q ∈ L. Since f(A) < 0 and f(B) > 0 (as A ∈ Sleft

and B ∈ Sright), the Intermediate Value Theorem guaran-
tees the existence of at least one point Q0 where f(Q0) = 0,
establishing the mid-surface point.

4. Hierarchical GPU-based Face Pairing

Conventional face pairing methods [20, 21, 23] re-
quire enumerating all pairwise combinations of faces in the
model, evaluating three criteria for each candidate face pair,
and testing feasibility against all criteria. This approach ex-
hibits a significant drawback: even if a pair fails to meet one
criterion, the computation of the remaining criteria must
still be completed, resulting in substantial wasted compu-
tation. To address this, we introduce a three-stage filter-
ing gates (Fig. 3) that progressively screen large-scale ini-
tial candidate face pairs, thereby avoiding redundant com-
putations associated with global pairwise enumeration and
significantly reducing ineffective computation.

4.1. Normal Gate

The first filtering gate is designed to reduce the immense
computational cost associated with processing all candi-
date face pairs in the model. The face normal, being the
most computationally inexpensive among the three criteria,
is used as the initial filtering condition without introducing
significant overhead. This gate primarily requires the nor-
mal of a candidate face pair to be approximately antiparal-
lel. In our implementation, a GPU thread block is assigned
to process each face, where threads within the block coop-
erate to process all triangles of a specific mesh, achieving
mesh-level parallel computation. After computing the nor-
mals for all faces, pairs of faces are combined as candidate
face pairs, and those failing to meet the normal criterion
(Eq. 1) are filtered out. This gate rapidly eliminates the least
likely candidates. Thereby, it significantly enhances overall
computational efficiency and supplies a more promising set
of candidates for subsequent filtering gates.

4.2. Overlap Gate

The overlap criterion (Eq. 2) constitutes the most strin-
gent and computationally complex stage within the three-
stage filtering pipeline. This gate involves two primary
computational tasks: the construction of oriented bound-
ing boxes (OBBs) [7] and the calculation of the overlap
ratios based on a overlap criterion. First, a GPU thread
block is assigned to each face to compute its OBB. Each
OBB is constructed only once per face and can be reused
across candidate face pairs. Subsequently, a GPU thread



Figure 3. A simple example demonstrating the filtering gates
mechanism through cyclic pairing of three faces. a) Status of dif-
ferent face pair combinations passing the criteria. b) The filtering
process through the gate mechanism.

block is assigned to each pair to calculate the overlap ratio.
For a given candidate face pair of FaceA and FaceB , FaceA
is processed by projecting the centroids of all its triangle
meshes along the face normal direction obtained by the first
normal gate. The hit rate Ra is then determined by counting
the proportion of these projections that intersect the princi-
pal direction plane of OBB of FaceB. The same operation is
performed on FaceB to obtain its corresponding hit rate Rb.
The values Ra and Rb collectively serve as the basis for
determining whether the candidate pairs pass this filtering
gate.

4.3. Distance Gate

This final gate is designed to eliminate candidate face
pairs whose distance exceeds the model’s wall thickness. To
reduce computational cost, this gate employs a conservative
distance approximation in place of exact calculation.

We assign a GPU thread block to each candidate pair.
A LBVH is constructed using spatial ordering via Morton
codes [12] and is maintained in shared memory to minimize
data transfer overhead. For a candidate pair, Face A and
Face B, the following operations are performed in parallel:
calculate the minimum distance from each mesh centroid in
Face A to Face B, recording the maximum value Da among
these minimum distances; perform the same operation on
Face B to obtain Db. The value (Da + Db)/2 is used as
the conservative distance estimate between the two faces.
After acquiring the criteria for different combinations, the
combinations satisfying both criteria Overlap ≥ 50% and
|180◦ − ∠(Normal)| ≤ 30◦ are filtered (such combina-
tions exhibit higher probabilities of forming a face pair in

thin-walled regions). The distance of these filtered combi-
nations is then partitioned into intervals to construct a fre-
quency distribution histogram. Finally, the maximum dis-
tance within the peak frequency interval is defined as the
twall of the model. Candidate pairs are then filtered against
this twall, outputting the final 1-1 face pair.

4.4. Parallel Bipartite Graph Optimization from 1-1 FP to
n-n FGP

After acquiring all 1-1 face pairs from the hierarchical
filtering gates, we construct FGPs through GPU-accelerated
graph processing. Each face is represented as a graph
node, forming an undirected graph structure through edges
connecting matched face pairs, which requires maximum
connected component extraction and bipartite graph par-
titioning. Each face is initialized as its own parent node
in a union-find data structure. Connected components are
merged over multiple parallel processing iterations using
atomic operations. For each maximal connected compo-
nent, perform graph coloring: starting from an arbitrary ver-
tex, if a node is colored red, its adjacent nodes are colored
blue, and vice versa. The component is processed using
breadth-first traversal with color propagation. Upon com-
pletion of the traversal, red nodes constitute the left face
group and blue nodes form the right face group. This pro-
cess eliminates redundant face pair couplings, providing
concise FGPs for subsequent mid-point generation.

5. GPU-based Mid-point Generation

5.1. Initial Mid-Point Generation

To efficiently generate initial mid-points on GPU, we
employ a parallel distance dilation algorithm (Fig. 4-a).
Through hierarchical GPU kernel design with improved
Double Queues based Distance Dilation (DQDD) algo-
rithm [22], this method achieves efficient propagation of
distance information from boundary sets to interior regions.
Unlike traditional CPU serial implementations, our parallel
approach fully exploits GPU’s memory hierarchy and mas-
sive parallelism capabilities.

Our GPU implementation comprises four main phases:
(1) OBB-based Adaptive Grid Initialization
We compute the Oriented Bounding Box (OBB) [7] in-

stead of an Axis-Aligned Bounding Box (AABB) because
OBB provides tighter bounds for skewed FGPs, reducing
invalid dilation blocks and boundary set counts. Since we
employ OBB-based filtering during face pairing, we use the
GPU-based Eberly interpolation method [4] to efficiently
merge OBBs (Fig. 4-a1), avoiding recalculation by manipu-
lating previously computed OBBs. Each FGP is assigned to
a separate GPU thread for parallel creation of OBBs. After
creating the OBB, we perform grid subdivision. The block
size is set to 1/10 of the FGP’s wall thickness (from the dis-



Figure 4. The two-step mid-point generation method. a) Initial mid-point generation via distance dilation using the DQDD algorithm, with
color-coded queues showing the propagation process and identification of candidate blocks. b) Precise mid-point extraction through medial
line construction, sign change detection, and binary search localization.

tance gate in face pairing), ensuring sufficient resolution for
thin-wall features. The grid count in each dimension is:

ni = max

(⌈
Li

h

⌉
+ 1, nmin

)
, i ∈ {x, y, z} (6)

where Li is the OBB extent along the i-th axis, and nmin

is the minimum grid count (default 10). The “+1” ensures
complete boundary inclusion.

(2) Parallel Boundary Set Setup
Boundary Set initialization serves as the starting point

for distance dilation (Fig. 4-a2). We employ a parallel
sampling strategy to mark boundary blocks: 1) Sample
surface meshes with adaptive density; 2) Transform sam-
ples to local coordinates in parallel; 3) Compute grid in-
dices (i, j, k); and 4) Atomically set grid states and source
information. Atomic operations via atomicCAS ensure
correctness when multiple threads access the same blocks.
Only when the state is −1 (uninitialized) is it set to 0
(boundary), avoiding race conditions.

(3) BFS-based Parallel Distance Dilation
We employ the DQDD algorithm [22] for parallelized

breadth-first search (BFS). The algorithm propagates from
the boundary set using a double-queue scheme across cur-
rent and next queues. Fig. 4-a3 illustrates this: yellow
blocks denote the current queue, green blocks the next
queue, and gray blocks are being updated, respectively. In-
terior blocks are initialized with state −1 (unknown). The
initial current queue is the boundary set, while the next
queue is null.

1. For each block A in the current queue, we propagate
to its 6 neighbors. If neighbor B is unknown or has a
smaller updated distance, we update its state and en-

queue it:

d(B)← min
(
d(B), d(A) + ∥A−B∥2

)
, (7)

where d(·) is the dilation state of a block and ∥A−B∥2
the distance between blocks A and B. Specifically, as
the block size is uniform, we have set it to 1 by default.

2. When the current queue is exhausted, it swaps with
the next queue, which becomes the new current queue.
This repeats until no blocks remain, yielding complete
dilation states. With the DQDD strategy, the boundary
set expands into the interior, ensuring consistent and
complete dilation.

(4) Mid-point Candidate Identification
After the complete dilation, mid-point candidate blocks

are identified based on the following condition, as illus-
trated in Fig. 4-a4:

• Different Source Faces: There exists at least one
neighbor in the 6-neighborhood whose source face is
different from the source face of the current block.

• No Existing Mid-point Candidates: There should
be no existing mid-point candidates in the 6-
neighborhood of the current block.

• Dilation State Bounds: The dilation state must lie
within half the max/min wall thickness range (from the
distance gate), defining the likely range for mid-point
candidates.



Figure 5. Mid-surface results for each benchmark. Top: original models. Bottom: extracted mid-surfaces. Each model includes the total
face count, the number of constant/variable-thickness FGPs (C/V-FGPs), default pairing criteria settings, and the wall thickness selected
by the distance gate.

5.2. Precise Mid-point Extraction

After obtaining candidate blocks from initial dilation, we
design a GPU-based parallel algorithm to locate the final
mid-point within each block (Fig. 4-b). Notably, the de-
tailed mid-point extraction method has been published else-
where and is out of the scope of this paper [21]. How-
ever, we implemented it in parallel, with the algorithm fully
leveraging the GPU capabilities while maintaining mathe-
matical rigor.

GPU Thread Allocation Strategy. We assign one GPU
thread block per candidate block, each containing 1024
threads. Considering the need to simultaneously perform
distance queries on both FGleft and FGright, we organize
the threads into 32 warps, with each warp serving as the ba-
sic computational unit for LBVH nearest distance queries.
This allocation strategy enables each block to process dis-
tance calculations for 16 sampling points in parallel for both
sides.

(1) Medial Line Construction. For each candidate
block, we construct the medial line through its geometric
center, directed from the nearest boundary block center of
FGleft to that of FGright (Fig. 4-b1). This guarantees in-
tersection with both FGs, ensuring at least one equidistant
mid-point exists (Definition 8 in basic concepts).

(2) Parallel Distance Queries.
The parallel operations within each GPU thread block

are divided into two phases: First, we uniformly sample 16
points {P1, P2, . . . , P16} along the medial line. Then, uti-
lizing the LBVH query algorithm previously implemented
in the distance gate, each warp computes the shortest dis-
tances dileft or diright from sampling points to its FG. The sign
of the distance difference is determined by:

Signi = sgn(dileft − diright). (8)

(3) Precise Mid-point Localization.
We employ the sign change detection strategy (Fig. 4-

b2) consistent with MidSurfer [21]: we check in parallel
for sign differences between adjacent sampling point pairs
(Pi, Pi+1) while verifying their nearest triangle indices to
both FGs are consistent. When adjacent points have the
same nearest triangle indices, all points on the segment have
the same nearest triangles, ensuring numerical stability for
binary search (Fig. 4-b3).

6. Implementation and Results

The proposed algorithm was implemented as a prototype
system in C/C++, utilizing Parasolid V35 [19] and CUDA
toolkit version 12.6 on a Windows 11 (64-bit) platform. We
employed an NVIDIA GeForce RTX 5090D as our primary
test GPU (with 21760 CUDA cores at 2.41GHz and 32GB
memory). All computations on the GPU are conducted us-
ing single-precision floating-point arithmetic. The testing
environment involves a standard PC running Windows 11
Pro 64-bit, equipped with an Intel i7-14700K CPU operat-
ing at 3.4GHz (28 cores) and 32GB of RAM.

Extensive testing used diverse solid models from the
GrabCAD online library1, with 8 iconic models chosen
as benchmark models (M1-M8) to demonstrate specific
algorithmic capabilities. Our benchmark selection fol-
lows similar criteria to MidSurfer [21]. The selected
models exhibit progressively increasing face counts (30–
286), growing model complexity, and varying numbers of
constant/variable-thickness FGPs, ensuring comprehensive
coverage of typical industrial scenarios and enabling direct
comparison with prior methods. Fig. 5 shows the selected
models and their mid-surfaces generated by gMidSurf.

• Model 1: An instrument microphone clip, consisting
1https://grabcad.com/library

https://grabcad.com/library


Table 1. Comparative study: Performance comparison of different methods across different stages (Time in seconds). Shows speedup
ratios for face pairing, mid-point generation, and total end-to-end performance. All CPU-based methods are implemented without multi-
threading acceleration.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

Face
Pairing

Woo et al. [20]
Time 2.991 30.440 46.130 76.410 153.571 210.831 296.814 397.251

Speedups 28.22 > 50.0 > 50.0 > 50.0 > 50.0 > 50.0 > 50.0 > 50.0

MidSurfer [21]
Time 0.650 1.984 3.731 8.871 16.617 29.144 38.511 49.361

Speedups 6.13 13.14 27.03 49.84 > 50.0 > 50.0 > 50.0 > 50.0

gMidSurf (cpu)
Time 0.565 1.214 0.586 1.822 2.487 2.283 3.028 5.874

Speedups 5.33 9.79 4.24 10.23 11.43 12.41 17.11 18.47

gMidSurf Time 0.106 0.124 0.138 0.178 0.218 0.184 0.177 0.318

Mid-Point
Generation

Zhu et al. [25]
Time 4.553 6.718 10.468 12.507 13.397 7.319 5.289 16.161

Speedups 26.01 18.01 23.42 16.63 15.48 8.94 9.85 17.38

Parasolid [19]
Time 0.952 1.155 2.433 2.613 2.132 2.781 1.940 4.399

Speedups 5.44 3.10 5.44 3.47 2.46 3.40 3.61 4.73

MidSurfer [21]
Time 0.133 0.407 0.236 0.839 1.301 0.787 0.652 1.422

Speedups 0.76 1.09 0.53 1.12 1.50 0.96 1.21 1.53

gMidSurf (cpu)
Time 1.436 1.813 3.755 6.887 8.512 7.797 2.602 8.342

Speedups 8.21 4.86 8.40 9.16 9.84 9.52 4.85 8.96

gMidSurf Time 0.175 0.373 0.447 0.752 0.865 0.819 0.537 0.930

Total

MidSurfer [21]
Time 1.233 3.001 4.217 10.790 19.138 31.577 40.123 52.673

Speedups 1.48 2.29 4.07 5.37 8.38 11.90 23.97 15.87

gMidSurf (cpu)
Time 2.751 3.885 6.191 9.789 10.919 11.730 7.090 15.106

Speedups 3.31 2.97 5.98 4.87 4.78 4.42 4.24 4.55

gMidSurf Time 0.831 1.307 1.035 2.010 2.283 2.653 1.674 3.318

of 30 faces and no constant-thickness FGP (C-FGPs),
used to validate the algorithm’s basic capabilities.

• Model 2: A motorcycle winglet with 61 faces, in-
cluding 15 variable-thickness FGPs (V-FGPs) and 3
C-FGPs. This model presents a scenario where both
C-FGPs and V-FGPs exist.

• Model 3: A pipe bracket with 74 faces, where most V-
FGPs exhibit significant curvature variations, is used
to evaluate the algorithm’s performance in geometric
correctness.

• Model 4: A car wheel rim from the automotive
industry, featuring 121 faces, including 20 V-FGPs
and 19 n-n face pairs. Its complex topology and
diverse variable-thickness scenarios pose significant
challenges.

• Model 5: A table flower pot, containing most V-FGPs
with 195 faces. It demonstrates the algorithm’s capa-
bility to handle models with great curvature variations.

• Model 6: A multi-port distributor from the mechanical
design domain, with 215 faces and 52 C-FGPs, demon-

strating scenarios where constant-thickness structures
predominate.

• Model 7: A rear spoiler contains 236 faces, with all
FGPs exhibiting highly similar geometric primitives
and gentle curvature variations.

• Model 8: An aircraft model from a real-world
aerospace scenario with 286 faces and highly complex
topological and geometric structures, used to verify al-
gorithm robustness under the most challenging scenes.

6.1. Performance

In terms of efficiency, we conducted multi-stage compar-
ative studies evaluating our method against existing mid-
surface abstraction algorithms, including Zhu et al. [25],
Woo et al. [20], MidSurfer [21] and the commercial solution
(Parasolid [19]), with the main results presented in Table 1,

Face Pairing. Face pairing, as the most time-consuming
stage in mid-surface abstraction, exhibits quadratic compu-
tational complexity with face count. Traditional approaches
require pairwise combinations of all faces, sequentially
computing three criteria to evaluate face pairs, as seen in
MidSurfer. Methods like Woo et al. exhibit exponential



Figure 6. Comparison of geometric correctness across different methods on representative models. Highlighted regions indicate the FGP
involved in mid-surface abstraction, with the color-coded results indicating the different methods.

complexity due to virtual decomposition based on edge con-
vexity/concavity, resulting in numerous faces during pair-
ing. In contrast, gMidSurf demonstrates near-linear time
growth in both CPU and GPU implementations through hi-
erarchical filtering gates: while combinations requiring the
simple normal gate grow quadratically, the computation-
ally intensive overlap and distance gates are applied only
to linear-sized candidate sets.

For small-scale models, such as Models 2 and 3, GPU
kernel launch overhead becomes non-negligible, resulting
in similar GPU execution times. Model 5 exhibits peak
times on both the CPU and GPU due to the highly varying
face curvature. Adaptive discretization increases the sam-
pling density in high-curvature regions, resulting in Model
5 having the highest triangular face count and significantly
increasing the load in overlap and distance gates.

Overall, gMidSurf achieves over 50× speedup versus
MidSurfer when faces exceed 100. For CPU-GPU com-
parison, kernel launch overhead becomes negligible beyond
100 faces, with speedup ratios reaching 10.23×–18.47×
and growing approximately linearly with face count.

Mid-point Generation. The results reveal that gMid-
Surf (cpu) is significantly less efficient than MidSurfer. The
reason is gMidSurf (cpu) employs an algorithm with higher
time complexity to extract more complete mid-points within
an FGP. Notably, gMidSurf outperforms MidSurfer on most
models. However, due to GPU-CPU architectural differ-
ences, for models with small face counts, gMidSurf shows
comparable or slightly inferior performance to MidSurfer
(e.g., Models 1 and 3).

From the computational trend of gMidSurf, we can ob-
serve that the processing time generally exhibits a posi-

tive correlation with FGP count. However, performance
declines when handling models with great curvature tran-
sitions. For example, although Model 5 has fewer input
FGPs, its execution time on the GPU is higher than Model
6.

While gMidSurf shows performance variability on
small-scale inputs or complex geometric features, it demon-
strates decisive advantages over traditional methods (Zhu et
al.) and commercial solutions (Parasolid). Due to complex
geometric computations and operations, gMidSurf achieves
a speedup of 8×–26× compared to Zhu et al.’s method.
Through industrial engineering implementation, gMidSurf
also gains 3×–6× efficiency improvement over Parasolid.

Total End-to-End Performance. Overall time costs re-
veal that the face pairing stage is the performance bottle-
neck in MidSurfer. In gMidSurf, however, thanks to effec-
tive optimization through the filtering gates, the bottleneck
has shifted to subsequent intrinsic overhead. As the task
scale increases, gMidSurf ’s speedups compared to Mid-
Surfer show an upward trend, while maintaining a relatively
stable acceleration range compared to gMidSurf (cpu). When
the number of model faces exceeds 100, gMidSurf achieves
a speedup ratio of 5×–15× over MidSurfer, while maintain-
ing a stable 3×–6× speedup ratio compared to gMidSurf
(cpu).

6.2. Correctness

Fig. 6 reports the correctness of different methods. Ben-
efiting from complete dilation, gMidSurf achieves satis-
factory results on all models. We specifically select rep-
resentative models and compare our outcomes with Mid-
Surfer [21], Parasolid [19], Zhu et al. [25], and CAT [15]



methods. The highlighted portions in the figure show the
FGPs involved in generation, with mid-surface results from
different methods marked by different colors.

It can be observed that both the CAT and Zhu et al. meth-
ods fail to generate satisfactory results, their mid-surfaces
are either non-smooth or extend beyond model boundaries.
Further examining the connectivity of the generated mid-
surfaces, CAT performs the worst. This primarily stems
from CAT’s reliance on mesh-based results, its generated
mid-points are often inaccurate with significant positional
oscillations. Zhu et al. perform better than CAT, as its
mid-points obtained through projection and intersection ap-
proximate the exact solution to some extent. However, this
method creates large gaps because it uses the normal di-
rection as the projection direction during sampling. When
the angle between two faces exceeds 15, it fails to find op-
posing projection points, introducing substantial mid-point
errors. Since most variable-thickness models contain FGPs
at varying angles, this leads to significant cumulative errors.

MidSurfer, as the most recent mid-surface abstraction
work, demonstrates strong support for variable-thickness
models. It maintains good geometric accuracy while pre-
serving correct topological structure. However, it occasion-
ally suffers from gap issues due to its directional sampling
strategy. Specifically, MidSurfer constructs sampling points
on the designated “left” face group (FGleft) and com-
putes closest points on the “right” face group (FGright).
When FGleft has smaller surface area or excessive curva-
ture compared to FGright, the sampling points may only
cover a local region, causing all projections to cluster in a
limited area of FGright. This results in mid-surface trun-
cation at boundaries. While this problem can be resolved
by manually swapping the left and right face groups, such
intervention is unacceptable for fully automated algorithms.
In contrast, gMidSurf ’s dilation-based approach propagates
distance information symmetrically from both face groups
simultaneously, eliminating any dependency on face group
ordering and ensuring complete mid-surface coverage re-
gardless of geometric configurations.

We also compare gMidSurf with the commercial solu-
tion (Parasolid). Admittedly, Parasolid’s approach main-
tains excellent topological correctness and connectivity.
Nevertheless, its generated mid-surfaces are often obtained
directly through offset operations, which significantly sup-
press the original feature. Additionally, Parasolid’s robust-
ness is suboptimal. For instance, with the same face pair,
swapping the left and right faces may cause extraction fail-
ures (generating error codes). gMidSurf addresses these
issues through our dilation-based mid-point extraction al-
gorithm. Through complete dilation, we comprehensively
compute the local space occupied by each FGP, ensuring
completeness of initial mid-points results and thus elimi-
nating gap formation. Consequently, gMidSurf ’s generated

mid-surfaces exhibit superior correctness compared to pre-
vious methods and commercial software.

7. Conclusion

We present gMidSurf, an efficient mid-surface abstrac-
tion method for thin-walled CAD models. Through hierar-
chical face pairing and two-step mid-point refinement, we
achieve full GPU-based acceleration of the two core stages
in mid-surface abstraction. Our method employs filtering
gates and a simplified overlap criterion to rapidly prune
candidate face pairs, and extracts mid-points efficiently
via complete dilation and parallel precise mid-point refine-
ment. Extensive testing on 8 variable-thickness benchmarks
demonstrates that gMidSurf achieves 3×–15× end-to-end
acceleration on a commodity GPU (RTX 5090D) without
compromising geometric accuracy. To our knowledge, no
publicly available GPU algorithm has previously provided
satisfactory performance for this specific task. Our method
makes a valuable contribution by addressing this challenge.
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